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Imaging in the visible spectrum is a low-cost tool that can be readily deployed for in-field or over-belt monitoring of biomass quality for bio-refining operations. Rapid image analysis coupled with innovative preprocessing may reduce the impacts of feedstock variability through identification of contaminants or other material attributes to guide selective sorting and quality management. Image analysis was employed to evaluate the quality of corn stover in red-green-blue (RGB) chromatic space. This study used controlled, bench-scale imaging as a proof-of-concept for rapid quality assessment of corn stover based on variations in material attributes, including chemical and physical attributes, that relate to biological degradation and soil contamination. Logistic regression-based classification algorithms were used to develop a method for biomass screening as a function of biological degradation or soil contamination. This study demonstrated the use of image analysis to extract features from RGB color space to investigate variations in critical material attributes from chemical composition of corn stover. Fourier transform infrared (FT-IR) suggested a correlation between red band intensity and biological degradation, while detailed surface texture analysis was found to distinguish among variations in ash. These insights offer promise for development of a rapid screening tool that could be deployed by farmers for in-field assessment of biomass quality or biorefinery operators for in-line sorting and process optimization.
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INTRODUCTION
The 2016 Billioin Tons Report (BT16) estimates that by 2040, more than 1 billion tons of biomass will be available to achieve a vision of a sustainable bioeconomy (US DOE, 2016). Lignocellulosic biomass has been considered a promising feedstock for biofuels production; therefore, tremendous research efforts have been made to enhance different aspects of the related processes (Cheah et al., 2020). Increases in fuel prices have challenged all countries around the world to develop their own biofuels from renewable resources such as lignocellulosic crops (Qureshi et al., 2010). Zea mays is a significant agricultural crop with potential as a biofuel feedstock due to its high carbohydrate content, low production cost, and high availability in the US corn belt (Li et al., 2020). Biomass variability originating from production and field conditions propagates with the feedstock through the value chain, posing a challenge to the emerging biorefinery industry (Ray et al., 2020). Variations in lignocellulosic biomass material and quality attributes are often overlooked when assessing feedstock value and pathways for conversion to fuels, chemicals, and products (Ray et al., 2020). Variations in cell wall composition, extractives, moisture content, inorganic species, and soil contaminants have been identified as critical factors affecting biomass quality, process uptime, and product yields (Ray et al., 2020; Sievers et al., 2020; Ding et al., 2021a). Hoover et al. (2019) developed several multiple regression models where five chemical characteristics could be used to estimate biochemical conversion performance. Using these models, an approach for a grading system was demonstrated that could be used to inform markets on the impacts of biomass variability. Hartley et al. (2020) used discrete event simulation that investigated feedstock quality on plant uptime and overall impact to biofuel cost through feedstock delivery cost. These works show how fundamental biomass information might enable real-time decision making on plant profitability and operability. Storage is an essential component of the biomass logistics supply chain, which can have significant impacts to the overall feedstock supply cost and operational reliability (Rentizelas, 2016). Many studies have established that the combination of living cell respiration, biological degradation, and thermo-chemical oxidative reactions bring about significant changes to critical biomass feedstock attributes and process efficiency during storage (Bose et al., 2020; Groenewold et al., 2020; Li et al., 2020). Changes that may occur in stored biomass feedstock include dry mass loss (up to 5.5% per month) (Thornqvist, 1985; Eisenbies et al., 2016), drying, decomposition, and energy content loss (Krigstin and Wetzel, 2016). In addition to capital and operational costs, it is imperative to consider the impact of storage method and format on chemical properties of biomass and overall process efficiency.
Image analysis techniques have been widely applied to measure lignocellulosic biomass features. Image analysis techniques for assessing crops and plant material involve extracting information from digital images of the lignocellulosic biomass (Yan et al., 2020). Unique features of the materials, such as shape, color, and surface texture, can be recognized. Recent research found that crop biomass is highly correlated with different crop parameters, such as leaf area index, crop height, and canopy volume (Lati et al., 2013; Bendig et al., 2014; Tilly et al., 2014), and is also correlated with different vegetation indices based on hyperspectral and red, green, blue (RGB) images (Gupta et al., 2000; Gitelson et al., 2003; Swain et al., 2010; Gitelson et al., 2014; Jannoura et al., 2015). Crop biomass yield has been estimated from spectral information from an unmanned aerial vehicle using standard RGB and multispectral or hyperspectral cameras (Jiang et al., 2019). Image analysis has also been used to estimate the distribution of plants in fields of a clover-grass mixture by using convolutional neural networks trained to predict semantic segmentation maps of clover, grass, and weeds in RGB images containing clover-grass mixtures (Skovsen et al., 2017). Further, Wang et al. found a strong positive correlation between the grayscale values of biochar and its methylene blue and iodine adsorption capacity, and the Pearson’s correlation coefficient range was 0.685–0.977 (Wang et al., 2015). In addition, surface texture can be measured directly from images taken with a laser profilometer (Chinga et al., 2007; Wagner and Horn, 2017), stereomicroscope (Mitra et al., 2014; Piselli et al., 2017), photographic scanner (Aguirre et al., 2018), or scanning electron microscope (Yan et al., 2020). The image analysis can also provide information on the surface roughness based on grayscale values of the image or height map (Chinga et al., 2007).
There are limited publications on visible, red-green-blue (RGB) analysis of biomass variability relevant to biorefineries and lack of such a study limits the ability to develop rapid screening tools for in-field assessment of biomass quality based on physical and chemical attributes. The novelty of this paper was to design and use controlled, bench-scale imaging, employing an off-the-shelf digital camera, as a proof-of-concept for rapid, quality-based assessment of corn stover in visible, red-green-blue (RGB) space based on variability derived from soil contamination and biological degradation. Logistic regression classification algorithms were used to develop an image screening of biomass as a function of soil contamination and biological degradation. In addition, FTIR was used with a more detailed surface analysis to investigate variation in critical material attributes that arise from chemical composition. Finally, surface texture analysis of the same images distinguished among variable ash levels and degradation. The qualitative results presented in this study show promise for developing rapid screening tools to deploy in-field or in-line for rapid assessment of feedstock quality.
MATERIALS AND METHODS
Corn Stover Bale Collection and Sample Preparation
Two sets of corn stover samples were imaged and analyzed in this study. The first was a set of 216 core samples from 24 bales obtained from four fields in different central Iowa counties: Hamilton (4 bales), Hardin (6 bales), Story (6 bales), and Poweshiek (8 bales) described in Ray et al. (2020). Baling occurred between October 12 and 27, 2017, using an AGCO 2270XD large square baler, except for Poweshiek County, where a Heston 2270XD square baler was used. Preliminary screening for moisture and ash content was performed by taking three cores per bale to select the 24 bales used in this study. Selected bales were more thoroughly sampled by collecting nine cores per bale, illustrated in a previous study (Ray et al., 2020). Corn stover samples were dried at 40°C and milled with a 2 mm screen in a Thomas Model 4 Wiley Mill (Thomas Scientific, Swedesboro, NJ) for chemical composition analysis. Additional milling using a Retsch ZM200 (Haan, Germany) with a 0.2 mm screen was done to analyze inorganics. For surface analysis, the bales were size reduced through a Vermeer BG480 bale processor with a 75-mm screen, then a Bliss Hammermill with a 25-mm screen, and samples were collected and milled to pass a 2-mm screen for evaluation of surface properties.
The second set of 12 corn stover samples was selected to evaluate material attributes influenced by aging and degradation in storage operations. Bales were from Hardin County, IA (2 bales) and Story County, IA (3 bales) with harvest and baling information described for each county previously. Bale sections exhibiting visual evidence of biological degradation were selected for sampling as described in previous studies (Li et al., 2020; Groenewold et al., 2020; Bose et al., 2020). Samples were collected from bale flakes displaying variable extents of biological degradation—moderate biological degradation (medium brown coloration), severe biological degradation (dark brown to almost black), and mild-or negligible biological degradation (light brown). The two bales from Hardin County were size reduced using a Vermeer BG480 bale processer with a 75-mm screen, samples were collected following size reduction, and one sample per bale was visually identified as severely biologically degraded or mild/negligible biologically degraded. The three bales from Story County were manually deconstructed and dissected to collect samples from flakes of the bale that were observed to have mild/negligible biological degradation or moderate/severe biological degradation (Groenewold et al., 2020). For subsequent characterization, samples were milled to pass through a 2 mm and a 0.2 mm screen as described above.
Image Processing and Analysis
An imaging workflow was developed that uses a Panasonic Lumix G camera with a 88.9-cm square light shed and Metz Mecablitz 52 AF-1 digital flashes. Camera location and settings, as well as flash position, were kept consistent for all images. Each 2-mm sample was imaged using a standardized sample template with internal color standards in each sample photo and a consistent set of biomass samples in each photo (Figure 1A). The image processing workflow included post-processing in SilkyPix Developer Studio 8 SE and data extraction with ImageJ (https://imagej.nih.gov/ij/). Each photo’s exposure and gray balance were set individually using the X-Rite ColorChecker Passport Photo 2 with color reference targets included in each image. Regions of interest were defined in each image, as displayed in Figure 1B. The digital photos were decomposed into red, green, and blue channel values ranging from 0 to 255 in relative intensity. The mean, median, standard deviation, minimum, and maximum for the red, green, and blue values range from the regions of interest for all samples were included in the data sets available in the Bioenergy Feedstock Library (Ding et al., 2021b). The image results were aligned with sample metadata, total inorganics, inorganic speciation, and chemical composition (NIRS predicted composition or wet chemical composition) (Ding et al., 2021b). In addition to analytical characterization, three independent observers inspected each sample to assist with positive classification of samples into qualitative sample categories: 1) clean and not degraded, 2) soil contaminated, or 3) degraded (Ding et al., 2021b). This is further discussed below.
[image: Figure 1]FIGURE 1 | (A) Image workflow sample template with internal color standards and biomass samples; (B) Examples of the region of interest selection to measure and output RGB channel data.
Chemical Analysis
Inorganic speciation for Al, Ca, Fe, K, Mg, Mn, Na, P, Si, Ti, and S oxides were measured according to ASTM standards D3174, D3682, D6349 by a Huffman Hazen Laboratories in Golden, CO and represented on a % dry biomass basis. The chemical composition, including total inorganics, glucan, xylan, lignin, and total extractives, was measured using near-infrared spectroscopy (NIRS) predicted composition or wet chemical composition. For NIRS, predicted composition samples at 2 mm particle size were dried in a desiccator for a minimum of 72 h prior to NIRS analysis. Previous publications have described spectral analysis and NIRS calibration models in detail (Payne and Wolfrum, 2015; Ray et al., 2020). Wet chemical composition was performed in duplicate following the National Renewable Energy Laboratory’s laboratory analytical procedures for standard biomass analysis (Sluiter et al., 2010), as described in a previous study (Hoover et al., 2019). The NIRS chemical composition predictive models were built on these same wet chemical procedures.
Observational Dataset
Three independent researchers performed an observational assessment of each sample and categorized sample quality on the basis of soil contamination and degradation due to biological heating. The surveyed researchers were highly experienced in biomass sampling, preparation, and analytical characterization for assessment of biomass quality, as well as identification of degraded samples that have undergone biological heating or biomass materials with soil contamination. Observational assessment consisted of a -visual (color and clear decay, soil contamination), tactile (texture from grit, soil, silt and/or sand entrapment, and fiber integrity), and odor (presence of astringent odors common to biological degradation) material inspection of each sample and recorded whether it was 1) not soil contaminated and not biologically degraded 2) soil contaminated, or 3) biologically degraded. Samples were assessed with a scale of 0–3 for soil contamination, and biological degradation with 0 = not observed, 1 = low, 2 = moderate, and 3 = high. The observational values were summed for each category for a minimum value of 0 (i.e., each observer selected 0) and a maximum of 9 (i.e., each observer selected 3) [(Ray et al., 2020) Supplementary Material]. Observational data are aggregated in the dataset (Ding et al., 2021b).
Statistical Analysis
JMP® Pro 16.0.0 was used to analyze the combined information from the image analysis, chemical analysis, and observational dataset as described above. Hierarchical cluster analysis using the Ward method was used to group the 222 samples with chemical composition data into four organic chemically distinct groups using glucan, xylan, lignin, and extractives contents (Ding et al., 2021b) along with four inorganic chemically distinct groups for the 191 samples in the dataset with inorganic speciation contents for 191 samples (Ding et al., 2021b). Principal component analysis (PCA) was also used for each organic and inorganic dataset to visualize and interpret the hierarchically defined clusters. Four linear regression models using least squares were generated relating 1) organic chemical components—glucan, xylan, lignin, a 2-way interaction between glucan and xylan, and a 3-way interaction between glucan, xylan, and lignin along with total inorganics—to the median red channel values (Ding et al., 2021b) as described in the image processing and analysis section, 2) the same organic chemical components along with SiO2 and SO3 inorganic constituents to the median red channel values 3) organic chemical components to the observed biological degradation dataset as described in the Observational dataset section and 4) the observed biological degradation levels to median red channel value. For the development of these models, factors were retained if they significantly contributed to the response variable (p ≤ 0.05) and were not highly correlated to other factors in the model except for cases when single factors were retained regardless of their significance if they were included in any interaction terms. Multicollinearity between model explanatory factors was determined based on the Variance Inflation Scores (VIF). A VIF score >10 was considered high multicollinearity between model factors. Nominal logistic fit regression models were used to develop predictive models for biological degradation and soil contamination levels, using the established hierarchical cluster groups as response variables and median values from the red, green, blue channels and 2-way interactions between these values. The dataset used for these models included the 222 samples for predicting the levels of biological degradation with organic chemical data available and 176 samples for predicting levels of soil contamination using samples with both organic chemical and inorganic speciation data available. Factors for each model were removed based on p-values greater than 0.05. The datasets were randomly split into 80% training and 20% validation for these predictive models.
Fourier-Transform Infrared Spectroscopy Characterization
Corn stover samples for Sample Set 1 were milled using a Retsch ZM200 (Haan, Germany) to 0.2 mm, extractives were retained in the samples. Corn stover samples were extracted with 95:5 acetone/water on a Soxhlet apparatus (∼70°C) to remove extractives for Sample Set 2. Corn stover samples for Sample Set 2 were milled in Retsch PM 100 mill fitted with one or two 50 ml ZrO2 grinding jars and 10*10 mm ball bearings 10 h to less or equal to 45 µm (5 min mill with 10 min interval test). FTIR spectra of all corn stover samples were collected using a Bruker Vertex 70 FTIR spectrometer, equipped with a diamond ATR accessory (Bruker Corporation). Spectra were collected in the spectral range 4000-600 cm−1, using 64 scans and 1 cm−1 resolution. Spectra were baseline corrected at 1840 cm−1 and advanced diamond ATR fixed with the angle at 450.
Surface Texture Analysis
Textural features of cropped images were quantified using the plugins SurfChar J 1q (Chinga et al., 2007), GLCM Texture Too (Haralick, 1979; Lan and Liu, 2018), and FracLac (Smith et al., 1996; Karperien et al., 2013). Before textural analysis, the original color corrected images were cropped to isolate a 900x900-pixel region-of-interest (ROI) centered on the sample cup. Then, the color information was discarded in the image of all subsequent texture analyses and used either 32-bit (SurfCharJ) or 8-bit (GLCM and FracLac) greyscale images. The SurfCharJ 1q package calculated an estimate for the root mean square deviation (Rq), arithmetical mean deviation (Ra), skewness (Rsk), Kurtosis (Rku), lowest valley (Rv), the highest peak (Rp), total profile height (Rt), the mean height of surface profile (Rc), mean polar facet orientation (FPO), variation of the polar facet orientation (MFOV), the direction of azimuthal facets (FAD), mean resultant vector (MRV), and surface area (SA) from the image. The GLCM Texture Too plugin calculated angular second moment (ASM), inverse difference moment (IDM), contrast, entropy, homogeneity, variance, shade, prominence, inertia, and correlation. The FracLac plugin analyzed the fractal dimensions of the images. Local connected fractal dimension analysis was used, and the Dm output was collected. In total, 27 different surface texture parameters were calculated.
RESULTS AND DISCUSSION
Biological Degradation
Figure 2 shows the results and distribution of chemical compositions and inorganic speciation variability of all samples used for image analysis (detailed dataset in (Ding et al., 2021b). Total inorganics, SiO2, and Al2O3, revealed substantial variation on a % dry matter basis. Both Si and Al-based inorganic species are potential contributions from levels of soil contamination.
[image: Figure 2]FIGURE 2 | Boxplots for (A) chemical composition; n = 222, and (B) inorganic speciation; n = 191. SiO2 is broken out for a clearer view of the variable ranges of the other inorganic species.
Image Analysis Biological Degradation
Hierarchical cluster analysis based on chemical components was used to glean key insights about sources of variability (i.e., degradation and soil contamination) that affect quality, with samples grouping into four distinct clusters observed through principal component analysis (PCA) (Figure 3). These chemical composition constituents vary by level of biological degradation (Andrews et al., 1999; Brand et al., 2011; Krigstin and Wetzel, 2016; Groenewold et al., 2020). The loading plot in Figure 3B shows how each of these chemical components is driving the observed cluster in the PCA score plot demonstrated in Figure 3A.
[image: Figure 3]FIGURE 3 | Principal component analysis of biological degradation (A) score plot and (B) loading plot for chemical composition. n = 222.
Figure 4A shows a linear relationship between the median red channel and the chemical properties of the samples and was used throughout the analyses. The red channel had the largest range of variability when compared to blue and green, high correlation to other factors used in regression analyses and was correlated to green and blue channels (Supplementary Figure S1, supporting information). Linear relationship factors were identified from chemical data using a stepwise technique as a function of their contributions toward explaining variability in the median red channel output, while minimizing multicollinearity between explanatory factors. For example, extractives and the interaction factor of (glucan x xylan) are highly correlated (Supplementary Figure S1, supporting information). Therefore, both were not necessary to explain the variability in the median red channel. The relationship between these chemical properties and the median red channel exceeds an R2 value of 0.7. Interaction terms between glucan, xylan, and lignin content were included in this analysis. Table 1 displays the standardized coefficients and relative significance level for each chemical material attribute from linear relationships in Figure 4A. These coefficients suggest that xylan was the highest contributor to explaining the variability seen in the red channel. At the same time, changes in glucan contribute the least in comparison to the other factors. This is consistent with prior work that demonstrated selective degradation of hemicellulose in response to biological heating during storage with cellulosic components involved to a lesser extent (Groenewold et al., 2020). Both factors indicate that as glucan and xylan contents decrease, the red channel signal decreases.
[image: Figure 4]FIGURE 4 | Least squares regression analysis of (A) red band intensity as a function of chemical composition, (B) biological degradation/self-heating observation as a function of chemical composition, and (C) red band intensity as a function of biological degradation/self-heating observation. Legend gives results of cluster analysis from chemical composition in Figures 3A,B.
TABLE 1 | Chemical properties are used to form linear regressions for explaining the red-band and biological degradation/self-heating observation variability.
[image: Table 1]It should be noted that extractives were not used in the model due to the high correlation with glucan and xylan; however, as extractive content increases in the data set, the red channel decreases. Previous studies have demonstrated that extractives content increases with the extent of biological degradation (Groenewold et al., 2020; Li et al., 2020; Ray et al., 2020), consistent with reductions in hemicellulose and to a lesser extent, cellulosic components, as a function of biological degradation. The interaction terms between glucan and xylan suggest that with increases in both, the impact of xylan on the red channel output decreases. During degradation, xylan content, representing the hemicellulose fraction, is more reduced than glucan content (Qing and Wyman, 2011). This interaction term reflects the changing ratio between cellulose and hemicellulose. The same conclusion can be drawn from the interaction between glucan, xylan, and lignin, representing the changing ratios between these chemical attributes in response to degradation. Total inorganics also significantly contributed to changes in the median red channel response. This relationship is further discussed in the following section on soil contamination.
Linear regression analysis was used to relate organic components of glucan, xylan, and lignin to the severity of biological degradation. Figure 4B shows the resulting linear relationship, and the coefficients are shown in Table 1. The R2 was 0.77 for this regression, similar to the regression formed between chemical properties and the red band in Figure 4A. This relationship also indicates that xylan is the highest contributor, suggesting that lower concentrations of xylan content correspond to higher biological degradation levels. The only organic-based significant factor not shared between the two regressions (Figures 4A,B) was the interaction between glucan, xylan, and lignin (Table 1). This factor did not significantly contribute to explaining the biological degradation observations. Researcher observations of biological degradation less resolved (scale from 0-9 with each researcher selecting between 0-3) compared to the red channel range (88-161measured); therefore, observational data may not be able to capture the changes in glucan-xylan-lignin property relationships, suggesting the basis for differing explanatory factors in Figures 4A,B. The similarities between the linear regressions formed between the red channel and chemical properties and observed levels of biological degradation and chemical properties suggest that the red channel from the image analysis identifies biological degradation in the samples. Figure 4C further corroborates this by showing the strong linear relationship between the red channel outputs and the biological degradation observations (R2 = 0.79).
The relationships observed between the chemical changes, image analysis of the red channel, and biological degradation observations generally align with the overarching hierarchical cluster grouping. Cluster 1 and 2 (Figure 3A) correspond with no or mild biological degradation, group 3 as moderate, and group 4 as the severely biological degradation samples.
Structural Properties of Biologically Degraded Corn Stover Biomass
To gain a more comprehensive understanding of the impacts of biological degradation on the structural properties of biomass, FT-IR was applied to characterize corn stover with different extents of degradation. Corn stover biomass was selected based on the degree of degradation classified as mild, moderate, and severe or scaled from 1 to 9. The detailed information for the red band values and chemical composition is listed in Table 2. The more severely biologically degraded biomass resulted in a lower red band value. Figure 5 shows the FT-IR spectrum of selected corn stover biomass (Bales 5, 1, and 6) (See image analysis dataset bale ID (Ding et al., 2021b)) and focuses on the region from 1800-800 cm−1 reflecting the critical structural properties of biomass (Ma et al., 2018). Remarkable differences were observed in Bale 5. The C-O-C ether stretching at 1030 cm−1 and 1242 cm−1 decreased after biological degradation indicating the carbohydrates were hydrolyzed during biological degradation, which corresponded to the decrease of xylan. The absorbance of aromatic C-H stretching of lignin in 1510-1300 cm−1 also decreased after degradation, suggesting that lignin condensation reactions happened during the biological degradation process. It was hypothesized that the biological oxidation reactions that occur during the degradation result in chromophore formation, such as conjugated carbonyl and quinone, leading to the darkened color of the biomass. In Figure 5A, the absorbance of unconjugated (1710 cm−1) and conjugated (1651 cm−1) carbonyl (C=O) increased and shifted with the reducing value of the red band, implying that lignin was oxidized during the biological degradation process supporting this hypothesis. Figures 5B,C show the FT-IR spectrum of the Sample Set 1 corn stover samples. Unlike the degraded samples, the extractives and soils were not removed, and the particle size was 0.2 mm, which is much larger than that used for the Sample Set 2 samples. The FT-IR spectra of the samples show similar results with the degraded samples. However, some samples, such as Bale 6 Cores1 and 8, have weaker absorbance caused by the particle size or soil contaminants. Also, the overall absorbance of Sample Set 1 is lower than the degraded samples (Sample Set 2). Therefore, the particle size of biomass and soil removal is essential for FT-IR ATR characterization. The FT-IR results demonstrated a potential correlation between the hydrolyzed carbohydrates and the condensed and oxidized lignin in biologically degraded corn stover. These results provide further insights into biopolymer degradation and modification mechanisms during storage, which could correlate to the red band intensity detected through image analysis.
TABLE 2 | Biological degradation properties, red band value, and chemical composition of corn stover for samples characterized using FT-IR.
[image: Table 2][image: Figure 5]FIGURE 5 | FT-IR from samples from across a range of degradation states (A) Bale 5, (B) Bale 1, and (C) Bale 6.
Image Analysis of Soil Contamination
As shown in Table 1 and Figure 4A, the total inorganics content significantly contributes to changes observed in the red channel, suggesting that image analysis could provide a valuable tool for identifying levels of soil contamination. Hierarchical cluster analysis was used similarly on ash speciation data to identify distinct clusters based on inorganic features. Cluster 1 represents limited or no soil contamination, and cluster 4 represents high soil contamination. The PCA score plot (Figure 6A) displays these clusters. The variability in the 1st principal component suggests a relationship to inorganic species derived from soil contamination, including silicon and aluminum (Lacey et al., 2018). The second principal component relates to inorganic components that serve structural and physiological functions within the plant (i.e., biogenic ash), including sulfur, nitrogen, potassium, calcium, magnesium, and phosphorus (Thy et al., 2013; Li et al., 2020). The inorganic clusters 1 and 2 vary primarily based on intrinsic inorganic species inherent to plant biomass, and clusters 3 and 4 show relationships to soil contaminant inorganic species (i.e., silicon and aluminum).
[image: Figure 6]FIGURE 6 | Principal component analysis of soil contamination (A) score plot and (B) loading plot for ash speciation represented on a % dry biomass basis.
Figure 7A shows the resulting regression with the ash speciation clusters labeled, and Figure 7B shows the same regression with the chemical clusters, that were based on glucan, xylan, lignin, and extractives contents. Regression analyses highlight that for this dataset, the red channel relationships are being driven by the biological degradation severity, even with the highest ash sample in the data representing close to 62% total inorganics. The regression shown in Figure 7A includes SO3 and SiO2 content instead of total inorganics, as was included in the regression represented in Figure 4A, to represent the relationship of these intrinsic and extrinsic ash species to the image red channel intensity. Phosphorus and potassium oxides were not selected for the linear regression as representatives of intrinsic ash, as suggested by the principal component 2 in the principal component loadings plot (Figure 6B) as they did not significantly contribute to explaining the red variability. It should be noted that fewer samples in the dataset contained ash speciation compared to the organic composition data available (191 samples compared to 222 samples). Therefore, the coefficient changes cannot be directly compared to the model in Figure 4A; however, the general trends remain consistent. Both SO3 (representative of intrinsic ash) and SiO2 content (representative of soil contamination) significantly explain variability in the red channel (Table 3).
[image: Figure 7]FIGURE 7 | Linear regression of measured versus predicted red channel value explained by chemical composition and select inorganic species (SO3 and SiO2) visualizing (A) ash clusters and (B) chemical clusters.
TABLE 3 | Chemical properties, including select ash species (SO3 and SiO2), were used to form linear regressions to explain the red-band variability.
[image: Table 3]In summary, regression analyses associated with both biological degradation and soil contamination identified relationships among chemical components in corn stover, namely xylan, glucan, lignin, total inorganics, Si, and S, strongly correlated to the red band intensity detected through image analysis. The variations in organic chemical attributes xylan, glucan, and lignin were attributed to biological degradation. In contrast, variations in inorganic attributes, Si and S, corresponded to the extent of soil contamination and intrinsic inorganic content in the sample. Although a mechanistic understanding of the biological degradation (Groenewold et al., 2020; Ding et al., 2021a) and thermo-chemical oxidative reactions that alter biomass quality attributes during storage (Krigstin and Wetzel, 2016) is required to sort out confounding signals from the degradation and accumulation of inorganic species, qualitative results presented here show promise for developing rapid screening tools to deploy in-field or in-line for rapid assessment of quality (Ray et al., 2020).
Screening Prediction Development
The purpose of the regression analyses and relationships, as previously discussed, was to demonstrate that aspects of the images, the median red channel intensity specifically, could be quantitatively related to the chemical changes known to be impacted by biological degradation and soil contamination. Here the red channel along with the blue and green channels from the images was used to demonstrate potential screening methods for corn stover samples to predict the presence of biological degradation and soil contamination. For this demonstration, logistic regression was used to predict the hierarchical groups of chemical clusters representing biological degradation and inorganics clusters representing soil contamination considering the median red, blue and, green channel outputs and interactions between these color channels as predictors. For the organic chemical cluster logistic regression, the receiver operator characteristics (ROC) curve (Figures 8A,B) demonstrates the diagnostic ability of image analysis properties to correctly identify the organic chemical cluster, representing levels of biological degradation, that each sample belongs to by comparing the sensitivity, true identification rate, versus the specificity, false-positive identification rate. These plots, along with the confusion matrix, give the actual number of samples predicted to be in each group versus their actual group (Table 4) for both the training and validation sets. The confusion matrix indicates that this model correctly identified the severely biologically degraded samples (cluster 4) 100% of the time with no false identifications. However, the identification accuracy was lower for cluster group 3, moderate levels of biological degradation, and reduced further for clusters 1 and 2, representing no and mild biological degradation. The validation sample results from this logistic regression follow the same trend. Samples with severe biological degradation (cluster 4) are accurately predicted 100% with no false positives and show progressive decreases in the sensitivity and specificity for clusters 3, 2, and 1. This preliminary model indicates that this approach could be employed to identify biomass samples exhibiting moderate to severe biological degradation, but requires expanded datasets and further refinement to distinguish between samples with mild or limited biological degradation and samples without degradation.
[image: Figure 8]FIGURE 8 | Receiver operator characteristic (ROC) curves for the logistics regression training sets using image analysis data red, green, blue channels to predict the chemical cluster (associated with levels of biological degradation) (A) training set and (B) validation set and ash cluster (associated with levels of soil contamination) (C) training set and (D) validation set.
TABLE 4 | Confusion matrix for chemical cluster logistics regression using red, green, and blue channels image analysis data.
[image: Table 4]Linear regression analysis indicated that biological degradation was the primary factor driving variaitions in the red-channel intensity, with soil contamination contributing secondarily. Based on this knowledge, the proposed process for screening feedstock for soil contamination is to the first screen for evidence of moderate and severe biological degradation and then use the outputs of the biological degradation prediction levels to screen for the additional presence of soil contamination. The resulting ROC curve and confusion matrices from this soil contamination logistics regression are shown in Figures 8C,D and Table 5. These results indicate enhanced diagnostic ability to predict higher levels of soil contamination (cluster group 4), representing a sample with 38% total ash and 28% SiO2 content. As only one sample was available at this level, no validation samples were used for this cluster group. Cluster 1 samples representing the lowest ash samples with on average 10% ash content and 6% SiO2 content was accurately 75 and 81% for the training and validation sets, respectively. The model had relatively equal power for identifying the lower levels of soil contamination representing average total ash 18 and 11% and SiO2 contents of 11 and 6% for clusters 3 and 2, respectively. These results show the potential for the image analysis to be used as a screening tool for soil contamination after considering color changes due to biological degradation; however, a larger dataset with known validation samples are necessary to improve modelaccuracy.
TABLE 5 | Confusion matrix for ash cluster logistics regressions using image analysis data red, green, and blue channels, and chemical cluster input.
[image: Table 5]Surface Texture Analysis
The image analysis based on color variability was used to identify biological degradation and soil contamination levels. In this research, image analysis of surface properties was also investigated to identify soil contamination, biological degradation, and additional properties impacting particle flow. For the samples with variable ash content, samples were selected with ash content of 5–10% (low ash) and 10–20% (high ash) (Sievers et al., 2020), surface roughness calculated as Rq (Figure 9A), and the GLCM parameter Shade (Figure 9C) appear to distinguish between high and low ash samples. The pattern, however, was different between Rq and Shade, with the high ash sample measuring low Rq and higher Shade values. Rq is a measure of surface roughness that is positively correlated with inter-particle friction and could impede flowability. However, surface roughness is also correlated with hydrophobicity. Therefore, particles that trap less water should have better flowability. Shade characterizes the tendency of clustering of pixels as a measure of asymmetry. In our previous work using images of hammer-milled biomass, the asymmetric clustering that shade describes was positively related to poor conveyance (Gudavalli et al., 2020). The fractal analysis (Figure 9B) or the GLCM parameter ASM (Figure 9D) differed among the ash variable samples (Sample Set 1).
[image: Figure 9]FIGURE 9 | A subset of textural feature image analysis results from bale core samples taken corn stover bales with variable ash content. (A) Rq is the root mean square deviation. (B) FracLac is the local connected fractal dimension. (C,D) Shade and angular second moment (ASM) are grey-level co-occurrence matrix analysis parameters.
Mild, moderately, and severely degraded samples (Sample Set 2) were partly distinguished by three of the four texture parameters shown in Figure 10. The surface roughness (Rq, Figure 10A) reveals the most separation. Shade and ASM (Figures 10C,D) showed differences between mild and severe samples. These differences can be generated by how the samples fracture during milling, causing subtle differences in particle size and shape distributions—these differences in particles present as differences in the texture of biomass piles. For example, surface texture analysis could distinguish among variable ash levels or levels of degradation.
[image: Figure 10]FIGURE 10 | A subset of textural feature image analysis results from bale core samples taken corn stover bales with variable biological degradation. (A) Rq is the root mean square deviation. (B) FracLac is the local connected fractal dimension. (C,D) Shade and angular second moment (ASM) are grey-level co-occurrence matrix analysis parameters.
CONCLUSION
This study used image analysis in visible, red-green-blue (RGB) chromatic space to evaluate the quality of corn stover across four Iowa counties representing a realistic supply shed in the US corn belt. Linear regression relationships with R2>0.7 were found between the red channel values from images of corn stover and changes in chemical properties resulting from biological degradation (xylan, glucan, and lignin) and soil contamination (Si and S). The FT-IR results demonstrated a potential correlation between the hydrolyzed carbohydrates and the condensed and oxidized lignin in biologically degraded corn stover, which could correlate to the red band intensity detected through image analysis. In addition, surface texture analysis of for these same images was found to distinguish among variable levels of ash and degradation.
Further, logistic regression classification algorithms were used to develop an image analysis method for screening and classifying levels of biological degradation and soil contamination in corn stover. This prototype supports research and development that uses image analysis and other rapid characterization tools to further understand and describe corn stover and bioenergy feedstock quality during in-field or over-belt applications to support industrial operations for sorting biomass based on quality or presence of contaminants.
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A Crumbler® rotary shear system was recently developed to process fuel-grade woodchips into feedstocks having more uniform particle sizes for improved flowability and higher thermochemical output yield than a traditional hammer mill. It represents a significant innovation in the state of the art of biomass comminution equipment. However, the milling unit has experienced significant abrasive wear of the feeding teeth and cutters when processing hard and dusty feedstocks, such as logging residue and corn stover. Here, we present initial simulation results from a finite-element stress analysis of the rotary shear, which is used to investigate the dynamics of interaction between the cutters and woodchips. This is the first step for optimizing the cutter design to improve the system lifetime and processing efficiency, thus reducing downtime and improving overall productivity.
Keywords: biomass comminution, finite element simulation, tool wear, woodchip, contact pressure
INTRODUCTION
Variability in the size and shape of fuel-grade woodchips is a major source of inconsistent feed rate, flow plug, and poor flow into bioconversion reactors. Biomass flowability is one of the major barriers for efficient supply of feedstock (Mani et al., 2006; Shaw, 2008; Felix and Tilley, 2009; Miao et al., 2011; Rezaei et al., 2016). In addition to flow issues, particle length and thickness variability makes it difficult to achieve optimal yields of condensable vapors or non-condensable gases in thermochemical reactors (Schell and Harwood, 1994; Bitra et al., 2009; Oyedeji et al., 2016; Oyedeji et al., 2020). The particle size and shape of biomass particles after grinding are important for downstream processing (Mani et al., 2004; Lam et al., 2008; Guo et al., 2012; Ämmälä et al., 2018). The International Organization for Standardization (ISO) Solid Biofuel Standard 17,225-9 “Graded hog fuel and woodchips for industrial use” allows a percentage of chips up to 150 mm length in each liter of the sample (International Organizatio, 2020). Although allowable, such chips trigger bridging and jams in feed-handling systems. The solution is to replace the traditional hammer or knife mills with rotary shear mills, which can reduce the size and shape variability such that yields of desired chemicals are maximized and feeding issues are minimized.
Wide particle size distribution and a high aspect ratio are characteristic features of hammer-milled lignocellulosic biomass (Oyedeji et al., 2020). The undesired flatter particle size distributions and undesired shardy particle shapes exacerbate flowability issues. Hammermills consume more energy than desired due to high frictional losses within the grinding chamber. Hammermills are also operationally unworkable at a chip moisture content of about over 20 wt%.
Forest Concepts (FC), LLC has developed comminution and screening equipment, commercially known as the Crumbler® rotary shear system, which can process fuel-grade woodchips into much more uniform feedstocks with improved flowability and improved thermochemical output yields (Oyedeji et al., 2020). The Crumbler® rotary shear system (see Figure 1A) is more efficient than the traditional hammermills in comminuting high moisture biomass and producing very narrow particle size distributions to maximize reactor yields, low aspect ratios to improve flowability, and minimal fines that are not useful in the reactor. All of these factors represent significant innovations in biomass comminution equipment.
[image: Figure 1]FIGURE 1 | Crumbler® rotary shear biomass comminution system.
However, the rotary shear unit experiences significant abrasive wear, especially when processing hard and dirty biomass, such as dirty logging residue and recycled railroad ties. Figure 2 shows an example of worn cutters, and more detailed worn component characterization can be found in our earlier report (Lee et al., 2021). The desired cutter life is in excess of 1,200 operating hours. However, in as few as 300 h, cutter worn out had been observed in Forest Concepts (FC), LLC’s field experience in processing dirty southern hardwood. The current cutters and teeth are made of through-hardened A2 tool steel heat treated to a hardness of HRC 60. The specified HRC 60 hardness was selected as a trade-off between brittleness and abrasion resistance for this tool steel. Several cutter materials have been tested in search of optimized wear-resistance components, but it has not been possible to identify the controlling wear mechanisms or to identify “economically maximum-life” cutters and other wear parts because of lack of resources and expertise.
[image: Figure 2]FIGURE 2 | New and worn A2 tool steel cutter tooth.
The objective of this article is to present initial FEA simulation results to investigate the contact pressures at the cutter–biomass interface. Based on the rotary shear system’s CAD model, loading data, and material properties of woodchips (Glass, Zelinka; David), finite element models of a representative rotary tribosystem were built to establish the baseline design of the feeding teeth and cutters and to determine the ranges of contact pressure at the cutter–biomass interfaces. The dynamic simulations provide the means for revealing various ways that cutters break woodchips into smaller pieces, which provides useful information for identifying and implementing advanced materials and/or surface treatments for improved cutter life. Details and results are reported in the following sections.
GEOMETRY
Three rotatory cutters (Figure 3) were exported from full CAD geometry to build representative components of the tribosystem. Cutter diameter, thickness, and tooth shape are tailored to the processed material and target output particle size. In the first analysis, 1.6- and 6.35-mm thick cutters with square corner teeth evenly distributed around the circumference were selected to investigate their dynamic behavior. These cutters with different thicknesses have the same outer diameter of approximately 54 mm and inner diameter of approximately 35 mm. Different shapes (sheet, plate, cubic, and bar) and dimensions of woodchips were investigated. Figure 4 shows a plate-shaped woodchip particle with a representative dimension of 27.5 × 17.5 × 3 mm. In addition, woodchip particles of dimensions 27.5 × 17.5 × 1, 27.5 × 16 × 6, and 27.5 × 14.5 × 10 mm were used in this investigation in order to cover the statistical range of thicknesses. In addition, bar-like 6 × 3 × 3 mm and cubic-shaped (6 × 6 × 6 mm) woodchips were considered with the thin cutter (1/16″ or 1.6 mm) system and parallelepiped-shaped 15 × 6 × 6 mm and plate-like 50 × 20 × 10 mm woodchip particles were considered with the thick cutter (1/4″ or 6.35 mm) system. Consideration of these additional woodchip geometries (shown in Figure 5) addresses the real woodchips flowing in a two-stage rotary cutter system in a real working scenario: larger woodchips (thickness of 6–10 mm) from the upper stream go through the first-stage cutter (thick cutter, ¼”); smaller woodchips (thickness of 3–6 mm) sheared by first-stage cutters then go through the second stage cutters (thin cutter, 1/16”), which are broken into even smaller particles (e.g., thickness <3 mm). The size of new particles generated by the cutters should be closer to the cutters’ thickness since the gap between every pair of cutters is almost equal to the thickness of the cutter. A two-stage cutter system might put the 6.35-mm cutters on the upstream and the 1.6-mm cutters on the downstream, which can break large woodchips more efficiently while avoiding jams in the woodchip stream.
[image: Figure 3]FIGURE 3 | Tribosystem model for a 3-mm thick woodchip (red) sitting on three 6.35-mm thick cutters (yellow), assembled with a clearing plate (green) and a spacer (blue).
[image: Figure 4]FIGURE 4 | Representative dimensions of a plate-shaped woodchip. Unit in mm.
[image: Figure 5]FIGURE 5 | Woodchips in parallelepiped and cubic shapes (cutters in green, blue, and gray, and woodchips in red).
Initial simulations were focused on the contact pressure between the steel cutters and woodchip. As shown in Figure 6, the possible contact interfaces between a single woodchip and three 6.35-mm thick cutters are identified as regions 1, 2, 3, and 4. The rotation direction and speed (315 rpm) are also illustrated in Figure 6, which drive the woodchip into contact with the cutters’ teeth and edges. The 1.6-mm thick cutters have the same rotation direction, speed, and contact regions.
[image: Figure 6]FIGURE 6 | Contact regions between a woodchip and three cutters.
FE MODEL
Based on the geometry illustrated in Figure 3, the tribosystem is meshed into a finite element model to investigate the contact pressure between the steel cutter and woodchip. Figure 7 shows the meshes of three cutters and a woodchip in this finite element model. Since a hexahedral mesh with reduced integration points is preferred for dynamic simulation (ABAQUS Interactions, 2017), ABAQUS’s C3D8R elements have been used to mesh both the cutter and woodchip. A total of 30,500 elements and 39,444 nodes were used to model the three 6.35-mm thick cutters, while 1,725 elements and 2,304 nodes were used to model the 27.5 × 17.5 × 3 mm woodchip. Mesh size sensitivity and convergence were not the major concern of this work, but the contact area on the cutter blade edges were refined with smaller size elements than most of the other locations to capture the contact pressure distribution. The woodchip had homogenous size of elements, and the size was also fine enough to capture the large deformation and stress distribution. Due to the shaped edges, the mesh kept away from using superfine elements at the contact regions to avoid any stress singularity. More importantly, the mesh size was kept consistent for all the cases in the simulation, therefore making the results comparable.
[image: Figure 7]FIGURE 7 | Finite element model of the tribosystem (6.35-mm thick cutters).
The rotation speed of three cutters was applied on their centers, which are shown in Figure 7 as the local coordinate origin for each cutter. Through kinematic coupling between each rotating center and corresponding cutter, the entire cutter body rotates along with its geometry center in the working speed of 315 rpm. The explicit dynamics analysis of this rotary cutters and woodchip system follows the govern equation of motion
[image: image]
[image: image]
where u is displacement, [image: image] is velocity, and [image: image] is acceleration. The superscript (i) refers to the increment number and i − [image: image] and i + [image: image]refer to midincrement values, and t denotes time and ∆t is the time increment. The key to the computational efficiency of the explicit procedure is the use of diagonal element mass matrices because the inversion of the mass matrix that is used in the computation for the accelerations at the beginning of the increment is triaxial:
[image: image]
where M is the diagonal lumped mass matrix, F is the applied load vector, and I is the internal force vector. More details of these equations can be found in reference to Explicit dynamics, (2017).
To set up the four contact regions between woodchip and three cutters, three contact pairs were created in this FE model. Figure 8 illustrates these contact pairs, with red square dots for the first/master surface and pink area for the second/slave surface in one pair. The contact regions ➀ and ➁ are included in Figure 8A, while Figures 8B,C have contact regions ➂ and ➃, respectively. All these contact pairs used the kinematic contact method and finite sliding setting, along with the tangential friction coefficient of 0.5 and normal behavior in “hard” contact for pressure overclosure.
[image: Figure 8]FIGURE 8 | Contacts between a woodchip and cutters in the sFE model.
General Technical Report FPL–GTR–190 Chapter 4 (Glass, Zelinka) states that coefficients of kinetic friction for smooth, dry wood against hard, smooth surfaces commonly range from 0.3 to 0.5; at intermediate moisture content, 0.5 to 0.7; and near fiber saturation, 0.7 to 0.9. Considering the woodchip’s moisture level in this analysis, which is neither the dry case nor the near fiber saturation case, an intermediate value of 0.5 was assumed to be a reasonable start point for the calculations.
The “hard” contact pressure–overclosure relationship in ABAQUS implies that (ABAQUS Interactions, 2017) 1) the surfaces transmit no contact pressure unless the nodes of the slave (second) surface contact the master (first) surface; 2) no penetration is allowed at each constraint location (depending on the constraint enforcement method used, this condition will either be strictly satisfied or approximated); and 3) there is no limit to the magnitude of contact pressure that can be transmitted when the surfaces are in contact. This “hard” contact mode agrees with the assumed behavior on the normal interface between woodchip and cutters; therefore, we adopt it for all the dynamic simulations in this project.
The current cutters and teeth are made of through-hardened A2 tool steel, which was heat treated to RC 60. The basic material properties of the A2 tool steel are listed in Table 1, according to the Granta’s CES Selector database (GRANTA, 2014). As for the strength of A2 tool steel, its yield strength (YS) is 1.97 GPa, and ultimate tensile strength (UTS) is 2.36 GPa. Unlike isotropic elastic behavior of the tool steel, the mechanical properties of woodchips are anisotropic and thus are presented by multiple parameters. Five woodchips ranking by their hardness, i.e., 12% moisture yellow birch, 12% moisture red oak, 12% moisture coast Douglas-fir, green coast Douglas-fir, and green northern white cedar were selected as representatives of the very strong, strong, medium strong, medium soft, and very soft wood species, respectively (David). Geometry of the woodchip is determined by the particle size distribution in Figure 4. The parallelepiped and cubic shapes of the woodchip model (shown in Figure 5) cannot include all the features shown in a real woodchip but still be very close. The fiber direction of the woodchip is aligned with the rotary axis of cutter blades, which will produce the strongest resistance when the woodchip is stuck into two or three cutter edges. The woodchip material properties are extracted from references ((Glass, Zelinka) and (David)). Basically, the references provide big tables to cover all the wood species and available moisture conditions, and their mechanical properties are decided by the specific species and moisture level by looking for data in the tables. Their mechanical properties are listed in Table 1 (Glass, Zelinka; David).
TABLE 1 | Mechanical properties of the cutter and wood materials used in the FE model (Glass, Zelinka; David).
[image: Table 1]A total of nine independent constants are needed to describe the elastic behavior of wood: three moduli of elasticity E, three moduli of rigidity G, and six Poisson’s ratios μ (David). The subscripts L, R, and T in Table 1 represent the three principal axes (Longitudinal, Radial, and Tangential as shown in Figure 4) of the woodchip with respect to its grain direction and growth rings. The longitudinal direction is parallel to the fiber grain direction or axis X in the FE model, which has the highest elastic modulus. The radial direction is perpendicular to the circle rings, while the tangential direction is the one perpendicular to radial direction in the wood’s cross-section surface. The moduli of wood in R and T directions are generally much lower than the strongest EL. The Poisson’s ratios are denoted by μLR, μLT, and μRT. The first letter of the subscript refers to the direction of applied stress and the second letter to the direction of lateral deformation. For example, μLR is the Poisson’s ratio for deformation along the radial axis caused by stress along the longitudinal axis. Similar combinations of subscripts are used in wood’s shear moduli such as GLR, GLT, and GRT. Erupture in Table 1 stands for the rupture modulus on the woodchip’s strongest direction, the fiber direction. In the finite element model, the direction of the wood fiber, i.e., direction of EL in Table 1, was aligned with the X-axis in Figure 7. The other two directions, T and R, were locally lined up with the width and thickness directions of the woodchip model. A local coordinate system for the woodchip was used for these direction assignments.
The finite element model simulates the dynamic behavior of this tribosystem for 0.0002 s. All the simulations were performed using the 2019 Golden (base) version of FEA software ABAQUS/Explicit (© Dassault Systèmes, 2018). The results shown later suggest that at about 0.14 ms the maximum contact pressure in the linear elastic regime (Figure 10, tension stress reached the rupture strength of 114 MPa) was recorded for the cutter–woodchip reaction from the initial contact. Based on the practice, a fine time interval of 4–5 µs is set to collect the stress change throughout the simulation.
SIMULATION RESULTS
The stress results of the woodchip and cutter interaction were collected to verify the contact pressures at the interface during the simulation time span of 0.2 ms. Figures 9A–F show the stress along the fiber direction at different times. Without cutters displayed in these figures, contact regions 2 and 3 are pointed out in Figure 9A to indicate the woodchip’s location in this system. The contact regions illustrated in Figure 6 with the corresponding regions in Figure 9 show that the woodchip was first contacted by a cutter tooth in region 2, and then sheared in region 3. Figure 10 plots the history of the maximum tensile stress of the woodchip along the fiber direction (S11 in ABAQUS). Considering the 12% moisture yellow birch’s modulus of rupture 114 MPa, we believe that at 0.140 ms the tensile stress on the woodchip reached its elastic limit. Through the time span between 0 and 0.140 ms, a small-time interval (Δt) of 5 μs was set to trace the contact pressure between the cutter and woodchip interface. The maximum contact pressure due to shear was observed at 0.12 ms in contact region 3, which was 187.7 MPa as shown in Figure 11.
[image: Figure 9]FIGURE 9 | Woodchip stress in the fiber direction. Stress unit in MPa.
[image: Figure 10]FIGURE 10 | Maximum tensile stress on woodchip’s fiber direction, Δt = 5 µs
[image: Figure 11]FIGURE 11 | Maximum contact pressure 187.7 MPa on 6.35-mm cutters. The woodchip used is 12% moisture yellow birch and time = 0.12e-3 s, left, woodchip displayed; right, woodchip hidden.
By repeating the workflow, we identified the components’ elastic regime of 26 cases and collected the maximum contact pressures while the cutter and woodchip contacted through either cutter’s tooth or edge. Figure 12 shows another example of the maximum contact pressure on the thin cutters (1.6 mm thickness) while shearing a 3-mm thick green northern white cedar woodchip, which is 215.9 MPa at the moment of 16 µs. Table 2 summarizes the maximum contact pressure for these two different thickness cutter designs in cutting woodchips of various thicknesses.
[image: Figure 12]FIGURE 12 | Maximum contact pressure 215.9 MPa on 1.6-mm cutters. The woodchip used is green northern white cedar and time = 0.016e-3 s, left, woodchip displayed; right, woodchip hidden.
TABLE 2 | Maximum contact pressure between the woodchip and cutters in the elastic regime.
[image: Table 2]DISCUSSION
In summary, sliding velocity has been calculated, and dynamic analysis has been conducted for the Crumbler® rotary shear system to understand the contact pressure at the cutter–biomass interface. A finite element model based on the FC’s cutter design, loading data, and materials’ mechanical properties was established. The relative sliding velocity between the cutter and woodchip was calculated to be 1.78 m/s at the cutting edge and 1.86 m/s at the tooth tip, for a 4″ diameter cutter and specified rotation speed of 315 rpm. The dynamic simulation results showed different contact pressures for 4″ diameter and 1/16” (1.6 mm) thickness cutters processing different species of woodchips, for e.g., up to 1284 MPa for 12% moisture yellow birch in case 3, and low to 23 MPa for green northern white cedar in case 12. For thicker cutters (1/4″ or 6.35 mm), the maximum contact pressure went up to 1284 MPa as well in case 19 with 10-mm thick 12% moisture yellow birch and down to 55 MPa in case 5 with 1-m thick 12% moisture yellow birch. In general, a thicker woodchip will result in a higher contact pressure given the same wood species and similar shape. The only exceptions are cases 3 and 4, where the thicker woodchip (10 mm) in case 4 had a lower maximum contact pressure (831 MPa) than the thinner woodchip (6 mm) in case 3 (1284 MPa). The reversed tendency between woodchip thickness and maximum contact pressure could be explained by the location of maximum contact pressure (highlighted as red spots in Figure 13). Due to the thickness difference, the cutter contact was on the tooth edge with the 10-mm woodchip’s rim in case 4, while in case 3 the contact pressure was more focused on the cutter’s tooth corner.
[image: Figure 13]FIGURE 13 | Contact pressure difference between case 3 (A) and case 4 (B).
All these simulation cases revealed another correlation between the wood species and the maximum contact pressures in the linear elastic stage. The ranking of the five types of woodchips, from the hardest to softest is the 12% moisture yellow birch, 12% moisture red oak, 12% moisture coast Douglas-fir, green coast Douglas-fir, and green northern white cedar. Harder woodchips seemed to induce a higher maximum contact pressure against the cutters. This correlation is illustrated in Figure 14 by using one series of thin cutters and one series of thick cutters. Given the same dimension of woodchips (50 × 20 × 10 mm) and the same 6.35-mm thick cutters, the strongest 12% moisture yellow birch had the highest maximum contact pressure, while the softest green white cedar had the lowest value. A similar trend was observed for the 6 × 6 × 6 mm cubic woodchips being processed by 1.6-mm thick cutters. Case 15 (green white cedar, 6 × 6 × 6 mm woodchip, 1.6-mm cutter) appears to be an exception that had a higher maximum contact pressure than the equivalent green coast Douglas-fir one (case 23). This could be caused by the different locations of the maximum contact pressure in cases 15 and 23. Initial investigation also indicated that the relative position between the woodchip and cutters would lead to woodchip’s local failure initiated at different contact regions, such as the cutter’s tooth corner (case 2), tooth edge (case 6 in Figure 11 and case 3 and case 4 in Figure 13), or circumferential edge.
[image: Figure 14]FIGURE 14 | Correlation between woodchip species and maximum contact pressure, dash line for wood species’ rupture stress.
As shown in Figure 14, the contact pressure is higher than the strength of the wood but still below that of the steel material. The major reason of such high contact pressure here is that we consider both woodchip and steel materials as elastic materials, so the stress increases linearly with strain. We understand the drawback of such an assumption. First, the actual contact pressures would be different from current simulation results because of the linear elastic assumption on all material directions for the anisotropic wood materials. Furthermore, due to the linear elastic material assumption, the calculated normal stress for the woodchip at the contact region is above its compressive strength. Specifically, the calculated high contact pressures in radial and tangential directions are not realistic. The actual contact pressure should be significantly lower since the woodchip will rupture on the normal contact direction much earlier than reaching the elastic limit in the fiber direction. The dash line in Figure 14 shows that the rupture stress for each wood species is much lower than the maximum contact pressure recorded in simulation. Based on the linear elastic material assumption, what we really focused on was the tensile stress applied on the woodchip’s fiber direction due to the shear or bending effect from nearby cutter blades, which provided the strongest resistance to the rotary cutters. The tensile stress on the woodchip’s fiber direction has been carefully tracked against time to record the maximum contact pressure before the moment when fiber’s tensile stress is larger than its tensile strength.
High contact pressure at these contact locations brings up continuum damage to the cutters and gradually downgrades their functionality. The wear mechanisms could include several types, such as abrasive wear, surface fatigue, erosive wear, and corrosion wear, as detailed in Lee et al., (2021). However, a high contact pressure on the cutter surface is expected to result in high tangential friction on the cutter surface and accumulate more heat under continuous working conditions. Therefore, the contact pressure, particularly the maximum value that cutter can experience in each rotation is a good metric to evaluate the cutter’s loading level. The identified high contact pressure locations on the cutter teeth and edges also indicate the most needed regions for material enhancement for cutters to improve the useful life. In terms of fatigue wear, the maximum contact pressure can be used as a peak value to predict the fatigue life at those local regions since the cutter’s cycling speed is known. Dynamic simulations provide a way to correlate the maximum contact pressure from simulation results with experimental observations in future work. Once the numerical method is validated, the well-configured FE model will help understand the wear mechanisms more rapidly.
Experimental validation of the cutter–woodchip contact pressure on an actual rotary cutting machine is difficult due to the following reasons: 1) it is too difficult, if not impossible, to install a sensor on either the cutter blade or woodchip to measure the pressure/force; 2) the woodchip breaks into pieces after touching the blades in a very short time, making it rather challenging to capture the real contact response in the elastic stage. Still, this finite element analysis made it possible to compare the contact pressures for different wood species and/or woodchip shapes, thereafter to provide useful information for the cutter blade design. For example, such an analysis suggested that the current square cutter tooth (DZ design) can break woodchips more efficiently than the previous sharp curvy tooth design in our earlier report (Lee et al., 2021). The improved performance of the DZ design has been validated on actual rotary shear systems at Forest Concepts, and the new version of Crumbler® now is equipped with DZ design cutters.
Utilizing this finite element simulation method, initial effort has been carried out for optimizing the DZ tooth design. As shown in Figure 15, four different tooth height adjustments are proposed: from reduction by 0.5 mm to increases by 1, 2, and 3 mm. Calculated contact pressures against Douglas-fir with 12% moisture are listed in Table 3 for both the thick (6.35 mm) and thin (1.6 mm) cutters. For the thick cutter processing the large woodchip (10 × 20 × 50 mm3), the current DZ tooth height (0 mm) results in the highest contact pressure (996 MPa), and either increasing or decreasing the tooth height is expected to substantially reduce the contact pressure (450–550 MPa). For the thin cutter processing small woodchip (6 × 6 × 15 mm3), a lower tooth would increase the contact pressure, but a taller tooth would reduce the contact pressure with a significant drop for a 3 mm height increase. Since a taller tooth is also expected to provide better grip for feeding the woodchip based, the DZ tooth height is proposed to increase by 1–3 mm for the thick cutter and by 3 mm for the thin cutter (3 mm is maximum restricted by the clearance between two adjacent set of cutters in the assembly). Further simulations with different types of woodchips are underway to confirm the tooth height optimization, and corresponding prototype cutters will be fabricated for experimental validation. Such a simulation–optimization–validation approach will be applied for optimizing other key components, for e.g., clearing plate of the rotary shear system as well.
[image: Figure 15]FIGURE 15 | Proposed design idea for cutters: adjusting cutter tooth height.
TABLE 3 | Max contact pressures for cutters with various tooth height adjustments.
[image: Table 3]Current simulation of the rotary shear tribosystem includes only three cutters and one model woodchip. While significantly simplified, the simulation sets a foundation for further analysis for finding potential geometrical changes or loading conditions that could reduce the cutter wear. The simulation model can be used to optimize the cutter design, such as the shape of the tooth, to reduce the contact pressure. Simulations of various cutter designs shearing the same model woodchip will provide a clear comparison for extending cutter working life, improving cutter efficiency, and reducing costs, etc. Investigation on woodchip behavior under contact, such as the time needed to reach its elastic rupture limit, the possible deformation, and failure modes from this FE model can also be utilized to optimize the woodchip breaking.
Though various sizes of the woodchip were used in the current simulations, they are still “ideal” cases that cannot match with the actual woodchips with irregular shapes. The metric of maximum contact pressures assumes that the strongest resistance comes from tension in the woodchip’s fiber direction. More experimental work is needed to validate this assumption. The simulation considers woodchip’s anisotropic behavior in the elastic stage only in this material model, which differs from real woodchip’s intrinsic behavior. Woodchips might delaminate earlier along the weaker direction before reaching such a maximum contact pressure; however, the local failure has not been taken into consideration yet. The complex woodchip material behavior beyond the elastic stage could also bring variance in the maximum contact pressure. In all these simulations, only one woodchip was employed in the model. In actual operation, there are always multiple groups of cutters working against bunches of randomly orientated woodchips (see Figure 1). Examination of the used cutters also indicated that extrinsic inorganic particles included in the woodchips could bring severe abrasive wear or polishing wear on the cutters’ edge and surfaces. All these limitations in current FE models point to the direction of our future work. Further studies in cutter wear tests, surface coating design, structural optimization design, and numerical simulations will be combined to reveal the wear mechanisms and improve the lifetime of this rotary shear system.
CONCLUSION
A FEA model was built for the Crumbler® rotary shear system. Taking the assumption of woodchip’s elastic orthotropic behavior before reaching its rupture stress in the strongest fiber direction, dynamic analysis has been conducted for this rotary shear system to understand the contact pressure between the interface of the woodchip and cutter. Simulation cases showed ranges and trends of maximum contact pressures for different cutter designs and different species of woodchips.
From dynamic simulation, it can be concluded that the highest contact pressure was observed in the case with the hardest woodchip, the 12% moisture yellow birch, for the same cutters and the same size of woodchips. Similarly, the softest case, green northern white cedar, had the lowest contact pressure in the elastic stage. The woodchip’s thickness also played an important role in the contact pressure. In general, a thicker woodchip introduces more resistance to tension, compression, bending, and shear, leading to a higher contact pressure. In addition, the woodchip’s shape and relative location to the cutters also had some effects on the amplitude and position of the contact pressure on the cutters.
In conclusion, such a finite element analysis is an effective, quantitative approach to evaluate the interaction between the tool and feedstock in absence of direct contact measurement to guide tool design optimization.
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Feedstock heterogeneity is a key challenge impacting the deconstruction and conversion of herbaceous lignocellulosic biomass to biobased fuels, chemicals, and materials. Upstream processing to homogenize biomass feedstock streams into their anatomical components via air classification allows for a more tailored approach to subsequent mechanical and chemical processing. Here, we show that differing corn stover anatomical tissues respond differently to pretreatment and enzymatic hydrolysis and therefore, a one-size-fits-all approach to chemical processing biomass is inappropriate. To inform on-line downstream processing, a robust and high-throughput analytical technique is needed to quantitatively characterize the separated biomass. Predictive correlation of near-infrared spectra to biomass chemical composition is such a technique. Here, we demonstrate the capability of models developed using an “off-the-shelf,” industrially relevant spectrometer with limited spectral range to make strong predictions of both cell wall chemical composition and the relative abundance of anatomical components of the corn stover, the latter for the first time ever. Gaussian process regression (GPR) yields stronger correlations (average R2v = 88% for chemical composition and 95% for anatomical relative abundance) than the more commonly used partial least squares (PLS) regression (average R2v = 84% for chemical composition and 92% for anatomical relative abundance). In nearly all cases, both GPR and PLS outperform models generated using neural networks. These results highlight the potential for coupling NIRS with predictive models based on GPR due to the potential to yield more robust correlations.
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INTRODUCTION
Lignocellulosic biomass offers enormous potential as a renewable feedstock for biorefining processes that can yield sustainable fuels, chemicals, and materials (Sharma et al., 2020). A wide range of technological approaches are available for biorefining of lignocellulose that include thermochemical, catalytic, chemical, and biological processes for deconstruction and conversion of the cell wall biopolymers contained within lignocellulose to these bio-based fuels and products (Brown and Brown, 2013; Qureshi et al., 2014). One approach for biorefining of lignocellulosic biomass involves a chemical pretreatment to facilitate the subsequent depolymerization of plant cell wall polysaccharides using cellulolytic enzymes to yield monosaccharides that can be further processed to biofuels or biobased chemicals (Kumar et al., 2016). Additional pre-processing operations on the biomass may be necessary to facilitate optimal storage, transport, and processing of heterogeneous, geographically dispersed biomass feedstocks. These feedstock pre-processing operations can include comminution, cleaning, physical or chemical fractionation, drying, pretreatment, and densification (Carolan et al., 2007; Lamers et al., 2015).
Corn stover is a high-volume co-product of corn production that has been identified as having significant potential for sustainable biofuel production in the U.S. (Langholtz et al., 2016). Importantly, corn stover, like other gramineous feedstocks for biorefining processes, exhibits significant within-plant heterogeneity as a consequence of the differences in the cell wall composition and higher order structures between different cell types, tissues, or anatomical fractions (e.g., cob, leaf, husk, stem). In addition to this heterogeneity, variability within a single feedstock can arise from differences in feedstock biological origin, agronomic practices, local environment during growth, harvest time and approach, and biomass storage time and conditions (Morrison et al., 1998).
Feedstock variability resulting from differences in chemical composition and physical properties can significantly impact process performance during both pre-processing and downstream biorefining operations. Moreover, differences in the physical properties of individual corn stover particles are largely derived from anatomical differences in the tissues. Such differences can impact the mechanical handling of biomass, have been shown to contribute to process upsets and can be detrimental to overall process throughput (Sievers et al., 2020). Since different anatomical tissues respond differently to both pre-processing (e.g., comminution) and deconstruction (e.g., chemical pretreatment and enzymatic hydrolysis), on-line knowledge of the tissue type, composition, and moisture content could prove to be a fundamental requirement for commercial-scale biorefineries (Garlock et al., 2009; Crowe et al., 2017; Li et al., 2018). To this end, a high-throughput analytical technique that is potentially deployable as an on-line measurement, would be needed to inform not only the feedstock chemical composition, but also anatomical relative abundance for a given sample of corn stover.
A suite of laboratory analysis procedures developed by the National Renewable Energy Laboratory (NREL) have become the de facto analysis techniques to determine the composition of both feedstocks and pretreated biomass slurries (Sluiter and Sluiter, 2011a; b). However, the wet laboratory procedures for these techniques are time consuming and expensive (Lupoi et al., 2014; Sykes et al., 2015). Therefore, near-infrared (NIR) spectroscopy (NIRS) has become widely used to characterize the composition of biomass (Xu et al., 2013). Predictions of cell wall composition via NIRS have been developed for corn stover (Hames et al., 2003; Templeton et al., 2009), pretreated corn stover (Wolfrum and Sluiter, 2009; Sluiter and Wolfrum, 2013), sorghum (Wolfrum et al., 2013; Li et al., 2017a), switchgrass (Vogel et al., 2011; Park et al., 2012), poplar (Robinson and Mansfield, 2009; Nkansah et al., 2010) and cereal grains (Bruno-Soares et al., 1998; Caporaso et al., 2018). However, cell wall composition alone cannot predict other physical properties of the feedstock, yet this information would benefit biomass processing. Therefore, a principal objective of the present work is to demonstrate the predictive capability of NIRS for not only cell wall composition in corn stover, but also feedstock anatomical origin (e.g., husk, cob, or stalk rind) that greatly impacts both response to mechanical operations (e.g., comminution and feeding) and subsequent biorefining operations.
NIRS gained widespread use in the food industry in the 1980s due to advancement in chemometric techniques to correlate convoluted absorbance peaks to the chemical composition of the analytes using various mathematical tools like principal component analysis (PCA) and partial least squares (PLS) regression (Scotter, 1990). NIR is a commonly used technology for quality control in grain processing facilities (Gradenecker, 2003) as well as crude protein content in livestock forage and feeds (Vincent and Dardenne, 2021). Early work on analysis of biomass energy feedstocks showed the viability of NIRS with PLS to accurately predict corn stover cell wall composition (glucan, xylan, lignin, acetate, and ash) (Sanderson et al., 1996; Gao et al., 2018). Quantification of cell wall composition by NIRS demonstrated varying polysaccharide levels of anatomical fractions of corn stover (Ye et al., 2008) and differences between feedstock corn stover and that pretreated with dilute sulfuric acid (Wolfrum and Sluiter, 2009). Further work at NREL demonstrated a large variation in the cell wall composition of corn stover from various harvests as predicted by NIRS (Templeton et al., 2009). Lately, the same group has demonstrated that potentially low-cost and portable spectrometers with limited spectral range provide predictions that are nearly as accurate as those of well-developed laboratory instruments (Wolfrum et al., 2020). Here, we demonstrate that a comparable “off the shelf” instrument is adequate to predict not only composition, but further extend the predictive capability to anatomical tissue type.
Various chemometric tools have been implemented to make predictions of chemical composition from NIR spectra with PLS being the most common technique. Neural networks (NNs) (Li X. et al., 2015; Jin et al., 2017; Ahmed et al., 2019), support vector machines (SVMs) (Balabin and Lomakina, 2011) and Gaussian process regression (GPR) have also been applied to NIR spectra to predict the moisture content of biomass. GPR is commonly used to predict biomass properties in remote sensing but lacks any significant use in NIRS predictions of biomass properties (Hultquist et al., 2014). In this work, we investigate the efficacy of PLS, GRP, and NN for prediction of chemical composition and anatomical abundance in corn stover.
Air classification is a preprocessing technique of great interest that separates corn stover based on differences in density and surface area (Bilanski and Lai, 1965; Stessel Richard and Peirce, 1983; Lacey et al., 2015). These physical characteristics differ within the anatomical tissue types of corn stover. Additionally, since chemical composition varies with anatomy, we aim to demonstrate that models developed from NIRS can predict not only chemical composition of fractionated biomass, but also the relative abundance of tissue type. The utility of this technique is two-fold: 1) from an experimental perspective, NIRS is a high-throughput tool to validate air classification during process development and 2) in an applied setting, NIRS can inform downstream processes about the relative abundance of incoming corn stover (i.e., “stringy” with many husks vs. more “chip-like” with many stalk rinds and cobs). In the present work, we compare the predictive capabilities of NIRS by traditional PLS methods then explore the use of GPR and NNs to expand the state-of-the-art. Further, we demonstrate that NIRS can provide reliable predictions for not only composition, but also a further level of abstraction to anatomical tissue type.
EXPERIMENTAL
Materials
A diverse range of corn stover samples were used in the present study. Corn stover diversity panel samples were the same as those described in previous work (Li et al., 2017b). Briefly, the maize was grown at a different density and plants were harvested at grain maturity using a single pass, Case IH® 2144 axial-flow, combine for better separation of corn stover and grain. The samples for NIR scanning were taken from a commercial hybrid corn stover bale harvested on 28 October 2017 from Story, Iowa using an AGCO 2270 XD Large Square Baler (Duluth, Georgia) set to a 4-inch cut. The bales were sent to Iowa State University for storage under dry, stable conditions until 24 October 2019, when they were delivered to Idaho National Laboratory (INL). At INL, they continued to be stored under dry (moisture content 8.7 to 9.7 wt%), stable conditions until use.
Methods
Sample Preparation
To generate manually sorted anatomical fractions, 50 kg of flakes from the end sections of unprocessed, square corn stover bales was set aside. As detailed in Figure 1, the plant fractions of corn stover isolated consisted of leaf, sheath, stalk, pith, husk, shank, and cob. However, shank was not investigated in this study due to lower occurrence and similarity with the stalk fraction. The leaf fraction (Figure 1E) is often pulverized during the baling process and will usually be found in smaller pieces and fines. They are darker than most other tissues with a thick mid-rib. Husks (Figure 1G) are broad, thin tissues, lighter in color than the leaves, and do not fracture during the baling process. The sheath (Figure 1D) is usually found attached to the stalk. This is a thick, waxy, rigid tissue that must be broken off the stalk to collect. The stalk (Figure 1C) is long and usually cylindrical and consists of a rigid outer layer (rind), and spongy inner tissue (pith). The shank (Figure 1H) is a branch-like structure that grows out from a leaf node and it is from this shank that an ear of corn will grow. Cobs (Figure 1B) are usually found in larger pieces and have a “fuzzy” outer layer (beeswing/chaff) and contain pith inside a rigid ring of tissue (woody ring).
[image: Figure 1]FIGURE 1 | Images of the harvested corn stover and respective plant fractions of interest for further isolation. These include (A) the corn stover rectangular bale as harvested, (B) cob, (C) stalk, (D) sheath, (E) leaf fractions pulverized during harvesting operations, (F) pith isolated from stalk fractions, (G) is the husk with attached shank, and (H) isolated shank found attached to the stalk and husk plant fractions.
To further separate and isolate 25 g for subsequent testing of each anatomical fraction, 50 kg of the whole stover was slowly removed and manually sorted to provide a near-pure baseline of the different anatomical fractions. The larger plant fractions were isolated to control mass loss and minimize variance in overall anatomical composition of the unprocessed bale. To isolate 25 g of pith (Figure 1F), the tissue was scraped off the rind portion and reviewed for purity of anatomy. The cobs were mostly unattached to the husk and stalk from harvest operations and are the densest of the fractions, making manual separation quickly identifiable. The husks identified in Figure 1G tend to segregate from the other plant fractions and were hand-picked off the remaining unprocessed material. The shanks were pulled from the broad husk portion of the plant and separated as seen in Figure 1H. To ensure purity and integrity of the leaf isolation, the darker and scattered pieces were gently brushed from the collapsed section of the bale. Any contaminates such as twine, plastic, and metal objects were identified and removed.
Composition analysis was conducted on both alkaline pretreated (see Section 2.2.2) and raw milled (#20 standard mesh, 0.85 mm) pure anatomical fractions (sheath, leaf, pith, husk, rind, and cob) of corn stover to determine structural polysaccharides, lignin, extractive, and ash content according to NREL/TP-510-42618 and 510-48087 with modifications as reported in our prior work (Sluiter et al., 2008; Sluiter and Sluiter, 2011a; Templeton et al., 2016; Singh et al., 2019). For composition analysis of pure tissues, several dozen pieces of a given tissue were milled and placed into a sealed bag. These were mixed by shaking and subsequently, aliquots of the mixture were taken for composition analysis which was done in triplicate. Supplementary Table S2 provides summary data for samples used for prediction of chemical composition and Supplementary Table S5 gives complete composition information for all samples used for NIR modeling.
To generate anatomical tissues with varying moisture content to enhance predictive models, samples of unmilled anatomical fractions were hydrated at varying relative humidity. To achieve different relative humidity, samples were equilibrated in five separate sealed containers containing saturated aqueous solutions of various ionic compounds in the bottom of the container. These compounds govern the water activity, and therefore, relative humidity. By varying the species of the ionic compound, the relative humidity can be altered to cover a wide range. Samples were allowed to equilibrate for at least 72 h and until the mass change due to moisture uptake no longer increased (maximum 96 h). Supplementary Table S1 provides the salts and associated relative humidity used for moisture sorption experiments (Greenspan, 1977). Supplementary Table S3 provides the associated moisture content of anatomical tissues that were equilibrated at varying relative humidity.
Alkaline Pretreatment
Anatomical tissues milled to #20 standard mesh using a benchtop Wiley mill were separately treated in an aqueous alkaline solution at 10% solids (w/v) with 10% sodium hydroxide (w/w) on a 3 g dry biomass basis in a 100 ml AMAR reactor. The vessel was continuously stirred at 200 rpm and temperature was ramped to 90°C over the course of 20 min where it was then held for an additional 60 min and then cooled to room temperature over the course of 10 min. The biomass was then vacuum filtered and washed with DI water until the effluent was of neutral pH. Prior to enzymatic hydrolysis, the pH was adjusted to 5 by adding the biomass to 300 ml of water and titrating with sulfuric acid. Pretreated samples were then vacuum filtered and stored in this moist state in a sealable polyethylene bag at 4°C until further use. Supplementary Table S4 presents the moisture content during storage of these materials.
Enzymatic Hydrolysis
Enzymatic hydrolysis was performed on both raw and pretreated samples according to the procedure described by Yuan et al (Yuan et al., 2019). Briefly, pure anatomical tissues of corn stover (sheath, leaf, stalk pith, husk, stalk rind, and cob) were milled to pass a 20-mesh screen using a Wiley mini-mill (Thomas Scientific, Swedesboro, NJ). Hydrolysis was carried out in 15-ml centrifuge tubes at 10% (w/v) solids loading with 15 mg CTec3 enzyme per g of glucan buffered using a 50 mM sodium citrate buffer (pH 5) in a rotating incubator (198° of rotation) at 60 rpm for 72 h at 50°C. Glucose yields were determined by diluting the hydrolysis liquor ten-fold and measuring the concentration on an Agilent 1260 series HPLC equipped with an Aminex HPX-87H column (Bio-Rad, Hercules, CA) using 5 mM aqueous H2SO4 as the mobile phase coupled with RI detection. Hydrolysis yields are given in terms of percent of maximum theoretical glucose produced. Enzymatic hydrolysis was conducted on both raw and alkaline pretreated samples. Pretreated samples were used for enzymatic hydrolysis no more than 5 days after pretreatment to limit microbial growth.
Spectra Acquisition
NIR spectra were collected on a Foss InfraXact 7,500 non-contact spectrometer over wavelengths from 570 to 1850 nm in reflectance with the empty cup (air) serving as a baseline. This is a reduced wavelength range compared to many studies using NIR for chemical composition prediction (typically covering the full NIR range from 800 to 2500 nm), but recent work has confirmed little reduction in model predictive capability when using reduced spectral range (Wolfrum et al., 2020). For correlation of chemical composition (i.e. glucan, xylan, etc.) specimens from the corn stover diversity panel were used in addition to pure fractions that were isolated from the bale described above. In total, there were 62 specimens available for correlation of chemical composition (only 36 for extractives and moisture content). It should be noted that some of these specimens were milled (those from corn stover diversity and ambient humidity anatomical fractions) to #20 standard mesh, while some were not (those tissues that were hydrated at varying relative humidity as previously described).
Milled specimens were added to a cup with a transparent bottom (approximately 2 inches in diameter) to a depth of no less than 1 cm. Specimens were measured over three replicates except for hydrated tissues, for which spectra were collected in duplicate to minimize water loss due to drying. These hydrated tissues were not milled prior to scanning, but all other samples were milled to pass a #20 standard mesh. Specimens were stirred between replicate measurements. Hydrated, unmilled tissues were removed from their sealed containers and duplicate scans were performed quickly to limit moisture desorption from the material, though the samples were briefly mixed between scans. The duration of each scan is approximately 30 s, therefore relatively little time was available for desorption of water during the measurement. Nevertheless, inconsistency due to effects of moisture desorption means that these results should be interpreted for their trends rather than as tabulations of well-defined thermodynamic hydration states.
In general, the anatomical relative abundance of a given sample of corn stover is not explicitly known, therefore, to generate a dataset for calibration of the models, mixtures of pure anatomical fractions which had been previously manually sorted and subsequently milled to pass a #20 standard mesh screen were prepared by “remixing” to obtain samples with known anatomical quantities. These mixtures were at least 3 g in quantity and were thoroughly agitated in sealed plastic bags prior to scanning. Thus, 60 total specimens were combined and scanned to generate the data set for determining anatomical relative abundance.
Modeling
Several techniques were used to process spectra prior to training models for prediction. Standard normal variate (SNV) pretreatment was applied to the absorbance spectra by subtracting the mean of absorbances over all wavelengths for a given observation and normalizing by the standard deviation. In this way, the mean values of all spectra were normalized to zero with a standard deviation of one. The second derivative of the absorbance spectra with respect to wavelength was calculated numerically over the sampling increment of the instrument (2 nm). Another common preprocessing technique is multiplicative scatter correction (MSC) to reduce the effects of scattering and differing path length between measurements (Rinnan et al., 2009). MSC regresses each spectrum to the mean spectrum of the dataset by ordinary least squares, then corrects each spectrum by the regressed linear parameters. The second derivative (2D) of the absorbance spectra is used to achieve higher correlations between the actual and predicted composition values. For all regressed spectra and correlations compared here, SNV, MSC, and the second derivative were applied.
Preliminary model screening was conducted using the Regression Learner Application in MATLAB (release R2021b; MathWorks, Natick, MA), which can quickly screen linear regression, decision trees, known nearest neighbor, SVMs, and GPR. Of these methods, GPR yielded the lowest mean squared error in preliminary screening when predicting both chemical and anatomical composition of corn stover. Therefore, in this work, GPR is compared to more commonly used PLS regression and NNs using MATLAB’s fitrgp, plsregress, and fitrnet functions, respectively. For model testing in each training case, the data were partitioned into training and test data with a 70/30 split for holdout cross-validation. Root-mean-squared-error of validation (RMSEV) and R2v (coefficient of determination of validation) were used to assess model performance on the holdout sets. In the case of the cell wall composition, the RMSE was normalized by the range of the predicted values. For each algorithm, the model was trained 100 times each with a new training/test split. R2v and RMSEV are those for the average of the 100 model runs.
Gaussian processes leverage the expectation that samples with similar predictors will have similar targets. In this case the predictors are the absorbance values at varying wavelengths and the targets are the chemical or anatomical composition. Briefly, the process fits a distribution of functions to the predictors in order to predict a target (e.g., chemical or anatomical composition). The variance of the assumed distribution of functions (prior) is designated by a kernel, which can take various forms. We screened common kernels and found that the rational quadratic form outperformed the Matern 5/2 and 3/2, squared exponential, and exponential kernels as screened by the Regression Learner Application in MATLAB. Therefore, in the fitrgp MATLAB function, the rational quadratic kernel was used to describe the covariance between predictors. All other hyperparameters were held at default settings.
plsregress implements the SIMPLS algorithm developed by de Jong (de Jong, 1993). All default parameters were used for plsregress and the number of components was varied from 1 to 20. The R2v and RMSEV values tabulated for PLS are the maxima and minima over this range of components, respectively. Standard deviations over the 100 model runs were calculated at the number of components that maximized the R2v value or minimized the RMSEV.
NNs trained using fitrnet used Bayesian optimization, with the default NN structure for the function: two fully connected layers with the first having 10 nodes and the second having a single output. The first fully connected layer has a rectified linear unit activation function while the second layer corresponds to the output target. The training iteration limit was set to 1,000 and both the gradient tolerance and the tolerance for the function loss were set to 10−6. Principal component analysis was conducted using the pca function in MATLAB. Default parameters for the function were used (data are centered and singular value decomposition is the algorithm).
RESULTS AND DISCUSSION
Composition, Enzymatic Hydrolysis, and Moisture of Corn Stover Anatomical Tissues
While NIRS has been used in a number of studies and applications in the past to predict the composition of corn stover, the three objectives of the present study differentiate this work from the prior literature. The first objective is to identify differences in composition and responses to pretreatment and enzymatic hydrolysis between manually fractionated corn stover anatomical fractions. The second objective is to employ these corn stover samples to develop models for prediction of differences in chemical composition, relative abundance of anatomical fractions, and response to pretreatment and enzymatic hydrolysis using an industrially relevant NIR system with limited spectral range. The final objective is to compare both the utility and performance of three chemometric/machine learning algorithms (PLS, NN, GPR) to make these predictions from the NIR data sets. For correlative models to be useful, the dataset must cover the desired prediction range. To achieve this, we use anatomically pure samples to bound the design space for all samples of corn stover. That is, no mixture of corn stover will have chemical composition (e.g., glucan content) that is greater or lesser than the pure anatomical fractions that have the maximum or minimum chemical content. Corn stover from our previous work was also used to develop correlations of chemical composition (Li et al., 2017b). Table 1 shows the summary composition data for the corn stover samples used in this study and Figure 2A shows the composition for manually sorted anatomical tissues on a dry basis. The range of compositions found here are comparable to other studies (Hames et al., 2003; Templeton et al., 2009).
TABLE 1 | Summary of composition data for the specimens analyzed in this work. Maximum, minimum, range and average for chemicals are given as wt% on a dry basis. N refers to the number of NIR spectra available for correlation with a given parameter.
[image: Table 1][image: Figure 2]FIGURE 2 | (A) Composition of manually sorted anatomical tissues of corn stover on a dry basis and (B) glucose hydrolysis following enzymatic hydrolysis (as % of theoretical maximum) for anatomical tissues of untreated corn stover and those pretreated under alkaline conditions.
Several key differences in composition between the anatomical fractions can be observed within this data (Figure 2A). First, it can be observed that the stalk rind fraction had the highest glucan content (42.3% by mass), which is consistent with other prior work for the stems of graminaceous feedstocks such as corn stover (Li et al., 2012) and Miscanthus × giganteus (Williams et al., 2015). Another key observation is that the cob fraction exhibits the highest xylan content. It is well-established that cobs are more highly enriched in xylan (Takada et al., 2018) and the lower recalcitrance and potential for collection/recovery have made cobs a target feedstock for biorefining (Brown and Brown, 2013). The leaf fraction exhibits the highest ash content and is consistent with prior studies that have found the most abundant ash content in leaf fractions of corn stover (Li et al., 2012) and wheat straw (Atik and Ates, 2012), presumably due to the abundance of structural inorganics such as silicates. A final observation is the low lignin contents observed in stalk pith (9.5%), sheath (11.0%), and husk (7.0%). Low lignin contents for pith has been observed in corn stover (Li et al., 2012) and have been linked to high enzymatic hydrolysis yields in sorghums (Li et al., 2018). Results for the response to enzymatic hydrolysis show significant differences between the six anatomical fractions for both untreated and following pretreatment (Figure 2B). From these results it can be observed that the stalk pith has the highest yield (59.7%) of the untreated anatomical fractions. It has been well-documented that untreated pith from diverse grasses are known to be more susceptible to digestion by rumen microbiota or cellulolytic enzymes due to their lower lignin content (Akin, 2008). Following pretreatment, the leaf, pith, husk, and cob fractions exhibit glucose yields greater than 80%. Leaf, husk, and cob show the most improvement in glucose yields between untreated and pretreated samples, while the sheath is particularly recalcitrant. Since this recalcitrance is fundamentally rooted in cell wall structure and chemical composition, we investigate later whether yields can be correlated to NIR spectra. Because different tissues of corn stover have different responses to pretreatment and hydrolysis, a preprocessing technique that can enrich the process streams in various anatomies would be highly advantageous.
In addition to chemical composition and enzymatic hydrolysis yields, moisture content is a critical parameter affecting both mechanical processes (e.g., comminution, conveying) and (bio)chemical processes (e.g., pretreatment, enzymatic hydrolysis) (Laureano-Perez et al., 2005; Liebmann et al., 2010; Ozaki, 2012; Sievers et al., 2020). Indeed, many processes utilizing materials of biological origin have utilized NIRS for decades to monitor moisture content. Therefore, it is a sensible candidate for prediction; strong correlations for moisture content are expected so it acts as a baseline check for model development. To obtain a range of moisture content across anatomical tissues, unmilled corn stover tissues were equilibrated at varying relative humidity as presented in Supplementary Figure S1. Generally, the moisture content increases rapidly at the end of the moisture sorption curves and the stalk components (rind and pith) demonstrating the greatest hygroscopicity.
Correlation of Spectra to Chemical and Anatomical Composition
The principal focus of this work is to demonstrate that an “off the shelf” NIR spectrometer with limited spectral range (570–1850 nm) can be used to generate predictive models on a relatively small sample set of corn stover. Chemical functional groups govern absorbance of NIR spectra and these groups appear in different quantities in the cell wall biopolymers that make up anatomical tissues. Therefore, chemical composition predictions can be made from the spectral signatures. Predictions of anatomical relative abundance are also rooted in the fact that the varying chemicals absorb IR radiation differently and different tissues have varying quantities of these chemicals. A correlation map was developed (Figure 3) to first identify NIR spectral correlations to the cell wall composition, relative abundance of anatomical fractions, and responses to pretreatment and enzymatic hydrolysis. This plot shows the strength of the Pearson correlation coefficient between these quantities and the second derivative of wavelength absorbance. Red areas indicate negative correlations while green areas indicate positive correlations. The magnitude of the second derivative gives an indication of the degree of concavity in the raw spectra. A larger magnitude of the second derivative in the negative direction corresponds to a more defined absorbance peak in the raw spectra. Positive peaks in the second derivative spectra are often coupled with negative peaks. These coupled peaks are often correlated to chemical composition or anatomical tissues (Figure 3) as transitions from positive to negative correlation (or vice versa). Such transitions are observed at 970 nm, 1,100 nm, and 1,238 nm, among others, and are important for model prediction. Chemical structures (polysaccharides, lignin, etc.) and anatomical tissues that share similar correlation patters are likely to be correlated (e.g., xylan and cob).
[image: Figure 3]FIGURE 3 | Pearson correlation coefficients between NIR absorption from 570 to 1850 nm and corn stover compositional components, relative abundance of anatomical components, and response to pretreatment and enzymatic hydrolysis.
Several key differences within the NIR spectra contributing these correlations can be highlighted (Figure 4). First, starting at the lower end of the spectra, the first peak of interest occurs at 970 nm (Figure 3), where matching correlations between glucan, xylan, acetate, stalk rind, and cob can be observed. This peak is associated with amorphous hydroxyl content (Ahmed et al., 2019) and stronger peak signals are observed for rind and cob compared to other tissues (Figure 4A). These specimens are dried to approximately 5% moisture content so the signal increased hydroxyl absorbance may be due to higher relative abundance of these groups present on polysaccharides. Though weaker than the correlations previously described, lignin and water extractives show similar positive correlations to sheath, leaf, and husk. Because the second derivative of the spectra is negative for wavelengths greater than 970 nm (up to about 1,015 nm), a positive correlation between the absorbance and the chemical composition implies that the relative chemical quantity is decreasing with an increasing absorbance peak.
[image: Figure 4]FIGURE 4 | Second derivative of NIR absorbance spectra for anatomically pure fractions of corn stover in the region from (A) 850–1,050 nm, (B) 1,075 nm–1,125 nm, and (C) 1,500 nm–1775 nm.
The peak that appears at 1,100 nm (Figure 4B) shows unique properties in that related tissues display similar behavior as the peaks transition from negative to positive. For example, sheath, leaf, and husk group together and have matching correlation patterns to lignin at 1,100 nm (Figure 3). Similarly, stalk rind, stalk pith, and cob group together and have matching correlation patterns to polysaccharides at 1,100 nm (Figure 3). Other reports have also shown positive correlation between absorbance and reference compositions of hemicellulose and cellulose at 1,096 nm and 1,100 nm, respectively, and negative correlation at 1,098 nm for lignin (Jin et al., 2017). The peak at 1,100 nm is one of the only significant peaks observed in this spectrum that shows a segregation of anatomical tissues into positive and negative second derivatives of absorbance.
Prediction of chemical composition is one key component of feedstock quality and can be used to inform pre-processing or downstream pretreatment. Peaks in NIR spectra associated with crystalline cellulose can be observed at 1,592 nm (Figure 4C) for which stalk rind is observed to have the sharpest absorbance (Tsuchikawa et al., 2003). Higher up the spectrum, the segregation of the data into positive and negative peaks at 1,668 nm distinguishes anatomical tissues in a similar way to the peak at 1,100 nm. These two areas appear to be the only two significant wavelengths at which this phenomenon occurs. In previous work, our group has shown guaiacyl lignin to be correlated to a negative peak at 1726 nm (Li et al., 2017b). Previous authors have attributed this peak to pentose sugars (furanose or pyranose) from the presence of hemicellulose (Tsuchikawa et al., 2003). That the xylan-rich cob shows the largest peak is therefore likely attributable to the polysaccharides rather than the guaiacyl lignin in the present case.
Besides the spectra of specific anatomical fractions, it is informative to investigate the spectra for a single anatomical tissue that has been equilibrated at varying relative humidity. Our results show (Figure 5) the effect of moisture sorption on the amorphous hydroxyl band that is associated with wavelengths from 1,350 to 1,450 nm (Henri et al., 2002) for stalk pith that has been equilibrated at varying relative humidity. The band between 1,400 and 1,420 nm is related to the O-H first bending overtone (Gergely and Salgó, 2005). Increased moisture content is observed to lower the wavelength at which radiation is absorbed. In the raw spectra (Supplementary Figure S2), the magnitude of absorbance in this region is also observed to increase with increasing moisture content. At low moisture content, the water molecules can strongly associate with biopolymers through hydrogen bonding but as the moisture content increases, available sites for such interactions are decreased and the spectra becomes more dominated by unbound or amorphous water molecules. The contributions to the absorbance from hydroxyl groups present on the biopolymers are also diminished as the moisture content increases. These subtle shifts in absorbance enable predictive models to be developed from these spectra later in this work.
[image: Figure 5]FIGURE 5 | Second derivative of NIR absorbance spectra for stalk pith in the range of the amorphous -OH groups at 970 nm (A) and 1,424 nm (B) equilibrated at varying % moisture content (MC).
Of principal interest for the present study is identification of corn stover samples which may be more amenable to subsequent processing. For example, stalk pith requires no pretreatment to achieve the same glucose yields during enzymatic hydrolysis compared to pretreated stalk rind (Figure 2A). Therefore, samples enriched in pith can be targeted in upstream processing and the anatomical composition could be verified by NIR predictive models. Though correlation of chemical components to NIR spectra has been previously shown using PLS, here we also investigate GPR and NN to test whether these can provide more accurate predictions. The chemical components of interest are glucan, xylan, Klason lignin, acetate, ash, water extractives, ethanol extractives, and moisture content.
Use of high throughput screening for determination of biomass composition could be used in various applications within a biorefinery process. Variability of lignocellulosic biomass poses a challenge for scale-up; but on-line NIRS could be used to predict composition, such as glucan, to inform downstream process parameters, such as enzyme loading for hydrolysis. The average R2v value and range-normalized RMSEV (RNRMSEV) between the actual and predicted responses for cell wall composition for models that could inform such predictions are presented in Figure 6 (full data set in Supplementary Tables S8, S9, S14). For PLS, the reported R2v values are those that are the averages of the maximum R2v for any loop over varying number of components in the model (up to 20 components). Supplementary Figure S3 demonstrates how the number of components affects the correlation between the actual and predicted values. Generally, R2v for the correlation plateaus at its maximum value by 10 PLS components.
[image: Figure 6]FIGURE 6 | R2v (A) and RNRMSEV (B) for chemical composition and response to pretreatment and enzymatic hydrolysis of corn stover predicted from NIR spectra using partial least squares (PLS), Gaussian process regression (GPR) and neural networks (NN). Bars represent standard deviations over 100 model runs. Tabular data are provided in the Supplementary Material.
Of the chemical composition parameters, it is observed that moisture content is the most easily predicted parameter. Indeed, NIR has been used extensively for moisture content prediction (Cozzolino et al., 2013). Well-defined peak shifts associated with increasing moisture content (Figure 5) at 970 and 1,420 nm likely contribute to these strong correlations. Polysaccharides (glucan and xylan) as well as extractives (both ethanol- and water-extractable) show relatively strong correlations between predicted and actual values (R2v > 0.80). In all model cases, xylan is the best-predicted chemical component besides moisture content. Minor components (lignin, acetate and ash) have weaker correlation coefficients. The correlation between actual and predicted values for minor components (lignin, acetate, and ash) are about 10–15% higher for GPR compared to PLS. That these minor components can be well-predicted by GPR is an advancement of the state of the art. Ash can be difficult to correlate due to the fact that the mineral components that make up ash do not directly absorb NIR radiation and only affect the absorbance of proximal functional groups (Gao et al., 2018). This trend can be observed in Figure 3 where ash has comparatively weak correlations when compared to major components like glucan, xylan, and lignin. Nevertheless, even subtle correlations prove useful for predictive modeling as ash content still has a relatively high R2v value (0.87 for GPR).
The first three component loadings from PLS regression show strong positive and negative correlations for both anatomical and compositional components at 1,100 nm (Supplementary Figure S4), which correspond to the behavior of the positive and negative spectral derivatives at that wavelength (Figure 4B). Only a few wavelengths appear to have high or low loadings in the first three PLS components for chemical composition. Interestingly, loadings are extreme in the visible spectra (from 570 nm to about 720 nm). The first PLS component for composition regression also shows a strong loading around 1,394 nm. This pattern is observed for the moisture content present in the biomass samples. Importantly, this transition is slightly lower than those observed for polysaccharides (approximately 1,404 nm) so this may provide an important wavelength to distinguish the difference between hydroxyl content associated with water vs. those associated with polysaccharides that are not well-distinguished at 970 nm. Range-normalized PLS regression coefficients do not have similar patterning between observations (anatomical or chemical composition) (Supplementary Figures S5, S6A,B) unlike the Pearson correlation coefficients of those values.
GPR is able to achieve an R2v of 0.85 for the raw yield from enzymatic hydrolysis and PLS is able to achieve an R2v of 0.83 for the pretreated enzymatic hydrolysis yield. This ability to predict hydrolysis yields of corn stover by spectral analysis of incoming feedstock could be of great utility in an industrial setting. Prior work has employed PLS coupled to NIR to predict in vitro digestibility in corn stover fractionated by anatomy (Hansey et al., 2010) and our previous work for predicted enzymatic hydrolysis yields in corn stover both before and after alkaline pretreatment (Li et al., 2017b). Notably, our previous work was not able to obtain robust prediction models for enzymatic hydrolysis yields following pretreatment.
While composition is useful to inform downstream chemical processing, knowledge of the anatomical tissue type can also inform process operations. Particularly, work from the Integrated Biorefinery Research Facility at NREL showed that certain anatomical types can be problematic for conveyance machinery (Sievers et al., 2020). That work found husk material from corn stover tends to form “bird nests” that can overload rotating equipment and cause large spikes in machinery energy requirements. Foreknowledge of the tissue type and quantity would be advantageous so that material flow or equipment specifications could be altered to prevent process bottlenecks or equipment damage. Moreover, corn stover feedstock quality can be improved via air classification, which separates different anatomical tissues based on surface area and density (Lacey et al., 2016; Thompson et al., 2016). To that end, Figure 7 presents the goodness-of-fit (full data set in Supplementary Tables S11, S12, S13, S15) and RMSEV between actual and predicted model values for the relative abundance of differing anatomical fractions, which has hitherto not been described in the literature, despite instances of anatomical separation used to introduce variation in the cell wall composition to the sample dataset (Pordesimo et al., 2005; Liu et al., 2010; Gao et al., 2018). Prior work found that the first three principal components of NIR spectra of remixed anatomical fractions of Miscanthus × giganteus were able to predict the structural carbohydrate, lignin, and ash content (Williams et al., 2015). However, that work stopped short of making predictions of the anatomical relative abundance of the remixed anatomical samples. Because the dataset for anatomical composition covers the complete range (mass fraction from 0 to 1), the RMSEV does not require normalization. The anatomical relative abundance is well-predicted by all methods with average R2v values of 0.92, 0.95, and 0.89 for PLS, GPR, and NN, respectively.
[image: Figure 7]FIGURE 7 | R2v (A) and RMSEV (B) for anatomical relative abundance of corn stover predicted by various modeling algorithms. Bars represent standard deviations over 100 model runs. Tabular data are provided in the Supplementary Material.
Because the chemical composition of biomass can be discerned by the principal components of NIR spectra, we applied principal component analysis to the spectra for pure anatomical fractions of corn stover (Figure 8). In this analysis, the first three principal components explained 92.9% of the variance in the NIR spectra. The anatomical fractions are shown to segregate into distinct bundles besides cob and husk which tend to group together. That husk and cob have distinct overlap of their principal component grouping is counterintuitive because their correlations with NIR absorbance are generally opposite (Figure 3).
[image: Figure 8]FIGURE 8 | First three principal components of the NIR spectra for pure components of corn stover. Circles represent the position in the 3-dimensional space, squares represent the position in the PC1-PC2 plane and diamonds represent the position in the PC2-PC3 plane.
Interestingly, the average correlation coefficient is higher for the anatomical relative abundance predictions than for the composition. Since the anatomical relative abundance can be thought of as another level of abstraction from composition, which governs NIR absorbance, one might expect these parameters to correlate less strongly. Composition analysis of corn stover for this study was conducted at Michigan State University in 2014 for corn stover diversity panel specimens (Li M. et al., 2015) and in 2021 for anatomical fractions at Montana State University. Measurements of chemical composition of biomass can vary by up to 20% between laboratories (Templeton et al., 2016), though other studies found much less error (Templeton et al., 2010). However, the quantity of corn stover anatomical tissues can be accurately and precisely controlled when preparing mixtures. Therefore, the higher correlation coefficient and lower RMSEV for the anatomical relative abundance compared to composition may be due in part to interlaboratory data variance in the composition. Nonetheless, these models still demonstrate utility to predict the chemical and anatomical constituents of corn stover over a relatively small data set. Here, we show that GPR as modeling approach may yield better predictions for both chemical composition and anatomical relative abundance in corn stover, but many different algorithmic approaches and other hyperparameter tuning options exist for each of the three models presented here. It is beyond the scope of this study to investigate these parameters; we aim to demonstrate that GPR is a viable and presently under-investigated modeling technique that should be given more attention in the NIRS community.
CONCLUSION
In this work, we show for the first time that anatomical relative abundance can be predicted by NIRS models. This has important implications for the biomass processing by adding additional information about the feedstock beyond chemical composition. We demonstrate the stalk pith has the highest glucose hydrolysis yield (60% and 95% of theoretical for untreated and alkaline pretreated, respectively) among anatomical fractions of corn stover. If coupled with a physical fractionation strategy to recover fractions enriched or depleted in select features such as the relative abundance of a target anatomical fraction, those streams can be treated differently to improve overall conversion. Despite the limited spectral range of the spectrometer used in this work, strong correlative models were still developed with a relatively small data set. We show that predictive models from GPR give the strongest correlations for these data; this regression technique should certainly garner more attention in future investigations. Future work will demonstrate the utility of these models on predicting composition, anatomical relative abundance, response to pretreatment, and hydrolysis yields for air-classified fractions of biomass.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
DC developed the design of experiments, prepared and scanned samples, developed and implemented correlative models and wrote the working draft of the manuscript. WO prepared samples and conducted experiments and data analysis for pretreatment and enzymatic hydrolysis. AR prepared manually fractionated anatomical tissues. KP prepared samples and scanned them on the NIR instrument. JA supervised the project and provided critical advice to advance the ideas and methods. DH is the principal investigator and conceived of the project plan, supervised its implementation and provided major edits to the writing.
FUNDING
This material is based upon work supported by the U.S. Department of Energy’s Office of Energy Efficiency and Renewable Energy (EERE) Bioenergy Technologies Office (BETO) and FOA-0002029 under the Award Number DE-EE0008907 “Enhanced Feedstock Characterization and Modeling to Facilitate Optimal Preprocessing and Deconstruction of Corn Stover”.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
The authors thank Dr. Al Parker (Department of Mathematical Sciences, Montana State University) for his insightful advice regarding modeling statistics.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fenrg.2022.836690/full#supplementary-material
REFERENCES
 Ahmed, M. U., Andersson, P., Andersson, T., Aparicio, E. T., Baaz, H., Barua, S., et al. (2019). A Machine Learning Approach for Biomass Characterization. Energ. Proced. 158, 1279–1287. doi:10.1016/j.egypro.2019.01.316
 Akin, D. E. (2008). Plant Cell wall Aromatics: Influence on Degradation of Biomass. Biofuels, Bioprod. Bioref. 2 (4), 288–303. doi:10.1002/bbb.76
 Atik, C., and Ates, S. (2012). Mass Balance of Silica in Straw from the Perspective of Silica Reduction in Straw Pulp. BioResources 7 (3), 3274–3282. doi:10.15376/BIORES.7.3.3274-3282
 Balabin, R. M., and Lomakina, E. I. (2011). Support Vector Machine Regression (SVR/LS-SVM)-an Alternative to Neural Networks (ANN) for Analytical Chemistry Comparison of Nonlinear Methods on Near Infrared (NIR) Spectroscopy Data. Analyst 136 (8), 1703–1712. doi:10.1039/C0AN00387E
 Bilanski, W. K., and Lai, R. (1965). Behavior of Threshed Materials in a Vertical Wind Tunnel. Trans. ASAE 8 (3), 411–0413. doi:10.13031/2013.40533
 Brown, T. R., and Brown, R. C. (2013). A Review of Cellulosic Biofuel Commercial-Scale Projects in the United States. Biofuels, Bioprod. Bioref. 7 (3), 235–245. doi:10.1002/bbb.1387
 Bruno-Soares, A. M., Murray, I., Paterson, R. M., and Abreu, J. M. F. (1998). Use of Near Infrared Reflectance Spectroscopy (NIRS) for the Prediction of the Chemical Composition and Nutritional Attributes of green Crop Cereals. Anim. Feed Sci. Tech. 75 (1), 15–25. doi:10.1016/S0377-8401(98)00190-4
 Caporaso, N., Whitworth, M. B., and Fisk, I. D. (2018). Near-Infrared Spectroscopy and Hyperspectral Imaging for Non-destructive Quality Assessment of Cereal Grains. Appl. Spectrosc. Rev. 53 (8), 667–687. doi:10.1080/05704928.2018.1425214
 Carolan, J. E., Joshi, S. V., and Dale, B. E. (2007). Technical and Financial Feasibility Analysis of Distributed Bioprocessing Using Regional Biomass Pre-processing Centers. J. Agric. Food Ind. Organ. 5 (2), 1203. doi:10.2202/1542-0485.1203
 Cozzolino, D., Roumeliotis, S., and Eglinton, J. (2013). Monitoring Water Uptake in Whole Barley (Hordeum vulgare L.) Grain during Steeping Using Near Infrared Reflectance Spectroscopy. J. Food Eng. 114 (4), 545–549. doi:10.1016/j.jfoodeng.2012.09.010
 Crowe, J. D., Feringa, N., Pattathil, S., Merritt, B., Foster, C., Dines, D., et al. (2017). Identification of Developmental Stage and Anatomical Fraction Contributions to Cell wall Recalcitrance in Switchgrass. Biotechnol. Biofuels 10 (1), 184. doi:10.1186/s13068-017-0870-5
 de Jong, S. (1993). SIMPLS: An Alternative Approach to Partial Least Squares Regression. Chemometrics Intell. Lab. Syst. 18 (3), 251–263. doi:10.1016/0169-7439(93)85002-X
 Gao, L., Chen, S., and Zhang, D. (2018). Neural Network Prediction of Corn Stover Saccharification Based on its Structural Features. Biomed. Res. Int. 2018, 9167508. doi:10.1155/2018/9167508
 Garlock, R. J., Chundawat, S. P., Balan, V., and Dale, B. E. (2009). Optimizing Harvest of Corn stover Fractions Based on Overall Sugar Yields Following Ammonia Fiber Expansion Pretreatment and Enzymatic Hydrolysis. Biotechnol. Biofuels 2 (1), 29. doi:10.1186/1754-6834-2-29
 Gergely, S., and Salgó, A. (2005). Changes in Carbohydrate Content during Wheat Maturation-What Is Measured by Near Infrared Spectroscopy. J. Near Infrared Spectrosc. 13 (1), 9–17. doi:10.1255/jnirs.452
 Gradenecker, F. (2003). NIR On-Line Testing in Grain Milling. Cereal foods world 48 (1), 18. 
 Greenspan, L. (1977). Humidity Fixed Points of Binary Saturated Aqueous Solutions. J. Res. Natl. Bur. Stan. Sect. A. 81A (1), 89–96. doi:10.6028/jres.081a.011
 Hames, B. R., Thomas, S. R., Sluiter, A. D., Roth, C. J., and Templeton, D. W. (2003). Rapid Biomass Analysis. Appl. Biochem. Biotechnol. 105 (1), 5–16. doi:10.1385/ABAB10.1007/978-1-4612-0057-4_1
 Hansey, C. N., Lorenz, A. J., and de Leon, N. (2010). Cell wall Composition and Ruminant Digestibility of Various Maize Tissues across Development. Bioenerg. Res. 3 (1), 28–37. doi:10.1007/s12155-009-9068-4
 Henri, B., Fabrice, D., and Frédérique, H.-P. (2002). Near Infrared Analysis as a Tool for Rapid Screening of Some Major wood Characteristics in a Eucalyptus Breeding Program. Ann. For. Sci. 59 (5-6), 479–490. doi:10.1051/forest.:2002032
 Hultquist, C., Chen, G., and Zhao, K. (2014). A Comparison of Gaussian Process Regression, Random Forests and Support Vector Regression for Burn Severity Assessment in Diseased Forests. Remote Sensing Lett. 5 (8), 723–732. doi:10.1080/2150704X.2014.963733
 Jin, X., Chen, X., Shi, C., Li, M., Guan, Y., Yu, C. Y., et al. (2017). Determination of Hemicellulose, Cellulose and Lignin Content Using Visible and Near Infrared Spectroscopy in Miscanthus sinensis. Bioresour. Tech. 241, 603–609. doi:10.1016/j.biortech.2017.05.047
 Kumar, R., Tabatabaei, M., Karimi, K., and Sárvári Horváth, I. (2016). Recent Updates on Lignocellulosic Biomass Derived Ethanol - A Review. Biofuel Res. J. 3 (1), 347–356. doi:10.18331/BRJ2016.3.1.4
 Lacey, J. A., Aston, J. E., Westover, T. L., Cherry, R. S., and Thompson, D. N. (2015). Removal of Introduced Inorganic Content from Chipped Forest Residues via Air Classification. Fuel 160, 265–273. doi:10.1016/j.fuel.2015.07.100
 Lacey, J. A., Emerson, R. M., Thompson, D. N., and Westover, T. L. (2016). Ash Reduction Strategies in Corn stover Facilitated by Anatomical and Size Fractionation. Biomass and Bioenergy 90, 173–180. doi:10.1016/j.biombioe.2016.04.006
 Lamers, P., Roni, M. S., Tumuluru, J. S., Jacobson, J. J., Cafferty, K. G., Hansen, J. K., et al. (2015). Techno-economic Analysis of Decentralized Biomass Processing Depots. Bioresour. Technol. 194, 205–213. doi:10.1016/j.biortech.2015.07.009
 Langholtz, M. H., Stokes, B. J., and Eaton, L. M. (2016). Economic Availability of Feedstock. Oak Ridge National Laboratory, Oak Ridge, Tennessee, Managed by UT-Battelle, LLC for the US Department of Energy. Advancing Domest. Resour. a thriving bioeconomy Vol. 1, 1–411. 
 Laureano-Perez, L., Teymouri, F., Alizadeh, H., and Dale, B. E. (2005). Understanding Factors that Limit Enzymatic Hydrolysis of Biomass: Characterization of Pretreated Corn stover. Appl. Biochem. Biotechnol. 121-124 (1), 1081–1099. doi:10.1385/ABAB10.1385/abab:124:1-3:1081
 Li, M., Heckwolf, M., Crowe, J. D., Williams, D. L., Magee, T. D., Kaeppler, S. M., et al. (2015a). Cell-wall Properties Contributing to Improved Deconstruction by Alkaline Pre-treatment and Enzymatic Hydrolysis in Diverse Maize (Zea mays L.) Lines. J. Exp. Bot. 66 (14), 4305–4315. doi:10.1093/jxb/erv016
 Li, M., Wang, J., Du, F., Diallo, B., and Xie, G. H. (2017a). High-throughput Analysis of Chemical Components and Theoretical Ethanol Yield of Dedicated Bioenergy Sorghum Using Dual-Optimized Partial Least Squares Calibration Models. Biotechnol. Biofuels 10 (1), 206. doi:10.1186/s13068-017-0892-z
 Li, M., Williams, D. L., Heckwolf, M., de Leon, N., Kaeppler, S., Sykes, R. W., et al. (2017b). Prediction of Cell Wall Properties and Response to Deconstruction Using Alkaline Pretreatment in Diverse Maize Genotypes Using Py-MBMS and NIR. Bioenerg. Res. 10 (2), 329–343. doi:10.1007/s12155-016-9798-z
 Li, M., Yan, G., Bhalla, A., Maldonado-Pereira, L., Russell, P. R., Ding, S.-Y., et al. (2018). Physical Fractionation of Sweet Sorghum and Forage/energy Sorghum for Optimal Processing in a Biorefinery. Ind. Crops Prod. 124, 607–616. doi:10.1016/j.indcrop.2018.07.002
 Li, X., Sun, C., Zhou, B., and He, Y. (2015b). Determination of Hemicellulose, Cellulose and Lignin in Moso Bamboo by Near Infrared Spectroscopy. Sci. Rep. 5 (1), 17210. doi:10.1038/srep17210
 Li, Z., Zhai, H., Zhang, Y., and Yu, L. (2012). Cell Morphology and Chemical Characteristics of Corn stover Fractions. Ind. Crops Prod. 37 (1), 130–136. doi:10.1016/j.indcrop.2011.11.025
 Liebmann, B., Friedl, A., and Varmuza, K. (2010). Applicability of Near-Infrared Spectroscopy for Process Monitoring in Bioethanol Production. Biochem. Eng. J. 52 (2), 187–193. doi:10.1016/j.bej.2010.08.006
 Liu, L., Ye, X. P., Womac, A. R., and Sokhansanj, S. (2010). Variability of Biomass Chemical Composition and Rapid Analysis Using FT-NIR Techniques. Carbohydr. Polym. 81 (4), 820–829. doi:10.1016/j.carbpol.2010.03.058
 Lupoi, J. S., Singh, S., Simmons, B. A., and Henry, R. J. (2014). Assessment of Lignocellulosic Biomass Using Analytical Spectroscopy: an Evolution to High-Throughput Techniques. Bioenerg. Res. 7 (1), 1–23. doi:10.1007/s12155-013-9352-1
 Morrison, T. A., Jung, H. G., Buxton, D. R., and Hatfield, R. D. (1998). Cell-Wall Composition of Maize Internodes of Varying Maturity. Crop Sci. 38 (2). doi:10.2135/cropsci1998.0011183X003800020031x
 Nkansah, K., Dawson-Andoh, B., and Slahor, J. (2010). Rapid Characterization of Biomass Using Near Infrared Spectroscopy Coupled with Multivariate Data Analysis: Part 1 Yellow-poplar (Liriodendron tulipifera L.). Bioresour. Tech. 101 (12), 4570–4576. doi:10.1016/j.biortech.2009.12.046
 Ozaki, Y. (2012). Near-Infrared Spectroscopy-Its Versatility in Analytical Chemistry. Anal. Sci. 28 (6), 545–563. doi:10.2116/analsci.28.545
 Park, J. I., Liu, L., Philip Ye, X., Jeong, M. K., and Jeong, Y.-S. (2012). Improved Prediction of Biomass Composition for Switchgrass Using Reproducing Kernel Methods with Wavelet Compressed FT-NIR Spectra. Expert Syst. Appl. 39 (1), 1555–1564. doi:10.1016/j.eswa.2011.05.012
 Philip Ye, X., Liu, L., Hayes, D., Womac, A., Hong, K., and Sokhansanj, S. (2008). Fast Classification and Compositional Analysis of Cornstover Fractions Using Fourier Transform Near-Infrared Techniques. Bioresour. Tech. 99 (15), 7323–7332. doi:10.1016/j.biortech.2007.12.063
 Pordesimo, L. O., Hames, B. R., Sokhansanj, S., and Edens, W. C. (2005). Variation in Corn stover Composition and Energy Content with Crop Maturity. Biomass and Bioenergy 28 (4), 366–374. doi:10.1016/j.biombioe.2004.09.003
 Qureshi, N., Hodge, D., and Vertes, A. (2014). Biorefineries: Integrated Biochemical Processes for Liquid Biofuels Amsterdam: Elsevier. 
 Rinnan, Å., Berg, F. v. d., and Engelsen, S. B. (2009). Review of the Most Common Pre-processing Techniques for Near-Infrared Spectra. Trac Trends Anal. Chem. 28 (10), 1201–1222. doi:10.1016/j.trac.2009.07.007
 Robinson, A. R., and Mansfield, S. D. (2009). Rapid Analysis of poplar Lignin Monomer Composition by a Streamlined Thioacidolysis Procedure and Near-Infrared Reflectance-Based Prediction Modeling. Plant J. 58 (4), 706–714. doi:10.1111/j.1365-313X.2009.03808.x
 Sanderson, M. A., Agblevor, F., Collins, M., and Johnson, D. K. (1996). Compositional Analysis of Biomass Feedstocks by Near Infrared Reflectance Spectroscopy. Biomass and Bioenergy 11 (5), 365–370. doi:10.1016/S0961-9534(96)00039-6
 Scotter, C. (1990). Use of Near Infrared Spectroscopy in the Food Industry with Particular Reference to its Applications to On/in-Line Food Processes. Food Control 1 (3), 142–149. doi:10.1016/0956-7135(90)90006-X
 Sharma, B., Larroche, C., and Dussap, C.-G. (2020). Comprehensive Assessment of 2G Bioethanol Production. Bioresour. Tech. 313, 123630. doi:10.1016/j.biortech.2020.123630
 Sievers, D. A., Kuhn, E. M., Thompson, V. S., Yancey, N. A., Hoover, A. N., Resch, M. G., et al. (2020). Throughput, Reliability, and Yields of a Pilot-Scale Conversion Process for Production of Fermentable Sugars from Lignocellulosic Biomass: A Study on Feedstock Ash and Moisture. ACS Sust. Chem. Eng. 8 (4), 2008–2015. doi:10.1021/acssuschemeng.9b06550
 Singh, S. K., Savoy, A. W., Yuan, Z., Luo, H., Stahl, S. S., Hegg, E. L., et al. (2019). Integrated Two-Stage Alkaline-Oxidative Pretreatment of Hybrid Poplar. Part 1: Impact of Alkaline Pre-extraction Conditions on Process Performance and Lignin Properties. Ind. Eng. Chem. Res. 58 (35), 15989–15999. doi:10.1021/acs.iecr.9b01124
 Sluiter, A. D., Hames, B. R., Ruiz, R., Scarlata, C., Sluiter, J., Templeton, D. W., et al. (2008). Determination of Structural Carbohydrates and Lignin in Biomass. National Renewable Energy Laboratory, Technical Report NREL/TP-510–42618. doi:10.17504/protocols.io.bumtnu6n
 Sluiter, A., and Wolfrum, E. (2013). Near Infrared Calibration Models for Pretreated Corn Stover Slurry Solids, Isolated and In Situ. J. Near Infrared Spectrosc. 21 (4), 249–257. doi:10.1255/jnirs.1065
 Sluiter, J. B., and Sluiter, A. D. (2011a). Laboratory Analytical Procedure (LAP) Review and Integration. National Renewable Energy Laboratory, Technical Report NREL/TP-510-48087. 
 Sluiter, J. B., and Sluiter, A. D. (2011b). Summative Mass Closure Laboratory Analytical Procedure (LAP) Review and Integration: Pretreated Slurries. National Renewable Energy Laboratory, Technical Report NREL/TP-510-48825. 
 Stessel, R. I., and Peirce, J. J. (1983). Pulsed‐Flow Air Classification for Waste‐to‐Energy. J. Energ. Eng. 109 (2), 60–73. doi:10.1061/(ASCE)0733-9402(1983)10910.1061/(asce)0733-9402(1983)109:2(60)
 Sykes, R. W., Gjersing, E. L., Doeppke, C. L., and Davis, M. F. (2015). High-Throughput Method for Determining the Sugar Content in Biomass with Pyrolysis Molecular Beam Mass Spectrometry. Bioenerg. Res. 8 (3), 964–972. doi:10.1007/s12155-015-9610-5
 Takada, M., Niu, R., Minami, E., and Saka, S. (2018). Characterization of Three Tissue Fractions in Corn (Zea mays) Cob. Biomass and Bioenergy 115, 130–135. doi:10.1016/j.biombioe.2018.04.023
 Templeton, D. W., Scarlata, C. J., Sluiter, J. B., and Wolfrum, E. J. (2010). Compositional Analysis of Lignocellulosic Feedstocks. 2. Method Uncertainties. J. Agric. Food Chem. 58 (16), 9054–9062. doi:10.1021/jf100807b
 Templeton, D. W., Sluiter, A. D., Hayward, T. K., Hames, B. R., and Thomas, S. R. (2009). Assessing Corn stover Composition and Sources of Variability via NIRS. Cellulose 16 (4), 621–639. doi:10.1007/s10570-009-9325-x
 Templeton, D. W., Wolfrum, E. J., Yen, J. H., and Sharpless, K. E. (2016). Compositional Analysis of Biomass Reference Materials: Results from an Interlaboratory Study. Bioenerg. Res. 9 (1), 303–314. doi:10.1007/s12155-015-9675-1
 Thompson, V. S., Lacey, J. A., Hartley, D., Jindra, M. A., Aston, J. E., and Thompson, D. N. (2016). Application of Air Classification and Formulation to Manage Feedstock Cost, Quality and Availability for Bioenergy. Fuel 180, 497–505. doi:10.1016/j.fuel.2016.04.040
 Tsuchikawa, S., Murata, A., Kohara, M., and Mitsui, K. (2003). Spectroscopic Monitoring of Biomass Modification by Light-Irradiation and Heat Treatment. J. Near Infrared Spectrosc. 11 (5), 401–405. doi:10.1255/jnirs.391
 Vincent, B., and Dardenne, P. (2021). Application of NIR in Agriculture. Singapore: Springer, 331–345. doi:10.1007/978-981-15-8648-4_14
 Vogel, K. P., Dien, B. S., Jung, H. G., Casler, M. D., Masterson, S. D., and Mitchell, R. B. (2011). Quantifying Actual and Theoretical Ethanol Yields for Switchgrass Strains Using NIRS Analyses. Bioenerg. Res. 4 (2), 96–110. doi:10.1007/s12155-010-9104-4
 Williams, D. A., Danao, M.-G. C., Rausch, K. D., Paulsen, M. R., and Singh, V. (2015). Variability in Composition of Individual Botanical Fractions of Miscanthus giganteus and Their Blends. Biofuels 6 (1-2), 63–70. doi:10.1080/17597269.2015.1050641
 Wolfrum, E. J., Payne, C., Schwartz, A., Jacobs, J., and Kressin, R. W. (2020). A Performance Comparison of Low-Cost Near-Infrared (NIR) Spectrometers to a Conventional Laboratory Spectrometer for Rapid Biomass Compositional Analysis. Bioenerg. Res. 13 (4), 1121–1129. doi:10.1007/s12155-020-10135-6
 Wolfrum, E. J., and Sluiter, A. D. (2009). Improved Multivariate Calibration Models for Corn Stover Feedstock and Dilute-Acid Pretreated Corn stover. Cellulose 16 (4), 567–576. doi:10.1007/s10570-009-9320-2
 Wolfrum, E., Payne, C., Stefaniak, T., Rooney, W., Dighe, N., Bean, B., et al. (2013). Multivariate Calibration Models for Sorghum Composition Using Near-Infrared Spectroscopy. National Renewable Energy Laboratory, Technical Report NREL/TP-5100-56838. doi:10.2172/1071953
 Xu, F., Yu, J., Tesso, T., Dowell, F., and Wang, D. (2013). Qualitative and Quantitative Analysis of Lignocellulosic Biomass Using Infrared Techniques: A Mini-Review. Appl. Energ. 104, 801–809. doi:10.1016/j.apenergy.2012.12.019
 Yuan, Z., Singh, S. K., Bals, B., Hodge, D. B., and Hegg, E. L. (2019). Integrated Two-Stage Alkaline-Oxidative Pretreatment of Hybrid Poplar. Part 2: Impact of Cu-Catalyzed Alkaline Hydrogen Peroxide Pretreatment Conditions on Process Performance and Economics. Ind. Eng. Chem. Res. 58 (35), 16000–16008. doi:10.1021/acs.iecr.9b00901
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Cousins, Otto, Rony, Pedersen, Aston and Hodge. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 17 February 2022
doi: 10.3389/fenrg.2022.834966


[image: image2]
Combined Sugarcane Pretreatment for the Generation of Ethanol and Value-Added Products
Sidnei Emilio Bordignon1, Eduardo Ximenes2, Olavo Micali Perrone3, Christiane da Costa Carreira Nunes1, Daehwan Kim4, Maurício Boscolo3, Eleni Gomes1, Edivaldo Ximenes Ferreira Filho5, Roberto da Silva1 and Michael R. Ladisch2*
1Laboratory of Biochemistry and Applied Microbiology, Department of Food Engineering and Science, UNESP—University Estadual Paulista—IBILCE, Sao José do Rio Preto, Brazil
2Laboratory of Renewable Resources Engineering, Department of Agricultural and Biological Engineering, Purdue University, West Lafayette, IN, United States
3Laboratory of Sucrochemistry and Analytical Chemistry, Department of Chemistry and Environmental Sciences, UNESP—University Estadual Paulista—IBILCE, Sao José do Rio Preto, Brazil
4Hodson Science and Technology Center, Department of Biology, Hood College, Frederick, Brazil
5Laboratory of Enzymology, Department of Cellular Biology, University of Brasília, Brasília, Brazil
Edited by:
Allison E. Ray, Idaho National Laboratory (DOE), United States
Reviewed by:
Zhi-Hua Liu, Texas A&M University, United States
Héctor A. Ruiz, Universidad Autónoma de Coahuila, Mexico
* Correspondence: Michael R. Ladisch, ladisch@purdue.edu
Specialty section: This article was submitted to Bioenergy and Biofuels, a section of the journal Frontiers in Energy Research
Received: 14 December 2021
Accepted: 27 January 2022
Published: 17 February 2022
Citation: Bordignon SE, Ximenes E, Perrone OM, Carreira Nunes CdC, Kim D, Boscolo M, Gomes E, Filho EXF, da Silva R and Ladisch MR (2022) Combined Sugarcane Pretreatment for the Generation of Ethanol and Value-Added Products. Front. Energy Res. 10:834966. doi: 10.3389/fenrg.2022.834966

In this work, we have tested individual and combination of applications of ozonolysis and liquid hot water (LHW) to pretreat sugarcane bagasse (SCB) for the removal of enzyme and/or microbial inhibitors and generation of potential value-added chemicals. A solid content with 80% cellulose and a liquid phase (liquor) rich in phenolic derived compounds (3 g.L−1) from lignin, sugars (>20 g.L−1), and other compounds, such as furfural and hydroxymethylfurfural (HMF), were generated. Maximal (59%) glucan conversion occurred in the presence of double-pretreated bagasse, which had 32–50% more glucan available than the samples that were individually LHW or ozone-pretreated, resulting in maximal ethanol production (92% after 42 h) from double-pretreated SCB enzyme hydrolyzate. In summary, this work showed that ozone reacts effectively with lignin without the use of any other chemical reagent, and LHW pretreatment, followed by a washing step, was effective in solubilizing and cleaning up the fiber enzyme and microbial inhibitory compounds with ozone being effective against phenolics. Moreover, the generated cellulose-rich substrate is readily fermentable. The acidic liquor fraction removed by sequential washings and containing mainly sugars and phenolic compounds may be evaluated for use in green chemistry bioconversions processes.
Keywords: ozone, liquid hot water, pretreatment, enzyme hydrolysis, ethanol fermentation, value-added chemicals, inhibitors
INTRODUCTION
The high resistance of cellulose to degradation is the main biological barrier to lignocellulosic processing on a large scale (Ximenes et al., 2021). To overcome that, the application of mild and eco-friendly pretreatment techniques have been preferred instead of traditional acid or alkali pretreatments that have been previously proposed for lignocelluloses. Compared to the latter two pretreatments, hydrothermal pretreatment can be performed in a large scale under more gentle conditions (Pedersen and Meyer, 2010; Ruiz et al., 2020).
Liquid hot water (LHW) and to a lesser extent ozonolysis have been tested for the pretreatment of different lignocellulosic materials with LHW pretreatment being one of the leading pretreatments since it improves cellulose digestibility at lower cost, and is carried out once without chemicals (Kim et al., 2009; Kim et al., 2011; Kim et al., 2013; Ximenes et al., 2017; Ruiz et al., 2020; 2021). When choosing operational conditions of pretreatment, it is important to consider the type of biomass as well as the formed lignocellulosic degradation products that are inhibitory to downstream biochemical reactions (Ko et al., 2015a,b,c; Jonsson and Martin, 2016, Ximenes et al., 2017; Ruiz et al., 2021). In this sense, LHW pretreatment of a variety of lignocellulosic materials has included a wide range of operational conditions, including temperature, resident time, particle size, and water-to-solid biomass ratio, among others, and aims to avoid the formation of enzyme and/or microbial inhibitors. Hydrothermal pretreatment is generally performed under conditions of 150–230°C for 10–50 min and pressures corresponding to about 4.9–20 bars (Kim et al., 2009; Rasmussen et al., 2014; Ximenes et al., 2017; Aguilar et al., 2018; Pino et al., 2018; Ruiz et al., 2021). Hydronium ions act as catalysts to hydrolyze and solubilize hemicellulose at an elevated temperature, while acetic acid and other organic acids generated from hemicellulose also facilitate this process (Weil et al., 1998; Kim I. J. et al., 2014; Kim Y. et al., 2014; Ximenes et al., 2017; Ruiz et al., 2020).
Ozonolysis is a less studied pretreatment than LHW and represents another promising approach for lignocellulosic treatment since it has a high specificity of reaction with ozone gas being readily obtained at atmospheric pressure and room temperature. Other benefits are moderate cost of production and no wastewater generation (Barros et al., 2013; Gitifar et al., 2013; Panneerselvam et al., 2013; Travaini et al., 2013; Perrone et al., 2016).
Combined pretreatments of lignocellulosic substrates have recently been proposed for different types of biomass aiming at a more effective result when individual features of the two pretreatments are combined. A more effective recovery of lignin and hemicellulose is possible with the potential of maximizing their application in a biorefinery concept (Sun et al., 2016). The estimated global production of bio-based chemicals and polymers is about 50 million metric tonnes per year (mtpy), but most chemicals and polymers are still produced from petroleum sources (Jong et al., 2012; Rosales-Calderon and Arantes, 2019).
Lignocellulosic materials consist of ∼30% lignin by weight and 40% by energy (Perlack et al., 2005; Beauchet et al., 2012). In this sense, lignin is a valuable resource that merits further study to increase the commercial viability of a biorefinery (Agrawal et al., 2014), although technologies aiming to convert lignin to macromolecules and aromatic chemicals are still under development (Rosales-Calderon and Arantes, 2019). Potential uses of lignin-derived products already include production of activated carbon, binders, carbon fibers, motor fuel, plastic materials, and sorbents (Demuner et al., 2019). The combination of ozonolysis and LHW pretreatments tested here to enhance enzymatic hydrolysis, and alleviate inhibition during saccharification and fermentation of sugarcane bagasse (SCB) is also attractive for generating valued compounds from phenolic compounds derived from lignin.
MATERIAL AND METHODS
Material
SCB from 2013/2014 period of harvesting was supplied by Alta Mogiana sugarcane mill (São Joaquim da Barra, Brazil). The experimental work was developed between 2015 and 2017. The biomass was washed six times with deionized (DI) water, dried in an oven at 45°C to 10% or lower humidity, and milled to a particle size of about 1.0 mm before use. Enzymatic cocktails CellicTM CTec2® and HTec2® were provided by Novozymes Latin America (Araucária, Brazil). All other reagents and chemicals, unless otherwise noted, were purchased from Sigma-Aldrich (St. Louis, MO, United States). The fermentative industrial strain (Saccharomyces cerevisiae JP1) was provided by AEB Latin America (Sao José dos Pinhais, Brazil).
Pretreatments of Biomass
Two types of pretreatments were evaluated individually and/or in a combined sequence. Ozonolysis was performed using O3 gas to chemically oxidize biomass components, and LHW was employed as a physical process using water as the reagent. Combined ozonolysis was performed first to degrade lignin, and then followed by LHW. Operational conditions of each one are described.
Ozonolysis
Ozonolysis was performed at room temperature and atmospheric pressure, according to Travaini et al. (2013), with few modifications. In total, 25.0 g of dry SCB were humidified at 50% (w/v) with DI water, filled in a fixed bed glass column (2.7 × 50.0 cm), and kept under saturated gas O3 (flux of 32.0 mg min−1) for 60 min. Ozone was produced from atmospheric air by the corona process (Radast 10C, Ozoxi-Ozonio). Ozone flux was monitored according to the Standard Methods for the Examination of Water and Wastewater (APHA, 1998). After pretreatment, SCB was air-dried at room temperature prior to cold water washing, performed by a five-step sequential procedure. Each step was carried out mixing 5.0% (w/v) of pretreated SCB with DI water under 30 min of agitation at room temperature, followed by filtration to separate washed solids, which were dried at 45°C for 24 h before enzymatic hydrolysis. The supernatants of each washing were stored at 4°C protected from light until analysis of total phenolics.
Liquid Hot Water
LHW pretreatment was conducted as described previously (Kim et al., 2009; Ko et al., 2015a) with few modifications. Each batch was performed by mixing 3.5 g of dry SCB (untreated or ozonized SCB) with DI water for a final concentration of 10% solids (w/v). The resulting material was placed in a metal column (2.2 × 13.5 cm) for heating in a sand bath at 190°C for 15 min. It was heated for 5 min. The tube was quenched in water for 20 s and then placed in an ice bucket for 25 min to stop the reaction. The pretreated material was then vacuum filtered using Whatman® no 1 filter paper to separate the solids from liquor (suspension). Same five washing steps at room temperature described before were performed in the LHW-pretreated solids. The liquor from pretreatment and supernatants of each washing were stored at 4°C protected from light until analysis of total phenolics.
Enzymatic Hydrolysis
Hydrolysis experiments were conducted using 10% (w/v) of pretreated SCB as a substrate. SCB was suspended in 0.05M sodium citrate buffer at pH 5.0. The reaction was conducted in an incubator at 50°C and 150 rpm, using a 4:1 mixture of Cellic CTec2 and HTec2 (180 FPU mL−1 FPase activity; 13,213 UI mL−1 xylanase activity; 7,240 UI mL−1 β-glucosidase activity) diluted into two enzyme loadings. Loadings were calculated based on the chemical characterization of samples, that is, 9.1 and 17.5 mg protein g−1of glucan. At 96 h of hydrolysis, aliquots from supernatant were taken every 24 h in duplicate and analyzed for soluble carbohydrates, reported here as an average with an indicated standard deviation. The final volume of hydrolyzate from each replicate unit was recovered after the separation from solid residues by centrifugation (12,096 × g, 10 min), combined in a single unit, corresponding to individual pretreatments, and kept frozen until the fermentative step.
Alcoholic Fermentation
The fermentability of selected hydrolyzate obtained after the hydrolysis of double-pretreated SCB was tested using two Saccharomyces cerevisiae strains. The first (JP1) is an industrial strain selected by its roughness and adaptability to perform alcoholic fermentation under adverse conditions in the first-generation production of ethanol, which is also already in use in Brazilian mills. The second yeast, Y150, is a strain obtained by the adaptative laboratory evolution method following similar protocol described by Vasconcellos et al. (2019). Yeast reactivation was made by pre-cultivation of freeze-stored cells in the YEPD medium (10 g L−1 yeast extract; 10 g L−1 peptone; 20 g.L−1 glucose) in an incubator at 28°C, 200 rpm, and 24 h prior use.
Three hydrolyzates were obtained from each pretreated material (ozonolysis; LHW; and combined ozonolysis + LHW, respectively) as substrates for alcoholic fermentations. Substrates were sterilized by vacuum filtering through a 0.22-µm membrane, and 0.5 g fresh cells was added per liter as inoculum. The inoculum standardization was carried out through measuring the cell density of precultured suspension in a colorimeter, followed by two steps of centrifugation (12,096 × g, 10 min), washing and resuspension in sterilized DI water. The washed cells were inoculated in 40 ml of each hydrolyzate substrate. The fermentation experiments were carried out in an incubator at 32°C and 150 rpm in duplicate at a semi-anaerobic condition. The concentration of cells, ethanol production, and glucose consumption were systematically monitored by sampling at 6, 12, 20, 24, 30, and 40 h of fermentation, respectively. Glucose to ethanol conversion yields (%) were calculated at the endpoint of each fermentation experiment by assuming: [(g.L−1 of ethanol produced)/(g.L−1 of initial glucose * 0.511)] * 100.
Analytical Methods
The chemical composition of SCB was determined according to LAP-010—determination of extractives in biomass (Sluiter et al., 2012) and the LAP for the determination of structural carbohydrates and lignin in biomass (Sluiter et al., 2012). Glucose and ethanol concentrations were measured by HPLC analysis as described previously (Cao et al., 2013) using an Aminex HPX-87H ion exchange column (300 × 7.8 mm, Bio-Rad Laboratories Inc., Hercules, CA). The column was connected with a Milton Roy mini pump (Milton Roy Co., Ivyland, PA), a WatersTM 717 plus autosampler, and a WatersTM 2,414 refractive index detector (Waters Corp., Milford, MA). The procedure for total phenolic analyses was adapted from the study by Singleton et al. (1999) to a micro-scale analysis using Folin–Ciocalteau reagent.
The results were expressed in milligrams per liter (mg L−1) of gallic acid equivalent (GAE). The protein content of commercial enzymes used in hydrolysis assays was determined using the Pierce BCA Protein Assay Kit (Thermo Scientific, Rockford, IL). Filter paper activity was measured according to Mandels et al. (1976). Cell concentration was estimated by optical density in a spectrophotometer at 630 nm, using 1:10 dilution with sterile DI water, in comparison to the dry weight curve of cellular growth, previously determined to JP1 strain.
Infrared spectroscopy data (FTIR-ATR) were collected using a Perkin Elmer FTIR Spectrum Two. Both FTIR-ATR and powder X-ray diffraction (XRD) patterns of SCB were obtained on a Model 300 miniFlex Rigaku® diffractometer according to Perrone et al. (2016). The crystallinity index was calculated by the method proposed by Segal et al. (1959).
Scanning electron microscopy (SEM) was carried out using a FEI Quanta 200 scanning electron microscope (FEI Company, Eindhoven, Netherlands) with an accelerating voltage of 12.5 kV. Sample preparation comprised 1) mixing bagasse in 2.5% (v/v) glutaraldehyde in 0.1 M phosphate buffer (pH 7.3) for 48 h at room temperature; and 2) washing the sample in distilled water and after fixing it in 1% (v/v) osmium tetroxide diluted in distilled water for 30 min at room temperature. Bagasse was dehydrated by a series of ethanol washes and then critical point-dried with CO2, and sputter-coated with gold (Bal-Tec SCD 050) (Perrone et al., 2016).
RESULTS AND DISCUSSION
Chemical Characterization of Pretreated Sugarcane Bagasse
Three different samples of pretreated SCB were obtained from individual ozonolysis and LHW pretreatments or a combination. Chemical characterization shows that ozonolysis and LHW have distinct effects on SCB, as summarized in Table 1. Ozone acted mostly on delignification, causing about 37% reduction of acid insoluble lignin (AIL) and partially decreasing the hemicellulose portion (components determined as xylose, arabinose, and acetyl groups) as a secondary effect (20% solubilization). Delignification by ozonolysis was relevant to overcome the recalcitrant character of lignin through its separation and the breakdown of lignin (Santos et al., 2019; Ázar et al., 2019). It also generated a rich fraction of phenolics and other compounds with potential use in green chemistry bioconversions, while also removing their enzyme and the microbial potential inhibitory effect in subsequent steps of enzyme hydrolysis and microbial fermentation (Kim et al., 2011, 2016; Ximenes et al., 2011; Michelin et al., 2016). Although the individual LHW pretreatment reduced the hemicellulose content (22% of solubilization), it had little effect on lignin (about 5% reduction of AIL).
TABLE 1 | Compositional analysis of sugarcane bagasse generated by different pretreatment approaches and the untreated sample. Solid composition is presented as dry weight on a free extractive basis (%).
[image: Table 1]The double-pretreated SCB (ozonolysis and LHW combined) generated the highest cellulose (80.5%) and the lowest hemicellulose (4.1%) contents among all samples, indicating an intensive solubilization (up to 80%) of hemicellulose into liquor and reaching a maximal delignification rate (45% reduction of AIL). In that sense, even taking into consideration all the pretreatments increased the glucan availability, its availability in the ozone + LHW-pretreated biomass was 75, 50, and 32% higher than that of the initial content (comparing only untreated LHW and ozone-pretreated SCB), respectively. The action on the lignin barrier observed in double-pretreated SCB helps to reduce enzyme adsorption on lignin and increase the accessibility of cellulose to enzyme (Zanchetta et al., 2018), which can also lead to a reduction of enzyme loading and cost.
We observed an increase of the crystallinity index (CrI) according to the intensity of pretreatments in the following order: untreated < ozonolysis < LHW < Oz + LHW (Figure 1). We observed the highest CrI (73.1%) in the most intensive pretreatment (combined ozonolysis + LHW), possibly associated with lignin and hemicellulose degradation. In agreement with that reported in the literature (Gabhane et al., 2015; Pereira et al., 2016; Perrone et al., 2016), it seems that the increase in CrI observed here is more a function of removal of non-crystalline components from the biomass.
[image: Figure 1]FIGURE 1 | XRD patterns and the corresponding results of crystallinity index (Icr) for in nature sugarcane bagasse, ozonolysis, LHW, and ozonolysis + LHW pretreatments.
FTIR Analysis
Infrared spectrometry (FTIR-ATR) was used to analyze changes in functional groups that compose the fibers of SCB after pretreatment, indicating possible targets of reaction in the material (Figure 2). A pronounced reduction in the intensity of infrared absorption bands found at 1,732 cm−1 and 1,237 cm−1 in the pretreated sample confirmed the strong removal of hemicellulose (Liu et al., 2007), which is also detected by compositional characterization analysis (Table 1). The increase of the cellulose content is also shown by FTIR-ATR, especially by the increase of infrared absorption bands at 1,427 cm−1 and 1,370 cm−1 (assigned to the crystalline cellulose structure), and amorphous cellulose at 898 cm−1 (Pereira et al., 2016).
[image: Figure 2]FIGURE 2 | FTIR-ATR spectra in natural and ozonolysis + LHW sugarcane bagasse samples.
A decrease in the lignin content in the double-pretreated sample was observed based on the presence of bands related to functional groups or specific lignin linkages, such as aromatic rings at 1,600 cm−1 and 1,510 cm−1 (Pereira et al., 2016), and carbonyl groups conjugated with aromatic rings at 1,633 cm−1 (Zhou et al., 2016). Also, the band at 833 cm−1 is associated to [C-H] vibrations out of a plane in p-hydroxyphenyl units (Hoareau et al., 2004). The presence of these bands indicates a clear decrease of the intensities in the spectra corresponding to the combined pretreatments, which is again in agreement with the large extent of lignin removal (compositional characterization, Table 1).
Ultrastructural Changes in Pretreated Sugarcane Bagasse
Scanning electron microscopy (SEM) was performed to analyze possible tissue damage and ultrastructural changes on the bagasse surface after each pretreatment (ozone, LHW, and ozone + LHW) in comparison to the untreated sample (Figures 3A,B). The initial smooth and intact structure of fibers was strongly affected by both ozone and hot water pretreatments (Figures 3C–F). Cell walls were ruptured by the ozone gas, generating opened cells with increased porosity and surface area (Figures 3C,D). Similar effects were observed with hot water. A cracked surface characterized by holes formed in the cell wall is noted; the holes may be caused by the high pressure experienced during LHW processing (Figures 3E,F).
[image: Figure 3]FIGURE 3 | Scanning electron microscopy of untreated bagasse (A,B), ozone-treated bagasse (C,D), LHW-treated bagasse (E,F), and combined pretreatment ozone + LHW (G,H).
A disorganized structure with greater exposure of fibers was also present in SCB pretreated with SO2 and CO2 steam (Corrales et al., 2012). The presence of globular structures on the surface of samples exposed to high temperature is probably related to the formation and accumulation of globular lignin at 190°C. It is known that lignin softens and agglomerates at a relatively low temperature (<200°C) (Hamdan et al., 2000; Zhang et al., 2015). All these observations also apply to the double-pretreated sample, which showed a random breaking along the fibers, and a total collapse of the cellular structure due to the combined process (Figures 3G,H). These morphological changes of SCB obtained after combined pretreatment enhance the accessibility of cellulose-degrading enzymes and facilitate the hydrolysis of cellulose.
Effect of Pretreatments on Phenolic Compound Releasing
When LHW pretreatment alone was performed, 1,462 mg L−1 of phenolics were solubilized through liquor, and 857 mg L−1 remained on solids, reaching a total of 2,320 mg L−1 of released phenolics. The lowest concentration was observed when ozonolysis was performed as a single pretreatment. Here, 936 mg L−1 of total phenolic compounds were released. Although delignification is stronger in ozonolysis than in LHW pretreatment, as previously demonstrated by biomass compositional and FTIR-ART analysis, the lower release of phenols may be explained by the conversion of acid-insoluble lignin (AIL) preferentially into acids with low molecular weight, such as formic, acetic, oxalic, and carboxylic acids (Travaini et al., 2016). This hypothesis is further supported by the intense acidification of the ozonized solids, which regularly had a pH near to 2.0 after ozonolysis. The highest concentration of total phenolics released was almost 3,000 mg.L−1 when combining ozonolysis and LHW pretreatments, with 2,300 mg.L−1 solubilized in the liquor and 681 mg.L−1 remaining in solids. Thus, the use of this combined pretreatment approach resulted in a maximal release of phenolic compounds.
Effect of Phenolic Compound Removal on 96-h Enzymatic Hydrolysis
The low molecular weight phenolic compounds derived from lignin depolymerization had a negative impact on enzyme performance, possibly due to both non-productive adsorption and inhibitory effects during saccharification and microbial fermentation (Ximenes et al., 2010; Nakagame et al., 2011; Ximenes et al., 2011; Jönsson and Martín, 2016). Therefore, phenolic compounds must be removed from pretreated solids prior to enzymatic hydrolysis to enhance the yields of both the saccharification and the fermentation steps (Kim et al., 2013; Xiros and Olsson, 2014).
Sequential washing of the material at room temperature (see Material and Methods section 2.2.1, section 2.2.2) significantly reduced phenolics embedded in the pretreated fibers (Figure 3). A maximum of 33 g.L−1 of glucose was reached in 24 h during hydrolysis of washed ozone-pretreated SCB (Figure 4A), which represented a conversion of about 75% of cellulose into glucose vs. 44% for the enzymatic hydrolysis of the non-washed pretreated sample. Similarly, high cellulose conversion was observed for washed LHW-pretreated SCB samples (Figure 4B), although lower yields were obtained than washed ozone-pretreated samples (compare Figures 4A,B). This suggests better accessibility of substrate to enzyme hydrolysis in the ozone-pretreated sample and the presence of more enzyme inhibitors, including remaining phenolic compounds in the LHW-pretreated samples, or both.
[image: Figure 4]FIGURE 4 | Concentration of phenolic compounds (bars) and cellulose conversion yield (lines) in enzymatic hydrolysis (17.5 mg protein × g−1 glucan; 10% total solids loading, 96 h) related to sequential room temperature washes. (A) ozone-pretreated sugarcane bagasse; (B) LHW-pretreated sugarcane bagasse.
Kinetics of Enzymatic Hydrolysis of Pretreated Sugarcane Bagasse
A kinetic study was performed using reduced enzyme loading (9 mg of total protein per gram of glucan) for hydrolysis of untreated and pretreated SCB under different conditions for 96 h. The double pretreated SCB was also tested under non- and washed conditions.
The kinetics of hydrolysis of different SCB samples showed that the yield increase was consistent with the increase of the cellulose content after pretreatment and washes, relative to the decline of hemicellulose removal (in LWH-pretreated bagasse), or lignin reduction (in ozone-pretreated bagasse), or associated to both effects (in combined pretreatments). For the combined pretreatments, 43.0 g L−1 of glucose was generated after enzymatic hydrolysis of double-pretreated SCB, corresponding to 59% of conversion from initial glucan vs. 20, 47, 37, and 10% for untreated, ozone, LHW, and double pretreated samples, respectively. The hydrolyzate from double pretreated samples was tested by fermentation experiments that are reported and discussed in the next section. A strong inhibitory effect of pretreatment by-products was observed over cellulolytic and hemicellulolytic enzymes when the hydrolysis was performed in the presence of liquor derived from combined pretreatment, reducing cellulose conversion to about 10%, probably due to potential enzyme inhibitors mentioned before (Ximenes et al., 2010, 2011; Kim et al., 2011; Gabhane et al., 2015).
Alcoholic Fermentation of Hydrolyzate
JP1 and Y150 yeast strains were able to ferment the selected hydrolyzate without nutrient supplementation, with all glucose available exhausted after 42 h (Figure 5), while xylose concentration remained constant. This latter result was expected since these yeast strains cannot ferment xylose to ethanol. The final yield of glucose to ethanol was similar for both strains, 87% for JP1 vs. 92% for Y150 (Figure 5). However, Y150 strain was faster on the fermentation (conversion yield of 67% for Y150 after 24 h vs. 43% for JP1), indicating some possible adaptation advantage to the microbial inhibitory compounds still present in the hydrolyzate, including phenolics (Larsson et al., 2000; Palmqvist and Hahn-Hägerdal, 2000a, 2000b). Since the cellular density in all replicates of fermentations was similar, Y150 cells were found to be more efficient on ethanol production.
[image: Figure 5]FIGURE 5 |  Kinetics of yeasts JP1 and Y150 in alcoholic fermentation of sugarcane bagasse hydrolysate pretreated by individual and combined Ozonolysis and LHW approaches.
CONCLUSIONS
The effects of ozonolysis and LHW sugarcane bagasse pretreatment were observed in individual and combined pretreatment processes that resulted in a new approach for achieving a high amount of cellulose for hydrolysis purposes while generating an acid liquor fraction rich in sugars and phenolic compounds. The double pretreatment removed enzyme and microbial inhibitors, and generated water-soluble products that can be explored in green chemistry bioconversions processes. The combined ozonolysis and LHW pretreatment also generated, after enzyme hydrolysis, a hydrolyzate rapidly fermented by S. cerevisiae without the need for detoxification steps or nutrient supplementation. The maximal conversion yield by strain Y150 in fermenting glucose to ethanol was 92% in 42 h. This approach and results obtained are in agreement with a proposed model of the lignocellulosic biorefinery (Silva et al., 2018), in which sugars from cellulose and hemicellulose are used to generate biofuels and bioproducts, while lignin components are utilized in the synthesis of other bioproducts and act as an alternative heat and energy source.
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With the implementation of China’s Green Fence Policy and the following National Sword Policy, there is a need to divert previously accepted waste materials away from the landfill. Mixed plastic and paper wastes that are too contaminated to be economically recycled can be used for conversion into fuels and products. The effect of common contaminants present in waste streams must be determined to make municipal solid waste (MSW) a viable alternative to agricultural feedstocks for conversion. In this study, MSW was sourced from a dual stream materials recovery facility (MRF) in Emmet County, Michigan and characterized via mass balance. The most common contaminants in mixed paper and plastic were quantified and targeted for decontamination when mixed paper was explored for low temperature conversion pathways and plastics for high temperature conversion pathways. Ink, stickies, and plastic contamination were sorted out of the mixed paper stream and did not have an impact on sugar yields during enzymatic hydrolysis (EH). Although no improvement in yield was found, it was noted that copy paper within the mixed paper stream had an elevated pH and higher concentration of fermentation inhibitors, suggesting that intrinsic properties of some paper types may not be ideal for EH and fermentation conversion. Dilute alkaline pretreatment and mechanical refining of mixed paper increased the EH yield of mixed paper, suggesting this previously established process could be used as a decontamination method. “Dirt” and particulates were washed from mixed plastic using either an aqueous detergent or a non-aqueous chemical washing method. Liquid oil yields were increased during microwave assisted fast pyrolysis. All decontamination techniques met the cost target of less than $30/dry ton with plastic decontamination ranging from $18.16 to $24.81/dry ton. Because dilute alkaline pre-treatment and mechanical refining is considered part of the conversion process, the decontamination cost during feedstock preprocessing was considered $0/dry ton.
Keywords: enzymatic hydrolysis, pyrolysis, bio-oil, dimethyl ether (DME), dilute alkaline pretreatment
INTRODUCTION
The waste and recycling industry in the United States has drastically changed since China implemented the Green Fence and National Sword policies. Due to these policy changes, recycling programs in many areas were scaled back or completely discontinued (Beitsch, 2019). The waste materials that were previously imported into China are now accumulating at materials recovery facilities (MRFs) in the US and are often too contaminated or expensive to recycle. Because these materials represent a zero or negative value, they are eventually landfilled. The US Environmental Protection Agency (EPA) estimated that about 27 million tons of plastic and 17 million tons of paper were landfilled in the US in 2018 (EPA, 2018). These MSW fractions could potentially be diverted from the landfill and used as feedstocks for conversion into value-added fuels and products via low temperature and high temperature pathways.
Because MSW paper closely resembles lignocellulosic biomass, low temperature conversion processes can be used to screen the performance of these materials. Enzymatic hydrolysis is a low temperature conversion method traditionally used for agricultural biomass, such as corn stover, that makes their sugars available for fermentation into fuels and products. Due to the recalcitrance of many agricultural feedstock types, a pretreatment step is often needed to remove lignin and make cellulose more accessible to the enzymes used in enzymatic hydrolysis (Avila-Lara et al., 2015).
MSW paper has been found to be an economically viable feedstock for biochemical conversion (Wang et al., 2013). Previous studies have shown that blending mixed paper waste with corn stover can lower costs while maintaining sugar yield in ionic liquid pretreatment and enzymatic hydrolysis (Sun et al., 2015). However, more recent studies have shown that MSW paper had lower enzymatic hydrolysis yields compared to corn stover and corn stover/paper blends (Li et al., 2017; Thompson et al., 2019). This could be indicative of some type of inhibition, likely due to the presence of contaminants.
Alternately, MSW plastics are polymers of chemical building blocks such as ethylene and propylene and are rich in carbon-to-carbon bonds. These bonds are difficult to break biologically, and the monomer units are not suitable for fermentation. Pyrolysis is a high temperature process for converting biomass to fuels and would be more suitable for plastics. Fast pyrolysis is a high temperature degradation process that occurs between 450–700°C in the absence of oxygen. During this process, biomass is converted to liquid bio-oil, solid char, and gas. Bio-oil produced from this process can be further refined into fuels or chemicals (Zhang et al., 2019). The chemical composition of the bio-oil varies widely depending on reaction conditions and feedstock type. In addition, gaseous products rich in hydrocarbons can be used for energy recovery (Sipra et al., 2018).
There are many factors that can render MSW plastic unsuitable for traditional mechanical recycling. MSW plastic is a heterogenous mixture of resin types that are often contaminated with exogenous materials such as food residue, chemicals, metal, and glass (Qureshi et al., 2020). Heavily contaminated plastic waste cannot be recycled and is usually landfilled or incinerated. Degradation caused by factors like UV radiation and temperature conditions can also make plastic unsuitable for recycling (Shah et al., 2008). Pyrolysis can tolerate high levels of contamination and can convert degraded plastic products to fuels and chemicals. Although pyrolysis can tolerate a wider array of feedstock types and contaminants, it is possible that these contaminants can negatively affect conversion yields. For example, MSW may contain large amounts of alkali metals, which can cause cracking reactions that result in a higher yield of gaseous products and a lower yield of liquid oil products (Wang et al., 2015; Alcazar-Ruiz et al., 2021).
This is the first study to investigate the effect of decontamination methods to increase conversion yields of MSW. Low and high temperature conversion methods were used to assess the impact of common contaminants on the conversion of mixed MSW paper and plastic, respectively. Decontamination strategies for the paper and plastic streams were developed and analyzed using enzymatic hydrolysis and microwave assisted fast pyrolysis. The added cost of decontamination to preprocessing of MSW is analyzed and compared to corn stover.
MATERIALS AND METHODS
Sampling and Characterization
Municipal solid waste (MSW) samples were sourced from a materials recovery facility (MRF) in Emmet County, Michigan through Resource Recycling Systems (RRS). The samples were non-recyclable residuals that were sorted from dual stream recycling collection. Mixed paper and mixed plastic waste streams were received at Idaho National Laboratory in Idaho Falls, Idaho and refrigerated at 4°C for future experimentation. Approximately 21.7 kg of mixed paper and 23.5 kg of mixed plastic was received. The paper and plastic MSW streams were mixed, coned, and quartered separately on a large plastic tarp. Two quadrants were sampled for characterization and experimentation (8.5 kg mixed paper and 12.2 kg mixed plastic). The remaining two quadrants were reserved for future experimental needs (Figure 1). The samples were air dried at room temperature for 24 h in a fume hood prior to sorting. Mass balance characterization of the samples was performed by first sorting into distinct product types (Figure 2). Paper samples were sorted into one of six categories: newspaper/office paper, food containers, cardboard, glossy/coated, other paper, and non-paper contaminants (e.g., glass, textiles, aluminum cans). Plastic samples were also sorted into one of six categories: food containers, bottles, durable goods, films, other plastic, and non-plastic contaminants (e.g., glass, aluminum cans, paper products). Plastic waste was further sorted by plastic type using the plastic identification number printed on the product. If no plastic identification number was visible or available, the plastic was sorted into a category based on similar product types. The mass of each plastic type was measured on a standard laboratory balance and used to calculate the mass balance.
[image: Figure 1]FIGURE 1 | Flow diagram depicting MSW sample preparation and experimentation.
[image: Figure 2]FIGURE 2 | Representative images of MSW during sampling and sorting. Plastic as received (A) and coned and quartered (B). Plastic was sorted into non-plastic contaminants (C), films and baggies (D), food containers (E), bottles (F), other (G), and durable goods (H).
During sorting, common contaminants were visually identified in each waste stream for further quantification. Common contaminants in paper and plastic waste fractions were quantified by counting the pieces of waste that contained contamination. Paper contaminants were sorted into the following categories: glossy coatings, food residue, ink, stickies (adhesives or glues), and staples. Plastic contaminants were sorted into the following categories: food residue, “dirt” and labels/thin films. “Dirt” contamination was defined as a coating of particulate that is likely a complex mix of residual container contents (e.g., food, liquids, chemicals) that leaked and had contact transfer from more heavily contaminated materials. Pieces of waste that contained multiple contaminants simultaneously were quantified separately from waste that contained only a single contamination type.
Size Reduction
Mixed paper and plastic samples were initially shredded to 0.25 inches using a TaskMaster TM8500 industrial shredder (Franklin-Miller, Livingston, NJ, United States). Shredded paper samples were split using a custom rotary splitter and size reduced using a Model 4 Wiley knife mill (Thomas Scientific, Swedesboro, NJ, United States) to pass through a 6 mm screen. The 6 mm paper samples were used for dilute alkaline pretreatment and mechanical refining followed by enzymatic hydrolysis. A portion of the 6 mm samples were re-fed through the Wiley mill to pass through a 2 mm screen. The 2 mm paper samples were fed directly to enzymatic hydrolysis without further pretreatment. The shredded plastic samples were size reduced to pass through a 2 mm screen using an M24M-30e industrial crumbler rotary shear (Forest Concepts, Auburn, WA, United States). Oversized particles were collected and continuously re-fed through the crumbler until they were able to pass through a 2 mm screen.
Plastic, Ink, and Stickies Decontamination
The impact of plastic contamination within the mixed paper stream was investigated by sorting. All non-paper materials were removed from the mixed paper waste prior to size reduction. Plastic contaminants were size reduced separately from paper samples. Based on the mass balance characterization results (Section 3.1), 1.42 wt% plastic contaminants were added back to a portion of the size reduced paper.
The impact of ink contamination was investigated using two common paper types found within the mixed paper samples: newspaper and copy paper. Samples without ink contamination were produced by manually cutting out un-printed regions of MSW copy paper and newspaper. Samples with ink were produced using the same paper sources that were visibly contaminated with ink. As a control, pristine paper samples were produced from brand new copy paper and newspaper that had never been printed on.
The impact of stickies contamination was investigated with cardboard food containers and packaging materials (cereal boxes, six-pack carriers, etc.). Samples with stickies were created by manually cutting out portions of cardboard packaging that contained visible adhesives or glue. Samples without stickies were produced using the same cardboard that did not have visible adhesives or glue. Pristine cardboard samples were produced using brand new cardboard boxes that did not contain visible stickies contamination.
Dilute Alkaline Pre-treatment
30 g of MSW paper samples were dilute alkaline pre-treated in triplicate with 7% (w/w) NaOH at 8% solids loading. The NaOH was diluted with water in a 1-L polypropylene (PP) flask before being inoculated with paper samples. The flasks were incubated at 85°C in a shaking water bath rotating at 100 rpm for 2 h and were manually mixed every 15 min. The flasks were removed from the water bath and allowed to cool at room temperature for 1 h. After cooling, the samples were filtered through a PP fabric filter to remove particles down to 100 microns (McMaster-Carr, Elmhurst, IL, United States) with 4-L vacuum flasks. The paper samples were removed from the PP filter and rinsed twice with 1 L of water for 15 min. The rinsed paper was filtered a second time using the same procedure mentioned above. The pre-treated paper was recovered, and the pH of the material was estimated using pH strips. Replicates were combined into a single composite sample for subsequent analysis. The pre-treated material was dried at 40°C overnight to determine the moisture content. The dilute alkaline pre-treatment liquor was reserved, and sugar concentrations removed during pre-treatment were determined with ion chromatography (IC). Sugars lost during pre-treatment were below the IC limit of detection and were therefore not accounted for in yield calculations. Dilute alkaline pre-treated paper samples were mechanically refined using a Laboratory Beater PFI Mill (Techlab Systems, Itasca, IL, United States) at 4,000 revolutions prior to enzyme hydrolysis.
Low Temperature Conversion
The chemical composition of untreated MSW was measured according to National Renewable Energy Laboratory’s (NREL) Laboratory Analytical Procedure for standard biomass analysis (Sluiter et al., 2012). The conversion performance of mixed paper samples was screened using the measurement of sugar yield in enzymatic hydrolysis either with or without dilute alkaline pre-treatment and PFI milling. The percent solids loading of each reaction was decreased to 6% to enable thorough mixing and equal distribution of sodium azide. Enzymatic hydrolysis was performed in triplicate according to the NREL procedure (Selig et al., 2008) using Cellic CTec2 (Novozymes, Franklinton, NC, United States) loaded at 40 mg/g dry weight of biomass and Cellic HTec2 (Novozymes, Franklinton, NC, United States) loaded at 4 mg/g dry weight of biomass. The reactions were incubated at 50°C for 5 days. The hydrolysates were filtered through a 0.22 µm filter plate (MilliporeSigma, Burlington, MA, United States) and sugar concentrations were measured via high pressure liquid chromatography (HPLC). Percent yield achieved during enzymatic hydrolysis was calculated with the following equation:
[image: image]
The presence of fermentation inhibitors was investigated with newspaper, copy paper, and cardboard hydrolysates. HPLC was performed to determine the concentration of acetic acid, levulinic acid, furfural, and 5-hydroxymethylfurfural (HMF).
Detergent and Chemical Washing
10 g of size reduced plastic particles (2 mm) were loaded into a 250 ml Erlenmeyer flask containing 100 ml water. A few drops of dawn dish soap were added, and the flask was placed into a 40°C shaking incubator rotating at 150 rpm for 1 h. The liquid was removed by gravity filtration through filter paper (Whatman, Florham Park, NJ, United States). The washed plastic was rinsed twice by submerging the particles in fresh water and incubating in a 40°C shaking incubator for 1 h. The liquid again was removed by gravity filtration through filter paper. Rinsed plastic was dried overnight in a 40°C oven.
A laboratory-scale condensable solvent system has been developed based on a MiniMeP hydrocarbon extraction platform (ExtractionTek Solutions, Wheat Ridge, CO, United States) for use with dimethyl ether (DME) as the working solvent. To prevent seal and gasket failures, the system was modified in accordance with ASTM specification D7901. The DME within this system operates in a closed loop, with liquified DME solvent returned to the operating tank after extraction and decontamination. The solvent transfers through the chilled injection coil to the extraction vessel, where the solvent diffuses into the MSW material. Liquified DME, water, and extracted contaminants is then transferred to the collection vessel and expansion vessel, where heat is supplied to drive the vaporization of solvent, permitting separation and recovery of DME from contaminants. Vaporized solvent is returned to the solvent tank through a recovery pump and discharge coil. This decontamination process operates under 85 psi, and temperature range between min. −4°C (at injection coil) and max. 35°C (at expansion vessel). Approximately 70 g of mixed plastic was washed with DME inside a nylon bag by recirculation for 2 h.
High Temperature Conversion
The conversion performance of mixed plastic samples was screened using microwave assisted fast pyrolysis. One-gram pellets of washed and unwashed plastic were made using a benchtop manual hydraulic press (Carver, Wabash, IN, United States). The plastic was weighed using a laboratory scale and loaded into a pellet die (approximately 16 mm square with 4 mm rounded corners). The die and plastic samples were heated together in an oven at 150°C for 15 min and compressed at 4,000 psi (20,000 lb-f). Two pellets (∼2 g) were loaded into a pre-weighed quartz tube (26 mm diameter, 1 m length) assembly and loaded into a microwave assisted pyrolysis instrument that was previously described (Klinger et al., 2015; Klinger et al., 2018). The oxygen was purged from the quartz tube using nitrogen gas. A portion of the quartz tube was packed with dry ice snow to condense vapor to liquid oil. The samples were heated to approximately 500°C and allowed to devolatilize completely. The pyrolysis gas yield was measured by a digital gas flow meter (Omega Engineering, Norwalk, CT, United States) and gas analyzer (Nova Analytical Systems, Hamilton, ON, Canada) equipped with sensors to detect O2, CO, CO2, CH4, and total hydrocarbons. The tube assembly was removed from the instrument, allowed to cool, and weighed. The remaining char present in the quartz tube was removed and weighed using a laboratory balance. The percent yield of gas, char, and liquid oil were calculated gravimetrically.
Unwashed, detergent washed, and DME washed samples were milled using a Retsch ZM200 (Haan, Germany) to pass a 0.2 mm screen and then sent to Huffman Hazen Laboratories (Golden, CO, United States) for analysis. Samples were dried at 60°C in a forced air oven overnight. Total ash was determined by holding the sample at 750°C in air for 8 h. Inorganic element analysis was completed following ASTMs D3682 and D6349.
Techno-Economic Assessment
Because corn stover can potentially be available at a feedstock cost as low as $30/ton, we targeted this price as an acceptable cost for decontamination to make the material cost competitive with corn stover (Langholtz et al., 2016). A techno-economic assessment (TEA) was conducted to determine the costs of decontamination methods. The TEA examined the complete pre-processing for size reduction and decontamination of non-recyclable plastic and paper residuals from an MRF. A total of four scenarios were evaluated, including: 1) size reduction of paper without old corrugated cardboard (OCC); 2) size reduction of paper including OCC; 3) decontamination of plastic using detergent washing and drying; and 4) decontamination of plastic using the DME process. For each scenario, the total estimated cost included both fixed and operational costs. Fixed costs, that include capital recovery, insurance, and taxes, were estimated following the guidelines published in Turhollow et al. (2009). Operational estimated costs include energy and labor costs to operate equipment.
Figure 3A presents the process flow designed for the size reduction process to reduce particle size of recycled paper to 6 mm. RRS provided the mixed paper tonnage for an appropriately sized MRF (34,125 dry tons/year). It was assumed that processed materials would only include mixed paper recovered from an MRF and would be size reduced and decontaminated on-site prior to shipping to a conversion facility. For both the shredding and knife milling process, it was assumed that there was a dry matter loss of 1%. For scenario four, the process flow and assumptions are identical to scenario three. However, in this scenario the OCC fraction was included in the infeed.
[image: Figure 3]FIGURE 3 | Process flows for feedstock pre-processing unit operations. Paper size reduction (A), plastic size reduction and detergent washing-drying (B), and plastic DME-based washing (C).
The design of the system for plastic size reduction and decontamination is presented in Figure 3B. This system was designed to process about 3,500 dry tons of plastic annually, assuming 200 operation days a year and 10 h operating time per day. The project collaborators from RRS provided tonnage of plastics produced by a typical MRF that operates with good economics of scale and it was assumed that each MRF would pre-process and decontaminate its own materials prior to sending them to a conversion facility. It was assumed that plastic will be ground by a M24M-30e industrial crumbler rotary shear (Forest Concepts, Auburn, WA, United States) to 2 mm before going to the decontamination step.
Figure 3C presents the design for a pre-processing system that includes DME-based plastic decontamination with 3,500 dry tons annual capacity. It was assumed that plastic will be ground by a M24M-30e industrial crumbler rotary shear (Forest Concepts, Auburn, WA, United States) to 2 mm before sending to the DME decontamination tank. It also was assumed that about 10% of the DME solution will be used to remove the contaminants and water from the recycled plastic.
RESULTS AND DISCUSSION
Mass Balance Characterization
The obtained sample of mixed paper MSW was sorted into product types to characterize mass balance (Figure 4A). Office paper and newspaper make up most of the paper fraction (46.5%), followed by cardboard (19.5%), glossy coated (16.7%), food containers (10.4%), and other paper (5.01%).
[image: Figure 4]FIGURE 4 | Mass balance of mixed paper product type (A), mixed plastic product type (B), and plastic type (C).
Non-paper contaminants (plastic, metal, glass, and other) make up 1.9% of the total mass balance of mixed paper MSW. Plastic makes up most (76.4%) of these non-paper contaminants, followed by metal (9.6%), glass (8.9%), and other (5.1%). The presence of glass and metal could be a potential cause of premature wear in process equipment or even damage equipment causing shutdowns for repairs, so they must be removed. The most common intrinsic contaminant present in paper was ink (68.1%), followed by stickies (14.4%), glossy coatings (12.2%), staples (3.9%), and food (0.7%). Mixed paper contaminant data is summarized in Table 1.
TABLE 1 | Quantification of mixed paper intrinsic contaminants.
[image: Table 1]The mixed plastic MSW sample was sorted into product types to characterize the composition (Figure 4B). Food containers made up most of the plastic fraction (61.3%), followed by bottles (21.8%), other plastic (8.9%), durable goods (4.5%), and films (0.9%). Plastic MSW was further sorted into plastic type using the identification number printed on the product (Figure 4C). The most common plastic types identified were polyethylene terephthalate (PET, 51.3%), followed by polypropylene (PP, 26.3%), other (10.6%), low-density polyethylene (LDPE, 5.0%), polystyrene (PS, 3.3%), high-density polyethylene (HDPE, 3.3%), and polyvinyl chloride (PVC, 0.2%).
Non plastic contaminants (paper, metal, glass, and other) made up 2.6% of the total mass balance of mixed plastic MSW. Paper makes up most (51.5%) of these non-plastic contaminants, followed by metal (29.3%), glass (16.1%), and other (3.1%). As described above, glass and metal could have downstream impacts such as equipment wear and trace amounts of metal catalyzing undesirable reactions during pyrolysis.
A contaminant coating labelled as “dirt” was present on 100% of the plastic received. The next most common contaminant was thin film labels, which were present on 33.2% of the plastic products. The least common contaminant was food residue, which was present on only 1.8% of the plastic products. Mixed plastic contaminant data is summarized in Table 2.
TABLE 2 | Quantification of mixed plastic contaminants.
[image: Table 2]Low Temperature Conversion
The glucan, xylan, minor sugars (arabinan, mannan, and galactan), and ash contents of MSW paper are shown in Figure 5. Enzymatic hydrolysis was carried out to determine the impact of plastic contamination on sugar yields in untreated and dilute alkaline pre-treated mixed paper samples. It was notable that sugar yields for untreated paper were low, which could be indicative of hornification or surface treatments of the paper materials (Fernandes Diniz et al., 2004). Glucose and xylose yields from EH were not increased when plastic contaminants were removed from mixed paper samples, but yields were increased when samples were dilute alkaline pre-treated and PFI milled.
[image: Figure 5]FIGURE 5 | Compositional analysis of MSW paper types. The balance of composition (not shown) consists of glucan, xylan, lignin, extractives, and minor sugars (arabinan, mannan, and galactan).
Dilute alkaline pre-treatment is performed at a relatively low temperature and plastics could be problematic if higher temperatures pre-treatments were used. MSW paper without plastic contamination showed a 31% glucose yield and a 58% xylose yield. When that sample was dilute alkaline pre-treated and PFI milled, the glucose and xylose yields increased to 78% and 90%, respectively. Similarly, MSW paper with plastic contamination showed a 26% glucose yield and a 53% xylose yield. When that sample was dilute alkaline pre-treated and PFI milled, the glucose yield increased to 73% and the xylose yield increased to 86% (Figure 6). During the dilute alkaline pre-treatment process, it was noted that ink seemed to be present in the pre-treatment liquor and stickies coated the bottom of the reaction flask, suggesting that the pre-treatment process could remove these contaminants present in paper.
[image: Figure 6]FIGURE 6 | Dilute alkaline pre-treatment and PFI milling increased sugar yields in enzymatic hydrolysis.
Enzymatic hydrolysis was used to investigate the effect of ink contamination in newspaper and copy paper. The effect of stickies contamination was investigated with cardboard. Glucose and xylose yield during EH was not increased when ink contaminated paper was removed from the newspaper and copy paper fractions, nor when stickies contamination was removed from the cardboard fractions. The sugar yields of MSW newspaper, copy paper, and cardboard fractions were compared to brand new, pristine samples that did not contain ink and stickies. The results showed that the yield of pristine samples was not different than paper fractions found in MSW. Although no increase in yield was seen when ink or stickies were removed the MSW paper, the sugar yields were increased across all paper fractions when they were dilute alkaline pre-treated and PFI milled (Figure 7). Interestingly, higher yields were observed in pre-treated and PFI milled copy paper and cardboard samples that were contaminated with ink and stickies, respectively. Alkaline de-inking causes swelling and peeling of cellulose fibers (Pala et al., 2004). We hypothesize that the removal of ink and stickies observed during dilute alkaline pre-treatment resulted in more extensive fiber damage, resulting in an increased surface area that is vulnerable to enzyme attack. Future research will explore this phenomenon.
[image: Figure 7]FIGURE 7 | Enzymatic hydrolysis yields were not impacted by the presence of ink and stickies. DiAlkPT, dilute alkaline pre-treated.
It was observed that dilute alkaline pre-treated and mechanically refined newspaper samples had a higher yield of xylose compared to glucose, while the opposite was true for copy paper and cardboard. Production processes used for different paper types result in differing composition and cellulose crystallinity. For example, copy paper has a high cellulose content and low hemicellulose content, while newspaper has a higher hemicellulose content and lower cellulose content (Guerfali et al., 2015). The ratio of newspaper or copy paper within a waste paper stream will impact the corresponding yield of glucose and xylose during EH.
During initial enzymatic hydrolysis experiments with pristine and MSW copy paper fractions, it was noted that very low sugar yields were achieved. Further investigation revealed that these enzymatic hydrolysis reactions had an elevated pH that was outside the working range of the CTec2 and HTec2 enzymes (pH 5–5.55). Untreated copy paper samples had an average pH of 8.03 and dilute alkaline pre-treated copy paper had an average pH of 7.87. The concentration of citrate buffer was increased from 0.05 to 0.25 M to account for the elevated pH in subsequent EH experiments using copy paper. All newspaper and cardboard samples fell within the working pH range of the enzymes. The variation in these streams and the need to optimize reaction conditions has potential processing implications.
The presence of fermentation inhibitors in newspaper, copy paper, and cardboard hydrolysate samples was used to determine the potential impacts on downstream fermentation. HMF and furfural concentrations were undetectable in all paper fractions. The concentration of acetic acid was notably higher in copy paper samples compared to newspaper and cardboard, while levulinic acid was present in a very low concentration across all samples (Figure 8).
[image: Figure 8]FIGURE 8 | Copy paper had an elevated concentration of the fermentation inhibitor acetic acid during enzymatic hydrolysis. DiAlkPT, dilute alkaline pre-treated.
The combined pH and fermentation inhibitor data suggests that copy paper has intrinsic qualities that are not ideal for enzymatic hydrolysis and downstream fermentation. A variety of additives and chemicals are used in paper making to increase the brightness and whiteness of copy paper, as well as improving the mechanical and physical properties of the paper. We hypothesize that fillers, bleaching agents, and/or chemical pulping agents present in the copy paper are elevating the pH and concentration of fermentation inhibitors in these samples despite the presence of a 50 mM citrate buffer and 40 mM acetate (Figure 8) for buffering. For the copy paper EH, it was necessary to increase the citrate buffer concentration to 250 mM to eliminate the pH shift. Further investigation is needed to determine the potential sources of this phenomenon and to test the impacts of these inhibitor concentrations on fermentation efficiency.
High Temperature Conversion
Liquid oil products obtained from pyrolysis can be upgraded and used as a substitute for conventional fossil fuels (Zaman et al., 2017). Untreated mixed plastic waste produced about 5% char, 42% liquid oil, and 53% gas in microwave fast pyrolysis experiments while mixed plastic washed with detergent reduced char yields to 2%, increased liquid oil yields to 69%, and reduced gas yields to 29%. Mixed plastic washed with DME produced about 7% char, 61% oil, and 32% gas (Figure 9). These experiments were intended to quickly screen conversion performance of decontaminated materials. Therefore, the composition of the bio-oil was not determined. In the future, we hope to complete an in-depth investigation of the bio-oil and determine the mechanisms involved in increased oil production. A component of the “dirt” coating in unwashed plastic may have catalyzed cracking reactions that decreased liquid yields. During pyrolysis, it was noted that some types of plastic melted in the transfer tube prior to entry into the pyrolysis chamber and caused feeding problems in the system. Our DME decontamination approach is an effective, novel, and economically feasible method that does not create a wastewater stream.
[image: Figure 9]FIGURE 9 | Detergent and DME washed plastic produced an increased yield of liquid oil during pyrolysis.
The composition of gaseous products from pyrolysis of unwashed mixed plastic primarily contained hydrocarbons (Figure 10). This suggests that the “dirt” in unwashed plastic is catalyzing cracking reactions that break plastic into lighter hydrocarbons that decrease the liquid oil yields.
[image: Figure 10]FIGURE 10 | Gaseous products of pyrolysis were mainly composed of hydrocarbons. HC, hydrocarbons.
Alkali and alkaline earth metals (K, Na, Mg and Ca) are known to catalyze cracking reactions during pyrolysis (Wang et al., 2015). Initial ash analysis indicates that potassium or sodium may be the culprits although further testing is needed to verify this (Table 3).
TABLE 3 | Ash analysis of unwashed, detergent washed, and DME washed MSW plastic. Ash components are % of total ash content.
[image: Table 3]Techno-Economic Assessment
The mixed paper materials that were tested benefitted from a dilute alkaline pre-treatment; however, since this TEA focused on the steps prior to low temperature pre-treatment process, it was not necessary to further decontaminate these materials. The primary contributors to pre-processing costs in paper size reduction without OCC (scenario one) were the knife mill and shredding operations. The overall cost of this pre-processing system (Table 4) is estimated at $5.25/dry ton. The inclusion of the OCC fraction (scenario two) into the system increases the annual infeed by 10%. Higher throughput translates in greater economies of scale to reduce the pre-processing costs (Table 4) by $0.84/dry ton. The mixed paper materials that were tested benefitted from a dilute alkaline pre-treatment; however, since this is part of the NREL low temperature pre-treatment process, it was not necessary to further decontaminate these materials. Therefore, the decontamination cost was $0/dry ton.
TABLE 4 | Breakdown of costs for size reduction without OCC (scenario 1) and with OCC (scenario 2) pre-processing unit operations.
[image: Table 4]The total cost for the detergent washing system (scenario one) was about $50.01/dry ton (2021$), assuming 1% of dry matter loss in the size reduction step. The washing line combined the washing and drying stages of the pre-processing operation. This unit operation contributed about $24.81/dry ton, nearly 50% of the overall costs (Table 5). The crumbler accounted for $21.00/dry ton while the conveyors accounted for $2.09/dry ton. The costs for the system were also influenced by low material throughput of approximately 1.75 tons per hour. The total cost for the DME-based washing system (scenario two) was about $43.36/dry ton, assuming 1% of dry matter loss in the size reduction step (Table 5). Compared to the detergent washing-drying process, the DME-based pre-processing costs $6.65 less, mainly due to the lower energy cost in the DME tank as compared to the washing line used in the conventional system. In this system, the crumbler accounts for $21.00/dry ton while the DME system contributes $18.16/dry ton to overall pre-processing costs.
TABLE 5 | Breakdown of costs for detergent washing (scenario 3) and DME-based (scenario 4) pre-processing unit operations.
[image: Table 5]CONCLUSION
In the United States, MSW that is too contaminated or expensive to recycle was exported to China prior to the Green Fence and National Sword policies. The United States lost a destination for much of its contaminated wastes due to these policies. Many cities were forced to discontinue or scale back their recycling programs, resulting in many waste materials being landfilled. Paper and plastic fractions of MSW could potentially be diverted from the landfill and used as feedstocks for conversion to fuels and chemicals. MSW could represent a viable alternative to agricultural residues for biofuel production if low-cost methods for decontamination can be developed.
Although plastic, ink, and stickies contamination within the mixed paper stream did not have a negative impact on enzymatic hydrolysis yield, dilute alkaline pre-treatment and mechanical refining was able to increase yields. When certain paper types within the mixed paper samples were tested, it was observed that copy paper had an elevated pH and increased concentration of fermentation inhibitors. The increased pH had an adverse impact on enzymatic hydrolysis, but it could be compensated for by increasing the reaction buffer concentration. The effect of elevated concentration of fermentation inhibitors was not observed in our experiments but is hypothesized to have an impact in downstream fermentation processes. We hypothesize that additives such as fillers, bleaching agents, and/or pulping agents are causing this phenomenon.
Removal of “dirt” and particulate contamination in mixed plastic MSW with detergent and chemical washing resulted in an increase in liquid oil products during pyrolysis. This is the first study to employ an affordable, non-aqueous decontamination system for MSW that does not create a wastewater problem. DME washing is a promising decontamination technique that can be used for a wide range of waste materials. Further research is needed to determine the impacts of DME decontamination on the conversion of other waste streams (e.g., paper, yard waste).
The major gaseous products produced during pyrolysis were light hydrocarbons, suggesting that “dirt” in unwashed MSW is catalyzing cracking reactions and resulting in lower liquid yields. Initial ash analysis studies suggest that potassium is catalyzing cracking reactions during pyrolysis and decreasing oil yield. The impacts of potassium on pyrolysis are well-known. Future experimentation should focus on determining the composition of bio-oil from washed waste and investigating the mechanism behind increased oil yield.
The washing techniques developed for plastic decontamination ranged from $18.16 to $24.81/dry ton. This fell below the cost target of $30/dry ton, making the material cost competitive with corn stover. Dilute alkaline pre-treated paper did not require further decontamination processes, making the cost $0/dry ton for any decontamination prior to pretreatment. The cost of paper preprocessing ranged from $4.41 to $5.25/dry ton.
Further study is required to determine the culprit behind elevated pH and fermentation inhibitor concentration in copy paper, as well as decreased oil yield in unwashed plastic. In summary, dilute alkaline pre-treatment and washing methods have been shown to be effective decontamination strategies to increase conversion yields of mixed paper and plastic MSW, respectively.
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One billion tons of biomass feedstocks have been identified for the production of renewable biofuels and biochemicals. This is one of the key carbon feedstocks to supply energy to the transportation sector for light duty, heavy duty and aviation fuels. Utilization of lignocellulosic feedstocks supports an improved energy security by reducing demand of petroleum imports, agricultural development, job creation, and reducing greenhouse gas emissions. To date, however, operational challenges have stymied the industrial production of large volumes of lignocellulosic-based fuels and chemicals. As a result, significant research investment has been led by the United States Department of Energy to understand and improve operational reliability at pioneer cellulosic biorefineries. In this perspective article lignocellulosic conversion technologies are described that have been adopted from the starch ethanol process. The developed process culminated in successful demonstration of 1,000-h integrated runs using several feedstocks, including switchgrass, energy sorghum, and two types of corn kernel fiber. This article highlights process development that solved several of the issues that plagued—and continue to plague—many in the cellulosic sugars space such as biomass feeding into equipment, high ash content, diversified co-product value, and others.
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INTRODUCTION
Process Integration Approaches to Cellulosic Processing Design
The road to commercialization of lignocellulosic biomass to production of biofuels and chemicals has not been as easy as it was sold to investors a decade ago. At that time, [bio]catalyst costs in pretreatment and hydrolysis were considered the critical path to overcome the hurdles to commercialization. Through significant efforts and good science, producers realized dramatic cost reductions in biocatalyst (enzymes and yeast) in the years that followed. Those milestones were followed by a handful of cellulosic plant groundbreakings, largely using engineering and technology originally developed for the pulp and paper industry, where the process design seemed intrinsically obvious, to fill out the rest of the process design around the key technologies.
Unfortunately, these pioneer plants struggled to realize their design capacity. Consequently, policy incentives remain inconsistent and the second round of cellulosic capacity buildout has not occurred. Many potential producers and investors, seeking to “be first to be second,” feel the correct first-of-its-kind cellulosic process is still not proven out, noting that significant risks remain in realizing design uptime at full scale.
Processes that break down the fiber structure to low-cost liquid fuels has proven dissimilar to processing pulp and paper where the goal instead is to preserve the fiber structure. These differences are reflected in the significant downtime due to retooling and engineering redesign at pioneer plants, many of whom by 2021 have shuttered operations (Slupska and Bushong, 2019). Producers realized they must cope with broad input variations in moisture, ash content, etc. that were not evaluated at relevant scale during development. These issues have been problematic, with many related to materials transport.
This Perspective article describes process development via incremental changes from the commercial starch ethanol process rather than the pulp and paper process. Herein process design concepts are described that culminated in successful demonstration of 1,000-h integrated runs using several feedstocks, including switchgrass, energy sorghum, and two types of corn kernel fiber. This article highlights a process design approach that solved the issues that plagued—and continue to plague—many processes in the pioneer cellulosic space such as biomass feeding of grasses and grain fibers, high ash content, diversified coproduct value, and others.
MANAGING MATERIAL HANDLING CHALLENGES
Lignocellulosic Feedstocks Systems Are Not Agnostic
The design challenge for an industrial process with poor control of input feedstock quality attributes is exacerbated by the heterogeneous nature of different forms of biomass:
• Agricultural. Agricultural feedstock can be subdivided into several subclasses, including grasses, residues, and energy crops. All these agricultural solids have substantive differences in composition, physical characteristics, harvesting methods and storage conditions.
• Municipal Solid Waste. MSW can be as varied as the collection and sorting methods used to recover the material post-consumer. MSW cellulose content may include different types of extractives, binders, and inks as part of their previous application.
• Captive Fibers. These consist of post-processed food, and are subject to extraction method variations, microbial degradation, and food sources.
• Woody biomass. Woody biomass has been used industrially for centuries. Industrial woody feedstocks are almost always subdivided into hardwood and softwood, with variant processing methods applied to exploit each one. Experience has taught the pulp and paper industry that in many cases, blends of hardwood and softwood can improve their flowability and processability (Chauhan et al., 2011; Nugroho, 2012).
Non-Agnosticism: Switchgrass, Energy Sorghum, and Corn Kernel Fiber
In 2015, industry demonstrated ethanol production using lignocellulosic feestocks, including switchgrass, energy sorghum, and corn kernel fibers at a scale of 10 tons per day of continuous production (Javers, 2017). During those runs, process engineers experienced the inherent variation between feedstocks, even those within a lignocellulose sub-category. Special care had been taken to grow, harvest, store and process the feedstocks in such a way as to avoid storage variability from moisture and decomposition (Smith et al., 2013). However, upon grinding the feedstocks and pneumatically transferring to downstream processing, seemingly innocuous steps like tramp washing and wetting of feedstock led to material bridging, rotary airlock plugging, high wear areas, cooling and pumping issues, among others (Supplementary Figure S1). Those challenges proved difficult to overcome without equipment and process changes specific for each lignocellulose type.
Agricultural Residues Have Many Ash Sources
Ash content is a significant variant in feedstocks for bioprocessing. In addition to bound ash in the form of dirt and intrinsic ash within the feedstock itself, manufacturing plants must also manage the levels of tramp that comes in with biomass (Zhang et al., 2017). In one of the runs, almost two cubic meters of small rocks were removed from just 10–12 tons of feedstock (Javers, 2017), requiring improved storage design.
Feedstock Variation Impacts the Front End
Ash content, stalk thickness and moisture content can have pronounced impacts on the milling operation. When ash content (often as soil) is high, mechanical wear on milling equipment can significantly reduce equipment lifetime and plant uptime. Stalk thickness directly impacts the load on milling devices to the point where staged milling may be necessary to realize a cost-effective attrition to the desired pretreatment particle size (Zhang et al., 2017). Heterogeneity of feedstock quality also has profound impacts upon the particle size distribution of pre-processing: higher moisture contents in milling tend towards larger particles, while dry biomass produces more fine particles and dust, frequently with a wider particle size distribution (Smith et al., 2013). It is here that the benefits of captive [processed] fibers have distinct advantages, with the cost and consistency burden of grinding already being paid for by the primary product (starch ethanol).
Grinding technology also provides process variability that can cause challenges in hydrolysis. Cutting/chipping, shearing, grinding and crushing modes of attrition can alter the biomass particle morphology and size distribution differently. Cutting and chipping—often used for primary milling of biomass to more homogeneous sizes—are limited by cost at lower particle sizes, yet leave the material still too large to effectively convey and seal into high-pressure reactors (Karinkanta, 2015). Secondary milling is often accomplished by hammermills and similar equipment. While effective, they produce a broad particle size distribution. During the United States Department of Energy’s Integrated BioRefinery (DOE IBR) funding of 1,000-h pilot trials at ICM, a population of unconverted particles persisted even after hydrolysis for both switchgrass and energy sorghum (Figure 1). A sugar clarification step was applied to prevent these large pieces from moving forward in the process and causing issues.
[image: Figure 1]FIGURE 1 | Comparison of woody and herbaceous feedstocks under similar pre-processing particle size reduction. Wood chips (A) and switchgrass (B) were processed with a hammer mill with screen size #10. The particle and conglomerate material attributes differ substantially using similar processing methods. Thus, the need to tailor handling equipment designs for each feedstock is critical.
Normalizing Storage to Manage Heterogeneity
Storage can play a large role in downtime resulting from some of the above variations. Recently, the national laboratories successfully demonstrated the impact of adaptive controls on reducing downtime of a mill grinding corn stover with variable moisture content (US Department of Energy, 2016). Although uptime was increased, there was a significant loss of rate.
A second approach is to implement a standard feedstock form, such as pellets (Kim et al., 2019). Pellets have the advantages of pre-milled feedstock, reduced moisture variation, improved transportation costs, and ability to use existing infrastructure. Care must be taken with a pelleting approach however to ensure full, rapid and cost effective rehydration at the biorefinery. As of this writing, there are no known uses of pelleting in the biomass process (Tumuluru et al., 2011).
In the end, to process slurries with high solids concentrations (>20% solids to liquid) it may be more pragmatic to control variation by employing bulk averaging to dampen inhomogeneity. This introduces a substantial cost to many biomass feedstocks, and in some cases makes it more expensive than its competitive carbohydrate source: grain starch.
The Biomass Conveying Challenge
The compressibility, cohesivity, plasticity and low bulk density of most biomass sources make it difficult to design, and many pioneer plants are known to have gone through redesigns of the feedstock conveyance systems. Some IBRs found that pre-ground feedstocks pneumatically transported from storage into the plant required a steady feed rate to prevent line plugging (US Department of Energy, 2016).
Mitigating the conveying challenge is not easy or inexpensive for dry solids streams. Narrowing the particle size is often the easiest and most effective mitigation for heterogeneous materials. At smaller particle sizes (50–1,500 micron), most feedstocks act like spheres and flow freely. However, much research has demonstrated that grinding of biomass below 10 mm introduces an unacceptable cost to production (Humbird et al., 2011; Hartley et al., 2021).
To reduce the impact of mechanical cohesivity, dilution of the feedstock with air can help. Making a robust, functioning system involves careful consideration of the feed rate, air velocity and line layout. Overfeeding the conveyance system can result in settling/packing of material. At high air velocity, the biomass stays dilute but wear at piping elbows increases (Supplementary Figure S1); too low velocity and material falls out and settles in the line. Too long of a horizontal run—especially one with many elbows—and gravity settles the biomass out in the lines, often requiring human intervention to restore flow.
Hydration—The Floaters and Sinkers Challenge
In order to achieve optimal heating of biomass, fully hydrating the material is not easily achieved for all feedstocks. Switchgrass—presumably due to its stem coating—is easy to wash but problematic to wet, making tempering of the feedstock to constant total solids challenging. Switchgrass formed floating mats on top of IBR slurring vessels; it was difficult to maintain homogeneity, a problem that was solved only after many attempts and equipment modifications (Figure 2A).
[image: Figure 2]FIGURE 2 | Dilute acid pretreatment switchgrass (A) and energy sorghum (B) illustrating the floater and sinker characteristic, respectively. Two seemingly similar herbaceous materials pre-processed and thermochemically pre-treated behave quite differently when suspended in liquid. Thus, the equipment design and process for the transport of materials needs is unique for specific feedstock properties throughout the process.
Conversely, energy sorghum wet too readily. In washing steps, sorghum retained water, resulting in inefficient ash removal and leading to a higher acid requirement and elevated levels of equipment wear. In the slurry vessel, the sorghum would readily dewater and sink. Special controls had to be employed to maintain consistent total solids while continuous feeding into the downstream reactor (Figure 2B).
Industry processes used suspended solids instead of wetted solids, thus more aggressive horsepower and thoughtful agitation were adequate to maintain the homogeneity necessary to achieve reliable flow control.
Avoiding Backpressure at the Reactor Throat
Achieving the seal at a high-pressure reactor throat is challenging for solids systems like biomass and can have catastrophic impact on plant uptime and safety if the boundary between high and low pressure fails. If corrosive catalysts are able to blow back in the process, the result can introduce rapid degradation of upstream equipment, especially seals. Backpressure can also cause elevated reaction temperatures that make the area an unsafe work environment.
Many high solids approaches involve mechanically compressing the biomass feed material into a plug, while others attempt to form a seal with the biomass directly. In early designs, one IBR attempted both approaches, neither of which ran successfully for more than a day or two. One key issue was gas permeability in and around the biomass. It was difficult to consistently and sustainably create a seal with material present in the seal; soft seals broke down under the abrasiveness of the biomass, and hard seals would not close completely unless they managed to cut the material or move it from the sealing surface.
The Move to Lower Solids Processing
Due to these challenges during development, one IBR process opted to take a different direction with the reactor design. Whereas making a high-pressure seal with biomass requires complex mechanical sealing systems, making a seal with liquids is relatively simple and reliable. By reducing the total solids target in pretreatment, the demonstration plant achieved a slurry with larger particles yet consistent operation. Additional benefits included superior heat transfer, mixing, pumping and flash. An artifact of running pretreatment at lower total solids was that hydrolysate sugar concentrations were low, but the costs were effectively mitigated with waste heat evaporators to concentrate the sugars. The approach effectively decoupled the pretreatment and hydrolysis operating conditions from the fermentation such that the pretreatment optima did not limit the fermentation ethanol titer. It was possible to run hydrolysis at only 100 g-sugars/L but still run fermentation at 300 g-sugars/L to realize cost-effective distillation.
Impacts of Lower Solids Front End
A slurry step is often used prior to the pretreatment reactor to condition and temper the biomass for optimal reaction. Removal of buffers, such as ash or proteins, improves the catalyst performance. Additionally, elevating the biomass temperature can improve the heating process by reducing the amount of steam required to reach the reaction temperature. The slurry step also can be utilized to introduce some (or all) of the catalyst where it can be done in a more dilute environment with better mixing.
Pretreatment slurry conditioning depends upon reactor design. Direct steam injection is used in many applications because it is efficient at heating. However, steam injection has the disadvantage of being difficult to distribute evenly due to increased solids, diluted biomass, and requirements on steam quality. Similarly, chemical additions can be problematic (pH adjustment and control) in packed fiber beds where tempering the biomass in a slurry may be limited to avoid over-dilution.
Some process designs utilize slurry to wash and/or transport the biomass to the rector throat, then recover the water and recycle it back to the front of the transport. This approach can mitigate several issues in the process while also saving water, provided considerations are made to reduce build-up of unwanted compounds in the biomass flow that enters the reactor (ex. ash, dirt, and sugars). This must be balanced with additional capital cost and water balance management. The slurry and/or hydration liquids may not be sent forward with the biomass in the reactor to reduce dilution. When catalyst is applied prior to the reactor where some hydrolysis may occur, it is generally necessary to send the liquid into the reactor with the solids to maintain mass balance control.
A CASE FOR CO-LOCATION
Water balance is arguably the most important consideration with the frontend of a biorefinery. Water provides the heating and cooling, some of the catalyst, and functionally distributes all other chemistry at play. When a biorefinery is designed to be a standalone operation, water and energy must balance. However, when a cellulosic process is co-located with another process, many new and advantageous integrations can be realized.
Consider the biorefinery design where all of the lignin is combusted for energy (Davis et al., 2018). In this case, the lignin volume provides a net electricity export to the grid. However, electricity gets discounted when it goes onto the grid because of unavoidable power transmission losses. If a suitable colocation partner is at-site, all value of the electricity can be utilized by that process at (green) market price.
In some 1.5 generation (captive/corn fiber) processes, sulfuric acid and ammonia used in pretreatment are carried over into the starch based 1st Generation (1G) process at the integrated corn fiber fermentation. The chemicals are still able to perform their normal functions as nitrogen source for yeast growth and pH control for evaporation, effectively cutting the acid/base consumption in half relative to a standalone ethanol plant. Additionally, waste heat from the pretreatment can be used to drive 1G evaporation, and cook water from the 1G ethanol process used for fiber treatment and washing prior to dilute acid pretreatment. Recalcitrant protein on the incoming fiber is partially hydrolyzed during pretreatment, increasing the overall protein efficacy (digestibility) in the feed product (Karinkanta, 2015). Ultimately, all insoluble solids from the 1G process end up in the animal feed stream, providing higher value to a plant than combustion for power.
In a co-located 1st and 2nd generation (cellulosic) biorefinery, the size of the cellulosic site relative to the 1G site next door depends upon integration of the nominal sulfuric acid dose in pretreatment, somewhere between 25–50% of the starch ethanol output. The 1G plant provides inexpensive carbohydrate for the yeast propagation, such that an excess of yeast is produced and can be sold as a high value single cell protein or combined with the rest of the feed ration to boost the overall protein content. The pretreatment provides both steam and waste heat to the 1G process as well.
To date, the process decision to use high dry matter pretreatment for cellulosic processes has been challenging for a large portion of the pioneer cellulosic ethanol plants. The high level of variation in real-world feedstocks has made it difficult to design a robust frontend process to deliver the feedstock to the high-temperature and -pressure reactors with low free water. For biochemical route processes, the lower solids approach of the process will average many of the feedstock quality differences and provide reliable flow into the pretreatment reactor.
IBR process integration allowed for low solids to be done so economically. Colocation afforded many advantages to the water and energy balances of the lignocellulosic facility. As a result, the resulting cellulosic process has a lower capital cost per gallon ethanol than most reported cellulose plants in operation. There may also be other advantages of co-localization such as utilizing the waste CO2, fertilizer and nutrient separation to take advantage of national and regional incentives to realize low carbon fuels and chemicals.
DISCUSSION
Cellulosic ethanol was validated with over 4,000 h of integrated run at 10 tons per day in the ICM IBR pilot plant, using switchgrass, energy sorghum and two types of corn kernel fiber. The validation process also used a frontend capable of mitigating feedstock variation for more than 400 tons of biomass processed during each trial. It was facilitated by use of incremental engineering changes from the first-generation ethanol process, instead of the more common adaptation of the industrial Pulp and Paper process. There is a foundational truth that feedstock diversity can (and will) resist a “one size fits all” process design for all sources of biomass. The perspectives described in this article are a recognition of the importance of employing demonstrated tools for reducing material flow heterogeneity and variation over time—most notably, use of dilution and benefits of pairing the process with adjacent manufacturing to mitigate water balance and ash limitations. Agricultural feedstock variability is inevitable but leveraging decades of experience with processing cereal grains has demonstrated at scale a cellulosic systems that can be successful in realizing robust operations with low downtime, and as such, should be a consideration of anyone trying to mitigate risk in biorefinery development.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
BE drafted and created the concept of the article. MR contributed to the writing and editing of the article.
FUNDING
This work was authored in part by the National Renewable Energy Laboratory, operated by Alliance for Sustainable Energy, LLC, for the United States Department of Energy (DOE) under Contract No. DE-AC36-08GO28308. Funding provided by the United States Department of Energy Office of Energy Efficiency and Renewable Energy Bioenergy Technologies Office. The views expressed in the article do not necessarily represent the views of the DOE or the United States Government. The United States Government retains and the publisher, by accepting the article for publication, acknowledges that the United States Government retains a nonexclusive, paid-up, irrevocable, worldwide license to publish or reproduce the published form of this work, or allow others to do so, for United States Government purposes. Development work described in this article was funded in part by the US Dept of Energy via the Recovery Act: Pilot Integrated Cellulosic Biorefinery Operations to Fuel Ethanol FOA award number DE-EE0002875, and via private funding by ICM, Inc.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
The authors would like to acknowledge the support of the National Renewable Energy Laboratory in Golden, CO and ICM, Inc. in Colwich, KS for their contributions to the article contents.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fenrg.2022.835714/full#supplementary-material
REFERENCES
 Chauhan, V., Chakrabarti, S. K., and Thapar, S. K. (2011). Effect of Separate and Mixed Refining of Hardwood and Softwood Pulps on Paper Properties. Palpu Chongi Gisul/Journal Korea Tech. Assoc. Pulp Paper Industry 43, 142. 
 Davis, R. E., Grundl, N., Tao, L., Biddy, M. J., Tan, E. C. D., Beckham, G. T., et al. (2018). Process Design and Economics for the Conversion of Lignocellulosic Biomass to Hydrocarbon Fuels and Coproducts: 2018 Biochemical Design Case Update; Biochemical Deconstruction and Conversion of Biomass to Fuels and Products via Integrated Biorefinery Pathways. Golden, CO (United States): National Renewable Energy Lab. NREL. 
 Hartley, D. S., Thompson, D. N., and Cai, H. (2021). Woody Feedstocks 2020 State of Technology Report. United States. Medium: ED. 
 Humbird, D., Davis, R., Tao, L., Kinchin, C., Hsu, D., Aden, A., et al. (2011). Process Design and Economics for Biochemical Conversion of Lignocellulosic Biomass to Ethanol. Renew. Energ. 303 (May), 147. 
 Javers, J. (2017). Recovery Act: Pilot Integrated Cellulosic Biorefinery Operations to Fuel Ethanol. United States, 152. Medium: ED; Size. 
 Karinkanta, P. (2015). Dry fine Grinding of Norway spruce (Picea Abies) wood in Impact-Based fine Grinding Mills. 
 Kim, S., Dale, B. E., Jin, M., Thelen, K. D., Zhang, X., Meier, P., et al. (2019). Integration in a Depot‐based Decentralized Biorefinery System: Corn stover‐based Cellulosic Biofuel. GCB Bioenergy 11 (7), 871–882. doi:10.1111/gcbb.12613
 Nugroho, D. (2012). Low Consistency Refining of Mixtures of Softwood & Hardwood Bleached Kraft Pulp: Effects of Refining and Power. 
 Slupska, M., and Bushong, D. (2019). Lessons from Commercialization of Cellulosic Ethanol - A POET Perspective. Biofuels, Bioprod. Bioref. 13, 857–859. doi:10.1002/bbb.2033
 Smith, W. A., Bonner, I. J., Kenney, K. L., and Wendt, L. M. (2013). Practical Considerations of Moisture in Baled Biomass Feedstocks. Biofuels 4 (1), 95–110. doi:10.4155/bfs.12.74
 Tumuluru, J. S., Wright, C. T., Hess, J. R., and Kenney, K. L. (2011). Erratum: A Review of Biomass Densification Systems to Develop Uniform Feedstock Commodities for Bioenergy Application. Biofuels Bioproducts and Biorefining 1, 5. doi:10.1002/bbb.324
 Us Department of Energy, (2016). “US Department of Energy-Office of Energy Efficiency and Renewable Energy–Bioenergy Technologies Office. Summary Report from the October 5-6,” in 2016 Biorefinery Optimization Workshop in Chicago, Illinois. DOE/EE-1514 December,  (Chicago, Illinois, October 5-6). 
 Zhang, L., Yang, Z., Zhang, Q., Zhu, X., and Hu, H. (2017). Mechanical Behavior of Corn Stalk Pith: an Experimental and Modeling Study. INMATEH Agric. Eng 51, 39–48. 
Conflict of Interest: Author BE is employed by ICM, Inc., a privately owned and for-profit company providing technology services to the bioethanol industry.
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Resch and Emme. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 27 April 2022
doi: 10.3389/fenrg.2022.840418


[image: image2]
Optimizing Chemical-Free Pretreatment for Maximizing Oil/Lipid Recovery From Transgenic Bioenergy Crops and Its Rapid Analysis Using Time Domain-NMR
Shraddha Maitra1,2, Stephen P. Long2,3 and Vijay Singh1,2*
1Department of Agricultural and Biological Engineering, University of Illinois at Urbana-Champaign, Urbana, IL, United States
2Center for Advanced Bioenergy and Bioproduct Innovations (CABBI), Department of Energy, Urbana, IL, United States
3Carl R. Woese Institute for Genomic Biology, University of Illinois at Urbana-Champaign, Urbana, IL, United States
Edited by:
Allison E. Ray, Idaho National Laboratory (DOE), United States
Reviewed by:
Somnath D. Shinde, Conagen Inc., United States
Corey Pilgrim, Idaho National Laboratory (DOE), United States
* Correspondence: Vijay Singh, vsingh@illinois.edu
Specialty section: This article was submitted to Bioenergy and Biofuels, a section of the journal Frontiers in Energy Research
Received: 21 December 2021
Accepted: 21 March 2022
Published: 27 April 2022
Citation: Maitra S, Long SP and Singh V (2022) Optimizing Chemical-Free Pretreatment for Maximizing Oil/Lipid Recovery From Transgenic Bioenergy Crops and Its Rapid Analysis Using Time Domain-NMR. Front. Energy Res. 10:840418. doi: 10.3389/fenrg.2022.840418

Transgenic bioenergy crops have shown the potential to produce vegetative oil by accumulating energy-rich triacylglyceride molecules that can be converted into biofuels (biodiesel and biojet). These transgenic crops cater to improved biofuel yield by providing lipids along with cellulosic sugars. Efficient bioprocessing technologies are needed to utilize these transgenic plants to their maximum potential. To this end, this study investigates a low- and high-severity chemical-free hydrothermal pretreatment of transgenic oilcane 1566 bagasse with in situ lipids to maximize the recovery of lipids for biodiesel and fermentable sugars for ethanol with minimal inhibitor generation. Hydrothermal pretreatment at 170°C recovered ∼25% of total lipids in the pretreatment liquor, leaving the remainder in bagasse residue for hexane recovery post fermentation . The recovery of lipids in pretreatment liquor remained constant beyond 170°C. Along with lipids, ∼35% w/w and ∼50% w/w fermentable sugars were recovered post saccharification from bagasse pretreated at 170°C and 210°C for 20 min, respectively. Hydrothermal pretreatment at 170°C for 20 min provided the optimum conditions for maximum recovery of lipids and cellulosic sugars that resulted in enhanced biofuel yield per unit biomass. High severity pretreatment increased the generation of inhibitors beyond the tolerance of fermentation microorganisms. In addition, the application of time-domain proton NMR spectroscopy was extended to bioprocessing. NMR technology facilitated the analysis of total lipids, the composition of fatty acids, and the characterization of free and bound lipids in untreated and pretreated oilcane 1566 bagasse subsequent to each step of biomass to biofuel conversion.
[image: Graphical ABSTRACT]GRAPHICAL ABSTRACT | 
Keywords: biofuels (biodiesel and bioethanol), hydrothermal pretreatment, time-domain 1H NMR spectroscopy, lipid analysis, bioenergy crops
INTRODUCTION
Biofuels are a drop-in, environmentally nontoxic, biodegradable, and less contaminating alternative to conventional fuels with comparable energy efficiency, with strong potential for lowering CO2 emissions. Cellulosic biomass has immense potential as a renewable feedstock for global energy needs. Bioenergy from traditional biomass such as cereal grains, forestry, and other energy crops constitutes approximately 7% of total global energy consumption (REN21, 2020). Oils from plants are particularly valued since they can be easily converted to biodiesel and bio-jet, serving markets that are unlikely to be electrified. To this end, bioenergy crops such as sugarcane, energycane, sorghum, and miscanthus are being metabolically engineered to shift the carbon flux from sugar to lipid synthesis and accumulation in their vegetative tissues (Zale et al., 2016; Vanhercke et al., 2019; Parajuli et al., 2020).
The accumulation of energy-rich triacylglyceride (TAG) molecules enhances the energy density of these transgenic bioenergy crops as compared to their wild-type varieties. These metabolically engineered transgenic bioenergy crops can be used for the production of both fermentable sugars and lipids/oil. Moreover, the very high productivity of these crops would result in substantially more oil per unit area than conventionally used oilseed crops (Parajuli et al., 2020). For example, sugarcane produces an annual yield of dry biomass of at least 10–20 times more per hectare than soybean; thus, accumulation of ∼20% lipids in the vegetative tissues would produce 10–20 times more oil for biodiesel than soybean per unit area (Huang et al., 2016a; 2016b). However, the quality of biodiesel is influenced by the composition of the total lipids of transgenic crops. Genetic engineering to modify the metabolic pathways of transgenic bioenergy crops provides a tool to develop desired feedstock to improve biodiesel quality by having a higher content of short, unbranched, and saturated fatty acids (Knothe, 2008, 2009).
Mechanical pressing and solvent extraction are the two most commonly used procedures for commercial oil extraction from oilseeds for biodiesel production (Atabani et al., 2013; Bhuiya et al., 2016). Although it is anticipated that refinement of bioengineering would eventually raise total oil content in transgenic bioenergy crops to 20%, initial steps have only raised total TAG content to 8 and 4.3% dry weight in the leaf and stem, respectively, along with an increase in total fatty acid content to 13% dry weight in the leaf (Parajuli et al., 2020). Nevertheless, this provides material on which challenges to extraction technologies may be evaluated. Since the total lipid content in transgenic bioenergy crops is lower than that in oilseeds and a considerable percentage of lipids are present in a complex bound form (Zale et al., 2016; Parajuli et al., 2020; Maitra et al., 2021), the conventional methods for oil recovery from oilseeds are not sufficient for effective lipid recovery from transgenic cellulosic biomass. Chemical-free low-severity methods for the extraction are necessary to prevent the decomposition of lipids during pretreatment, followed by saccharification of the residual cellulosic biomass to produce fermentable sugars. Jia et al. (2020) reported an improvement in lipid recovery upon hydrothermal pretreatment of oil-bearing corn germ meal at 180°C for 15 min (Jia et al., 2020).
The time-domain NMR technique provides a faster alternative to the existing lipid characterization and profiling techniques (Berman et al., 2013; Robinson and Cistola, 2014; Nascimento et al., 2017; Nikolskaya and Hiltunen, 2018). Rapid analytical methods for the initial screening of samples are critical in optimizing the extraction technology. Previously, we showed the application of TD-NMR as an effective high-throughput phenotyping method to quantify and characterize in situ lipids in transgenic lignocellulosic bagasse (Maitra et al., 2021). TD-NMR facilitates direct analysis of cellulosic biomass for lipid analysis without sample preparation or lipid extraction. Thus, TD-1H NMR provides a convenient and rapid alternative to the tedious wet chemistry technique of fatty acid analysis. The application of TD-NMR for qualitative and quantitative characterization of in situ vegetative lipids in cellulosic biomass after each bioprocessing step such as pretreatment, saccharification, simultaneous saccharification, and fermentation (SSF) has not been reported.
The present work investigates low- and high-severity hydrothermal pretreatment for maximizing lipid and sugar recovery with negligible inhibitor generation from the transgenic lipid-producing sugarcane (oilcane 1566) bagasse and extends the application of TD-NMR spectroscopy for the estimation of the total lipid and fatty acid composition in the cellulosic biomass before and after each of the following steps: pretreatment, enzyme hydrolysis, and SSF.
MATERIALS AND METHODS
Transgenic Bioenergy Crop
The transgenic oilcane event 1566 was grown in a greenhouse at the University of Illinois at Urbana-Champaign under controlled environmental conditions. This was a 16-h day in which sunlight was supplemented to ensure a minimum photon flux of 600 μmol m−2 s−1 light from high-pressure sodium lamps. The temperature was controlled between 28° and 31°C. Whole shoots of wild-type and transgenic plants were harvested at the stage that they would be harvested in the field for processing, that is, before flowering. The leaves were separated from the stem, and juice was extracted using a juicer (Juicematic SC-3 commercial sugarcane juicer). Each stem was passed through the juicer three times to extract maximum juice. The bagasse was dried to constant weight at 50°C. The dried bagasse was cut into smaller pieces of 1–2 inches with pruning shears, followed by shredding in a hammer mill (W-8-H, Schutte-Buffalo Hammermill, Buffalo, NY), with a sieve size of 2 mm. Bagasse was stored at −20°C until it could be used for further processing.
Hydrothermal Pretreatment
The hydrothermal pretreatment at 170 and 210°C for 10 and 20 min was performed in a sand bath (IFB-51 Industrial Fluidized Bath, Techne Inc., Burlington, NJ) attached to an air compressor for even heat distribution. Pretreatment was performed with a 20% w/w biomass solid loading. The transgenic oilcane 1566 bagasse samples were loaded into capped pipe reactors (316 stainless steel reactors: 10.478 cm length × 1.905 cm outer diameter × 0.165 cm wall thickness tubing, SS-T12-S-065–20, Swagelok, Chicago Fluid System Technologies, Chicago, IL; 316 stainless steel caps: SS-1210-C, Swagelok, Chicago Fluid System Technologies, Chicago, IL). A thermocouple [Penetration/Immersion Thermocouple Probe Mini Conn (−418–1652°F), Mc Master-Carr, Robbinsville, NJ] inserted into the reference pipe reactor filled with deionized water was used to monitor the in situ temperature. The thermocouple was connected to a data logger (HH306/306A, Datalogger Thermometer, Omega, Stamford, CT). The pretreatment reactions were quenched immediately after 10 and 20 min of pretreatment by submerging the reactors into cold water. The resulting, pretreatment liquor was analyzed for solubilized sugars and inhibitors using HPLC. The pretreated bagasse residue was kept at 4°C for lipid analysis and saccharification.
Saccharification
Enzymatic saccharification was performed on both untreated and pretreated transgenic oilcane 1566 bagasse using standard protocol NREL/TP-5100-63351 (Resch et al., 2015). Enzyme hydrolysis was carried out with 10% (w/w) biomass solid loading for 72 h at 50°C in an incubator shaker at 180 rpm. The working concentrations of the enzyme hydrolysis reaction mixture contained citrate buffer (0.05 M) and sodium azide (0.005%) to inhibit the growth of microorganisms and 16.9 mg protein/g of dry biomass of cellulase and hemicellulose mixture [59.64 FPU/g dry biomass enzyme loading (NS 22257, Novozymes North America, Inc., Franklinton, NC, United States)].
Simultaneous Saccharification and Fermentation (SSF)
Simultaneous saccharification and fermentation were performed on untreated and two differently pretreated transgenic 1566 bagasse [170°C for 20 min and 210°C for 20 min]. The working concentrations of the SSF reaction mixture contained citrate buffer (0.05 M), 16.9 mg protein/g of dry biomass of cellulase and hemicellulase mixture (NS 22257, Novozymes North America, Inc., Franklinton, NC, United States )], and C6/C5 fermenting recombinant Saccharomyces cerevisiae (kindly provided by DSM). The yeast was grown on a YPX medium (1% yeast extract, 2% peptone, and 2% xylose) for 48 h at 32°C. Yeast cells were centrifuged and inoculated in the SSF medium to obtain a starting cell O.D600 of 0.5. SSF was carried out for 96 h in a shaking incubator (180 rpm) at 32°C with 10% solid loading and sampled after every 24 h. The samples were filtered using 0.2-μm syringe filters and analyzed for sugars and ethanol using HPLC. The bagasse residue obtained post SSF was evaluated for lipid content and composition using TD-NMR.
Sugars and Inhibitor Analysis
The pretreatment liquors and hydrolyzates were centrifuged to separate the solid particles. The supernatants were filtered through 0.2-μm PTFE filters for HPLC analysis. The concentrations of sugars and inhibitors were estimated using an HPLC system (Waters alliance e2695 Separation module, Waters Corporation, MA, United States ) equipped with a refractive index detector and a Bio-Rad Aminex HPX- 87H column (Bio-Rad, Hercules, CA, United States ).
Time-Domain 1H-NMR Spectroscopy
Time-domain NMR spectroscopy was used for quantification of total lipids and major fatty acids, that is, palmitic (C16:0), oleic (C18:1), and linoleic (c18:2) acid and characterization of bound and free lipids in the untreated and pretreated transgenic oilcane 1566 bagasse.
Quantification of Total Lipid Using Benchtop Time-Domain- 1H-NMR Spectroscopy
The total in situ lipids in untreated and pretreated transgenic oilcane 1566 bagasse were quantified and analyzed for bound and free fractions and major fatty acids (palmitic acid, oleic acid, and linoleic acid) using TD-NMR spectroscopy (Maitra et al., 2021). A low-field benchtop time-domain proton NMR spectroscope (Minispec mq20, Bruker, Massachusetts, United States) was used. The NMR system was equipped with an 18-mm thermostat 1H-probe operating at 0.47 T/20 MHz and 40°C. For lipid analysis, the bagasse samples were dried (≤2% moisture content) to alleviate the interference of proton signals from water molecules. The time-domain 1H NMR was calibrated with lipids extracted from transgenic bioenergy crops for analyzing in situ lipids in transgenic lignocellulosic biomass as reported in previous work (Maitra et al., 2021).
Characterization of Bound and Free Oil Fraction Using TD-NMR
T1T2 relaxation/intensity curves were analyzed for characterization of total lipids into bound and free lipid fractions as reported in the previous work (Maitra et al., 2021). The Carr–Purcell–Meiboom–Gill (CPMG) application was used for acquiring the full exponential decay curves for transverse (T2) relaxation times. The longitudinal (T1) relaxation time was obtained by the inversion recovery method. A CPMG pulse sequence was applied for the measurement of spin–spin relaxation. The total number of acquired echoes was 800. 90°–180° pulse separation (tau) was 2. The T1 inversion recovery relaxation time had a first and final pulse separation of 2 and 800 ms, respectively. A sampling window of 0.1 ms was used. The recycle sampling delay for the T1 inversion recovery experiment was 2 s. A total of 10 data points were used to fit the curve for each sample. Both T1 and T2 relaxation spectra were fitted to a bi-exponential equation of second order as reported previously (Maitra et al., 2021). The CONTIN algorithm software obtained from Bruker provided the continuous distribution of T1 and T2 values.
Analyzing Fatty Acid Composition Using TD-NMR
TD-1H NMR was calibrated to quantify palmitic acid (16:0), oleic acid (18:1), and linoleic acid (18:2) in transgenic bagasse samples. The minispec Plus, containing Bruker’s OPUS software, was used for chemometric processing and storage of TD-NMR data. Chemometric processing included discerning differences between samples, identifying outliers, and obtaining regression models to correlate NMR values with the existing reference data in the software. Separate calibration curves were prepared for each fatty acid. Individual pure fatty acids (≥99% purity) were purchased from Sigma-Aldrich. The fatty acids were stored at −20°C. Palmitic acid (16:0), oleic acid (18:1), and linoleic acid (18:2) used in the study did not show susceptibility to oxidation at the experimental temperature of 40°C on repeated usage.
For non-invasive analysis of fatty acid composition in bagasse samples, pure free fatty acid standards were mixed with the “biomass matrix” as a background for calibration. Since bagasse itself is a complex matrix consisting primarily of lignin, cellulose, and hemicellulose, mixed with a variety of pigments, polyquinones and their oxidation products, membrane-proteins, and phospholipids, it is critical to abate the background signal of proton nuclei because of lipid molecules. The lipid biomolecules were removed from the bagasse by hexane, isopropanol, and ethanol extraction in a Soxhlet extractor. The bagasse obtained after extraction served as a “biomass matrix” for calibration purposes. The lipid-extracted bagasse was mixed with different amounts of pure fatty acid to calibrate the TD-NMR. Palmitic acid (16:0) was heated in a water bath at 65°C to ensure that it was in the oil form and above the crystalline-liquid phase transition before mixing it into the “biomass matrix” for calibration. A combination of FID (free induction decay) and CPMG applications was used to analyze the time decay signal of each fatty acid based on the nanofluidity of hydrocarbon chain packing (Robinson and Cistola, 2014). The decay spectra were evaluated by taking 16 scans with no dummy scans and a receiver gain of 40. Each fatty acid (palmitic acid, oleic acid, and linoleic acid) is expressed as the percentage of the total lipid present per gram of dry biomass.
Organic Solvent Lipid Extraction
Lipids/oils were extracted from the untreated and pretreated bagasse using the organic solvent method as reported by Huang et al. (2017). The organic solvent–extracted samples were analyzed for lipid classes and metabolites using GC/MS and LC/MS/MS. GC/MS and LC/MS/MS were performed at the Metabolomics Lab, Roy J. Carver Biotechnology Center, University of Illinois at Urbana-Champaign, IL, United States. A benchtop Agilent GC/MS (7890A GC with 5975C MS) with commercial Wiley and NIST libraries and a mass range of m/z 2 ∼ m/z 800 designed for small metabolite analysis equipped with EI and CI sources were used for targeted metabolite profiling analysis. For LC/MS/MS analysis, a benchtop Sciex LC/MS-5500 QTrap Mass Spectrometer (hybrid triple Quadrupole-linear accelerator trap mass spectrometer) with Turbo V™ Source including ESI and APCI connected to an Agilent 1200 HPLC was used. The scan modes include full scan and selected ion scan for both Q1 and Q3, Product Ion Scan, Precursor Ion Scan, Neutral Loss Scan, Multiple Reaction Monitoring (MRM), Enhanced MS Scan, Enhanced Product Ion Scan, Enhanced Resolution Scan, and MS3 scan with a mass range of m/z 5 ∼ m/z 1,250.
RESULTS
Lipid Analysis Using TD-NMR Spectroscopy
The recovery of lipids from transgenic bagasse needs bioprocessing that prevents them from decomposition. To maximize lipid recovery, the transgenic oilcane 1566 bagasse was pretreated with a chemical-free hydrothermal pretreatment at low and high severity. The severity of the pretreatment ([image: image]) was calculated using the equation (Overend et al., 1987),
[image: image]
where, t, T, and [image: image] represent the pretreatment time (minutes), pretreatment temperature (°C), and reference temperature, that is, 100°C, respectively. The severity factor of hydrothermal pretreatment at 170°C for 10 and 20 min is 3.06 and 3.36 but 4.23 and 4.54 for pretreatment at 210°C for 10 and 20 min, respectively. The untreated and pretreated bagasse residues were analyzed for total lipids using time-domain 1H-NMR spectroscopy. The untreated transgenic oilcane 1566 bagasse contained 3.05% total lipid per g of dry biomass. Upon hydrothermal pretreatment at 170°C and 210°C for 10 and 20 min, approximately 25% of total lipids were released in the pretreatment liquor (Figure 1A). The remaining 75% lipids remained in the bagasse irrespective of the severity of the pretreatment, which was recovered in subsequent steps.
[image: Figure 1]FIGURE 1 | Estimation of total in situ lipids in (A) the untreated and pretreated transgenic oilcane 1566 bagasse residues and (B) untreated and pretreated bagasse residues after saccharification using TD-NMR. Data present the mean of triplicates with a standard deviation of 0.05%.
Oil-associated proton relaxation time distributions of untreated and pretreated transgenic oilcane 1566 bagasse were analyzed. The samples exhibited two distinct oil-associated subpopulations of proton nuclei. Shorter and longer relaxation times of proton nuclei correspond to a lesser and higher degree of freedom, which represents the bound and free form of oils/lipids in the cellulosic biomass. In addition, the NMR intensity and magnitude of relaxation times qualitatively correspond to the relative amount of bound and free lipids in the bagasse residue (Maitra et al., 2021). The magnitudes of T1 relaxation times of untreated and hydrothermally pretreated bagasse are presented in Table 1. A decrease in the magnitude of the T1 relaxation times of pretreated bagasse as compared to untreated bagasse confirmed the release of lipids from the bagasse to the pretreatment liquor. The magnitude of T2 relaxation times also showed lower oil-associated proton fluidity of bound oil in pretreated biomass residue as compared to the untreated bagasse, while no oil-associated proton fluidity was observed for free oil (Supplementary Table S1). The result was mirrored in the total lipid measurement using NMR spectroscopy (Figure 1A). The total lipid content of the bagasse residue was reduced from ∼3 to 2.3% per g of dry bagasse. The lipid analysis of transgenic oil-containing bagasse using NMR is in agreement with that in our previous study with model biomass (bagasse with externally added crude corn oil) that successfully established the application of TD-NMR spectroscopy for precise measurement and characterization of the residual lipids in the biomass fibers after hydrothermal pretreatment (Maitra et al., 2021).
TABLE 1 | Analyzing T1 relaxation/intensity curves to investigate the fraction of bound and free lipids in the untreated and pretreated bagasse residues after various hydrothermal pretreatment conditions, saccharification, and SSF.
[image: Table 1]The bagasse residues obtained post saccharification were also analyzed for total lipid content and a change in the magnitude of T1 relaxation times using TD-1H NMR to investigate the further release of lipids. After saccharification, the total lipid content of bagasse residues increased by 26 and 54% for bagasse pretreated at 170°C (∼2.3 to ∼2.9% w/w) and 210°C (∼2.4 to ∼3.9% w/w), respectively (Figure 1B). The magnitude of T1 relaxation times of bagasse residues after saccharification for free oil was found to be lower than their corresponding untreated and pretreated bagasse residues (Table 1). The magnitude of T2 relaxation times for bound oil remained low, and no oil-associated proton fluidity was observed for free oil in biomass residues after saccharification (Supplementary Table S1). The magnitude of relaxation times corresponds to the amount of oil-associated proton nuclei, which is directly correlated to the concentration of oil/lipid in the residue (Maitra et al., 2021). Therefore, this observation indicates a further recovery of 45–60% of lipids in the hydrolyzate after saccharification. However, the magnitude of T1 relaxation time for bound oil showed no significant change in the signals. This suggests that the process of enzyme hydrolysis releases sugars by disrupting the cellulosic and hemicellulosic framework of the bagasse structure, which aids in the further recovery of the free form of lipids. However, the membrane-bound lipids are not recovered.
Analysis of NMR Relaxation/Intensity Curves
The study correlates T1 relaxation/intensity curves with the recovery of lipid from bagasse residues (Figure 2). A reduction in the NMR intensity of the T1 relaxation/intensity curves of the bagasse pretreated at 170°C for 10 and 20 min as compared to the untreated bagasse suggests reduced oil-associated proton fluidity of the bagasse and, hence, is directly correlated with the release of lipids from cellulosic biomass upon pretreatment (Maitra et al., 2021). The observation is in agreement with the quantitative analysis of the lipid content of the biomass residues (Figure 1A). T2 relaxation/intensity curves mirrored the results of the T1 relaxation/intensity curves but displayed lower NMR intensity for each biomass residue (Supplementary Figure S1). On the contrary, bagasse pretreated under severe conditions, that is, 210°C for 10 and 20 min exhibited higher NMR intensity. Therefore, the samples were analyzed using GC/MS to investigate the reason for the higher NMR intensity. The GC/MS analysis of the samples showed higher amounts of phenolics and various other metabolites than the untreated bagasse (Figure 3A). The proton nucleus metabolites could possibly contribute to the total proton signals, resulting in higher NMR intensity.
[image: Figure 2]FIGURE 2 | T1 relaxation/intensity curve analysis of in situ lipids in the untreated and pretreated bagasse residue of the transgenic oilcane 1566 bagasse.
[image: Figure 3]FIGURE 3 | (A) GC/MS analysis of total metabolites and (B) LC/MS/MS analysis of various lipid classes of untreated and hydrothermally pretreated transgenic oilcane 1566 bagasse using the organic solvent method. TG, DG, and MG denote triglycerides, diglycerides, and monoglycerides, respectively.
Analyzing Changes in Lipid Composition on Pretreatment
A qualitative GC/MS analysis was performed on the hexane-/IPA-extracted samples from untreated and pretreated transgenic oilcane 1566 bagasse (170°C for 10 min and 210°C for 10 and 20 min). The untreated bagasse sample contained >50% lipids; ∼ 40% plant metabolites such as maleic acid, fumaric acid, salicylic acid, itaconic acid, hydroxyquinone, and their derivatives; and 0.51% of phytohormones like derivatives of phenylacetic acid, indole-acetic acid, and indole-carboxylic acid. Hydrothermal pretreatment significantly increased the generation of phenolic compounds (Figure 3A).
LC/MS/MS analysis was performed to investigate the changes in the composition of lipid classes due to low and high severity hydrothermal pretreatment as compared to the untreated bagasse (Figure 3B). The untreated bagasse sample showed a higher relative percentage of membrane lipids, that is`, phospholipids and sphingolipids and only 0.02% w/w of free fatty acids. Both low and high severity pretreatment procedures aided in decreasing the membrane lipid content. The levels of mono glycerol (MG) and free fatty acids increased on pretreatment, which can be attributed to the thermal decomposition of membrane lipids during hydrothermal pretreatment (Maher and Bressler, 2007). The relative percentage of triglycerides (TGs), diglycerides (DGs), and sterol remained similar after pretreatment.
Analysis of Fatty Acid Composition of Transgenic Bagasse Using TD-NMR
The fatty acid profiles of untreated and pretreated bagasse residues are shown in Figure 4A. A decrease in the percentage of palmitic acid (C16:0) and oleic acid (C18:1) in the pretreated bagasse residue as compared to untreated bagasse indicates that both low- and high-severity pretreatment release fatty acids in the pretreatment liquor upon pretreatment. Pretreatment at 170°C for 10 and 20 min recovered ∼42% palmitic acid (C16:0) (a decrease from 14 to ∼8% C16:0 per g dry biomass), ∼55% oleic acid (C18:1) (a decrease from 38 to ∼17% C18:1 per g dry biomass), and ∼30% linoleic acid (C18:2) (∼9 to ∼6% C18:2 per g dry biomass) in the pretreatment liquor. On the other hand, high-severity pretreatment at 210°C for 10 and 20 min released ∼42% palmitic acid (C16:0) (a decrease from 14 to ∼8% C16:0 per g dry biomass), 39% of oleic acid (C18:1) (a decrease from 38 to ∼23% C18:1 per g dry biomass), and 20% of linoleic acid (C18:2) (a decrease from ∼9 to ∼7% C18:2 per g dry biomass) in the pretreatment liquor. The other fatty acids and lipid classes were concentrated in the bagasse residue on pretreatment. This observation is in agreement with that of the previously reported study (Jia et al., 2020). Pretreatment temperatures beyond 170°C exhibited no significant improvement in the recovery of fatty acids in pretreatment liquor.
[image: Figure 4]FIGURE 4 | Non-invasive analysis of the recovery of three important fatty acids such as palmitic (C16:0), oleic (C18:1), and linoleic (C18:2) acids in the bagasse residues before and after (A) hydrothermal pretreatment and (B) saccharification using TD-NMR.
On the other hand, enzyme hydrolysis aided the recovery of fatty acids other than C16:0, C18:1, and C18:2 by ∼16% (a decrease from 54 to ∼45% per g dry biomass) and ∼63% (a decrease from 54 to ∼20% C per g dry biomass) from 170°C and 210°C pretreated bagasse, respectively (Figure 4B). No further recovery of palmitic (C16:0) or linoleic acids (C18:2) was observed after saccharification. However, bagasse pretreated at 170°C and 210°C showed 1.3 and 2.1 times higher accumulation of oleic acid (C18:1) in the bagasse residue post saccharification, respectively.
Recovery of Fermentable Sugars From Transgenic Oilcane 1566 Bagasse
Besides lipids for biodiesel, fermentable sugars for bioethanol and various value-added bioproducts were recovered from the transgenic oilcane 1566 bagasse. The study categorizes the total sugar yield into solubilized and non-solubilized sugars. The sugars recovered in pretreatment liquor represented the solubilized sugar, while the yield of glucose and xylose obtained post saccharification is denoted as non-solubilized sugar as previously discussed (Maitra and Singh, 2021). Untreated oilcane 1566 bagasse yielded 0.200 ± 0.042 g sugar per g dry biomass on enzyme hydrolysis. Hydrothermal pretreatment at 170°C for 10 and 20 min yielded 0.227 ± 0.004 and 0.268 ± 0.004 g sugar per g dry biomass on saccharification, respectively. Pretreatment at 210°C for 10 and 20 min increased the sugar yield by 1.9 times (0.388 ± 0.003 g/g dry biomass) and 2.3 times (0.457 ± 0.010 g/g dry biomass) post saccharification as compared to the untreated biomass, respectively (Figure 5A). The total fermentable sugar (solubilized + non-solubilized sugars) increased from 20% w/w (untreated biomass) to 50% w/w (pretreated at 210°C), demonstrating >80% recovery of total sugar on pretreatment. However, with an increase in sugar recovery, the yield of inhibitors, specifically acetic acid, also increased significantly beyond the 170°C pretreatment temperature (Figure 5B). The observation is in agreement with that in our previous study that inhibitor generation increases exponentially beyond 170°C in hydrothermal pretreatment (Maitra and Singh, 2021).
[image: Figure 5]FIGURE 5 | (A) Total sugar recovered and (B) inhibitors generated during hydrothermal pretreatment of transgenic oilcane 1566 bagasse.
Lipid and Ethanol Yield After Simultaneous Saccharification and Fermentation (SSF)
Since ethanol has lipid-solubilizing property, simultaneous saccharification and fermentation (SSF) were performed with untreated and pretreated (170°C and 210°C for 20 min) bagasse to examine the recovery of lipids in the post-fermentation broth as observed in the corn dry–grind process (Moreau et al., 2010; Luangthongkam et al., 2015). The release of lipids from the cellulosic biomass after SSF is evident from the decrease in the magnitude of T1 relaxation time of pretreated bagasse samples (Table 1). A left shift in relaxation/intensity curves of the pretreated bagasse residue after SSF in Figure 6A indicates a reduction in the degree of freedom of lipid-associated proton molecules of the pretreated bagasse samples (Maitra et al., 2021). An increase in NMR intensity could be due to the contribution of proton molecules from citrate buffer, yeast, or enzymes used in SSF. The lipid released during fermentation can be present in different forms, such as oil-in-water emulsion, oil inside unbroken oil bodies, and oil droplets attached to cellulosic biomass (Luangthongkam et al., 2015). However, unlike the dry–grind process, due to the low lipid content in transgenic oilcane 1566 bagasse, most of the lipids remained either attached to or accumulated in the cellulosic biomass. Thus, an increase in the total lipid content of the pretreated bagasse residue after SSF was observed (Figure 6B). The fatty acid composition of the bagasse residue after SSF was similar to that of post-saccharification (Figure 6C).
[image: Figure 6]FIGURE 6 | (A) T1 relaxation/intensity curves analysis of in situ lipids, (B) amount of total in situ lipids, and (C) fatty acid profile of lipids in the untreated and pretreated bagasse residues after SSF. Sugar and ethanol profile of (D) untreated and hydrothermally pretreated oilcane 1566 bagasse, that is, (E) 170°C for 20 min, and (F) 210°C for 20 min during SSF.
The sugar and ethanol profiles of untreated and pretreated bagasse during SSF are presented in Figures 6D–F. Oilcane 1566 bagasse pretreated at 170°C for 20 min resulted in the best outcome for enhanced biofuel yield. It yielded a maximum ethanol concentration of 15.3 g/l which is 23.7 and 92.1% higher than ethanol obtained from untreated bagasse (11.6 g/l) and bagasse pretreated at 210°C for 20 min (1.2 g/l), respectively. Glucose and xylose were consumed simultaneously and completely within 48 h of fermentation (Figure 6E). A decrease in ethanol concentration after 55 h was observed that could be due to the consumption of ethanol by yeast as a carbon source after complete consumption of sugars (Figures 6D, E) (Raamsdonk et al., 2001). It has been observed in several fermentation studies with both Crabtree positive and negative yeasts that once all the sugars in the fermentation medium are consumed, yeasts start to consume sugar metabolism products as a carbon source and proliferate slowly (Polakis and Bartley, 1965; Skoog et al., 1992). Unfortunately, due to high concentration of inhibitors (Figure 5B), yeast could not grow well on bagasse pretreated at 210°C for 20 min. No significant change in sugar consumption or ethanol production was observed over 96 h of fermentation (Figure 6F). High-severity pretreatment generates inhibitory compounds that restrict the growth of yeast and reduce ethanol yield (Figures 5B, 6F). Removal of inhibitors could improve the fermentation efficiency of high-severity–pretreated bagasse.
DISCUSSION
Recovery and Stability of Lipids During Bioprocess Steps
Plant tissues have a variety of lipid classes present in both bound and free forms. Triacylglyceride (TAG) molecules in the transgenic oilcane 1566 accumulate in the form of droplets inside the vegetative tissues (Parajuli et al., 2020). Recovery of a fraction of these free lipids in the pretreatment liquor decreases the cost of subsequent solvent extraction. The present NMR study showed that hydrothermal pretreatment and saccharification release ∼25% of total lipids in pretreatment liquor and 45–60% of the remaining lipids in hydrolyzate, respectively. The remaining bound lipids in the cellulosic biomass can be extracted at the end of the bioprocess using organic solvent extraction (Huang et al., 2017).
Analysis of the stability of in situ lipids in the transgenic cellulosic biomass upon pretreatment is critical to optimizing the pretreatment parameters. To this end, time-domain proton NMR spectroscopy can detect minute alterations in the degree of freedom of oil-associated proton nuclei in the bagasse residues after various pretreatment procedures. Changes can be observed in the NMR intensity and the magnitude of relaxation time distribution (Robinson and Cistola, 2014; Nikolskaya and Hiltunen, 2020; Maitra et al., 2021). The T1 relaxation/intensity curves also provide information on the decomposition of lipids in the pretreated bagasse residue upon pretreatment. In the previous study, the authors demonstrated the effects of hydrothermal, dilute-acid, and alkali pretreatment on model biomass systems (bagasse with externally added crude corn oil). In the alkaline pretreated biomass, alkali caused saponification of the oil in the biomass which resulted in inconsistent relaxation/intensity curves, indicating the decomposition of oil due to the saponification reaction (Maitra et al., 2021). Unlike the NMR relaxation/intensity curves of alkali-pretreated biomass, both low- and high-severity hydrothermal pretreatment retain the stability of in situ lipids (Figure 2).
The Composition of Lipids Recovered Decides the Quality of Biodiesel
In addition to the stability of lipids, the lipid classes and the fatty acid profile of the lipids in the transgenic bioenergy crops are crucial as they decide the properties of biodiesel such as oxidative stability, freezing point, heating value, lubricity, kinematic viscosity, and cloud point (Knothe and Gerpen, 2005; Knothe, 2008). The approach of hyperaccumulation of lipids in transgenic bioenergy crops also aims to improve the percentage of desirable fatty acids. Therefore, during the development and optimization of the pretreatment protocol for transgenic bioenergy crops, it is necessary to analyze the fatty acid composition of lipids after each step of bioprocessing. TD-NMR provides a rapid and convenient screening method during the initial developmental stages. The TD-NMR technique utilizes the specific T1T2 relaxometry spectra of saturated (SFA), unsaturated (UFA), and polyunsaturated (PUFA) fatty acids. Each fatty acid exhibits distinct spectra due to the nanofluidity of the hydrocarbon side chains and molecular properties (Robinson and Cistola, 2014; Nikolskaya and Hiltunen, 2018, 2019). The fatty acid composition of seed oils is routinely analyzed using NMR (Ebrahimi et al., 2017; Engelsen and van den Berg, 2017; Gottstein et al., 2019). The present study extends the application of the TD-NMR technique for determining the fatty acid profile of lipids in cellulosic biomass residues subsequent to each bioprocessing step.
TD-NMR analysis of the oil-associated proton fluidity (Figure 2) and fatty acid profile (Figure 4A) of untreated and pretreated bagasse residues confirmed the release of lipid molecules in the pretreatment liquor upon pretreatment. However, bagasse residues obtained post saccharification showed a relatively higher percentage of C16:0, C18:1, and C18:2 fatty acids (Figure 4B). This can be attributed to the deconstruction of the biomass residue to release sugars and the accumulation of membrane-bound lipids in the remaining bagasse residue. An increased fraction of C18:1 (oleic) was observed in the pretreated biomass post saccharification. C18 unsaturated fatty acids are one of the predominant fatty acids in plants. Since both pretreatment and saccharification solubilize the structural carbohydrates, an increase in the percentage of oleic acid (C18:1) in the pretreated bagasse residue after saccharification can be attributed to its higher occurrence as part of membrane-bound lipids (Reszczyńska and Hanaka, 2020). A higher percentage of C18 unsaturated fatty acids, specifically oleic acid in the lipids recovered from transgenic crops, aids the improvement in biodiesel quality by balancing the oxidative stability and cold flow of biodiesel without affecting the cetane number (Knothe, 2009). Interestingly, genetically modification expressed higher average values of oleic fatty acid in the transgenic oilcane bagasse which is best suited for biodiesel.
Enhanced Biofuel Yield From Transgenic Oilcane 1566 Bagasse
Both low- and high-severity chemical-free hydrothermal pretreatment of the transgenic oilcane 1566 bagasse efficiently recover lipids in pretreatment liquor and hydrolyzate, while remaining lipids get concentrated in the bagasse residue that could be recovered post fermentation for biodiesel production. High-severity hydrothermal pretreatment (210°C for 10 and 20 min) improved recovery of various lipid classes as compared to low severity pretreatment (170°C for 10 min) (Figure 3A). However, unfortunately, high-severity pretreatment produced >15%, >2.5%, >2% per g dry biomass of acetic acid, HMF, and furfurals, respectively (Figure 5B). The high concentration of inhibitory compounds restricted the growth and fermentation process of yeast during SSF, which limited the optimal production of bioethanol (Figure 6F), even though the recovery of lipids (Figure 3A) and fermentable sugars on saccharification was higher (Figure 5A). In hydrothermal pretreatment, the amount of inhibitory compounds generated is a function of biomass type, moisture content during pretreatment, and pretreatment time and temperature (Ximenes et al., 2011; Maitra and Singh, 2021). To this end, the low-severity pretreatment of bagasse recovered comparable lipids, ∼35% w/w fermentable sugars, and significantly fewer inhibitory compounds that resulted in enhanced biofuel yield (lipids for biodiesel and bioethanol). Hence, hydrothermal pretreatment of transgenic oilcane 1566 bagasse at 170°C for 20 min provides optimum pretreatment conditions to balance the maximum recovery of lipid and fermentable sugar and minimal generation of inhibitors.
CONCLUSION
The study evaluates and presents chemical-free hydrothermal pretreatment at 170°C for 20 min as an optimized condition that balances the maximum recovery of lipid and fermentable sugars and minimal generation of inhibitors from oilcane 1566 bagasse. The NMR relaxometry spectra revealed that hydrothermal pretreatment prevents the decomposition of in situ lipids of transgenic bioenergy crops during the recovery process. Moreover, the study successfully demonstrates the application of time-domain 1H-NMR spectroscopy in the field of bioprocessing for quantification of total lipids in cellulosic biomass, characterization of in-situ lipids into bound and free fractions, and determining the fatty acid composition of cellulosic biomass. The use of NMR spectroscopy has significantly sped up the analysis.
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Lignocellulosic biomass has a complex, species-specific microstructure that governs heat and mass transport during conversion processes. A quantitative understanding of the evolution of pore size and structure is critical to optimize conversion processes for biofuel and bio-based chemical production. Further, improving our understanding of the microstructure of biochar coproduct will accelerate development of its myriad applications. This work quantitatively compares the microstructural features and the anisotropic permeabilities of two woody feedstocks, red oak and Douglas fir, using X-ray computed tomography (XCT) before and after the feedstocks are subjected to pyrolysis. Quantitative analysis of the three-dimensional (3D) reconstructions allows for direct calculations of void fractions, pore size distributions and tortuosity factors. Next, 3D images are imported into an immersed boundary based finite volume solver to simulate gas flow through the porous structure and to directly calculate the principal permeabilities along longitudinal, radial, and tangential directions. The permeabilities of native biomass are seen to differ by three to four orders of magnitude in the different principal directions, but we find that this anisotropy is substantially reduced in the biochar formed during pyrolysis. The quantitative transport properties reported here enhance the ability of pyrolysis simulations to account for feedstock-specific effects and thereby provide a useful touchstone for the biorefining community.
Keywords: feedstock conversion, x-ray computed tomography, adaptive mesh refinement, pyrolysis, biomass, transport phenomena, characterization, image analysis
INTRODUCTION
Lignocellulosic biomass comprises a species-specific, highly porous, and anisotropic microstructure that originates from its function to transport and store water and nutrients throughout the plant during its lifetime. After harvesting, this microstructure, in tandem with the properties of the cell walls from which it is composed, govern the physical properties of lignocellulosic tissue. These features also influence important phenomena such as intraparticle heat and mass transfer that underlie conversion performance in biofuel and biochemical production processes (Ciesielski et al., 2020). Pyrolysis is a thermochemical method for converting biomass to molecular and oligomeric intermediates (Kan et al., 2016) and is often limited by internal transport of heat and fluid egress within particle pores (Pecha et al., 2019). Another product of pyrolysis is biochar, a carbonaceous material whose porosity is derived partially from the microstructure of the original biomass and partially from the pyrolysis process itself. Biochar has long been used as a soil amendment, (Lehmann, 2007; Verheijen et al., 2010), but has also found utility in advanced applications including catalysis, (Lee et al., 2017), adsorption, (Inyang et al., 2016), and electrochemical devices (Jiang et al., 2013). All of these aforementioned applications rely upon the transport of molecules, ions and/or thermal energy throughout hierarchical porous structures, necessitating a rigorous understanding of the microstructural transport properties of biochar and its parent feedstocks. Indeed, Di Blasi (1997) showed that differences in transport properties including permeability and porosity significantly impact pyrolysis product distributions.
Fundamental physical properties including permeability, tortuosity, and void fraction constrain the diffusive and advective transport that govern applications employing biomass and biochar as substrates. In the context of pyrolysis, intraparticle transport can affect the yield and distribution of products, which highlights the importance of accurately handling microstructural effects to achieve predictive models (Ciesielski et al., 2015; Ciesielski et al., 2020). Direct analysis of the microstructure of biomass feedstocks enables quantification of structural features including permeability, tortuosity, and void fraction to parameterize simulations for transport in porous media (Ciesielski et al., 2021). High-fidelity models of biomass conversion and biochar utilization require accurate transport models to enable scale-up and to mitigate technoeconomic risk of industrial deployment. Combined modeling and experimental works have previously elucidated the importance of directional permeability of biomass during pyrolysis (Di Blasi, 1998; Pecha et al., 2021). Other factors such as density and orientation in a gas stream also impact pyrolysis product quality and yield and have been investigated in studies such as in Kumari et al. (2022) and Pecha et al. (2017), but were not examined in this study as these properties can be measured without detailed information of the 3D microstructure of the material.
Accurate quantitative analysis of the microstructure of biomass by traditional experimental methods is difficult to perform. As discussed by Sun et al. (2021), the fidelity of commonly used techniques for experimentally measuring porosity or specific surface area, such as the density method or physisorption, are negatively impacted by pore structure breakage and undesired off-gassing that occur as functions of the temperature and pressure of the testing environment. Mercury intrusion porosimetry (MIP) is also commonly used, (Plötze and Niemz, 2011), but mercury handling poses significant safety concerns in the laboratory, and it can be difficult to interpret and reproduce results. Furthermore, particle size distributions may lead to misleading readouts of multiple pore sizes that are not necessarily statistically significant. For example, MIP tends to overrepresent the bottlenecks, thus providing an estimation of the minimum radius and not of the desired average radius (Holzer et al., 2013). Both the density method and mercury porosimetry provide limited information regarding geometric features of the microstructure, such as pore connectivity and tortuosity. Biomass tortuosity measurements are scant in the literature, and the techniques employed are difficult and specialized (Törnqvist et al., 2001). In the absence of such information and the inability to assume simplified particle geometries, some of us have previously assumed models of tortuosity as a function of void fraction (Sitaraman et al., 2015; Thornburg et al., 2020), although these assumptions extend beyond the models’ intended derivations (Bruggeman, 1935; Millington and Quirk, 1961; Thornburg et al., 2020). In all cases, the sparse information available regarding biomass tortuosity and void fraction applies only to the material’s fresh, unconverted state.
Therefore, there is an emergent need to understand partially and fully converted biomass structures to advance physics-based modeling of such conversion processes. X-ray Computed Tomography (XCT)-based techniques and the application of numerical analyses described here provide accessible, direct answers to these knowledge gaps. Refined measurements of tortuosity and void fraction further enable accurate determination of effective diffusivities, which in turn allow for more robust assessments of reaction vs. diffusion limitations in gas–solid (Pecha et al., 2021) and liquid–solid systems (Luterbacher et al., 2013; Thornburg et al., 2020). Mechanical approaches have also been used to measure some microstructural properties. Envelope density analyzers can be used to measure bulk density and thereby estimate particle porosity, also known as the void fraction, defined as the ratio of the volume of void space in a material to its total volume, though this method does not measure pore structure. Directional gas permeabilities can be measured with a Hassler cell and has been performed for various wood samples (Comstock, 1970; Choong et al., 1974; Filomena et al., 2014). However, these experimental approaches have their limitations, and permeability measurement is a time-intensive process that requires specially cut samples. These techniques are likely not applicable to biochar, which is brittle and cannot easily be shaped without damage.
Imaging methods offer a promising approach for characterizing the microstructure of biomass. Confocal scanning laser microscopy (CSLM), scanning electron microscopy (SEM), and transmission electron microscopy (TEM) are commonly employed to visualize biomass microstructure, yet each have their limitations (Ciesielski et al., 2014). Sample preparation via microtomy for CSLM and TEM can be challenging and may result in artifacts that significantly affect the quality of the images (Boigné et al., 2022). While these methods can be used to produce 3D information about microstructure, by using z-stacking in the case of confocal microscopy, stereo pairs for SEM, and tomography for TEM, the reconstructions often suffer from limited resolution (Shah et al., 2017) and/or missing regions (Bartesaghi et al., 2008) which reduce confidence in measurements of pore geometry. X-ray computed tomography (XCT) is a widely used imaging method to analyze solid samples that produces 3D volumetric images of the microstructure of materials. XCT can provide high spatial resolution while mitigating optical limitations such as beam steering or limited depth of field (Boigné et al., 2022). The 3D reconstructions provided by XCT permit detailed, non-destructive, and direct characterization of the pore microstructure of biomass without the need for any histochemical treatments or intensive sample preparation. Several recent studies have employed XCT to characterize the microstructure of biomass. Sun et al. (2021) calculated the porosity and pore size distribution of loblolly pine samples from XCT reconstructions in a novel study, but important features such as the permeability tensor, tortuosity, or void fraction were not calculated. Boigné et al. (2022) analyzed volume shrinkage within biomass during pyrolysis and oxidation using real-time, in situ XCT, but the effects of pyrolysis on transport properties were not quantitatively investigated. Zolghadr et al. (2019) used XCT imaging to characterize the microstructure of crystalline cellulose, switchgrass, and tall fescue microspheres, calculating void fraction and tortuosity but not directional permeabilities.
This study characterizes the microstructure of early wood hardwood (red oak, Quercus rubra) and softwood (Douglas fir, Pseudotsuga menziesii) samples, before and after pyrolysis, using XCT imaging and quantitative numerical analysis to determine the void fraction, pore size distribution, tortuosity factor, and directional permeability. MesoFlow, our in house computational fluid dynamics (CFD) solver, developed using the block structured Cartesian adaptive mesh refinement library AMReX, (Zhang et al., 2019), is used to simulate gas-phase mass transport through the samples by directly importing sub-volumes of the XCT reconstructions. These simulations subsequently provide the principal permeabilities for each sample. Segmented XCT sub-volumes are also imported into the Microstructure Analysis Toolbox (MATBOX), (Cooper et al., 2016; Usseglio-Viretta, 2022), an open-source MATLAB app developed at NREL (available at https://github.com/NREL/MATBOX_Microstructure_analysis_toolbox) to calculate void fraction, pore size distribution, and tortuosity factor by numerical analysis. To the authors’ knowledge, this is the first study to import 3D volumetric geometries of biomass before and after pyrolysis from XCT reconstructions into a CFD framework for permeability characterization. A diagram of the XCT workflow is shown in Figure 1, illustrating sample renderings from the raw tomographic images to 3D reconstruction, and final reduction to a sub-volume portion used for numerical analysis.
[image: Figure 1]FIGURE 1 | Diagram of XCT workflow. (A) Initial particle, native red oak photograph. (B) Raw image slice from XCT radiograph. (C) 3D Reconstruction of the full particle from the raw images. (D) Cropped sub-volume used for numerical analysis and calculation of material properties.
EXPERIMENTAL AND COMPUTATIONAL METHODS
Samples and Experimental Set up
Four total samples were analyzed for this study: a native hardwood red oak particle measuring 13.5 × 3.2 × 3.2 mm, a pyrolyzed red oak particle measuring 11.7 × 3.0 × 3.0 mm, both provided by Iowa State University, a native softwood Douglas fir particle measuring 2.0 × 2.0 × 2.0 mm provided by Forest Concepts and Idaho National Lab and a pyrolyzed Douglas fir particle of dimensions 4.0 × 2.4 × 4.1 mm provided by Forest Concepts. The red oak and pyrolyzed Douglas fir particles were imaged at the Colorado School of Mines using a Zeiss Xradia 520 Versa sub-micron XCT Scanner, while the native Douglas fir particle was imaged using a General Electric (GE) Phoenix vǀtomeǀx nano X-ray CT at Idaho National Lab.
The red oak dowels were pyrolyzed at 500°C under He in a modified Frontier micropyrolyzer as described in (Pecha et al., 2021) with a char yield of 19% after 90 s. The two Douglas fir samples (25–35 mg) were pyrolyzed in a horizontal spoon reactor under He at 500°C as described by (Christensen et al., 2017) for 5 min with char yields averaging 25%. At least 20 particles were pyrolyzed for each Douglas fir sample and random char particles were chosen for XCT imaging.
For the red oak and pyrolyzed Douglas fir XCT scans, each sample was secured to a mount in the chamber of the scanner using transparent adhesive tape for the larger red oak particles and glue adhesive for the pyrolyzed Douglas fir sample. Tape was not used to secure the Douglas fir sample to the mount because of its smaller size, and the layers of tape negatively impacted the contrast of the images. The X-ray source was tuned to emit with a voltage of 40 kV, 3 W power, and 75 µA current. The X-ray source was positioned 37.1 mm away from the detector, with the sample 20 mm away from the source placed between the source and detector. A ×4 objective magnification was used resulting in a 2 µm resolution for each scan, which was determined by (Sun et al., 2021) to be the minimum resolution to capture sufficient pore structure information.4 The scanner rotated the sample on the mount from 0 to 360 with an angular step size of 0.22°. X-ray radiographs were captured at each angle with 15 s exposure. The total data acquisition time for each sample ranged from 8 to 32 h, with the larger red oak particles requiring longer acquisition times and the pyrolyzed Douglas fir particle requiring the shortest acquisition time.
The procedure of acquiring the 3D scan of the native Douglas fir sample using a General Electric (GE) Phoenix vǀtomeǀx nano X-ray CT system can be found in (Sun et al., 2021) and is briefly described as follows. First, a sample particle is fixed onto a holder in the system chamber and the holder is programmed to rotate from 0 to 360° with an angular step size of 0.1°. Then radiographs are collected at each angle. Using the phoenix datos|x CT data acquisition software, the projections are then reconstructed to a 3D volume. The raw grey-scale image slices are exported from the software. For the 3D scan in this work, four Douglas fir pine particles are selected from the bulk samples produced by a Forest Concepts Crumbler® rotary shear system. In the imaging stage, several resolution settings, from 0.5 × 0.5 µm2 to 4 × 4 μm2 were tested, and the 2.2 × 2.2 µm2 per voxel is the highest usable resolution to preserve the fine voids in the microstructure. The four 3D scanning processes resulted in four image stacks, each containing 1,419, 1,518, 3,838, and 3,997 images. To avoid the boundary effect in the porosity analysis, in each image stack a region of interest (ROI) with size of 1.1 × 1.1 × 1.1 mm3 was cropped from the center.
The raw XCT scans of each sample, excluding the native Douglas fir which was imaged at Idaho National Lab, were reconstructed using Zeiss’ proprietary software, XMReconstructor, and were subsequently exported as tiff image stacks using DragonFly Pro, (Object Research Systems Inc, 2021), a Graphical User Interface (GUI) application for analyzing and manipulating 3D XCT data. Each data set varies in size due to size variations of the particles. The native red oak data set contains 1,603 total images, where each image is a slice in the z axis with x- and y-dimensions of 1,604 by 6,740 voxels. Each image is 24 MB, resulting in a 34 GB size of the entire dataset. The pyrolyzed red oak data set contains 1,515 total images measuring 1,521 by 5,825 voxels. Each image is 17.8 MB, culminating in a 27 GB dataset. The pyrolyzed Douglas fir data set comprises 1,383 images measuring 1,251 by 977 voxels. The images are 17.8 MB each, for a cumulative size of 3.38 GB. The native Douglas fir data set has 1,520 z-slice images, each with a size of 1,571 by 1,383 voxels and 4.17 MB. The total size of the native Douglas fir dataset is 6.30 GB. All datasets were stored with 16-bit data precision.
Each of the full particle reconstructions were cropped into sub-volumes for direct import into MesoFlow and MATBOX using DragonFly Pro. The native and pyrolyzed red oak data were cropped to a cube measuring 6423 voxels, approximately 1.28 mm3. This reduced the size of each data set to 503 MB. The native Douglas fir was binned by a factor of 2 and cropped to a cube measuring 2503 voxels, approximately 1 mm3 reducing the size of the dataset to 30 MB. The pyrolyzed Douglas fir data was smaller and more irregular in size, therefore a rectangular prism measuring 434 × 322 × 424 voxels, approximately 0.87 × 0.64 × 0.85 mm3, was cropped from the data, reducing the size to 237.1 MB.
Gas Flow Simulations and Permeability Calculations
The cropped sub-volumes of each data set are directly imported into a CFD simulation using our in-house solver, Mesoflow, which is a compressible finite-volume solver that uses immersed boundary methods and structured Cartesian grids. Our solver is developed on block structured Cartesian adaptive mesh refinement library, AMReX, (Zhang et al., 2019), which has been recently employed for several applications pertaining to combustion, (Sitaraman et al., 2021b), multiphase (Sitaraman et al., 2021a; Musser et al., 2021) and astrophysical (Almgren et al., 2020) flows. Gas-phase transport simulations were run with flow in the longitudinal, radial, or tangential directions using the cropped XCT sub-volumes as the porous media. The National Renewable Energy Laboratory (NREL) High-Performance Computing (HPC) system was used to run all simulations. A total of 12 simulations were run, one with gas flow in each of the three directions for each sub-volume of red oak and Douglas fir before and after pyrolysis. In each simulation, a pressure drop of 1,000 Pa (inlet pressure = 1 E5 Pa, outlet pressure = 1.01E5 Pa) was applied to either end of the sub-volume in the direction of interest, with wall boundaries along the other two directions. This ensured gas flow only in the direction of interest, and that the three principal components of the permeability could be calculated in isolation. Air was used as the gas in all simulations, with a viscosity of 1e-5 Pa s and a net molecular weight of 0.0289 kg/mol. The native Douglas fir simulations were run with a 4-micron image resolution for each voxel, while the pyrolyzed Douglas fir simulations were run with a resolution of 2 microns. A uniform 512 × 512 × 512 Cartesian grid was used in the native and pyrolyzed Douglas fir simulations. These simulations were run on 128 nodes for a total 4,096 cores for 48 h to ensure the simulation reached steady state with a 4 to 5 order of magnitude drop in momentum residuals. The native and pyrolyzed red oak simulations were run with a 2-micron voxel size, and a uniform 768 × 768 × 768 Cartesian grid. Twelve nodes with 18 cores per node for a total of 216 cores for 240 h were utilized for each of the red oak simulations. The number of nodes used for the red oak simulations was less because the grid size was larger: 128 voxels versus 32 voxels for the Douglas fir simulations. More computational cells were utilized for the red oak simulations because the data sets were larger with a higher resolution than the Douglas fir datasets.
We solve the Navier-Stokes equations in the compressible form on a Cartesian grid framework with an immersed boundary method for resolving complex pore structures, given by:
[image: image]
[image: image]
[image: image]
where [image: image] represent fluid density, velocity, pressure, total specific energy, viscous stress tensor, thermal conductivity, and spatial coordinate, respectively. The equations are closed using ideal gas law, total energy, and Newtonian fluid assumption, given by Eqs. 4–6, respectively:
[image: image]
[image: image]
[image: image]
where [image: image], [image: image] are the gas constant, fluid viscosity and isentropic exponent, respectively.
A modified advection upwind splitting method (AUSM) scheme (Liou, 2006) suitable for low Mach number flows along with second-order reconstruction and limiting (Tatsumi et al., 2012) is used for hyperbolic flux discretization and a second order central differencing scheme is used for viscous flux discretization away from the immersed boundary. A second-order explicit Runge-Kutta scheme is used for time advance until a steady-state is achieved.
The XCT geometry, obtained as a voxelated file of intensities, is first read into Mesoflow. A threshold intensity value obtained from image processing is used to identify whether a voxel is a solid or a void region. The intensity values were then extrapolated onto the Cartesian grid and all points greater than the threshold are identified as solid regions while the rest are in the fluid region. The Cartesian grids used in this work are kept at a higher resolution than the voxelated files for greater accuracy and grid convergence. The hyperbolic and viscous fluxes were then obtained at each Cartesian face that separates a fluid and solid cell using a simple velocity reflection method which is first order accurate.
Principal permeabilities were extracted from these simulations for application in particle models that utilize a pseudo-homogeneous assumption for internal pore structure (Di Blasi, 1998; Gentile et al., 2017; Pecha et al., 2021). For each particle, three simulations with dominant flow along each axis were set up with a pressure inlet and an outlet along the dominant flow direction and wall boundaries on the transverse boundaries. To the other four boundaries was applied a no flux condition to simulate the Hassler cell type permeability experiments. The simulations were run to steady state as determined by a decrease in calculated momentum residuals of at least four to five orders of magnitude. Permeability was extracted with the simple Darcy’s law equation:
[image: image]
where Ki is the permeability, [image: image] is the surface averaged normal fluid velocity and [image: image] is the average pressure gradient along flow direction i.
MATBOX Numerical Analysis: Void Fraction, Pore Size Distribution and Tortuosity Calculations
Filtering, segmentation, and calculation of void fraction, pore size distribution, and tortuosity factor were performed with the open source software tool MATBOX (Usseglio-Viretta et al., 2022). The image stacks of the cropped XCT sub-volumes of each sample were loaded in tiff format into the MATBOX Filtering and Segmentation module and segmented into 8-bit tiff files with two phases: Phase 0 (void) and Phase 1 (solid) by applying a threshold specific to each sample which was determined by visually analyzing the images. Voxels with intensities below the threshold value are considered void space. An anisotropic diffusion filter developed by (Perona and Malik, 1990) was applied to the full sub-volumes of all of the datasets to smooth the data and reduce noise, except for the native Douglas fir sample which did not require filtering. The pore size distribution, void fraction, and tortuosity factor of each sample were then calculated using the MATBOX Microstructure Characterization module.
The volume fraction is calculated according to Eq. 8:
[image: image]
Where [image: image] is the volume fraction of phase k, N is the total number of voxels in the sub-volume, and [image: image] is equal to one if it is an element of phase k, and zero otherwise.
The tortuosity factors of the sub-volumes are calculated from the ratio between the effective diffusion coefficient along the longitudinal, radial, or tangential directions and the bulk diffusion coefficient, and the porosity using TauFactor developed by (Cooper et al., 2016). TauFactor calculates tortuosity using a finite-difference based approach and fixed Dirichlet boundary conditions. The algorithm first solves the Laplace equation within the sub-volume in the direction of interest, and the effective diffusion coefficient is obtained by analyzing the concentration field via 1D Fick’s first law described in (Laurencin et al., 2012). With these values, the tortuosity, [image: image], along direction i can be solved for according to Eq. 9:
[image: image]
Where [image: image] is the ratio between the effective diffusion coefficient along direction i and the bulk (free fluid) diffusion coefficient, and [image: image] is the porosity (void fraction).
Pore size distributions are calculated using the Euclidean Distance Map Fitting Method (EDMF) described in (Usseglio-Viretta et al., 2020). This method fits the diameter of a sphere such that its Euclidean distance map cumulative function agrees with the one calculated on the sub-volume, providing a distribution of the distance of the void space to the nearest solid surface calculated on the investigated medium. The method provides a characteristic length relevant to be used as a pore diameter to model transport mechanisms. Size distributions are highly dependent on the numerical method employed to calculate them, as thoroughly investigated in a previous work (Usseglio-Viretta et al., 2020). EDMF exhibits similar results with state of the art discrete particle size algorithms, while being much faster to calculate, and does not suffer from size underestimation of continuum particle size distribution algorithm (Usseglio-Viretta et al., 2020).
RESULTS
3D reconstructions of native and pyrolyzed red oak and Douglas fir particles were obtained via X-Ray computed tomography and reconstruction software. Millimeter-size sub-volumes were extracted from the reconstructions for direct importation into MesoFlow gas-phase flow simulations and MATBOX for numerical analysis. Figure 2 shows the full 3D XCT reconstructions of each sample. The volume shrinkage due to pyrolysis can clearly be seen comparing the native and pyrolyzed samples. Figure 3 depicts the cropped sub-volumes from each of the full particle reconstructions, along with longitudinal, radial, and tangential slices of each sample. The species-specific microstructures are revealed, as the native red oak exhibits a fine pore (i.e., lumen) structure of fiber cells with large-diameter vessel cell channels characteristic of hardwoods, while the native Douglas fir exemplifies the highly regular pore structure comprising arrays of axial tracheids characteristic of softwoods (Ciesielski et al., 2015). Additionally, the effects of thermal treatment on pore structure are apparent: pyrolysis degrades the pore structure, increases void volume, and reduces directional anisotropy, which is especially obvious in the red oak slices. Despite the stark directional differences inherent to native tissues, thermochemical conversion appears to obsc
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Property Native red oak  Pyrolyzed red oak  Native Douglas fir  Pyrolyzed Douglas fir

Void Fraction 071 087 066 077
Material porosity, % [Literature values from Boigné et al. (2022)) 466 £ 08 766+ 1.1 51808 78216
Longitudinal tortuosity factor 1.13 1.16 1.26 1.08
Radial tortuostty factor 247 1.29 167 1.99
Tangential tortuosity factor 6.00 1.39 385 402
Longitudinal effective diffusivity muliplier 062 075 052 071
Radial effective diffusivity multplier 029 067 004 038

Tangential effective diffusivity multplier 0.12 062 002 0.19
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Direction

Longitudinal
Radial
Tangential

Native red
oak calculated

8.76E-12
3.64E-15
1.30E-156

Literature range
red oak
(0% moisture)Choong
etal. (1974)

9.6E-12 to 6E-11
8E-16 to 3.5E-15
4.5E-16 to 1.3E-15

Pyrolyzed red
oak calculated

9.13E-12
3.35E-13
8.98E-13

Native Douglas
fir calculated

1.36E-12
1.81E-14
3.46E-16

Literature range
Douglas fir/Pine
(5-9% moisture)Choong
etal. (1974)

9E-13 to 3E-11
8E-17 to 2E-16
1E-17 to 1E-15

Pyrolyzed Douglas
fir calculated

2.81E-12
2.20E-13
1.32E-13
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Scenario 3 Scenario 4

Equipment Cost ($/dry ton) Equipment Cost ($/dry ton)
Conveyor $2.09 Conveyor $2.09
Crumbler $21.00 Crumbler $21.00
Conveyor $2.11 Conveyor $2.11
Washing tank $24.81 DME tank $18.16
Total $50.01 Total $43.36

The boid values means the total preaprocessing costs for the associated scenario
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Category

Single contaminant

Multiple contaminants

Contaminant

Ink

Glossy

Stickies

Other

Food

Staples

Ink + stickies
Glossy + stickies
Ink + staples
Glossy + staples
Glossy + food
Glossy + food + stickies

Total

Quantity
(pieces of MSW)

243
24
13

3
1
0
24
21
13
3
1
1

347
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Category

Single contaminant
Multiple contaminants

Contaminant

Dirt

Dirt + labels

Dirt + food + labels
Dirt + food

Total

Quantity
(pieces of MSW)

589
286
10
6

891
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Ash % (w/w)
Al as Al,CO% (w/w)
Ca as CaO % (w/w)
Fe as Fe,03% (w/w)
K as K:0 % (wiw)
Mg as MgO % (wiw)
Mn as MnO % (w/w)
Na as Na;O % (w/w)
P as P,0s% (wiw)
Si as S0,% (w/w)
Ti as TiO,% (wiw)
S as SO5% (w/w)

Unwashed

259
6.02
16.76
324
0.72
481
003
820
061
52.29
8.45
1.04

Detergent washed

1.68
4.06
19.24
1.85
0.25
6.42
0.02
6.29
0.85
41.00
13.15
1.49

DME washed

1.87
4.92
21.54
3.06
0.44
3.04
0.03
6.16
0.19
45.36
14.97
1.33
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Scenario 1 Scenario 2

Equipment Cost (§/dryton) ~ Equipment  Cost ($/dry ton)
Conveyor $0.23 Conveyor $0.20
Shredder $1.61 Shredder $137
Conveyor $0.24 Conveyor $0.21

to storage to storage

Knife mill $3.16 Knife mill $2.64
Total $5.25 Total $a.41

The bold values means the total preprocessing costs for the associated scenario
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Sample Degree of
biological degradation

Sample set 2, biologicaly degraded com stover®

Bale 5° Mid
Bale 5° Moderate
Bale 5° Severe

Sample set 1, comn stover®

Bale 1 core 3
Bale 1 core 7¢
Bale 1 core 6
Bale 1 core 4°
Bale 6 core 19
Bale 6 core 3
Bale 6 core 8¢
Bale 6 core 7¢
Bale 6 core 6

OO W= @A

“Obtained by wet chemistry.

"Extractives free for FT-IR, measurement, <45 ym.
“Obtained by NIR.

“Extractives retained for FT-IR, measurement, <0.2 mm.

Red band

148
110
106

141
130
116
104
149
138
123
108
92

NP, no prediction, samples fell outside of the NIRS prediction calibration.

Glucan (%)

33.39
32.23
30.23

36.0
31.8
NP
NP
412
321
NP
31.9
NP

Xylan (%)

18.19
13.08
10.51

19.0
18.7
NP
NP
195
192
185
101
NP

Lignin (%)

14.70
18.69
20.41

16.2
16.2
NP
NP
17.2
15.8
15.0
238
NP

Total Inorganics
(%)

12.24
8.81
10.43

83
96
NP
NP
95
9.1
104
12.9
NP
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Chemical property

Glucan
Xylan

Lignin

Glucan x Xylan

Giucan x Xylan x Lignin
S0,

SOs

*Standardized coeficients.
() indicates significance 0.01 < p< 0.05.
indicates highly sioniicant p < 0.01.

Red band coefficient®

0.06
0.33
0.22*

-0.36"
=047
=047
-0.30"
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Actual Predicted

Training 1 2 3 4

1 31 (50%) 30 1 0

2 20 62 (72%) 4 0

3 3 6 16 (65%) 0

4 0 0 0 5 (100%)
Validation

1 4 (25%) 12 0 0

2 5 15 (71%) 1 0

3 1 1 4(67%) 0

4 0 0 0 1 (100%)

This table shows the actual number of samples predicted to be in each group versus their
actual group and the true positive percentages for accurate prediction.
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Actual Predicted
Training 1 2 3 4

1 47 (75%) 1 5 0

2 14 39 (72%) 1 0

3 7 4 12 (52%) 0

4 0 0 [ 1 (100%)
Vaiidation

1 13 (81%) 2 0 1

2 3 7 (58%) 0 2

3 1 2 4(57%) 0

4 0 0 0 00)

This table shows the actual number of samples predicted to be in each group versus their
actual group, along with the irue posilive percentages for accurately precicied.
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Chemical property Red band coefficient® Self-heating
observation coefficient’

Glucan 0.10* -0.26"
Xylan 044 -0.49"
Lignin 025" -0.18"
Giucan x Xylan -0.26™ 034"
Glucan x Xylan x Lignin -0.15" not significant
Total Inorgarics -0.35" NA
*Standardized coefficients.

“Indlicates signiicance 0.01 < ps 0.05,
ndicates highly significant p < 0.01.
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Component

Celuiose
Hemicelluiose
Xylan

Arabinose

Acetyl group

Lignin
Acid-insoluble lignin
Acid-soluble lignin
Ashes

Total

Composition of sugarcane bagasse (%)

Untreated

459 £ 0.10
245
20.2 + 0.59
26+0.11
1.7 =016
26.9
229 +0.36
4.0 +0.29
05012
97.8

Liquid Ozonolysis pretreated
hot water pretreated

53.6 + 0.49 61.2+ 1.64
19.1 19.5
175+ 017 18.6 £ 0.53
1.6+ 0.07 1.0+0.056
0.0 0.0
25.1 18.0
21.8+0.04 14.3 + 0.30
33+001 3.7+0.08
0.9 +0.06 11032
98.7 99.8

Ozonolysis + liquid
hot water pretreated

80.5 + 1.44
41
41011
0.0
0.0
14.1
125+ 0.27
1.7+0.03
13+027
100.1
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Glucan Xylan Klason Acetate Ash Water Ethanol Moisture

Lignin extractives extractives

Max 423 414 204 50 124 267 65 380
Min 28.7 16.4 7.0 - 04 5.1 1.8 26
Range 136 247 134 23 120 21.6 4.7 35.4
Average 34.1 231 15.0 36 27 13.7 35 1.3

N 234 234 234 234 234 78 78 78
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Cutter/tooth thickness (mm)

6.35

Woodchip size (mm)

10 x 20 x 50

6x6x15

Wood
species and moisture

Douglas-fir, 12%

Douglas-fir, 12%

Cutter tooth height
adjustment (mm)

DZ tooth design maximum
contact pressure (MPa)

469.2 (corner)
995.9 (comer)
550.5 (comer)
542.7 (comer)

451.1 (near root)
1180 (comer)
1025 (comer)
980.8 (comer)
914.0 (comer)
434.2 (comer)
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Material Density Elastic modulus (moduli) (GPa) Poisson’s ratio
(kg/m°)
A2 tool steel 7,870 214 020
E Er En Gin Gur Gar Hn r bar

Birch, yellow, 129 moisture 762 189 0695 1084 1020 0945 0286 0451 0697
0426

Oak, red, 12% moisture 661 103 0845 1586 0917 0834 0216 0448 0560
0.350

Douglas-fi, coast, 12% 582 184 0670 0911 0858 1050 0094 0449 0390

moisture 0292

Douglas-fir, coast, green 612 108 0540 0734 0691 0842 0076 0449 0390
0292

Cedar, northern white, green 432 44 035 0805 0924 0823 0066 0340 0458

0.337

Erupture

(MPa)

114
75
85
53

29
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Case

Cutter thickness
(mm)

16
16
16
16
6.35
6.35
6.35
6.35
16
16
16
16
16
16
16
6.35
6.36
6.35
6.36
6.35
6.36
16
16
6.35
6.36

Woodchip dimension
LxWxT (mm)

275x 175 x 1
275x176x3
275x 16 x 6
27.5 x 145 x 10
275 x 176 x 1
275x176x3
275 x 16 x 6
27.6 x 14.5 x 10
275x175x3
6x3x3
6x3x3
6x3x3
6x6x6
6x6x6
6x6x6
15x6x6
15x6x6
15x6x6
50 x 20 x 10
50 x 20 x 10
50 x 20 x 10
6x6x6
Bx@x0
50 x 20 x 10
50 x 20 x 10

Wood species

Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
Yellow birch, 12%
White cedar, green
Yellow birch, 12%
Red oak, 12%
White cedar, green
Yellow birch, 12%
Red oak, 12%
White cedar, green
Yellow birch, 12%
Red oak, 12%
White cedar, green
Yellow birch, 12%
Red oak, 12%
White cedar, green
Douglas-fir, 12%
Douglas-fi, green
Douglas-fir, 12%
Douglas-fi, green

stress
in failure
direction (MPa)

119
122
127
118
132
122
127
118
33
129
78
32
119
81
29
126
77
35
118

82
30
91
60
83
59

Maximum contact
pressure (MPa)

123
337
1284
831
55
188
527
452
216
299
191
23
1038
627
486
276
263
66
1284
1209
384
528
356
996
444

Location of
max pressure

Cutter edge
Tooth corner
Tooth edge
Tooth edge
Tooth edge
Tooth edge
Tooth comer
Tooth root
Tooth comer
Tooth root
Tooth root
Cutter edge
Tooth comer
Tooth corner
Tooth comer
Tooth edge
Tooth edge
Tooth edge
Tooth corner
Tooth corner
Tooth edge
Tooth corner
Tooth comer
Tooth edge
Tooth corner
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Sample

s2

S4

S6

Pre-shear (kPa)

10
5
1

10
5
1

10

75
5
25
1

o1 (kPa)

241
12.9
23
250
1.4
24
253
18.7
120
5.9
23

FC (kPa)

39
16
03
33
08
0.1
32
19
10
05
03

80

46.1
448
247
450
414
4538
461
450
431
454
447

¢ 0

426
422
416
422
399
448
434
428
413
437
416

Cohesion (kPa)

0.85
0.35
0.08
0.73
0.18
0.03
0.70
0.42
0.22
0.10
0.07

Flowability

6.3

82

6.9

76

15.0
19.7
79

97
122
124
T2
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Feedstock

Loblolly pine
Loblolly pine
Loblolly pine
Loblolly pine
Loblolly pine
Loblolly pine
Lobloly pine
Loblolly pine
Douglas fir

Douglas fir

Douglas fir

Label

S1

88288288

S$10
si1

Comminution method

Hammer mil, %"
Hammer mill, 12"
Hammer mil, %”
Hammer mill, 12"
Hammer mill, %"
Hammer mill, 12"
Hammer mill, %"
Hammer mill, 12"
Rotary shear 1 mm
Rotary shear 2 mm
Rotary shear 4 mm

Nominal separatory
sieve size

(mm)

0.00-0.85
0.85-2.00
2.00-3.35
3.35-4.75
4.75-6.35
0.85-6.35
N/A
0.85-6.35
0.40-1.70
0.80-4.00
2.40-9.50

Size distribution

Dso (mm)

0.46 + 0.01
0.96 + 0.00
2.08 + 0.00
3.43 + 0.00
4.84 + 0.00
0.76 + 0.02
0.34 + 0.01
1.14 £ 0.05
0.51 +0.01
0.83 + 0.02
1.95 £ 0.1

Dso (mm)

0.69 +0.01
1.36 +0.01
2.45 +0.00
3.80 +0.01
5.26 +0.01
152001
0.84 +0.02
2.36 +0.09
0.99 +0.02
1.51 £0.03
3.27 017

Dgo (mm)

0.82 + 0.00
1.84 £ 0.00
3.08 + 0.00
447 +0.01
6.02 + 0.01
301003
164 £ 0.04
424 £047
1.5 +0.02
2.14 £0.02
467 +0.12

Bulk density
(kg/m®)

2379
2422
236.4
2425
2407
258.0
2484
184.2
174.0
177.8
176.5
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Enzyme

Cellulase

Xylanase

Lignin
peroxidase

Manganese
peroxidase

Laccase

Organism

Geotrichum candidum Heterobasidion
irregulare Heterobasidion jecorina
Phanerocheate chrysosporium
Penicilium funiculosum

Trichoderma reesei

Trichoderma reesei Phanerodontia
chrysosporium

Bacillus subtilis Talaromyces
thermophilus

Paenibacillus xylanivorans
Phanerocheate chrysosporium
Trametopsis cervine Pleurotus eryngil
Kiebsiella pneumoniae

Phanerocheate chrysosporium

Ceriporiopsis subvermispora

Trametes versicolor

Techniques

MD simulation

MD simulation

QWMM

MD simulation

MD simulation

QawMMm
calculation

QawMMm
calculation

Docking and
MD simulation

QW/MM-FEP

Improvement/understanding

Interaction between cellulase and
cellononaose, microfibril of cellulose

Glycosylated linkers of CBM serve as the
rate-imiting step in cellulose degradation
Hydrolysis mechanism via stabilization of
acyclic oxocarbenium-like transition state,
leading to the opening of the glucopyranose
ing and formation of an unstable acydlic
hemiacetal

The hydrophobic site at N-terminal and
C-terminal plays a vital role in contact with
the reducing end of xylooligosaccharides
Unveiling secondary binding site on the
surface of xylanases

Unweiling role of the surface-active site in the
oxidation of high redox potential substrates

Identifying specific amino acids which
influence the oxidative power

Two histidines, H220 and H142, interacted,
forming hydrogen bonds with ABTS's
negatively charged ABTS sulfonates

The oxidation state of the surrounding
residues affected the T1 copper site redox
potential

References

(Borisova et al. 2015; Momeni et al. 2013;
Ogunmolu et al. 2017)

(Payne et al. 2013; Knott et al. 2014)

(L et al. 2010; Liu et al. 2010; Wang et al.
2011; Wang etal. 2016; Iglesias-Fernandez
et al. 2017; Zong et al. 2019; Bharadwaj
et al. 2020; Pereira et al. 2021)

(L et al. 2017; Ngenyoung et al. 2021)

(Smith et al. 2009; Bernini et al. 2012;
Romero et al. 2019; Miki et al. 2013;
Acebes et al. 2017; Nys et al. 2021)
(Castro et al. 2016; Pham etal. 2016; Singh
et al. 2021; Pham et al. 2021)

Gotze and Bih, (2016)
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Method [Basis set/Force
Field]

DFT [6-31G(d)]
DFT [6-311+G(d,p)]

DFT-D [6-311++G(2d,2p)]
DFT [6-311+G(d,p))/MD [GLYCAM]

MD [COMPASS]
MD [CHARMM]
MD [AMBER]
MD [OPLS]

MD [OPLS-AA]

MD [GLYCAM)

COSMO-RS

Substrate

Cellobiose
Dimethoxyglucose
Cellobiose

Lignin

Glucose

2,4,6-mer oligomers
10-mer oligomer
Glucose derivatives
Microfibril

Celulose Ip
Cellobiose

Celulose bunch
Glucose

Glucose

Glucose

Celulose Ip

Lignin

Glucose

Glucose and Cellobiose
5,10,20-mer oligomers
10-mer oligomer
10-mer oligomer
Microfibril

Microfibril

Cellulose bunch
Glucose

Cellotriose

33 structure
1,3,4-mer oligomers
Lignin
Lignocellulosic biomass
Lignin

Solvent Reference
[CamimiCl Novoselov et al. (2007)

[Comim][OAc] Ding et al. (2012)

[Camim]Cl Li et al. (2015b)

[Camim]-anion Zhang et al. (2017)

[CymimlCl Janesko, (2011)

[CamimiCl Xu et al. (2012)

[Camim][OAC] Zhao et al. (2013b)

[ComimiCI Derecskei and Derecskei-Kovacs, (2006)
[CamimlC (Cho et al. 2011; Gross et al., 2011; 2012)
[CamimJ[OAc] Gupta et al. (2011)

[CamimiCl Zhang et al. (2012)

[CamimiCI (Rabideau et al. 2013; Rabideau et al. 2014; Rabideau and lsmal, 2015)
[CymimiCl Youngs et al. (2006)

[Comim][OAC] Felczak et l. (2011)

[Comim][OAC] Andanson et al. (2014)

[ComimiCt Huo et al. (2013)

9lLs Hu et al. (2020)

[CamimiCl Jarin and Plaendiner, (2014)
(Comim][OAC] Bharadwaj et al. (2015)

[Comim][OAC) Liu et al. (20108)

{Comim-anions Zhao et al. (2013a)

[CamimlC Mostofian et al. (2014a)

[Camim|CI (Mostofian et al. 2011; Mostofian et al. 2014b)
[Camiml[OAC] Liu et al. (2012)

[Comim][OAC] Liet al. (2015b)

320 ILs Casas et al. (2012)

2000 ILs Kahlen et al. (2010)

750 ILs Casas et al. (2013)

357 ILs Liu et al. (2016)

Cholinium-Anions Yao et al. (2021)

Ethanolamine and Acetic acid  Huang et al. (2021)

Cholinium-Anions Mohan et al. (2021)
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Performance parameter %Glucan %Xylan %Lignin %Ash
PLS SVM(PLS) RF PLS SVM(PLS) RF PLS SVM(PLS) RF PLS SVM(PLS) RF

Training RMSEC 1.04 073 0.46 091 0.58 0.41 0.60 0.43 028 024 017 o1
R? 098 099 100 098 099 100 097 098 099 083 092 097

Cross validation RMSECV 116 0.89 121 1.06 071 110 068 0.49 072 028 023 027
R? 098 099 098 098 099 097 09 098 095 077 085 0.79

Independent vaidation  RMSEP 133 1.01 111 118 093 097 078 055 073 024 027 027
R 098 099 099 098 099 099 096 098 097 083 080 081

Late training RMSE-late 164 192 1.27 1.30 0.88 1.07 0.76 0.52 064 031 0.25 0.25
R? 097 099 098 097 099 098 096 098 097 077 083 088

RMSEC, root mean squared error of calibration; 2, coefficient of determination, the square of correlation coefficient R; RMSECV, root mean square error of cross valdation; RMSEP, root
mean square error of prediction: RMSE-late, root mean square error of late scan predictions.
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Mean (%)

Min (%)

Max (%)

SD (%)

DA, dilute acid: DDA, deacetylated/dilute acid: HW, hot water: DW., dry weight.

Glucan
Xylan
Lignin
Ash

Giucan
Xylan
Lignin
Ash

Glucan
Xylan
Lignin
Ash

Glucan
Xylan
Lignin
Ash

ALL

151

480
185
232

16

35.6
4.2
17.5
0.6

64.5

295

31.3
30

8.4
70
3.4
0.6

Pretreatment

Hot water (HW) Dilute acid (DA) Deacetylated dilute
acid (DDA)
Before After Before After Before After
17 10 41 27 28 28
39.0 499 39.2 54.4 472 60.1
232 16.0 241 9.2 245 114
208 234 220 294 19.4 245
23 18 17 23 1.0 11
375 428 35.6 50.1 441 569
221 4.2 220 55 201 6.8
19.8 207 19.7 258 175 228
1.8 16 0.7 16 0.6 10
404 58.9 416 57.9 514 645
256 228 295 14.4 273 150
221 29.2 231 313 216 262
30 22 28 28 13 14
09 6.1 1.0 24 a1 21
1.0 73 1.9 23 19 24
0.7 3.1 0.7 13 1.1 08
0.4 0.2 0.4 0.3 0.2 0.1
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Parameter Symbol Value (P-P) Value (P-W) Unit
Loading force scaling coefficient o 20 20 -
Loading power function index X 2 2 -
Loading stiffness coefficient A, 6x 108 6x 108 =
Initial loading stifiness coefficient A, 5x 10 5x 10 -
Unloading stiffness coefficient Aq 5 5 -
Cohesion force coefficient Kas 1x1074 1x1074 -
Unloading force scaling coefficient €G! 1x107 1x107 —
Particle radius r 15 - mm
Density P 390 = kg/md
Young's modiulus E 1x 108 1x 108 Pa
Poisson's ratio v 03 03 -
Restitution coefficient e 03 03 -
Friction coefficient b 05 02 -
Rolling friction coefficient b 08 06 -





OPS/images/fenrg-10-878597/fenrg-10-878597-g003.gif





OPS/images/fenrg-10-878597/fenrg-10-878597-g002.gif
E : Ll_l_l_l ! Ll_l_ll






OPS/images/fenrg-10-855848/inline_6.gif





OPS/images/fenrg-10-855848/fenrg-10-855848-g008.gif
Dynamic AoR (%)

8

0

o Fm
o DM
o Experimental

20 30 40 5
Rotational speed w (rpm)






OPS/images/fenrg-10-855289/inline_8.gif





OPS/images/fenrg-10-855848/fenrg-10-855848-g007.gif
wwwwwwwwwwwwwwwwww
o= 10RPM o= 300Re,





OPS/images/fenrg-10-855289/inline_7.gif





OPS/images/fenrg-10-855848/fenrg-10-855848-g006.gif





OPS/images/fenrg-10-855289/inline_6.gif





OPS/images/fenrg-10-855848/fenrg-10-855848-g005.gif





OPS/images/fenrg-10-855289/inline_2.gif
O preshear





OPS/images/fenrg-10-855848/fenrg-10-855848-g004.gif





OPS/images/fenrg-10-855289/inline_1.gif





OPS/images/fenrg-10-855848/fenrg-10-855848-g003.gif





OPS/images/fenrg-10-855289/fenrg-10-855289-t006.jpg
Auger frequency

Flowrate (LBH)

Power x 10° (kW)

PCT (%) RPM

10 6.4

20 123
30 183
40 242

50 30.0

s7

3110
59 +13
87 17
Titad
145+ 6

s8

219
39+13
61+14
82+ 14
105 + 13

s9

26 £ 10
46 + 16
67 +13
93+13
119+ 13

s10

27 + 11
47£15
67 £ 13
9B+ 11
116+9

s

25 £ 10
47 £17
66 + 18
90 £ 13
113 £ 10

s7

66+3
97 x4
131+5
1617
190 +9

s8 s9 s10
83+ 16 56+ 1 571
146 + 42 865+2 89+3
197 6 1723 116+ 3
243 + 84 142+ 3 141+ 4

274+ 91 167 £ 4 168+ 5

s

705
109+9
144 212
177 £ 15
207 + 17
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Inclination angle ()

28
32
36

Specific flowrate (Ton/hr/mm)

s7

0.2758
0.2636
0.2552

S8

0.1986
0.2050
0.2030

s9

0.1832
0.1969
0.1923

$10

01778
0.1989
0.1958

s11

0.1654
0.1813
0.1884
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Sample Friction angle ()

SS,Ra=1.2 PTFE, Ra = 0.48 HDPE, Ra = 0.10
s2 24.0 44 35
S4 203 33 109

S6 233 34 9.6
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sample Cup size (mm) u 00) Cohesion (kPa) 7 6app ()

Oapp SpaN ()
Do Do Dw
S2 64.0 0.759 + 0.002 435 +0.1 -0.110 + 0.006 0.969 229 37.2 46.4 235
S4 64.0 0.633 + 0.004 362 +0.2 0.018 + 0.010 0.964 g .] 37.2 515 30.0
S6 64.0 0.747 + 0.012 42807 -0.075 + 0.044 0.736 20.2 39.7 540 338

The span listed i the right-most column represents the diference between the 6aop for the 10th and 90th percentiles. The uncertainties provided for each set of , 6, and G represent twice
the standard error of the fitting parameter. All measurements were carried out using the 64-mm base.
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With rolling Without rolling With rolling Without rolling
friction (, =0.5)  friction (4 = 0.0) friction (= 0.5) friction (i, = 0.0
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13 6033 2 24 22 1.7 103.1 832
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Non-overlapping Clumpec-spheres Gube Multi-sphere inside a cube with a side length of 2 mm (2 x 2 x 2 spheres of 1
D=1mm
Multi-sphere inside a cube with a side length of 6 mm (2 x 2 x 2 spheres of 2
D=3mm)
Overlapping Clumped-spheres Cube Muli-sphere inside a cube with  side length of 2 mm (2 x 2 x 2 spheres of 3
D=2mm)
Multi-sphere inside a cube with  side length of 6 mm (2 x 2 x 2 spheres of 4
D=6mm)
Clumped-sphere chip 1x2 x4 [mm] (1 x 2 x 4 spheres of D = 1 mm) 5
' 3x6x 12 [mm’] (1 x 2 x 4 spheres of D = 3 mm) 6
Briquette 2mm length 7
' 6mm length 8
Single Cube 2mm side length 9
. 6mm side length 10
Single Cuboid 1x2 x4 [mm’] 1
Single Sphere 3mm in diameter 12
‘ 6 mm in diameter 13
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