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In super-resolution optical microscopes, aberrations often compromise the image performances by reducing its resolution and contrast. In previous works, the aberrations in stimulated emission depletion (STED) microscopy and single-molecule localization microscopy (SMLM) have been well-investigated, while the research on the aberrations in structured illumination microscopy (SIM) is not sufficient, the researchers always poured attention into aberrations only in the detection path. In this paper, we investigate the aberrations in SIM in a comprehensive manner, and their causes and effects on both the illumination and the detection paths are discussed. The aberrations in the illumination path may distort illumination patterns, and deteriorate the final images, together with the aberrations in the detection path. In addition, several non-aberration-related factors, especially the misalignment of the incident beams with respect to the objective pupil, can also dramatically influence the performances of SIM. The analysis provides the theoretical basis and for optimizing a SIM system.
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INTRODUCTION

Fluorescence microscopy is widely used for the visualization of microstructures and dynamic processes in cells. However, owing to the diffraction limit, the best resolution is only about a half wavelength of the fluorescence [1] when the conventional fluorescence microscope is applied. Nevertheless, the state-of-the-art super-resolution microscopy can break the diffraction limit. These methods include, but are not limited to the single-molecule localization microscopy (SMLM) that stochastically activates single molecules in the full-field [2–5], the stimulated emission depletion (STED) microscopy using a depletion doughnut focal spot to reduce the size of the effective point spread function (PSF) [6–8], and the structured illumination microscopy (SIM) illuminating the sample with a periodic pattern [9–11]. Among them, SIM is exceedingly significant for live-cell imaging, providing double spatial resolution than that of the conventional wide-field microscopy. In this method, a one-dimensional sinusoidal illumination pattern is produced in the focal plane of the objective lens. A series of images, when the sample is illuminated by the patterns with different phases and orientations, are acquired by a camera. Using the specific SIM reconstruction algorithms [12–15], the super-resolution image of the sample can be obtained.

In super-resolution optical microscopes, aberrations compromise the image performances by worsening its resolution and reducing its contrast. The aberrations in SMLM and STED microscopy have been investigated sufficiently in previous works [16–18]. However, for SIM, researchers always poured attention only into the aberrations in the detection path, or assume that the aberrations are identical in the two paths [19, 20]. The discussion regarding the illumination path is insufficient. Yet, the quality of the illumination pattern is also crucial for the imaging performance of SIM. To fully optimize the final images of SIM, it is essential to create a model to describe the aberrations in SIM more comprehensively and figure out how they affect both the illumination pattern and the detection PSF.

In this paper, a strategy is developed for quantifying aberration effects in SIM. We build a mathematical model to analyze how the aberrations affect the illumination pattern and the detection PSF. As the systematic aberrations can be minimized during the design, only the sample-induced aberrations are considered. In addition, several non-aberration-related factors, especially the misalignment of the incident beams with respect to the objective pupil, are also discussed.



THEORY

In SIM, a sinusoid pattern is used to excite the sample. The image obtained by a camera can be expressed as:

[image: image]

where e(r) = 1+cos(ke·r+φ) is the intensity distribution of the illumination pattern, o(r) is the spatial distribution of the sample labeled with fluorophores, and h(r) is the point spread function (PSF) of the detection path.

In the Fourier domain, Equation (1) can be expressed as:
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where ĩ(k), ẽ(k), õ(k), and [image: image] are the Fourier transform of i(r), e(r), o(r), and h(r), respectively. k represents the spatial frequency. Inducing structured illumination pattern, SIM can move the high spatial frequency information originally blocked by the optical system into the passband, which expands the size of the optical transfer function (OTF) of the system.

Equations (1) and (2) demonstrate that the image obtained by SIM is in close connection with the illumination pattern, the spatial distribution of the sample, and the PSF of the detection path. Therefore, we took both the illumination path and the detection path into consideration to analyze the aberrations in SIM. To simplify the discussion, only the sample-induced aberrations were considered, since the systematic aberrations are always minimized during the design. For the illumination path, the excitation pattern is generated by the interference of two beams, which can be expressed as:

[image: image]

where A1 and A2 are the amplitudes of the two coherent incident beams, respectively. k1 and k2 are the wave vectors, respectively, and φ is the phase difference between the two beams. To simplify the discussion, the two beams can be assumed to be s-polarized and φ = 0 [21], plus |A1| = |A2|. For the detection path, the PSF can be calculated using the vectorial diffraction theory [22, 23]. Moreover, in our simulation, the illumination beam and the detection beam are both linear polarized.

A mathematical model is built to analyze the effects of the aberrations. As depicted in Figure 1, the illumination beam exits the objective, propagates into the immersion medium layer, and then passes through the coverslip into the sample medium. On the other hand, in the detection path, following the reversibility principle of the beam path, the fluorescence emitted from the sample medium can be treated as the light focused by the same objective. The refractive indices (RI) of the three layers of media (immersion liquid, cover glass, and the sample) are represented as n1, n2, and n3, respectively, while the thickness of the coverslip is h. The incident angles of the illumination beam on each media interface are θ1, θ2, andθ3, respectively, while the angles are α1andα2 for the detection path. In our simulation, the objective is plan-apochromatic by default [24].


[image: Figure 1]
FIGURE 1. SIM with no aberrations for objectives with different NAs. (A) The illumination beam path. (B) The fluorescence is inversely collected by the same objective using the classic epifluorescence architecture. (C) The PSFs on the plane z = 0 (ideal focal plane). (D) The excitation patterns calculated from different objectives using the same parameters in (C). (E) The reconstructed images of SIM from the objectives with different NAs. From left to right, the resolutions are 164, 128, 125, 125, and 120 nm. (F,G) are profiles of the ideal PSFs in (C) on the x and y-direction, respectively.


A Cartesian coordinate system (x, y, z) is built for the description of the position information (Figure 1A). The orientations of the unit vectors x and z are defined by the layer interface and the optical axis, respectively. The origin of the coordinate system is consistent with the position of the Gaussian focus in the absence of stratified media (no sample medium, Figure 1B), and the subscript i denotes the ideal values [24]. Following the above definitions, the lower surface of the coverslip is located at z = 0, while the upper one at z = –h. To quantitatively test the aberration effects, we set the excitation and fluorescence wavelengths as 488 and 532 nm, respectively.

Aberrations are usually measured by the deviation of the practical wavefront from its ideal shape and can be expressed as:

[image: image]

where zl and zu are the z-coordinates of the lower and upper surface of the coverslip for simulation, respectively. Notably, δi = hi·(n2i cosθ2i − n1i cosθ1i) is used to compensate for the aberrations induced by the RI difference between the immersion medium and the coverslip during the objective's design [24].



RESULTS AND DISCUSSION

The results with no aberrations are shown in Figure 1. Different numerical apertures (NA) were applied during the simulations, and the specific parameters in each simulation are presented in Table 1. Combining the excitation patterns and the PSFs of the detection path, the images of SIM were reconstructed using the inverse matrix-based phase estimation algorithm (Figure 1E) [15], and the resolution was estimated using the parameter-free image resolution estimation method [25]. As what we expect, the comparisons between Figures 1C–G illustrate that using the objective with a larger NA generates a smaller PSF and a denser sinusoid pattern, thereby achieving a better resolution. In our simulation, the ideal interference angle of the two beams is determined by [image: image].


Table 1. Parameters in the ideal case.

[image: Table 1]

We further investigated the effects of the aberrations when the value of the RI of the coverslip deviates from the desired one, which is depicted in Figure 2. In Figures 2A,B, the incident angles θandα change in response to the varied RI of the coverslip. Similar to the above simulations, a series of different RIs were considered to discuss the effects in a more comprehensive manner, and Figures 2C–I are simulated in n2 = 1.521 for detail.


[image: Figure 2]
FIGURE 2. The aberrations induced by the deviation of the RI of the coverslip. (A,B) The RIs between the immersion medium and the coverslip mismatch for the illumination path and the detection path, respectively. (C) The pupil functions calculated from the case depicted in (B). (D) Zernike decomposition of the pupil functions shown in (C). (E) The PSFs on the plane z = 0, calculated from the corresponding pupil functions. (F) The profiles of the ideal (solid line) and biased (dashed line) PSFs in (E). (G) The excitation patterns affected by these biased RIs. (H) The local profiles of the corresponding excitation patterns shown in (G). The red dashed line Ip presents the biased case and the green solid line Ii presents the ideal case, respectively. The scope is −0.5 ~ 0.5 μm. (I) The corresponding reconstructed images of SIM. (J) The correlation coefficients of SIM images with different n2and NAs. The purple dashed line corresponds to n2 = 1.518.


As depicted in Figure 2C, the pupil functions of the detection path were calculated using the ray tracing. Moreover, to quantify the aberrations, we decomposed these pupil functions into Zernike polynomials [26, 27] from 0th to 14th modes, which are shown in Figure 2D. The piston (0th) mode holds the most part, which has no visible effect on the PSF, while the remainders are the defocus mode (4th) that simply makes the PSF out of focus and the primary spherical mode (12th) which increases the size of the PSF (Figures 2E,F). The profiles (Figure 2H) indicate that the aberrations induced in Figure 2A have little effects on the excitation patterns (Figure 2G) owing to the constant NA.

The reconstructed images are shown in Figure 2I, which are blurred by the larger PSFs (Figure 2E), compared with the images in Figure 1E. In order to further detail the effects of the aberrations, the correlation coefficients of the reconstructed images are presented in Figure 2J. The simulated values of n2 are set to be larger than the desired ones, otherwise, the light emitted from the sample cannot be collected by the objective effectively.

On the other hand, we investigated how the aberrations affect SIM images when the objective focuses deeper into the sample. As shown in Figures 3A,B, this case can be treated as the location shift of the coverslip along the optical axis. The z-coordinates of the lower and the upper surfaces (zl and zu) of the coverslip change a value a, while the other parameters remain constant. A series of different zl are considered, and an example is given in Figures 3C–I (zl = −0.2 μm). The pupil functions are shown in Figure 3C, specifically, when NA = 1.4, the value on the edge of the pupil function is complex due to the total internal reflection (TIR), which reduces the effective size of pupil (Figure 3J) and the effective NA. The decomposition of the pupil function (Figure 3D) shows that the main aberration modes are the piston (0th), defocus (4th), and primary spherical (12th). The aberrated PSFs and the corresponding profiles are shown in Figures 3E,F, which are larger than that in the ideal case. The excitation patterns and the local profiles are illustrated in Figures 3G,H, and as a result of TIR, the intensity of the excitation pattern for NA = 1.4 is lower than that in the ideal case. However, the image is well-reconstructed with satisfactory contrast, for the reason that the contrast of the excitation pattern is the same as the ideal ones. Similarly, the images of SIM and the corresponding correlation coefficients are shown in Figures 3I,K.


[image: Figure 3]
FIGURE 3. The aberrations induced by the increase of the focal depth. (A,B) The case that objective focuses deeper into the sample medium. (C) The pupil functions calculated from the case depicted in (B). (D) Zernike decomposition of the pupil functions shown in (C). (E) The PSFs on the plane z = 0, calculated from the corresponding pupil functions. (F) The profiles of the ideal and biased PSFs in (E). (G) The excitation patterns affected by biased zl. (H) The local profiles of the corresponding excitation patterns shown in (G), the scope is −0.5 ~ 0.5 μm. (I) The corresponding reconstructed images of SIM. (J) The effective pupil for NA = 1.4. (K) The correlation coefficients of SIM images with different zl.


Similarly, the thickness change of the coverslip, which may also induce aberrations can be treated as the offset of z-coordinate of the upper surface, while the lower surface still locates at z = 0 (Figures 4A,B). For objective that n1 is smaller than n2, the thickness should not be thinner than the ideal value, otherwise, the light emitted from the sample cannot be collected by the objective effectively. In contrast, the thicker coverslip is not valid if n1 is larger than n2. To make the discussion complete, different thicknesses of the coverslip are considered, and Figures 4C–I is an example for h = 170.8 μm (above the black dashed line) and h = 169.25 μm (below the black dashed line), respectively. Figures 4J,K indicate that the offset of the thickness affects the objective for NA = 0.95 more critically, and the increase of thickness is more serious than the reduction of that. No visible effects are induced in objective for NA = 1.4 because the aberrations have little effect on the pupil function and the excitation pattern.


[image: Figure 4]
FIGURE 4. The aberrations induced by the deviation of the thickness of the coverslip. (A,B) The thickness of the coverslip has a biased value for the illumination path and the detection path. (C) The pupil functions calculated from the case depicted in (B). (D) Zernike decomposition of the pupil functions shown in (C). (E) The PSFs on the plane z = 0, calculated from the corresponding pupil functions. (F) The profiles of the ideal and biased PSFs in (E). (G) The excitation patterns affected by the biased h. (H) The local profiles of the corresponding excitation patterns shown in (G), the scope is −0.5 ~ 0.5 μm. (I) The corresponding reconstructed images of SIM. (J,K) The correlation coefficients of SIM images with different h for n1 ≤ n2 and n1 ≥ n2, respectively.


All three cases discussed above can induce aberrations to some extent. However, these aberrations are symmetrical about the optical axis. Therefore, only the symmetric Zernike polynomials, e.g., defocus and spherical aberrations appear. The condition becomes more complicated when the symmetry is broken. As an example, we can give a small slope angle β to the coverslip (Figures 5A,B). The direct consequence of the tilted coverslip is the re-organization of the incident angles θandα, which eventually results in the accumulation of the aberrations. It's paramount to be clear that the aberrations vary with the field of view along the x-axis, as a result of the various optical length difference. Therefore, the PSF is location dependent, and the final image is blurred by these variable PSFs. During the simulation, the slop angle β varied within a range of 0~0.3°, and Figures 5C–I is an example when β = 0.3°. The pupil functions were then calculated and decomposed into the first 15 Zernike modes, and the major modes now are tip (2nd) and coma (8th) aberration. Notably, in our simulation, the tilted coverslip has effects on the size of pupil function when NA = 1.4 (Figure 5J), as a result of the TIR induced by the tilt. Moreover, the intensity of the excitation pattern decreases with x increasing, and the periods of these patterns change. The scope is different from that in the above cases because the sample only exists in the side x > 0 on the plane z = 0. Subsequently, the reconstructed images were obtained with deviation from the center of the scope, and the contrast reduced.


[image: Figure 5]
FIGURE 5. The diagrams of the illumination path and the detection path for a tilted coverslip, and the corresponding results for β = 0.3°. (A,B) The tilted coverslip mode in the illumination path and the detection path. (C) The pupil functions calculated from the case depicted in (B). (D) Zernike decomposition of the pupil functions shown in (C), the first 15 orders of modes are used. (E) The PSFs on the plane z = 0, calculated with the pupil functions shown in (C). (F) The profiles of the ideal and biased PSFs in (E). (G) The excitation patterns affected by the aberrations. (H) The profiles of the excitation pattern shown in (G), the scope is 0 ~ 1 μm. (I) The reconstruction images of SIM. (J) The effective pupil for NA = 1.4. (K) The correlation coefficients of the reconstructed images and the corresponding slope angle β.


The correlation coefficients between the distorted images and that with no aberrations are shown in Figure 5K. Generally speaking, it descends with the slope angle β increasing. However, for NA = 0.95, the correlation coefficient decreases first and then increases.

Based on the above results, the aberrations induced by the mismatched RIs, the increase of the focal depth, and the biased thickness of the coverslip have little effects on the excitation patterns. However, the PSFs are more affected, which is shown in the larger size caused by the defocus and the primary spherical aberrations. The immediate effect of these aberrations is the more blurred reconstructed images of SIM. Moreover, the aberrations induced by the tilted coverslip change the period of the excitation pattern, and result in the non-uniform contrast, on the other hand, the PSF of the detection path is stretched and biased in the x-y plane. Correspondingly, the reconstructed images of SIM are biased, and the contrasts are non-uniform, as shown in Figure 5I. In particular, as for the objective with a larger NA (e.g., NA = 1.4), the reduction of the coverslip thickness and the tilted case not only induce aberrations but also reduce the effective size of the pupil in the detection path.

In previous research, the aberrations on the pupil plane of the illumination path are investigated [28], however, the offset of the excitation beam with respect to the BFP of the objective, can also intensely affect the reconstructed images of SIM. In the optical system of the illumination path, the excitation pattern can be treated as the Fourier transform of two edge points on the pupil plane. As depicted in Figure 6A, one of the two edge points shifts toward the center point of the size-normalized pupil plane, m represents the distance between the edge point and the center. Furthermore, the amplitude on the corresponding pupil function of the detection path is shown in Figure 6B. Figures 6C–G is an example for m = 0, therefore, the PSFs (Figure 6C) distorted to more elliptical shapes. The excitation patterns and profiles are depicted in Figures 6E,F, in which the periods of the patterns show an intense difference from the ideal counterparts. The reconstructed images show that the images include a lot of ghost parts in higher NA objectives (Figure 6G). The correlation coefficients are calculated and plotted in Figure 6H. The quality of the images declines with the distance between the edge point and the center of the pupil plane increasing for all objectives.


[image: Figure 6]
FIGURE 6. Effects of the off-centered excitation beam. (A) The back focal plane (BFP) of the objectives. (B) The pupil function of the detection path. (C) PSFs on the plane z = 0, calculated from the pupil function in (B). (D) The profiles of the ideal and biased PSFs in (C). (E) The excitation patterns. (F) The local profiles of the corresponding excitation patterns shown in (E), the scope is −0.5 ~ 0.5 μm. (G) The reconstructed images of SIM. m = 0 for all objectives. (H) The correlation coefficients of the biased reconstructed images and the corresponding m.


The aberration modes we built include the biased working condition of the objective (as discussed above, the illumination path has a stable performance, however, the PSFs are expanded in the detection path, and the resolution of the reconstructed images is reduced) and the tilted coverslip, which induce the non-uniform contrast and the offset from the center of the reconstructed images. These modes are very beneficial to the analysis for the aberrations induced by the immersion medium and the coverslip, and have potential application in the adaptive optics for SIM. Additionally, the distance between the two edge points on the BFP of the objective is taken into account, which leads to a tremendous change of the excitation patterns from the ideal counterparts, and PSFs are just like being squished on the vertical direction, therefore, the reconstructed images include a lot of ghost parts. It's necessary to comprehend these effects for further optimizing a SIM system, for example, if the reconstructed images contain ghost parts, the researchers can analyze the source of the damage by reference to the aberration mode of misaligned pupil. However, in practical experiments, the noise and background intensity must be taken into consideration, which aggravates the quality of images more intensely. Moreover, with the increase of the imaging depth, not only do the aberrations increase, but also the influence of scattering and absorption should be paid more attention.



SUMMARY

In conclusion, we have built modes for the mismatched RIs, the increase of the focal depth, and the biased thickness of the coverslip, the tilted coverslip, and the misalignment of incident beams with respect to the BFP of the objective, respectively. In these modes, the excitation patterns are calculated based on the principle of two beams interference. In the first four modes, the pupil functions of the detection path are calculated using the ray tracing and are decomposed into the first 15th Zernike polynomials to obtain a quantified analysis, however, for the misalignment of incident beams, the pupil is not filled in the detection path. Consequently, the PSF of the detection path is distorted as a result of the corresponding pupil function, and combined with the excitation pattern, the reconstructed images are affected at different levels in these cases. The quantified descriptions for these modes can assist in monitoring and compensating the aberrations by adaptive optics, and a more completed reference for the correction of the SIM systems can be obtained.

This model is beneficial for the estimation and the correction of the aberrations in SIM, giving a guideline to further improve the performance of the SIM microscopes. In addition, this model is generally applicable to the systems that use structured illumination, e.g., such as multi-beams interference illumination.
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Rapid detection of foodborne pathogens is one of the most effective ways to solve food safety problems. To achieve rapid and noninvasive detection and classification of foodborne pathogens, we modified a fiber confocal backscattering micro-spectral system to suit an extremely small biological sample, that is, a bacterium. This system offers single-bacterium level, label-free, convenient, and environmentally friendly characterization. Three categories of common foodborne pathogens (Salmonella typhimurium, Escherichia coli, and Staphylococcus aureus) were measured. The scattering spectrum ranging from 450 to 900 nm was selected, and by the model of principal component analysis (PCA) and error back propagation algorithm of back propagation neural network (BPNN), the backscattering microscopic spectra of three categories of pathogens were dimensionally reduced, identified, and classified. The results showed that the identification accuracy of three categories of pathogens was above 90%, under neutral, acidic, and alkaline culturing conditions, respectively. The preliminary results demonstrated the feasibility of using confocal backscattering microscopic spectra combined with PCA and BPNN algorithm to identify and classify single bacterium in a rapid, noninvasive, and label-free manner.

Keywords: foodborne pathogens, elastic scattering, scattering spectra, classification, principal component analysis


INTRODUCTION

At present, foodborne illness poses a serious public health threat. Foodborne pathogens are the major cause of foodborne illness [1]. According to World Health Organization (WHO) estimates, pathogenic microorganisms are responsible for 70% of the world's foodborne disease patients [2]. In the worldwide, there are 1.5 billion diarrhea cases caused by biocontamination of food every year, of which about 3 million resulted in death among children <5 years old [3]. Contaminants are widely distributed in nature, coming from air, water, or the feces of animals. Moreover, they are difficult to eliminate because some of them often adhere to the surface of food or medical devices and form a biofilm that resists sterilization. For instance, Staphylococcus aureus is commonly associated with device-related infections after an implantation or operation [4]. Hence, the detection of foodborne pathogens is an effective first step in controlling food safety and reducing clinical infection rates.

In recent years, numerous methods of detecting foodborne pathogens have been deployed, for example, enzyme-linked immunosorbent assay (ELISA) [5], bioluminescence detection [6], gene chip technology, and polymerase chain reaction (PCR) technology [7]. However, conventional pathogen detection methods for the detection and identification of different bacteria still have some defects. For example, if the marker of a gene probe is a radioactive group, it may harm the human body, with its subsequent treatment relatively difficult. An adenosine triphosphate (ATP) luminescence detection technology can detect the total number of microorganisms contained in food but cannot specifically detect a target microorganism. Enzyme-linked immunity usually has a high false-positive rate, which affects the accuracy of detection, and is time-consuming and laborious. In addition, traditional detection methods do not apply to many clinical instruments. Therefore, at present, in the field of rapid detection of foodborne pathogens, optical means are playing an increasingly important role [8]. Raman spectroscopy has been found to have increasing applications in the field of foodborne pathogen detection due to its rapid and ultra-sensitive properties [9, 10]. Pan et al. reported a near infrared (NIR) laser scattering imaging system for rapid and noninvasive classification of foodborne pathogens [11]. The study results explored the potential of this system combined with multivariate calibrations for classifying three categories of common bacteria. Wilson and Vigil proposed a dark-field imaging technique capable of automated identification of individual bacterium [12]. Various reports in the literature have demonstrated that strategies using optical methods are potentially able to identify foodborne pathogens noninvasively, in real time, and in vivo.

Optical scattering is the main form of the interaction of a tiny particle and light, while the characteristics of the scattered light are directly related to the characteristics of the scattering particles [13]. It is used to detect the structural variations of mitochondria, measurements of macromolecular dipole moments, structural changes in cells, mechanisms of swelling, and lysis of isolated mitochondria, among other applications [14–17]. All of these studies are based on scattering theory, that is, the principle that structural differences may cause scattering differences. The optical detection method based on elastic scattered light can measure and analyze the internal structure distribution and changes of living cells in a natural state without introducing an external medium. Backscattering spectra carry structural and chemical component information from inside the bacterial cell.

Here, a pilot study was carried out to identify three categories of label-free bacteria using a fiber confocal backscattering micro-spectrometer (FCBS). Every bacterial smear was measured by the FCBS. The collected spectra were dimensionally reduced based on principal component analysis (PCA), identified and classified based on back propagation neural network (BPNN) algorithm. Because artificial neural network algorithm has strong nonlinear mapping function, which the representative model is BPNN [18]. It is a multilayer feedforward network trained by an error back propagation algorithm and can get good prediction results.



MATERIALS AND METHODS


Experimental Device

The FCBS is a combination of optical fiber confocal and elastic scattering to obtain the single-cell backscattering spectrum. This method has been published in our earlier study and was used for classification and identification of cancerous cells in previous studies [15]. Here, we introduced mainly a slight modification on FCBS suitable for bacteria detection. We improved the original optical fiber confocal backscattering spectrum system to reduce its light field diameter to fit small biological samples. The detailed improved methods are as following. The light is coupled by Port 3 of the fiber coupler to the optic probe, which is made up of a flat-field apochromatic (PLAN Apo) objective (NA = 0.4, 20X, Olympus, Japan) as a collimator and another PLAN Apo objective (NA = 0.65, 40X, Olympus, Japan) as an objective. The diameter of the optical field for the modified FCBS is about 3.5 μm.



Bacterial Samples

The cell samples for this experiment were Salmonella typhimurium (S. typhimurium, ATCC14028), Escherichia coli (E. coli, ATCC25922), and S. aureus (S. aureus, ATCC6538). All bacterial samples were obtained from the Laboratory of Microbiology, University of Shanghai for Science and Technology. All cytological samples were free of sedimentation. The experiment was completed within 24 h at room temperature.

The bacteria were separated in the following manner: The three strains were cultured in a nutrient broth for 16 h, fixed with 1% methanol (v/v), and then made the bacteria smear. The procedure steps are as following: firstly, 200 μL of the bacteria were placed in the Eppendorf centrifuge tube and centrifuged for 5 min at 5,000 rpm. Secondly, the supernatant was removed. Thirdly, the precipitated part was resuspended with 1mL of deionized water to make the bacteria suspension. These procedures were repeated three times before the bacteria were finally resuspended in 500 μL of deionized water. After the clean oil-free slides were baked on an alcohol lamp, 20 μL of bacterial suspension were smeared on the prepared slide using a sterilized coating rod.



Spectral Collection and Pretreatment

We used a silicon slice whose reflectivity was about 30% in the visual and NIR range as the standard reflector for all bacteria backscattering spectral analyses to accurately obtain the true spectral characteristics of the measured samples. S. typhimurium, E. coli, and S. aureus were individually placed on the microscope slide, while the stage was manually adjusted to move along the surroundings so that the spot of convergence could be scanned in all directions. The microscopic information of the sample at this point was measured at the single bacterium level.



Analysis and Identification Method

In the spectrum range from 450 to 800 nm, the dimensionality of spectrum is too high, making analysis and automatic identification very difficult. Principal component analysis (PCA) method is a multivariate statistical analysis technique. The core idea is to compress and extract the data, compress the linearly dependent variables into a few linearly independent comprehensive variables. The new obtained comprehensive variables contain most of the information of original variables. The PCA method is used to reduce the dimensionality. The main characteristics of the data are extracted by data decorrelation [19]. Then the main information is included in the first few principal components (PCs). In the process of comprehensive analysis, the first few PCs with the largest variance are selected and can be used in preliminary treatment for other machine learning methods [20].

The basic idea of BPNN is to use the steepest descent method to obtain the constant adjustment of the network weight and threshold through back propagation, so as to obtain the smallest square error of network error. To identify and classify the spectra of three categories of pathogens, the samples of the test set are pre-processed by PCA. The principal component vectors of cumulative contributions over 85% are inputted into the BPNN model are extracted for prediction. We set the deviation of prediction results within ±0.15 as the correct prediction. Conversely, there are two types of misjudgments: [1] when the prediction value is not in the setting value range, the misjudgment is occurred. However it is not recognized as another type of bacteria; [2] when the prediction value is in another bacteria value range, it will be recognized as other bacteria. The number of trainings used is 5,000 and the target error is 0.01.




EXPERIMENTAL RESULTS UNDER NEUTRAL CULTURING CONDITIONS

In this experiment, the backscattering micro-spectra of S. typhimurium, E. coli, and S. aureus that were cultured under neutral condition, were measured using the modified FCBS.


Three Bacterial Spectra

The light scattering spectra of the three kinds of foodborne pathogens were obtained and demonstrated by using BWspec software. The experimental data for the backscattering micro-spectra of the three kinds of bacteria are shown in Figure 1.


[image: Figure 1]
FIGURE 1. Backscattering micro-spectra of three kinds of bacteria.


In the spectra range of 450 to 800 nm, the contribution rate and cumulative contribution rate of variance for the first five principal components calculated by PCA are shown in Table 1. The cumulative contribution rate of the first two principal components (PC1 and PC2) reaches 99.39%, indicating that they already contain the primary information of the original variables.


Table 1. Contribution rate and cumulative contribution rate of the first five principal components.

[image: Table 1]

A PCA scatter diagram based on the first two principal component scores, PC1 and PC2, is shown in Figure 2. Fifty spectral data for each of the three kinds of bacteria are used in the PCA. This result has demonstrated that the micro-spectra of S. typhimurium, E. coli, and S. aureus obtained using the modified FCBS can be distinguished by the first two principal components in the PCA.


[image: Figure 2]
FIGURE 2. Discrimination of the spectra of the three kinds of bacteria by PCA.




Identification Results by BPNN

Spectral data of 150 samples were collected as prediction set samples, 1–50, 51–100, and 101–150 cases were S. typhimurium, E. coli, and S. aureus spectral data, respectively. The effective spectral components of the microscopic spectra of bacteria collected after the data dimension of spectra were reduced by PCA method. The first and second principal component vectors were selected as the input of the BPNN model for testing. The classification and identification results have been shown in Table 2 for 150 prediction sample sets. The experimental results have shown that the identification rate of all three bacteria is above 90%.


Table 2. Classification results.
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EXPERIMENTAL RESULTS UNDER DIFFERENT CULTURING CONDITIONS

During the actual detection process, the growth of foodborne pathogens will also change with the external environment. The use of back scattering spectroscopy for label-free classification and identification of foodborne pathogens is an ongoing research. To prove the ability of classification and identification of the modified FCBS, it is necessary to consider the backscattering of foodborne pathogens in on-site detection. The same three foodborne pathogens are selected. Most of the oils and fats are weakly alkaline, while most of the eggs and milk foods are weakly acidic. Therefore, two pH values (pH = 6.6, pH = 8.4) culturing condition are designed. The backscattering spectra of three foodborne pathogens are studied by spectroscopy combined with statistical methods, chemometric methods, and deep learning algorithms.


Spectra of Three Foodborne Pathogens Under Two pH Conditions

The experimental data of the backscattering micro-spectra of the three kinds of bacteria under two conditions of pH value are shown in Figure 3.


[image: Figure 3]
FIGURE 3. Backscattering micro-spectra of three kinds of bacteria under acidic condition (A) and alkaline condition (B).


The contribution rate and cumulative contribution rate of the variance of two pH value conditions for the first five principal components calculated by PCA are shown in Tables 3, 4. In the spectra range of 450 to 800 nm, the cumulative contribution of the first two principal components (PC1 and PC2) reaches 86.179 and 98.6%, respectively, indicating that they already contain the primary information of the original variables.


Table 3. Contribution rate and cumulative contribution rate of the first five principal components (acidic condition).
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Table 4. Contribution rate and cumulative contribution rate of the first five principal components (alkaline condition).

[image: Table 4]

Under two conditions of pH values, PCA plots based on the first two principal component scores, PC1 and PC2, are presented in Figures 4, 5, respectively. A total of 50 samples of spectral data for each of the three kinds of bacteria are used in the PCA. This result has demonstrated that under acidic and alkaline culturing conditions, the micro-spectra of S. typhimurium, E. coli, and S. aureus obtained using the modified FCBS can be distinguished by the first two principal components in the PCA.


[image: Figure 4]
FIGURE 4. Discrimination of the spectra of the three kinds of bacteria under acidic condition by PCA.



[image: Figure 5]
FIGURE 5. Discrimination of the spectra of the three kinds of bacteria under alkaline condition by PCA.




Identification Results by BPNN Under Two pH Conditions

Under each of two pH conditions, spectral data of 150 samples are collected as prediction set samples respectively. Same as under neutral culturing conditions, the samples of the test set are also pre-processed by PCA, while the first two principal component input BPNN model are extracted for testing. The classification and identification result have been shown in Tables 5, 6. The experimental results have shown that the identification rates of all three bacteria are above 94%.


Table 5. Classification results (acidic condition).
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Table 6. Classification results (alkaline condition).
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DISCUSSIONS AND CONCLUSION

Food safety issues are associated with the national economy and people livelihood. Traditional techniques of bacterial identification are time-consuming and offer poor detection sensitivity. Our proposed test method here is noninvasive and label free. It can extract the spatial information of the bacterial cells into the spectral information and obtain the scattering characteristics of various bacterial cells without complicated pre-processing. By extracting the characteristic of the scattering spectrum, different cells can be identified and classified. Compared with the backscattering detection technology, such as the Raman spectrum, the elastic light scattering spectrum can better describe the cell morphological characteristics. Our method has a number of advantages, such as the simplicity of the system, good repeatability, and high precision of spectral signals. Moreover, the system is more conductive to the design and construction of portable detection equipment, thereby meeting the requirements of detection in-situ. Backscattering micro-spectral data from S. typhimurium, E. coli, and S. aureus are collected from three foodborne pathogens based on our modified FCBS. By utilizing PCA and BPNN algorithm, the three kinds of bacteria were classified and identified, with good results obtained. At the same time, the identification accuracy was improved, which provided a new method for cell identification. The results have shown that the identification accuracy of three categories of common foodborne pathogens under neutral, acidic and alkaline culturing conditions were all above 90%. In addition, it could be observed that the spectral curves of the same species of bacteria were significantly different under different culture conditions. In response to this phenomenon, we speculate that the morphological characteristics of bacteria changed under acidic and alkaline culturing conditions, compared with neutral culturing condition. Thus the elastic light scattering spectrum changed [21].

With a greater understanding of food microorganisms, we believe that additional foodborne pathogen analysis methods and detection techniques can be applied in real-life situations. In future, we will continue to optimize the identification algorithm and collect a larger number of samples to confirm our current data before establishing a database of bacterial feature information. In addition, miniaturization equipment can provide guarantee for in-situ rapid detection. However, considerable work remains to be done in the future for applying the discrimination of the bacteria based on the modified FCBS. Given the complicated effect of the variety of foodborne pathogens that usually exist in food, automatic classification of mixed bacteria and its application for clinical detection and treatment needs further research. Full detection of pathogenic bacteria in food cannot be accomplished using a single method and requires a combination of various techniques to enhance detection sensitivity and reduce detection time. With the rapid development of microbiology, biochemistry, molecular biology, and other disciplines, the development of various multifunctional microbial detection systems has become an important topic. Combining the optical technology with other detection techniques can achieve accurate and efficient detection of foodborne pathogens and requires further research.
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Super-resolution microscopy enables images to be obtained at a resolution higher than that imposed by the diffraction limit of light. Structured illumination microscopy (SIM) is among the fastest super-resolution microscopy techniques currently in use, and it has gained popularity in the field of cytobiology research owing to its low photo-toxicity and widefield modality. In typical SIM, a fluorescent sample is excited by sinusoidal patterns by employing a linear strategy to reconstruct super-resolution images. However, this strategy fails in cases where non-sinusoidal illumination patterns are used. In this study, we propose the least-squares SIM (LSQ-SIM) approach, which is an efficient super-resolution reconstruction algorithm in the framework of least-squares regression that can process raw SIM data under both sinusoidal and non-sinusoidal illuminations. The results obtained in this study indicate the potential of LSQ-SIM for use in structured illumination microscopy and its various application fields.

Keywords: super-resolution imaging, structured illumination microscopy, reconstruction algorithm, optimization, least squares


INTRODUCTION

The resolution of a fluorescence microscope is limited by the optical diffraction effect, which can be described by Abbe's Equation [1]. Several super-resolution fluorescence microscopy techniques have been previously developed, such as stochastic optical reconstruction microscopy (STORM) [2], stimulated emission depletion fluorescence microscopy (STED) [3], and structured illumination microscopy (SIM) [4]. SIM features low photo-toxicity and a relatively high imaging speed, and has been widely applied in the field of biological sciences to study cellular and subcellular dynamics and mechanisms [5, 6]. SIM employs sinusoidal illumination patterns with different directions and initial phases to downshift the high-frequency component of the fluorescence signals of a specimen into the scope of the optical transfer function (OTF), which is otherwise filtered in conventional microscopic optics, leading to resolution loss. The high- and low-frequency components are then unmixed using the solution of a set of linear equations and shifted to their correct positions in the reciprocal domain. With this expanded spectrum, the resulting resolution is almost twice that of widefield fluorescence microscopy. The resolution enhancement provided by SIM can be further improved if the nonlinear characteristics of fluorescent labels are utilized, such as saturation [7] and photo-switching [8, 9], depending on the strength of the high-frequency signal and level of noise corruption in the system.

In super-resolution reconstruction of SIM data, the parameters of sinusoidal illumination patterns (e.g., the frequency vectors and initial phases) must be precisely known. However, this knowledge is difficult and even impossible to obtain if the illumination patterns are distorted due to aberrations caused by the observed specimen, especially in the case of thick biological tissue [10]. Mudry et al. [11] developed a structured illumination microscopy approach using unknown speckle illumination (referred to as blind SIM), in which both the object and speckle patterns are estimated by conjugate gradient descent. With the grain size of speckle being close to the diffraction limit, the resolution of blind SIM is comparable to that of classical structured illumination microscopy [11]. In addition to speckle, multi-foci has also been applied as structured illumination to realize a doubling in resolution and optical sectioning with an extra digital pinhole [12]. Unfortunately, the reconstruction algorithm of original structured illumination microscopy is unable to process the raw data from these novel SIM techniques. Various reconstruction methods have been invented to deal with SIM data under non-sinusoidal illumination, though these approaches are both iterative and time consuming [13–15].

In this paper, we propose a highly efficient reconstruction method for use with SIM images under general structured illumination (sinusoidal and non-sinusoidal). As reported in the previous literature, the reconstruction of an object is formulated in terms of an optimization problem [11]. This optimization problem lacks an analytical solution owing to the convolution operator in the SIM imaging model, which is also ill-conditioned. We introduce a pre-deconvolution step for simplification, so a direct solution to this problem is available that can be instantly calculated through least-squares fitting. Furthermore, our method is conducted mainly in the spatial domain, which makes it faster because it requires fewer computationally intensive Fourier transformation operations.

In section Method, we present the SIM imaging forward model that we exploit in the least-squares algorithmic framework for super-resolution reconstruction of objects. The principles of our method are demonstrated and reconstruction results obtained using simulated data are shown. Section Results and Discussion describes the validation of our approach using open-access SIM data under sinusoidal and non-sinusoidal illumination.



METHOD

In two-dimensional (2D) SIM, the relation of an object f illuminated by an excitation pattern p and a captured image g can be described by:

[image: image]

where ⊗ denotes the 2D convolution operator, and psf the point spread function. For convenience, the magnification is assumed to equal 1 here, without loss of generality. In the frequency domain, Equation (1) becomes:

[image: image]

where OTF denotes the optical transfer function, and G, F, and P are the 2D Fourier transformations of g, f, and p, respectively. As the OTF is band-limited, spectrum information at frequencies higher than the cutoff frequency is filtered and unrecoverable after imaging if the illumination pattern is uniform, as in the case of widefield microscopy, which leads to resolution degradation. Through pulse function decomposition, Equation (2) becomes:

[image: image]

where kx and ky denote frequency coordinates corresponding to spatial coordinates x and y, respectively, and u and v are integration variables. This implies that a high-frequency component is coded into the frequency domain within the range of the OTF weighted by the spectrum of the illumination pattern. As a specific case of SIM, the integration in Equation (3) is replaced with a discrete summation of the spectrum of the object filtered by the OTF and its shifted copies. It can be seen that the essence of super-resolution SIM consists of accessible high-frequency information resulting from structured illumination. SIM illumination patterns are usually generated through the same objective in the detection path, which restricts their spatial frequency below its cutoff frequency, so the resolution improvement is at most 2-fold. The resolution enhancement of SIM can be further extended if certain nonlinear processes of fluorescence dyes are applied to effectively excite higher-order harmonics [7–9].

The task of reconstructing an object from SIM data can be viewed as an optimization problem, for which the cost function to be minimized is

[image: image]

where N is the total number of illumination patterns. There is no direct solution to this optimization problem as a result of the convolution operator. Considering the band-limiting nature of the point spread function, minimization of L1(f) is equivalent to that of

[image: image]

where deconwnr denotes the Wiener deconvolution and Scut−off is a frequency-bound constraint function that sets spectrum values outside the cutoff bound of OTF to zero. The analytical solution for the minimization of L2(f) is then described by Tian et al. [16]

[image: image]

which is also a least-squares estimation. To avoid division by zero, a small positive constant acting as the Tikhonov regularization is added to the denominator in Equation (6) when applied to the SIM data. We find that Wiener deconvolution causes obvious artifacts and noise amplification, especially when the sample is bead-like, which leads to significant corruption of the reconstruction results. This issue can be solved by simply replacing the Wiener deconvolution through using Richardson-Lucy deconvolution in this pre-deconvolution step. We also implement high-frequency elevation for each illumination pattern before applying Equation (6), and deconvolve flsq after high-frequency emphasis with an point spread function that corresponds to a doubled numerical aperture, to strengthen the contrast of the final reconstruction result. With high-frequency elevation for illumination patterns, the weight of low frequency components in final reconstruction can be reduced so out-of-focus background is suppressed, which benefits thick biological tissue imaging. A block diagram describing our approach is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Block diagram showing the proposed LSQ-SIM algorithm.


We use a simulated Siemens Star target [o(r,θ)=1+cos32θ in polar coordinates] to test our method. The numerical aperture for simulation is set to 0.7 and five types of two-dimensional illumination patterns are used: sinusoidal fringes, quadratic lattice, hexagonal lattice, multi-spots, and pseudo-random speckles. In 2D SIM, sinusoidal fringes are usually generated through the interference of two coherent beams or projection of the light field on a digital micromirror device (DMD) [17, 18]. The quadratic lattice, which contains two more peaks in the reciprocal domain compared to the sinusoidal fringe, is produced with two pairs of coherent orthogonal beams. The hexagonal lattice is generated in a similar manner, with three pairs of light beams with a high degree of coherence [19]. Due to increased sparsity, the quadratic and hexagonal lattices bear higher modulation depth than sinusoidal fringes in a thick sample, which can yield better reconstruction results.

Multi-spots and pseudo-random speckle have also been used to achieve super-resolution SIM, both of which can be created with the economical DMD [20, 21]. Due to the flexibility of DMD, which is digitally controlled, the properties of illumination patterns, such as quantity and sparsity, can be appropriately designed. In our simulation, the multi-spots pattern scans the target uniformly and the speckle patterns are generated using a pseudo-random algorithm, as such, the sum of SIM images forms a complete widefield frame of the target, which promotes unbiased reconstruction [22]. Note that the speckle illumination applied in blind SIM [11] is produced by placing a mechanically driven optical diffuser in the excitation path, which leads to a high required number of captured images to obtain an unbiased reconstruction.

Figure 2 shows the simulation results for these different types of structured illumination. The outer blue dashed circle indicates the resolution that is limited by optical diffraction, and the inner one indicates resolution doubling. The area inside the outer circle is still blurred after pure deconvolution. In the case of the reconstructions obtained using our method (Figures 2D–H), the details between the two circles of the target are clearly distinguishable, with some slight ambiguity close to the inner circle, which suggests that a nearly 2-fold resolution enhancement is achieved. It is noteworthy that the resolution enhancement of image reconstruction in the case of pseudo-random speckle illumination is slightly weaker than those of the other examples, which may result from the irregularity of the speckle.


[image: Figure 2]
FIGURE 2. Reconstructions of simulated Siemens Star targets imaged under structured illuminations of sinusoidal fringe (D), quadratic lattice (E), hexagonal lattice (F), multi-spots (G), and speckle (H). The ground truth (A), together with widefield (B), and deconvolved (C) images is also shown. The outer blue dashed circle indicates the resolution limited by optical diffraction, and the inner circle denotes resolution doubling.


To assess the performance of our method, contrasts at different circular spatial periods are calculated, as shown in Figure 3. For the widefield and deconvolved images, the contrast falls close to zero at a spatial period of λ/2NA, in accordance with the theoretical diffraction limit. In the case of reconstructions obtained using the proposed LSQ-SIM method, the contrast remains comparatively high, at spatial periods ranging between 0.5 and 1 times λ/2NA, which verifies the resolution improvement. As shown in Figure 3, the reconstructions of lattice-illuminated images present much higher contrasts within the middle of the super-resolution region compared with the other reconstructions, which reveals the superiority of lattice-structured illumination.


[image: Figure 3]
FIGURE 3. Contrast degradation curves of the reconstructed simulated target under different types of structured illumination.




RESULTS AND DISCUSSION

We validate our LSQ-SIM reconstruction algorithm on two open-accessible experimental data sets (Laser Analytics Group), and compare it with joint Richardson-Lucy deconvolution, an iterative method that has been used to successfully reconstruct SIM images by sinusoidal and multi-focal excitation (jRL-SIM) [13, 23]. The jRL-SIM approach originates from the Richardson-Lucy (RL) deconvolution used in image restoration, the idea of which is to get an estimation of the object to maximize the likelihood of the observation under the Poisson noise model by multiplicative iteration [24, 25]. In RL deconvolution, the blurring convolution kernel (e.g., the point spread function) is regarded as a linear operator. While in jRL-SIM, this convolution operator is modified to be a mixed operator that combines convolution and structured excitation operations. As a result of this iteration approach, jRL-SIM is particularly time consuming for large numbers of raw SIM images.

All the reconstructions described in this study were conducted on a personal computer equipped with a 2.9 GHz i5-9400 CPU. The first data set contains SIM images of fluorescent beads (Tetraspeck, Thermo Fisher Scientific) with a nominal diameter of 100 nm by sinusoidal excitation at the wavelength of 488 nm [23]. The widefield image is acquired by summing all the raw images on which deconvolution is subsequently implemented. The number of iterations for jRL-SIM reconstruction is chosen to be 30 to guarantee sufficient convergence and prevent intolerable artifacts and noise amplification. At the pre-deconvolution step of our LSQ-SIM reconstruction, we use iterative RL deconvolution rather than instant Wiener deconvolution because we find that Wiener deconvolution leads to obvious ringing artifacts that severely corrupt the reconstruction result. Figure 4 shows a comparison of jRL-SIM and LSQ-SIM reconstructions for fluorescent beads. In the widefield image, fluorescent beads that are lying in proximity cannot be discriminated (pure deconvolution also fails to distinguish these) although the contrast is boosted. Both the jRL-SIM and LSQ-SIM reconstruction methods successfully resolve these neighboring beads, while the latter partially presents a slightly higher contrast, according to the intensity profile shown in Figure 4.


[image: Figure 4]
FIGURE 4. Comparison of reconstructions of fluorescent beads under sinusoidal illumination using the jRL-SIM and LSQ-SIM methods. Scale bar: 2 μm for full-frame image and 0.5 μm for the zoomed region.


To further compare the resolution improvement provided by the proposed LSQ-SIM method and jRL-SIM, we study their capacity to compress the full width at half maximum (FWHM) of a sub-diffraction object [18]. The intensity profiles of a single bead are plotted in Figure 5. The FWHM value for the single bead in the widefield image is approximately 250 nm, whereas the FWHMs for jRL-SIM and LSQ-SIM reconstructions were ~120 nm and ~140 nm, respectively. Although the FWHM confinement of LSQ-SIM is a little lower than that of jRL-SIM, a reduction of the FWHM by nearly one half is still realized.


[image: Figure 5]
FIGURE 5. Comparison of the intensity profile of a single fluorescent bead reconstructed using jRL-SIM and LSQ-SIM. Scale bar: 1 μm.


The efficacy of the proposed LSQ-SIM method is also assessed using a data set consisting of sample images from multi-focal SIM (MSIM). The target sample is a microtubule structure labeled by Alexa Fluor 488 in a fixed cell imaged under a 60 × TIRF objective with NA1.45 [12]. The reconstruction results of jRL-SIM and LSQ-SIM are shown in Figure 6. For the pre-deconvolution step in LSQ-SIM reconstruction, an easily performed quasi-Wiener deconvolution is applied by replacing the signal-to-noise (SNR) regularization term in the standard Wiener deconvolution with a small positive constant (referred to as Tikhonov regularization). We find that the proposed LSQ-SIM method provides sample reconstruction that is similar to that of jRL-SIM, with a clearer background but without the post-deconvolution procedure mentioned earlier in this section, revealing two closely nestling branches that are nevertheless obscured in the deconvolved widefield images. Employing the post-deconvolution process described above in LSQ-SIM reconstruction provides clear resolution enhancement, as well as significant contrast improvement.


[image: Figure 6]
FIGURE 6. Reconstruction results of the microtubule sample, obtained using widefield, jRL-SIM, and proposed LSQ-SIM methods without and with post-deconvolution. Scale bar: 1.5 μm.


The frequency spectra of jRL-SIM and LSQ-SIM reconstructions are also compared, as shown in Figure 7. The inner red dashed circle indicates the experimentally calibrated widefield cut-off at a spatial frequency of 1/280 nm−1, while the outer circle indicates a cutoff of 1/145 nm−1. The spectrum of jRL-SIM reconstruction is expanded and almost fills the area bounded by the outer circle, which is consistent with the result of the previous study [12]. Without post-deconvolution, the spectrum expansion of LSQ-SIM reconstruction is slightly weaker than that of jRL-SIM, which is compensated for by the proposed post-deconvolution method.


[image: Figure 7]
FIGURE 7. Comparison of frequency spectral of the reconstructions of the microtubule sample. The spectra of the deconvolved image (a), jRL-SIM reconstruction (b), and LSQ-SIM reconstruction without (c) and with (d) post-deconvolution are displayed.


With regards to computation time, the jRL-SIM reconstruction of fluorescent beads requires 48.1 s in contrast to the 16.7 s required by the proposed LSQ-SIM method, which is nearly three times faster. For the reconstruction of the microtubule sample, jRL-SIM requires 14.2 s to reconstruct a super-resolution image, while the proposed LSQ-SIM method requires 0.69 and 0.71 s with and without post-deconvolution, respectively. The speed improvement obtained by the LSQ-SIM algorithm is dramatically increased to over 25 times because of the fast quasi-Wiener deconvolution utilized at the pre-deconvolution step of microtubule reconstruction.



CONCLUSION

We propose a novel super-resolution image reconstruction algorithm in the least-squares regression framework to efficiently process SIM data under both sinusoidal and non-sinusoidal structured illumination. Our method is conducted mainly in the spatial domain, which greatly reduces the computation time required for an individual reconstruction. The super-resolution capability of the proposed LSQ-SIM approach is verified both in silico and in vitro. The performance of our method is assessed on two open-access experimental data sets, giving results that are comparable to those of the jRL-SIM method. Our findings indicate that the proposed LSQ-SIM method has the potential for use in biological applications.



DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to the corresponding author.



AUTHOR CONTRIBUTIONS

JL contributed to conception of this work, accomplished the simulation, performed the analysis of results, and wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



FUNDING

This research was funded by the National Natural Science Foundation of China (61827825 and 61735017), Fundamental Research Funds for the Central Universities (2019XZZX003-06), and Zhejiang Lab (2018EB0ZX01 and 2020MC0AE01).



REFERENCES

 1. Abbe E. Beitirage zur theorie des mikroskops und der mikroskopischen Wahrnehmung. Arch Mikroskopische Anat. (1873) 9:413–8. doi: 10.1007/BF02956173

 2. Rust MJ, Bates M, Zhuang X. Sub-diffraction-limit imaging by stochastic optical reconstruction microscopy (STORM). Nat Methods. (2006) 3:793–5. doi: 10.1007/978-3-642-02597-6_20

 3. Hell SW, Wichmann J. Breaking the diffraction resolution limit by stimulated emission: stimulated-emission-depletion-fluorescence microscopy. Opt Lett. (1994) 19:780–92. doi: 10.1364/OL.19.000780

 4. Gustafsson MG. Surpassing the lateral resolution limit by a factor of two using structured illumination microscopy. J Microsc. (2010) 198:82–7. doi: 10.1046/j.1365-2818.2000.00710.x

 5. Guo Y, Li D, Zhang S, Yang Y, Liu JJ, Wang X. Visualizing intracellular organelle and cytoskeletal interactions at nanoscale resolution on millisecond timescales. Cell. (2018) 175:1–13. doi: 10.1016/j.cell.2018.09.057

 6. Huang X, Fan J, Li L, Liu H, Chen L. Fast, long-term, super-resolution imaging with hessian structured illumination microscopy. Nat Biotechnol. (2018) 36:451–9. doi: 10.1038/nbt.4115

 7. Gustafsson GLM. Nonlinear structured-illumination microscopy: wide-feld fuorescence imaging with theoretically unlimited resolution. Proc Natl Acad Sci USA. (2005) 102:13081–6. doi: 10.1073/pnas.0406877102

 8. Li D, Shao L, Chen BC, Zhang X, Zhang M, Moses B. Extended-resolution structured illumination imaging of endocytic and cytoskeletal dynamics. Science. (2015) 349:aab3500. doi: 10.1126/science.aab3500

 9. Rego EH, Shao L, Macklin JJ, Winoto L, Gustafsson MGL. Nonlinear structured-illumination microscopy with a photoswitchable protein reveals cellular structures at 50-nm resolution. Proc Natl Acad Sci USA. (2011) 109:E135–43. doi: 10.1073/pnas.1107547108

 10. Aurélie J, Tolstik E, Feldmann P, Wicker K, Sentenac A, Heintzmann R. Optical sectioning and high resolution in single-slice structured illumination microscopy by thick slice blind-sim reconstruction. PLOS ONE. (2015) 10:e0132174. doi: 10.1371/journal.pone.0132174

 11. Mudry E, Belkebir K, Girard J, Savatier E, Moal C, Nicoletti C. Structured illumination microscopy using unknown speckle patterns. Nat Photon. (2012) 6:312–5. doi: 10.1038/nphoton.2012.83

 12. York AG, Parekh SH, Nogare DD, Fischer RS, Temprine K, Mione M. Resolution doubling in live, multicellular organisms via multifocal structured illumination microscopy. Nat Methods. (2012) 9:749–54. doi: 10.1038/nmeth.2025

 13. Ströhl F, Kaminski CF. A joint richardson—lucy deconvolution algorithm for the reconstruction of multifocal structured illumination microscopy data. Methods Appl Fluoresc. (2015) 3:014002. doi: 10.1088/2050-6120/3/1/014002

 14. Dong S, Nanda P, Shiradkar R, Guo K, Zheng G. High-resolution fluorescence imaging via pattern-illuminated fourier ptychography. Opt Exp. (2014) 22:20856–70. doi: 10.1364/OE.22.020856

 15. Chakrova N, Rieger B, Stallinga S. Deconvolution methods for structured illumination microscopy. J Opt Soc Am A. (2016) 33:B12. doi: 10.1364/JOSAA.33.000B12

 16. Tian L, Li X, Ramchandran K, Waller L. Multiplexed coded illumination for fourier ptychography with an led array microscope. Biomed Opt Exp. (2014) 5:2376–89. doi: 10.1364/BOE.5.002376

 17. Florian S, Kaminski CF. Frontiers in structured illumination microscopy. Optica. (2016) 3:667–77. doi: 10.1364/optica.3.000667

 18. Dan D, Lei M, Yao B, Wang W, Winterhalder M, Zumbusch A, et al. DMD-based LED-illumination super-resolution and optical sectioning microscopy. Sci Rep. (2013) 3:1116. doi: 10.1038/srep01116

 19. Ingerman EA, London RA, Heintzmann R, Gustafsson MGL. Signal, noise and resolution in linear and nonlinear structured-illumination microscopy. J Microscopc. (2018) 273:3–25. doi: 10.1111/jmi.12753

 20. Yeh LH, Tian L, Waller L. Structured illumination microscopy with unknown patterns and a statistical prior. Biomed Opt Exp. (2016) 8:695–711. doi: 10.1364/BOE.8.000695

 21. Chakrova N, Heintzmann R, Rieger B, Stallinga S. Studying different illumination patterns for resolution improvement in fluorescence microscopy. Opt Exp. (2015) 23:31367–83. doi: 10.1364/OE.23.031367

 22. Dong S, Liao J, Guo K, Bian L, Suo J, Zheng G. Resolution doubling with a reduced number of image acquisitions. Biomed Opt Exp. (2015) 6:2946–52. doi: 10.1364/BOE.6.002946

 23. Ströhl F, Kaminski C. Speed limits of structured illumination microscopy. Opt Lett. (2017) 42:2511–4. doi: 10.1364/OL.42.002511

 24. Richardson WH. Bayesian-based iterative method of image restoration. J Opt Soc Am. (1972) 62:55–9. doi: 10.1364/JOSA.62.000055

 25. Lucy LB. An iterative technique for the rectification of observed distributions. J Astron. (1974) 79:745–54. doi: 10.1086/111605

Conflict of Interest: JW was employed by the company Texas Instruments Semiconductor Technologies (Shanghai) Co., Ltd.

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 © 2020 Luo, Li, Liu, Wu, Li, Kuang, Hao and Liu. 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: 28 April 2020
doi: 10.3389/fphy.2020.00110






[image: image2]

Compact Dual-Channel (Hyperspectral and Video) Endoscopy

Fuhong Cai1, Min Gao1, Jingwei Li2, Wen Lu3,4* and Chengde Wu5*


1Mechanical and Electrical Engineering College, Hainan University, Haikou, China

2State Key Laboratory for Modern Optical Instrumentation, Centre for Optical and Electromagnetic Research, Zhejiang University, Hangzhou, China

3Department of Biochemistry and Molecular Biology, Hainan Medical University, Haikou, China

4Key Laboratory of Emergency and Trauma of Ministry of Education, Hainan Medical University, Haikou, China

5Department of Cardio-Thoracic Surgery, Haikou People's Hospital, Central South University Xiangya School of Medicine Affiliated Haikou Hospital, Haikou, China

Edited by:
Chao Tian, University of Science and Technology of China, China

Reviewed by:
Jiaxin Yu, University of Shanghai for Science and Technology, China
 Hao He, Shanghai Jiao Tong University, China

*Correspondence: Wen Lu, swkxlw@163.com
 Chengde Wu, chengdewu@yeah.net

Specialty section: This article was submitted to Medical Physics and Imaging, a section of the journal Frontiers in Physics

Received: 12 February 2020
 Accepted: 23 March 2020
 Published: 28 April 2020

Citation: Cai F, Gao M, Li J, Lu W and Wu C (2020) Compact Dual-Channel (Hyperspectral and Video) Endoscopy. Front. Phys. 8:110. doi: 10.3389/fphy.2020.00110



The combining of reflected endoscopic imaging with spectral data has recently attracted much attention. In this study, we used an optical fiber bundle probe, a galvo-scanning module and an imaging spectrometer module to realize a dual-channel endoscope that is capable of simultaneously acquiring real-time video data and high-throughput hyperspectral data. The frame per second of the video channel is 30, and the wavelength range in the hyperspectral channel is 400–750 nm, with a 3 nm spectral resolution at 547 nm. To achieve fast hyperspectral imaging, we extracted the region of interest (ROI) from the video channel and utilized it as guidance to drive the galvo-scanning module to obtain the hyperspectral data in the ROI. In this way, the hyperspectral imaging speed for a selected ROI area can be reduced to about 1 second, making it possible to achieve rapid detection. Utilizing this system, we acquired the hyperspectral image of fingerprints, dorsum of the hand, and skin melanin nevus, demonstrating that compact dual-channel endoscopy has broad implications for research and therapeutics.
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INTRODUCTION

The importance of histopathological evaluation for disease remains critical. However, the acquisition and recognition of traditional pathological data are time-consuming and must be obtained by a well-trained observer. In order to achieve rapid intraoperative diagnosis, examination of frozen pathological sections from patients during operation has been developed and widely used in the clinical field. However, some dysplasia is invisible, inevitably leading to misdiagnosis. To circumvent this problem, some in vivo diagnostic techniques based on endoscopic tools have been developed [1–3]. For example, Qiu et al. [3] utilized light scattering endoscopic imaging for esophageal precancer diagnosis. Their work demonstrated that spectral technology is compatible with endoscopic diagnosis. In order to obtain high-throughput spectral information, hyperspectral endoscopy has been developed [4–6]. In hyperspectral imaging, the spectrum of each pixel in the image can be obtained, and then the chemical components of various kinds of tissue can be analyzed through spectral information [7, 8], which helps to improve the accuracy of diagnosis [9–14]. Nevertheless, motion artifacts during medical endoscopy may affect clinical diagnosis. From the perspective of imaging, increasing the imaging speed contributes to reducing motion artifacts. Hence, imaging speed is important for accuracy in clinical applications [15]. In general, a straightforward way to improve the imaging speed is to reduce the integral time of the sensor. However, the signal-to-noise ratio (SNR) is usually poor, with short integral time. At present, it is critical to resolve the issue of reducing spectral resolution to improve the SNR of spectral data in order to develop a fast-spectral detection system with less exposure time. Another way to improve imaging speed is to reduce the spectral resolution of the system. However, in the visible and near-infrared band, the absorption spectra of different biomolecules usually overlap. This reduces the reconstruction accuracy of biomolecules' content. Higher spectral resolution data can help to distinguish different biomolecules and contribute to a more accurate medical/chemical analysis [16]. Thus, a hyperspectral endoscopy system with high imaging speed and rich spectral information is required to perform accurate clinical diagnoses.

In our previous work [17], we developed a fiber bundle probe-based hyperspectral endoscope that utilized a galvo mirror to achieve spatial scanning. This hyperspectral endoscope is relatively cost-efficient and portable, making it suitable for field use. However, the previous endoscopic prototype required several tens seconds to obtain one three-dimensional (3D, 2D spatial, and 1D spectral) spectral image cube, which certainly limits its clinical application during operation. Additionally, the spectral image cube obtained suffered because of severe motion artifacts. In this study, we developed a compact dual-channel endoscope to accomplish rapid hyperspectral imaging in order to obtain a hyperspectral image of a region of interest (ROI) in about 1 s. This rapid imaging undoubtedly expanded its use in the histopathological evaluation. The system combines a traditional endoscopic imaging system and galvo-scanning imaging spectrometer to generate two channels of imaging data, i.e., high-speed two-dimensional (2D) spatial video data and a 3D hyperspectral cube. These two channels both detect the same target through endoscope imaging. Utilizing the high-speed spatial image and an image processing algorithm, ROIs can be rapidly located. By controlling the scanning angle of the galvo mirror, we can acquire fast-spectral imaging on the ROI. In the present study, the system was used to detect fingerprints, dorsum of hand, and skin melanin nevus, demonstrating its broad implications for research and therapeutics.



MATERIALS AND METHODS

In this work, a dual-channel endoscope was assembled to simultaneously acquire video and hyperspectral imaging data. Figures 1a,b shows the optical schematic diagram and photo of the dual-channel endoscope, respectively. A fiber bundle probe was used to transmit an image of the sample. When detecting the spectra of samples, an imaging lens was used to focus the image of the sample onto the far end face of the fiber bundle, while the proximal end face of the fiber bundle was in the focal plane of the objective. In this way, the real image of the sample was relayed to the detection module. After passing through the objective (RMS10X, THORLABS), the sample's real image was divided into two paths by a beam splitter (BSX10, THORLABS). After lens focusing (AC254-050-A, THORLABS), one path was captured by a custom video camera, thus obtaining the spatial image of the sample. The other path was first reflected by the galvo mirror (GVS001, THORLABS) and then focused into the homemade imaging spectrometer by another doublet lens (AC254-050-A, THORLABS). The homemade imaging spectrometer consisted of a custom slit with a 30 μm width, a collimating lens (AC254-050-A, THORLABS), a custom prism-grating-prism module, a focusing lens (AC254-050-A, THORLABS), and a CMOS camera. By changing the angle of the galvo mirror with the help of a data acquisition/generation card (USB6008, NI), the real image was scanned across the slit. For each angle, a spectral image was captured by the camera of the imaging spectrometer. A hyperspectral image cube of the sample was formed by combining a sequence of spectral images [18]. By outputting voltage with different values from USB6008, we controlled the angle of the galvo mirror. Both the video camera and spectral camera were connected to a computer using USB 3.0 cables. Through the USB cables, camera control and data transfer were accomplished. Notably, this compact dual-channel endoscope—including the driver circuit, data acquisition card, wire box, and a power outlet—can be contained in a suitcase whose size is 68 cm × 32 cm × 17 cm.


[image: Figure 1]
FIGURE 1. (a) Schematic drawing of the compact dual-channel endoscopy. 1, microscopic object; 2, beam splitter; 3, lens; 4, video camera; 5, galvo mirror; 6, imaging lens; 7, slit; 8, collimating lens; 9, prism; 10, grating; 11, prism; 12 doublet lens; 13, CMOS camera. One inset is the enclosing capsule, which is used to contain the compact dual-channel endoscopy. Another inset shows the far end face of the fiber bundle. (b) Photo of the compact dual-channel endoscopy. 1, compact dual-channel endoscopy; 2, driver circuit of the galvo mirror; 3, data acquisition/generation card; 4, wire box; 5, power outlet. (c) Relationship between the pixel index of CMOS camera and the calibrated wavelength. Inset is the spectral image of the calibration source. (d) Spectrum of the calibration source measured by our system.


We then performed the spectral calibration by utilizing a custom-made mercury lamp. Inset of Figure 1c was a spectral image captured by the camera of imaging spectrometer. The horizontal axis indicated spectral axis, while the vertical axis represented spatial axis, which was also perpendicular to the scanning direction. According to reporting by Das et al. [8], the wavelength of the spectrometer was assumed to be a polynomial function of the pixel index of the spectral axis. Thus, a least squares polynomial fit method was employed to investigate the relationship between wavelength and pixel index. Here, the wavelength of the calibration source at 406, 437, 547, 579, 620, 699 nm [19], and their corresponding pixel indexes at 1,136, 1,047, 741, 654, 611, 541, 333 were utilized in the fitting process. The solid line of Figure 1c shows the relationship between the wavelength and pixel index derived from the fitting result. Figure 1d is the spectrum of the calibration source obtained by our homemade spectrometer, with approximate 3 nm spectrometer at 547 nm. The wavelength range of this homemade imaging spectrometer was 400–750 nm.



RESULTS AND DISCUSSION

We first presented the imaging results of a test fiber bundle to check the consistency of the spatial image and hyperspectral image. A collimated LED lamp was adopted to illuminate the far end face of the fiber bundle probe. The spectrum of the LED lamp was shown in Figure 2a. The radiance of the LED lamp was about 500 lumens. The LED was driven by an electrical signal, so that the LED was turned on during the hyperspectral scanning process. With this working mode, we were able to avoid the heating problem of LED caused by long-time illumination. In the test experiment, a uniform white board was selected as an imaging sample, whose spatial image and hyperspectral cube were acquired synchronously. Figure 2b shows the image obtained by the video channel. Herein, there were several flaw pixels in the fiber bundle, since some region of the fiber bundle could not deliver the LED light. A hyperspectral cube was synchronously acquired from the spectral channel. The spatial image extracted from the hyperspectral cube is shown in Figure 2c. Observing the flaw pixels region, we found the spectral channel had good spatial consistency with the imaging result of the video channel.


[image: Figure 2]
FIGURE 2. (a) The spectrum of the LED source. (b) Spatial image of the fiber bundle end face derived from video channel. (c) Spatial image of the fiber bundle end face, extracted from the spectral cube from spectral channel with 0–3 v driving voltage. (d–i) The corresponding relationship between driving voltage of galvanometer and pixel position of hyperspectral image, indicating regional scan is consistent with global scan.


Second, we attempted to demonstrate that the scanning result of the spectral channel was linearly related with the control voltage from USB6008. For this purpose, we performed a spectral scanning experiment with six voltage ranges (i.e., 2.5–3.0 v, 2.0–2.5 v, 1.5–2.0 v, 1–1.5 v, 0.5–1 v, 0–0.5 v). Six spectral cubes were acquired after six scanning experiments, and the corresponding six spatial images are shown in Figures 2d–i. The combination of these six pictures is consistent with that of Figure 2c, indicating that the regional scan is consistent with global scan. This result shows that we can scan the region of interest through appropriate voltage output. By analyzing the spectral image of the end face of the fiber bundle probe in Figures 2d–i, the corresponding driving voltages to the left and right edge were 2.87 and 0.09 v, respectively. Meanwhile, the width of the spatial image of Figure 2b was 1,280 pixels, and the width of proximal end face of the fiber bundle was 1,264 pixels. Therefore, we can get the relationship between the driving voltage and the horizontal pixel index of the image by the following formula: driving voltage = −0.0022 × pixel position + 2.87.

Next, we utilized this system to image the hand of the first author. The LED lamp described above was used as an illumination source. Figures 3a,b shows spatial images derived from the video and spectral channel, respectively, when the fiber probe was aimed at human fingerprints. Figure 3c presents the average spectrum of fingerprints inside the red circle in Figure 3b. Two absorption bands, caused by the absorption of hemoglobin, can be seen near 543 and 580 nm [indicated by two arrows in the Figure 3c]. Figure 3d presents images of the finger at three spectral channels (543, 580, and 606 nm). Among the three images, the image brightness at 580 nm channel is the weakest due to the absorption of hemoglobin. Similarly, Figures 3e,f shows spatial images of the dorsum of the human hand derived from the video and spectral channel, respectively. Figure 3g presents the average spectrum of the blue circle in Figure 3f. Compared with the spectrum of the fingerprint, only the absorption band at 580 nm can be seen [indicated by the arrow in the Figure 3g], indicating that the hemoglobin content in the dorsum of the hand is less than that in the fingerprint. Figure 3h presents images of dorsum of the hand at three spectral channels (543, 580, and 606 nm).


[image: Figure 3]
FIGURE 3. (a) Spatial image of finger derived from video channel. (b) The corresponding spatial image extracted from the spectral cube from the spectral channel. (c) The average spectrum of the finger inside the red circle. (d) Images of finger at three spectral channels (543, 580, and 606 nm). (e) The spatial image of dorsum of the hand. (f) The corresponding spatial image extracted from the spectral cube from the spectral channel. (g) The average spectrum of dorsum of hand inside the blue circle. (h) Images of dorsum of the hand at three spectral channels (543, 580, and 606 nm).


It is worth nothing that for each spectral image, the exposure time of the camera was 20 ms and that 300 spectral images were collected during the experiment. Hence, the overall scanning time was about 6 s. During the scanning process, the spectral images were stored in the computer memory, rather than in a hard disk, to reduce the data storage time. While the computer was collecting spectral images, a new thread was created in the program to deal with the spectral data in the memory of the computer. All the programs were written in C# code.

However, even though the carrying out of the scan and the processing of spectral images occurred simultaneously by creating dual threads in the program, the total processing time, 6 s, is impractical for in vivo application since it is quite slow. By analyzing hyperspectral images, we found that we often paid more attention to a key area rather than the whole area when processing hyperspectral data. In order to further improve the scanning speed, we determined the ROI by spatial image first. Then, we scanned the region of interest by setting the initial voltage and the end voltage of galvanometer scanning because there was a linear relationship between the driving voltage and the horizontal pixel index of the intensity image. Figure 4a shows the spatial image of a melanin nevus on the skin's surface of the first author. It took 6 s to obtain the reflection hyperspectral image of this area according to the system described earlier in this article. A melanin nevus in the middle of the image is visible. If the reflectance spectrum of this region is only necessary, the spectral data of skin tissue outside the nevus prove redundant. By processing the spatial image, we extracted the ROI and used it to generate the appropriate driving voltage of the galvo mirror to scan the region. In this way, the scanning time was reduced to a great extent. In order to extract the location of melanin, we used the expansion function in MATLAB to process Figure 4a and obtained Figure 4b. Figure 4b was an intensity image. In order to identify the melanin nevus, we used the binary algorithm to process the image. In the binary algorithm, pixels with intensity greater than a threshold value were set to digital 1, and the pixels below the threshold were set to the digital 0. In our work, the binarization function in MATLAB was used to binarize the image, and the binary image is thusly shown in Figure 4c. In the binary image, the white region represented the common skin tissue, and the black region inside the white region represented the melanin nevus area. In this study, it took about 0.5 s to complete this image processing. In Figure 4c, we obtained the pixel index range of the black region in the middle, which presented a range of 680 to 810. The original width of the image was 1,280, and the extracted width was ~10% of the original width. According to the relationship driving voltage = −0.0022 × pixel position + 2.87, the corresponding voltage range of the black area is 1.0880 to 1.3740. By setting the driving voltage range of the galvo mirror, it enabled a rapid scan of the melanin nevus. The hyperspectral image of the melanin nevus is shown in Figure 4d. With the same exposure time, the scanning time reduced to ~0.6 s, indicating much less scanning time by focusing on the ROI. The entire scanning process was about 1.1 s when the image processing time is also considered. If multithreading is used to perform the image processing in the future, this time can be further shortened. Figure 4e shows the spectrum of melanin nevus. Compared with the reflective spectrum of common skin, whose hemoglobin's characteristic absorption peak was at 580 nm, the absorption drop at 580 nm was absent in the reflective spectrum of melanin nevus. We can distinguish the melanin region from common skin region based on this characteristic. Meanwhile, the SNR of the melanin nevus was lower than those in Figure 3 due to the strong absorption in the visible light band of melanin.


[image: Figure 4]
FIGURE 4. (a) The spatial image of skin. (b) The corresponding spatial image extracted from the spectral cube from spectral channel. (c) The intensity image after threshold segmentation. (d) The spectral image of hyperspectral image of a ROI (skin melanin nevus). (e) The spectrum of skin melanin nevus.




DISCUSSION

In this study, a compact dual-channel endoscope was presented, and in vivo biomedical applications of the endoscopy were explicated. In the system, the image of the sample was relayed to the detection module, which consists of a video camera and homemade imaging spectrometer by a custom fiber bundle probe. The frame rate of the video camera was 30 per second, and the wavelength range of the imaging spectrometer was 400–750 nm, with an approximate 3 nm spectral resolution at 547 nm. This hyperspectral endoscope enables the obtainment of real-time video data and high-throughput hyperspectral data simultaneously. More importantly, by utilizing the spatial image captured by video camera to locate the ROI, this system is able to accomplish hyperspectral imaging of an ROI in about 1 s, giving it great potential to be used in clinical applications. We first demonstrated the spatial consistency between the video channel and the hyperspectral channel by acquiring the spatial image and hyperspectral cube of the end face of the fiber bundle. Thereafter, we investigated the relationship between the input voltage of the galvo mirror and the pixel index of the spatial image, which exhibited a linear relationship between them. Using a LED lamp as an illumination source, we obtained the hyperspectral cube of fingerprints and dorsum of the hand. The result apparently indicates different hemoglobin content in fingerprints and dorsum of the hand. To note, it takes 6 s to acquire the whole hyperspectral cube. In order to increase the speed of hyperspectral imaging, using the spatial image as guidance and extracting the pixel index of the ROI, we obtained the hyperspectral cube of the skin melanin nevus within 0.6 s, which demonstrates the system's capability of rapid detection. In the future, we can adopt more professional image segmentation methods [20] to obtain accurate ROI. Therefore, we believe this compact dual-channel (hyperspectral and video) endoscope is promising for biomedical applications in disease diagnosis. In addition, our system can also be extended to a double-fiber bundle, combined with binocular vision technology [21, 22], and the system can be extended to a four-dimensional (3D spatial and 1D spectral) detection system.
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Vulvar lichen sclerosus (VLS) is a common inflammatory condition associated with an increased risk of developing vulvar carcinoma. Recently, high-intensity focused ultrasound (HIFU) has been identified as a promising treatment modality for VLS in several clinical trials. However, in HIFU therapy, therapeutic outcome is routinely assessed visually by an expert using standardized grading criteria. Furthermore, such a therapeutic assessment cannot be made until at least 3 months after treatment. Therefore, an objective and timely method capable of quantitatively evaluating HIFU treatment effectiveness is desired, which may help identify patients whose treatment is insufficient promptly and prevent delay in re-treatment. The purpose of this study is to investigate the feasibility of using active dynamic thermal imaging (ADT) and hyperspectral imaging (HSI) as two individual objective and non-invasive optical methods for prompt quantitative assessment of the therapeutic response to HIFU treatment in VLS. From December 2018 to March 2019, 20 female VLS patients who underwent HIFU treatment were evaluated using both the ADT and HSI methods. The effective damage rate from the ADT method and the entropy of feature index from the HSI method were used to develop a multivariate linear discriminant classification model for grading the effectiveness of HIFU treatment in comparison with clinical evaluation gold standard. It was found that ADT was able to correctly differentiate ineffective treatments from effective ones with a sensitivity of 100% and specificity of 100%, while the sensitivity and specificity of HSI were 75 and 87.5%, respectively. The classification results demonstrate the clinical potential of the ADT and HSI methods for timely non-invasive and quantitative assessment of HIFU treatment for VLS.

Keywords: vulvar lichen sclerosus, focused ultrasound, therapeutic assessment, ADT, hyperspectral imaging


1. INTRODUCTION

Vulvar Lichen Sclerosus (VLS) is a chronic mucocutaneous disorder, which is likely to lead to impairment in sexual function and the potential for malignant transformation [1–4]. Early diagnosis, prompt treatment, and appropriate follow-up are extremely important to prevent these negative sequelae [4–6].

Since the etiology of VLS has not yet been fully explained, effective treatments are lacking [7]. Current treatment for VLS mostly focuses on symptomatic relief [7]. Potent corticosteroids applied topically are generally considered as the first-line treatment [8, 9]. When properly administered, these can help to resolve the symptoms of pruritus. However, safety concerns exist regarding long-term use [10, 11]. As this standard treatment can cause side effects, such as atrophy, and has a high recurrence rate, new effective alternatives should be studied for clinical practice.

Considering the serious side effects of traditional treatment, high-intensity focused ultrasound (HIFU) treatment, which uses ultrasound as a carrier of energy, has gradually gained popularity as an alternative treatment for VLS [2, 4, 12–16]. Propagating harmlessly, HIFU causes a sufficient local rise in temperature for the thermal destruction of target tissues without damaging surrounding or overlying tissues [17]. Due to its non-invasive nature, this technology has been used for the ablation of solid tumors [18]. Furthermore, HIFU has been used for several other therapeutic applications [13, 19]. Recently, several clinical trials have shown that HIFU treatment could relieve itching of the vulva and recover the vulvar skin's elasticity and appearance [12–16]. HIFU appears to be a promising treatment modality for vulvar diseases, including VLS. Today, this technique is regularly used for treating this condition in many centers of China.

Although HIFU treatment is recognized as an effective therapy for VLS, there is a lack of quick, quantitative assessment methods for therapeutic response to HIFU in VLS. In clinical settings, patient symptoms, including pruritus and skin appearance, were investigated by a questionnaire before and after the treatment [20–22]. The scores on the questionnaire were used to evaluate effectiveness [12, 14], but these are subjective and may cause mis-assessment. Since this assessment method is based on symptoms, evaluation of therapeutic effectiveness cannot be carried out until at least 3 months after treatment, which is time-consuming and may lead to delayed re-treatment. Thus, it is important to find a new non-invasive and quantitative assessment method to help the gynecologist evaluate therapeutic response in a timely manner.

Ultrasound interacts with biological tissue through both thermal and mechanical mechanisms [23–25]. The biological effects of ultrasound pulses are determined by both ultrasound beam parameters and tissue property alterations [26]. Considering the changes of thermal and optical properties during HIFU treatment, infrared (IR)-thermography-based methods and spectral imaging-based methods are expected to serve as viable solutions for quantitative assessment of HIFU-induced tissue injuries.

Classical IR-thermography has been widely applied for medical diagnostics of burns and wounds by measuring the surface temperature distribution of the target area [27–30]. However, the distribution of temperature on a patient may be strongly affected by physiological and environmental conditions. In active dynamic IR thermal imaging (ADT), an external excitation source is used to induce thermal transient processes in a tested object in order to retrieve the thermal properties of tissue, such as its conductivity, diffusivity, and equivalent thermal time constant, with reduced artifacts of temperature fluctuations [27, 28]. Since the main mechanisms of HIFU treatment for VLS are thermal effects, which cause temperature increase in the vulvar skin [23, 24], the ADT method, which shows changes in tissue thermal properties instead of changes in temperature distribution, can be used for quantitative objective assessment of HIFU treatment efficacy.

In addition to measuring the changes in thermal properties by the ADT method, detecting the changes in optical properties by a spectral imaging method seems to be a promising alternative to evaluate the efficacy of HIFU treatment for VLS. Hyperspectral imaging (HSI) is an emerging technique that can provide both spatial and spectral information for an object. Recently, it has been widely used for measurements of specific chromophores within skin tissue for thermal injury assessment [31–33]. During HIFU treatment, both optical scattering and absorption coefficients increase as heat is applied to tissue [34]. HSI combines high spatial and spectral resolution in one modality, giving optical information on the target area. This makes it a promising tool for quantifying the changes in the optical properties of vulvar skin before and after HIFU treatment for therapeutic assessment.

In this paper, we investigate the feasibility of ADT with cold excitation and HSI as two individual objective and non-invasive optical methods for quick non-invasive assessment of the therapeutic response to HIFU in VLS based on the changes caused in tissue properties by HIFU treatment. To our knowledge, we are the first to propose such a prompt, non-invasive, and quantitative method for evaluation of HIFU treatment effectiveness in VLS patients.



2. MATERIALS AND METHODS

HIFU therapy is a treatment in which ultrasound is applied to the target skin, i.e., infected area. During this process, low-level thermal injury occurs so that parts of unhealthy tissues are destroyed. Thus, the treatment will change the physical properties of the target skin area, e.g., its thermal conductance, specific heat capacity, and absorption spectrum [34, 35]. Hence, by quantifying the difference between the values of the physical properties before and after HIFU treatment, the therapeutic response to HIFU treatment can be accessed. The study overview is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Flow chart of this study, in which we explored the feasibility of the ADT and HSI methods for non-invasive and quantitative assessment of HIFU treatment for VLS.



2.1. Theory
 
2.1.1. Physical Principles of Focused Ultrasound Therapy

The working mechanisms of HIFU therapy can be divided into two categories: mechanical effects and thermal effects [23–25, 36]. Those two effects play equally important roles in the ablation of solid tumors. However, in the HIFU treatment for VLS, the focused intensity is much lower than that in regular HIFU treatment for cancers. The dominant effects may alter due to the reduction in sound intensity. To quantify the therapeutic outcome, it is necessary to identify the dominant physical effects during HIFU treatment for VLS.



2.1.2. Thermal Effects

When ultrasound is transmitted through tissue, the sound energy is absorbed by the medium and converts to thermal energy of the tissue. The heat generated can be expressed as ter Haar and Coussios [23]:

[image: image]

where q is the heat generated (W/cm3), I is the intensity (W/cm2), a is the sound pressure absorption coefficient (cm−1), and t is the exposure time (s).

The relationship between a and sound frequency f can be approximated by the formula:
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where the units of f and a are MHz and cm−1, respectively.

Consequently, we have:

[image: image]

The thermal effects are a function of the frequency of ultrasound. Under exposure to high-intensity ultrasound for a certain time, the temperature of tissue increases dramatically, which contributes to the denaturation of proteins and permanent damage of the focal zone so that lesions or tumor cells are killed. Consequently, the physical properties of the tissue, e.g., thermal conductivity, density, and heat capacity, alter owing to the thermal damage.



2.1.3. Mechanical Effects

The mechanical effect of ultrasound in a biomedical context is mainly a cavitation effect, which is ascribed to rapid changes in sound pressure [37]. During this process, the formation and blast of cavitation bubbles cause mechanical damage, and hence tissue ablations. To quantify the damage caused by the cavitation effect, the mechanical index (MI) is usually adopted [37]:

[image: image]

where Pra is the peak negative pressure (MPa) and fc is the central frequency of the ultrasound wave (MHz).

A lower MI indicates a lower degree of cavitation effect. A value lower than 0.5 is considered to indicate no bubble growth [37, 38], whereas 1.9 is considered to be the maximal threshold of no bioeffects, which is a value that is also adopted by the Food and Drug administration in its regulation for diagnostic ultrasound [37]. In regular HIFU treatment for cancers, which utilizes a high intensity of ultrasound, the cavitation effect plays an important role in curing lesions. However, the focal intensity of ultrasound in the VLS application is usually intermediate, as the goal is merely to stimulate the reconstruction and growth of tissues. To estimate the cavitation effect, 1,000 W/cm2 of underwater intensity or 4.6 MPa of subsurface pressure is chosen. The derated peak negative pressure is then formulated as [39]:

[image: image]

where Pr is measured peak negative sound pressure, which is usually assessed underwater, -0.0345 Np/(cm· MHz) is the attenuation factor used to obtain the approximate pressure in tissue, and z is the distance from the transducer.

In the HIFU treatment for VLS, the MI of ultrasound is estimated to be 1.5, which is less than the threshold of noticeable bioeffect. Therefore, in VLS treatment, the cavitation effect can be ignored. The treatment efficacy is mainly ascribed to the thermal effect of ultrasound. Therefore, the quantified thermal effect is applied as the index of treatment performance in the rest of this paper.



2.1.4. Active Dynamic Thermal Imaging (ADT)

It has been widely accepted that thermal damage is dependent on duration of exposure to the heat source and radiation power. Henriques utilized an Arrhenius equation to describe damage to the tissues [40]:
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ω is the reaction rate, A is frequency factor, E is activation energy, R is the universal gas factor, and T is temperature. The total degree of tissue injury Ω is the integration of ω:

[image: image]

Since skin treated by HIFU suffers thermal injury, the variation of thermal properties can be implemented to quantify how effective the treatment. In our case, we first exert cold excitation to the target area and then remove the cold source and have the skin warm up. The advantage of taking this approach is that such a procedure is a routine in HIFU therapy of VLS. Therefore, no redundant steps are added during treatment. The general governing equation for heat transfer in this process is described by Pennes' equation [41]:

[image: image]

In our case, Buettner simplifies the equation by assuming [42, 43]:

1) The temperature is just a function of depth and time.

2) Heat convection to the air is negligible.

3) Material constants are uniform in time and space.

4) There is a linear temperature profile at the skin surface before the cold source is removed.

5) The temperature at depth d remains constant.

Then, the equation is simplified as 1-D heat transfer equation:
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with the boundary condition:
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By plugging in the boundary condition and using an inverse Fourier transformation, we finally obtain:
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In our study, we only investigate the superficial temperature response after removing the cold source, and, for ease of analysis, only three terms of the series survive. That is:
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where,
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Here, we use τ to represent the time it takes for the skin surface temperature to stabilize. This depends on the density, thermal conductivity, heat capacity, and depth of the target skin domain. However, since the before-mentioned parameters vary considerably among patients, it does not suffice to infer the treatment level just by measuring post treatment τ. An alternative is to use the difference between pre-treatment and post-treatment τ. In our study, we adopt effective damage rate e:
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where τref is τ of the affected vulvar area before treatment as a reference to calculate the effective damage rate e and τ corresponds to the affected area after treatment. To reduce the noise of raw data, the following model is utilized:
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i.e.,
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To fit the model, we take the average of raw data to time, then input the post-processed data into Equation (18).



2.1.5. Hyperspectral Imaging (HSI)

Reflection, scattering, and absorption are the optical properties affecting the nature of the interaction of ultrasound with biological tissues [34]. In this paper, we used the visible range for measurement, in which melanin and different types of hemoglobin are mainly considered to identify the optical properties of skin tissue [44–48]. Changes in the content of these absorbents will affect the diffuse reflectance of the skin tissue [49]. Thus, by analyzing the diffuse reflectance spectrum of the skin tissue before and after HIFU treatment, it is possible to determine how the content of different components changes in the skin tissue, which will be a potential tool for therapeutic assessment. According to the characteristic peaks of the spectra of the treated areas before and after HIFU treatment, oxy-hemoglobin(HbO2), deoxy-hemoglobin(Hb), and methemoglobin (mHb) were used as the three main absorption components for further analysis.

The absorption spectrum A(λ) in a skin model of N chromophores would be Equation (19) [17, 50]:
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where ai is the absorption spectrum of each chromophore in tissues, Ci is the corresponding contribution of each chromophore, and G(λ) is used to take into account attenuation due to scattering. The average content of each component, defined as the feature index (FI), can then be calculated as Equation (20).
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where [image: image] is the average absorption contributed by component i and FIi is the corresponding contribution feature index (FI).



2.1.6. Patients and HIFU Treatment

This clinical trial was conducted in the Second Affiliated Hospital of Chongqing Medical University according to the protocol approved by the Institutional Review Board (IRB) of the Second Affiliated Hospital of Chongqing Medical University (IRB No: 2018KLS092). Each participant signed an informed consent document before enrolment. From December 2018 to March 2019, 20 female participants aging from 19 to 51 years with histological diagnoses of VLS were included in the study. Their disease duration was from 2 months to 4 years. No participant had received any treatment in the 3 months preceding HIFU treatment. Women who were pregnant or who had accompanying gynecologic diseases were excluded from the study.

The HIFU machine used was a Model CZF-300 manufactured by Chongqing Haifu Medical Technology Co., Ltd., Chongqing, China. It comprised a user console, the main system, a water cabinet, an electric control part, and a therapeutic transducer, as described by [12]. The frequency of the transducer is from 8 to 12 MHz, and its power ranges from 3.0 to 4.7 W. The probe was in contact with the lesion area via an ultrasound coupling and performed consecutive scanning at a speed of 3–5 mm/s. The treatment lasted from 15 to 30 min, depending on lesion size and skin reaction during treatment. For post-treatment management, ice packs were intermittently applied to affected skin (5 min ice application at 5 min intervals) within the first 24 h, and moist burn ointment was applied locally for a week.




2.2. Clinical Data Collection

Every patient's conditions, including itching and skin lesion appearance, were reported, and RGB images of the vulva were captured by colposcopy before and after HIFU treatment as clinical routines. In our experiment, before and immediately after the HIFU treatment, both the ADT and HSI methods were used for a quick quantitative evaluation of therapeutic response to HIFU. The full process is presented in Figure 2.


[image: Figure 2]
FIGURE 2. Flow chart of the clinical data collection process.



2.2.1. Active Dynamic Thermal Imaging (ADT)

To achieve high accuracy, the experiments were conducted in an air-conditioned operation room. The temperature and humidity in the room were respectively in the range of 22–23°C and 45–55%. An ice pack was applied to the entire vulva. Typically, the cooling phase lasted for 30–60 s, until the surface temperature of the vulva reached the temperature of the room. The self-warming phase equaled three times the cooling time. When the ice pack was removed from the vulva, a thermography IR camera (FLIR T460) with a high thermal resolution of 0.03 degrees was used to record the surface temperature of the vulva at a speed of 30 frames/s. Its thermal range for detection is 7.5–13 μm. The ice pack was only used once for cold excitation and was used again for the subsequent post-treatment management.



2.2.2. Hyperspectral Imaging (HSI)

A Brimrose hyperspectral imager (Brimrose, Sparks, Maryland) with a 500-Watt continuous white light source (Xenon Lamp Source, Beijing Optical Century Instrument Co., CHINA) was used to produce hyperspectral images of the target area from 450 to 650 nm with an internal of 2 nm [51, 52], as shown in Figure 6A.




2.3. Data Processing
 
2.3.1. Clinical Evaluation Method for HIFU Treatment Efficacy

Therapeutic response to HIFU was graded by a clinical scoring method, as shown in Table 1 [20–22]. All patients were followed up on by the same gynecologist once per month for the next 3 months (defined as short term), and each patient's condition before and after treatment was reported as clinical scores. Then, the therapeutic index was obtained: [(score before the treatment-score after treatment)/score before treatment] ×100%. The results were as follows:

1) Cured (Therapeutic index ≥90%);

2) Effective (Therapeutic index: 21–89%);

3) Ineffective (Therapeutic index ≤ 20%);


Table 1. Clinical evaluation method for HIFU treatment efficacy.

[image: Table 1]



2.3.2. Image Registration

Though all enrolled patients were required to keep still for the acquisition of images of the vulva during data collection, image shifting was expected, which could introduce errors into the subsequent data analysis. In this paper, we used an improved SIFT (Scale Invariant Feature Transform) registration algorithm for image registration.

The traditional SIFT algorithm proposed by Lowe [53] has been widely used in video stabilization. In the SIFT method, the criterion for selecting feature points is to detect blobs in a frame. In our case, we focus on slow and accumulated movement. Thus, each frame has the same importance in the frame reconstruction. For example, in frame I, we first get all the SIFT descriptors from encompassing blobbed points. Then, the distances between those points to those in the previous frame are calculated. For each point, the point pairs with the least distance and less than a preset threshold will be preserved as matched feature points.

A flow chart showing the specifics of its implementation in this study is presented in Figure 3 and comprised the following steps:

1) Calculating the Gauss convolution of the logarithms of the temperature frames to construct an image Pyramid.

2) Detecting the extremum of pixel interpolation in a 4 × 4 area and leaving out the low response points or the sharp points.

3) Describing feature points. Figure 4A shows an example of feature points in two frames.

4) Numerous feature points were found in each frame after step 1, step 2, and step 3. By adding a localization limitation that loosens as the time difference increases, we can get matched sets and their match degrees. The matched point sets are shown in Figure 4B.

5) Initializing the movement weight matrix as a null matrix.

6) Calculating the movement weight matrix from the best-matched point sets. If the movement exceeds 3σ of the expected movement, the set of points will be neglected. Using a linear insertion method to fill in the movement weight matrix.

7) Finally, rebuilding the frames with the movement weight matrix.


[image: Figure 3]
FIGURE 3. Flow chart of imaging registration.



[image: Figure 4]
FIGURE 4. Image registration procedure. (A) Selected feature points in frames. (B) Matched point sets. (C) Reconstructed temperature image after image registration.


The result of the image registration is presented in Figure 4. Figure 4C shows the reconstructed temperature image after image registration. The number of feature points is not specified. The initial movement weight matrix is a null matrix, and the matched points change the weight matrix. Aside from the matched points, the weight matrix is filled by linear interpolation. If there was a frame with no matched point, its movement matrix would be evaluated by the linear interpolation between its prior and subsequent matrices.



2.3.3. Effective Damage Rate e From Active Dynamic Thermal Imaging (ADT)

In the ADT method, after the image registration process, we traced the temperature in every 2 × 2 pixels ROI of the vulva surface for every frame for the treatment areas, taken during the self-heating phase (after the cooling phase). This procedure is illustrated in Figure 5.

1) Acquiring the raw temperature curve vs. time T(0, t) for each ROI.

2) Reducing the noise of raw data by integrating as in Equation (17).

3) Calculating thermal time constant τref for each ROt by fitting G(0, t) as in Equation (18).

4) Calculating thermal time constant τ for each ROI by fitting G(0, t) as in Equation (18).

5) Calculating effective damage rate e for each ROI with Equation (16).

6) Plotting a histogram of the effective damage rate e of the selected treatment areas.

7) Extracting effective damage rates e less than a 3σ lower limit in the histogram and calculating the average of the extracted e.


[image: Figure 5]
FIGURE 5. Measurement procedures of the ADT method (A) Thermograms of the temperature distribution at the surface of the vulvar skin recorded over time. (B) The average temperature trend of a selected area during the self-warming phase.




2.3.4. Entropy of Feature Index [H(FI)] From Hyperspectral Imaging (HSI)

The absorption spectrum of the affected vulvar skin was extracted at every 1 × 1 pixel for each patient. The reflectance spectrum R(x, y, λ) is corrected by a standard NIST traceable white diffuser (NIST, Gaithersburg, Maryland) with Equation (21), as shown in Figures 6B,C:

[image: image]

where Iv(x, y, λ) is the reflection intensity of the skin in band λ at point (x, y), and Iboard(x, y, λ) is the reflection intensity of a PTFE board covering the skin in band λ at point (x, y). There are two ways of acquiring the dark frames for reflectance correction. One is to keep the lens covered during exposure [54] and the other is to switch off the light source [48]. In our study, the dark frames, Idk(x, y, λ) and Idk, board(x, y, λ), are measured with the light source switched off [48].


[image: Figure 6]
FIGURE 6. Measurement procedures of the HSI method (A) Hyperspectral images of the vulva captured in the wavelength range 450 nm to 650 nm. (B) A hyperspectral image of the vulva at a single wavelength of 550 nm after image registration. (C) absorption spectrum retrieved from the blue area in (B).


The absorption spectrum is given by Equation (22):

[image: image]

For quantifying the difference in the absorption spectrum between the effective treatment group and the ineffective treatment group, three independent features were selected according to the absorption curves of the treated areas before and after HIFU treatment. The index of each feature was calculated by the least-squares method as in Equations (19, 20). We used the entropy H(FI) of each feature index for further classification, which calculates the amount of uncertainty of a random variable. It is defined as follows:

[image: image]
 

2.3.5. Statistical Analysis

Data were analyzed using MATLAB software. We adopted a linear discriminant analysis (LDA) algorithm to classify the HIFU patient into two types: effective and ineffective treatment. The classification ability of both the ADT and HSI methods to detect whether the HIFU treatment was from a patient with effective treatment (group 1) or ineffective treatment (group 2) were evaluated using leave-one-out cross-validation to reduce the probability of a type 1 error (false positive). The statistical significance of any observed difference was analyzed by the Hotelling T2-test. Statistical significance was defined as P < 0.05.





3. RESULTS


3.1. Clinical Evaluation for 20 HIFU Patients

A total of 20 patients with a 100% follow-up rate were followed up for 3 months. Complete data on the clinical therapeutic effects in all patients were obtained and are shown in Table 2: group 1 comprised 16 HIFU patients with effective HIFU treatment, and group 2 comprised 4 HIFU patients with ineffective HIFU treatment.


Table 2. Clinical grading results of HIFU treatment.

[image: Table 2]


3.1.1. Thermal Time Constant τ Between Effective and Ineffective HIFU Treatment Groups

The statistical results of thermal time constant τ are presented in Figure 7C. [image: image], defined as τ measured before HIFU treatment in effective treatment group (group 1) showed statistical difference (P < 0.05) compared with τEffective measured immediately after HIFU treatment in group 1. However, for the ineffective treatment group (group 2), [image: image] and τIneffective did not show statistical difference (P > 0.1).


[image: Figure 7]
FIGURE 7. Results of the ADT method. (A) Histogram of effective damage rate e from one patient (P15) with effective treatment and one patient (P19) with ineffective treatment. (B) Effective damage rate e of all patients. (C) Boxplot of the thermal time constant τ, τref and effective damage rate e from the effective treatment group with 16 patients and the ineffective treatment group with 4 patients. Note: τref is the thermal time constant of the treatment area measured before HIFU treatment, while τ of the same area is measured immediately after HIFU treatment.




3.1.2. Effective Damage Rate e Between Effective and Ineffective HIFU Treatment Groups

Figure 7A show histograms of e between an effective HIFU patient P19 and an ineffective HIFU patient P15. Here, we used e values less than a 3σ lower limit to calculate the average e. The average e of effective treatments was significantly higher than that of ineffective treatment groups in Figures 7B,C (P < 0.05).




3.2. Hyperspectral Imaging (HSI) for 20 HIFU Patients
 
3.2.1. Reflectance Absorption Spectra Between Effective and Ineffective HIFU Treatment Groups

Figure 8 shows the hyperspectral results of one effective HIFU treatment patient P15 and one ineffective HIFU treatment patient P19. Figure 8A shows an RGB image of P15 captured by colposcopy and the corresponding hyperspectral image at a single wavelength of 550 nm before HIFU treatment. Figure 8B shows an RGB image of P15 captured by colposcopy and the corresponding hyperspectral image at a single wavelength of 550 nm immediately after HIFU treatment. Figure 8D shows an RGB image of P19 captured by colposcopy and the corresponding hyperspectral image at a single wavelength of 550 nm before HIFU treatment. Figure 8E shows an RGB image of P19 captured by colposcopy and the corresponding hyperspectral image at a single wavelength of 550 nm immediately after HIFU treatment. The red cycles in Figures 8A,B,D,E were the general treatment areas marked by an experienced gynecologist. After image registration, the corresponding treatment areas were selected in every hyperspectral image from 450 to 650 nm with an interval of 2 nm, shown in Figures 8A,B,D,E. A few biases may occur between the marked ROI in colposcopy and the selected ROI in hyperspectral images. However, for VLS, the affected areas usually cover more than 80% of the whole vulva and so are not difficult to recognize. Despite the possible small differences, the ROI in the hyperspectral images has included most of the general treatment areas. In this paper, we explored the absorption spectrum of the affected labia majora. For further analysis, 6 × 104 ROIs of a size of 1 × 1 pixel within the treatment areas of the labia majora of every patient were selected randomly. Figures 8C,F show the reflectance absorption curves of all selected ROIs for P15 and P19. The blue curves are averaged reflectance absorption spectra of the 6 × 104 ROIs before HIFU treatment, and the red ones are averaged curves immediately after HIFU treatment. There is a new peak around 630 nm in the red curve after HIFU treatment compared with the blue one in both P15 and P19. However, the peak for P15 is more recognizable than that for P19.


[image: Figure 8]
FIGURE 8. Results of the HSI method. (A) RGB image of P15 captured by coloscopy and the corresponding hyperspectral image at a single wavelength of 550 nm before HIFU treatment. (B) RGB image of P15 captured by coloscopy and the corresponding hyperspectral image at a single wavelength of 550 nm immediately after HIFU treatment. (C) Average absorption spectrum from the affected areas of P15 before and immediately after HIFU treatment. (D) RGB image of P19 captured by coloscopy and the corresponding hyperspectral image at a single wavelength of 550 nm before HIFU treatment. (E) RGB image of P19 captured by coloscopy and the corresponding hyperspectral image at a single wavelength of 550 nm immediately after HIFU treatment. (F) Average absorption spectrum from the affected areas of P19 before and immediately after HIFU treatment. Note: The red outlines demarcate the general treatment areas marked by the same gynecologist.




3.2.2. Feature Index (FI) Between Effective and Ineffective HIFU Treatment Groups

The histograms of (FI1, FI2, FI3) extracted from absorption spectrum curves are shown in Figure 9. The blue histograms in Figures 9A–F are for (FI1, FI2, FI3) before HIFU treatment, and the red ones represent the results immediately after HIFU treatment. The histogram of each index from P15 immediately after HIFU treatment became wider than the histogram before the treatment and compared with P19.


[image: Figure 9]
FIGURE 9. Histograms of (FI1, FI2, FI3) from P15 and P19 before and immediately after HIFU treatment. (A-C) (FI1, FI2, FI3) from P15. (D-F) (FI1, FI2, FI3) from P19.




3.2.3. Entropy H(FI) Between Effective and Ineffective HIFU Treatment Groups

For additional analysis of the histograms, we calculated the entropy H(FI) of the index histogram of each feature as H(FI1), H(FI2), and H(FI3). Figure 10 presents box plots of [H(FI1), H(FI2), H(FI3)] of all 20 HIFU patients before and immediately after HIFU treatment. The effective group was significantly different from the ineffective group after HIFU treatment (P < 0.05), while the two groups did not show significant difference before HIFU treatment (P > 0.1).


[image: Figure 10]
FIGURE 10. Boxplot of (H(FI1), H(FI2), H(FI3)) from the effective treatment group with 16 patients and the ineffective treatment group with 4 patients before and immediately after HIFU treatment.





3.3. Therapeutic Assessment for 20 HIFU Patients by the ADT and HSI Methods

We used a leave-one-out LDA model to evaluate the performance of both the average e and [H(FI1), H(FI2), H(FI3)] of all 20 patients for therapeutic assessment of HIFU treatment. The results were very promising, with a high sensitivity of 100% and specificity of 100% for the ADT method and of 75% and 87.5%, respectively, for the HSI method.




4. DISCUSSION

During HIFU treatment for VLS, the ultrasound beams are focused on the target about 4–6 mm under the skin. The vulvar skin can be easily damaged by this exposure. The main possible side effects due to exposure may be superficial local skin burns and superficial ulcers [16]. However, the estimation of damage is difficult because it requires subjective inspection by skillful physicians. Excessive thermal damage of tissue leads to tissue charring. Insufficient heat will lead to an increased risk of recurrence of VLS. During the HIFU treatment process, vulvar tissues undergo both microscopic and macroscopic changes in their structures and physiological properties. Monitoring such changes would be a direct means of estimating the extent of thermal damage. Thus, an objective index of skin properties is needed. Numerous factors (such as surface temperature and reflectance) are used to evaluate skin properties. In this study, we focus on both the absorption reflection and thermal time constant τ of affected vulvar skin for therapeutic assessment of HIFU for VLS.

For the ineffective treatment group, [image: image], defined as τ measured before HIFU treatment, showed no statistical difference (P > 0.1) from τIneffective, measured immediately after HIFU treatment. However, for the effective treatment group, τEffective decreased to a statistically different level (P < 0.05), compared with [image: image]. These results indicated that different HIFU treatments led to a different extents of thermal damage for each patient, resulting in a distinct change in thermal properties.

Thus, we proposed a new parameter, effective damage rate e (as in Equation 16), to quantify the degree of thermal damage for each HIFU treatment. The histogram of e from an effectively treated patient was separated from that of an ineffectively treated patient, shown in Figure 7A. However, it was improper to use the average e of the whole histogram to represent each HIFU treatment for effectiveness classification, because ineffective treatment of a patient does not imply that all treated skin areas undergo insufficient HIFU treatment. In the ineffective case where 60–70% of the infected areas were treated effectively, the direct average e could also be large, which would be difficult to be distinguished from effective treatment. A better criterion is to use e from the relatively less-treated area instead of the whole treated area. Considering this, we took the average of e values smaller than a 3σ lower limit to represent the lower bound of the degree of thermal damage for each treatment so that the bias introduced by the areas with effective treatment in an ineffective treatment could be reduced. The effective treatment group had a larger average e than the ineffective treatment group at a statistically different level (P < 0.05), which showed that the index was positively related to the degree of thermal damage and could be used for therapy effectiveness classification.

Before HIFU treatment, the reflectance absorption spectra of the effective treatment group and the ineffective treatment group were similar. However, immediately after HIFU treatment, there was a new peak around 630 nm for both the effective treatment group and the ineffective treatment group, which did not appear in the absorption curves before treatment. The shoulder around the 630 nm region of absorption spectrum curves is specific to methemoglobin (mHb). The hemoglobin absorbance demonstrates a characteristic change following heat exposure. This change is partly due to oxidative reactions, with the formation of met-hemoglobin, and also by protein denaturation [55, 56], which may help in the study of the unclear etiology of VLS. In the HSI method, we used incident light in the visible wavelength range of 450–650 nm where melanin and different types of hemoglobin are dominant absorbers [44–48]. After comparing the reflectance spectra of the effective treatment group and the ineffective treatment group, we found that the primary spectral differences between these groups occur at the peak wavelength of oxy-hemoglobin (HbO2), deoxy-hemoglobin (Hb), and methemoglobin (mHb). In order to simplify the analysis and highlight the spectral characteristics of effective treatment, we carried out absorption analysis in a human skin model with the assumption that HIFU-induced changes in scattering and other chromophores are secondary. We used (H1, H2, H3) extracted from the absorption curves to quantify the difference between an effective group and an ineffective group. There was no statistical difference in [H(FI1), H(FI2), H(FI3)] between the two groups before treatment (P > 0.1), which indicated that there was no significant difference in the optical properties of the enrolled 20 patients before HIFU treatment. However, they were significantly different after HIFU treatment (P < 0.05). Thus, the absorption properties of patients were changed differently by HIFU treatment, which can be utilized for treatment efficacy evaluation.

In our manuscript, a leave-one-out LDA model was used for classification, which is a relatively simple method for classifying both the ADT and HSI images and comparing the two imaging approaches quantitatively. Besides the LDA method, we have also tried SVM, K-means, and SAM for image classification with accuracies of 80, 100, and 80% for ADT and 80, 80, and 65% for his, respectively, which did not show better performance than LDA (100% for ADT and 85% for HSI). This lower performance is partially due to the unbalanced and relatively small dataset, which is suboptimal for implementing these machine learning methods. In order to enable those methods to be used, more data is necessary for future study and better classification performance.

Though the preliminary results are very encouraging, with a sensitivity of 100% and specificity of 100% for the ADT method and 75 and 87.5% for the HSI method, this study has several limitations. First, the sample size is small, and there is a lack of other vulvar diseases apart from VLS with HIFU treatment for comparison. Due to the limitation of sample size, the relatively high sensitivity and specificity results can only reveal the feasibility of the ADT and HSI methods for therapeutic assessment of HIFU treatment for VLS. More subjects will be recruited so that the sample size will be increased for further validation of their clinical performance in the future. Secondly, in the HSI method, we only used the visible range for measurement. A broader wavelength range, such as 400–1,000 nm, may provide more spectral information for improved assessment of therapeutic effect. The current wavelength range is limited by the hyperspectral imager used, which has a detection range from 400 to 700 nm. Considering that ADT is able to capture the thermal effect that plays a prominent role in the possible bioeffects and that visible light spectroscopy has been used for burning and wound assessment similar to HIFU-induced skin changes [31–33], our spectral measurements only cover the visible wavelength range. Since the classification outcome of the HSI method in the visible wavelength range is not optimal, we will carry out HSI data acquisition in a broader wavelength range to provide a fair comparison between the HSI and ADT methods in the future study. Thirdly, we chose one-time acquisition of post-treatment assessment data for 10 min instead of continuous monitoring of the treatment outcome. The current clinical practice of HIFU outcome assessment in VLS patients is subjective and cannot be carried out until 3 months post treatment. We propose to predict the therapeutic outcome by ADT and HSI evaluation of HIFU-induced tissue alternations and by establishing the correlation between these tissue alternations and the actual clinical outcome. Since the primary focus of this study is to predict the long-term outcome of HIFU therapy through post-treatment image analysis, we did not monitor the tissue changes over time. In the future, we may consider continuously monitoring the therapeutic responses over the course of a long recovery time in order to provide precise guidance for the treatment plan. Finally, the follow-up time was 3 months. Only the short-term efficacy of HIFU treatment for VLS was assessed. More studies with a larger sample size of HIFU treatment for different types of vulvar diseases and longer observation time are necessary to evaluate its long-term effects.



5. CONCLUSIONS

In this study, we focused on the use of two individual objective and non-invasive optical approaches, the ADT and HSI methods, to evaluate the therapeutic response to HIFU treatment in VLS, which can help identify patients with ineffective treatment promptly and prevent delay of re-treatment. Both the ADT and HSI modalities were used for HIFU outcome assessment because they provide complementary information closely relevant to the bioeffects of the therapy. On the one hand, ADT reveals the change of tissue thermal properties in response to HIFU. On the other hand, HSI reveals the tissue edema and perfusion properties relevant to HIFU-induced injury. Combinatory use of these two aspects of tissue properties may yield greater accuracy in the prediction of long-term therapeutic outcome. We are the first to study the technical feasibility of dual-modal ADT and HSI assessment of HIFU treatment in a small population of VLS patients. A large population of patients will be needed in future study in order to provide more effective evaluation of the proposed HIFU assessment technique with both accuracy and statistic power.



DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to the corresponding author.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by The Institutional Review Board (IRB) of the Second Affiliated Hospital of Chongqing Medical University (IRB No: 2018KLS092) on the date of 12/07/2018. The patients/participants provided their written informed consent to participate in this study.



CONSENT FOR PUBLICATION

Written informed consent was obtained from the from the individuals for the publication of any potentially identifiable images or data included in this article.



AUTHOR CONTRIBUTIONS

Experiment design, data acquisition, and analysis, drafting of the manuscript, and final approval of the version to be published were carried out by YQ, YM, and SF. Data acquisition, final approval of the version to be published were contributed by ML, LX, XZ, and JZ. RX and SC were responsible for the initial concept and final review of the manuscript. YQ, YM, and SF are co-first authors.



FUNDING

The study was partially supported by the Natural Science Foundation of China (Nos. 81271527 and 81327803), the Fundamental Research Funds for the Central Universities (WK2090090013), and Chongqing Health and Family Planning Committee (2015ZDXM010).



ACKNOWLEDGMENTS

The authors thank the women who participated in the study and the clinicians who helped in the examinations.



REFERENCES

 1. Rodke G, Friedrich JE, Wilkinson E. Malignant potential of mixed vulvar dystrophy (lichen sclerosus associated with squamous cell hyperplasia). J Reprod Med. (1988) 33:545–50.

 2. Krapf JM, Goldstein AT. Vulvar dermatoses: diagnosis, management, and impact on sexual function. Curr Sex Health Rep. (2016) 8:222–30. doi: 10.1007/s11930-016-0090-1

 3. Bleeker MC, Visser PJ, Overbeek LI, van Beurden M, Berkhof J. Lichen sclerosus: incidence and risk of vulvar squamous cell carcinoma. Cancer Epidemiol Prevent Biomark. (2016) 25:1224–30. doi: 10.1158/1055-9965.EPI-16-0019

 4. Krapf JM, Mitchell L, Holton MA, Goldstein AT. Vulvar lichen sclerosus: current perspectives. Int J Womens Health. (2020) 12:11. doi: 10.2147/IJWH.S191200

 5. Maclean AB. Vulval cancer: prevention and screening. Best Pract Res Clin Obstetr Gynaecol. (2006) 20:379–95. doi: 10.1016/j.bpobgyn.2005.11.001

 6. Jensen LS, Bygum A. Childhood lichen sclerosus is a rare but important diagnosis. Dan Med J. (2012) 59:A4424.

 7. Zorlu C, Cobanoglu O. Medical treatment of squamous hyperplasia and lichen sclerosus of the vulva. Int J Gynecol Obstetr. (1995) 51:235–8. doi: 10.1016/0020-7292(95)80012-3

 8. Lorenz B, Kaufman R, Kutzner S. Lichen sclerosus. Therapy with clobetasol propionate. J Reprod Med. (1998) 43:790–4.

 9. Chi C, Kirtschig G, Baldo M, Brackenbury F, Lewis F, Wojnarowska F. Topical interventions for genital lichen sclerosus. Cochrane Database Syst Rev. (2011) 2011:CD008240. doi: 10.1002/14651858.CD008240.pub2

 10. Renaud-Vilmer C, Cavelier-Balloy B, Porcher R, Dubertret L. Vulvar lichen sclerosus: effect of long-term topical application of a potent steroid on the course of the disease. Arch Dermatol. (2004) 140:709–12. doi: 10.1001/archderm.140.6.709

 11. Smith YR, Haefner HK. Vulvar lichen sclerosus. Am J Clin Dermatol. (2004) 5:105–25. doi: 10.2165/00128071-200405020-00005

 12. Li C, Bian D, Chen W, Zhao C, Yin N, Wang Z. Focused ultrasound therapy of vulvar dystrophies: a feasibility study. Obstetr Gynecology. (2004) 104:915–21. doi: 10.1097/01.AOG.0000139835.34168.b0

 13. Zhou YF. High intensity focused ultrasound in clinical tumor ablation. World J Clin Oncol. (2011) 2:8. doi: 10.5306/wjco.v2.i1.8

 14. Wu C, Zou M, Xiong Y, Wang L, Chen H, Fan Y, et al. Short- and long-term efficacy of focused ultrasound therapy for non-neoplastic epithelial disorders of the vulva. BJOG Int J Obstetr Gynaecol. (2017) 124:87–92. doi: 10.1111/1471-0528.14747

 15. Ye M, Deng X, Mao S, Xue M. High intensity focused ultrasound treatment for non-neoplastic epithelial disorders of the vulva: factors affecting effectiveness and recurrence. Int J Hyperther. (2015) 31:771–6. doi: 10.3109/02656736.2015.1053101

 16. Ruan L, Xie Z, Wang H, Jiang J, Shi H, Xu J. High-intensity focused ultrasound treatment for non-neoplastic epithelial disorders of the vulva. Int J Gynecol Obstetr. (2010) 109:167–70. doi: 10.1016/j.ijgo.2009.12.014

 17. Kim Ys, Rhim H, Choi MJ, Lim HK, Choi D. High-intensity focused ultrasound therapy: an overview for radiologists. Korean J Radiol. (2008) 9:291–302. doi: 10.3348/kjr.2008.9.4.291

 18. Orsi F, Arnone P, Chen W, Zhang L. High intensity focused ultrasound ablation: a new therapeutic option for solid tumors. J Cancer Res Therapeut. (2010) 6:414. doi: 10.4103/0973-1482.77064

 19. Hsiao YH, Kuo SJ, Tsai HD, Chou MC, Yeh GP. Clinical application of high-intensity focused ultrasound in cancer therapy. J Cancer. (2016) 7:225. doi: 10.7150/jca.13906

 20. Cattaneo A, Bracco G, Maestrini G, Carli P, Taddei G, Colafranceschi M, et al. Lichen sclerosus and squamous hyperplasia of the vulva. A clinical study of medical treatment. J Reprod Med. (1991) 36:301–5.

 21. Carlson JA, Lamb P, Malfetano J, Ambros RA, Mihm JM. Clinicopathologic comparison of vulvar and extragenital lichen sclerosus: histologic variants, evolving lesions, and etiology of 141 cases. Modern Pathol. (1998) 11:844–54.

 22. Clark T, Etherington I, Luesley D. Response of vulvar lichen sclerosus and squamous cell hyperplasia to graduated topical steroids. J Reprod Med. (1999) 44:958–62.

 23. ter Haar G, Coussios C. High intensity focused ultrasound: physical principles and devices. Int J Hyperther. (2007) 23:89–104. doi: 10.1080/02656730601186138

 24. Banerjee RK, Dasgupta S. Characterization methods of high-intensity focused ultrasound-induced thermal field. Adv Heat Transf . (2010) 42:137–77. doi: 10.1016/S0065-2717(10)42002-X

 25. Shehata IA. Treatment with high intensity focused ultrasound: secrets revealed. Eur J Radiol. (2012) 81:534–41. doi: 10.1016/j.ejrad.2011.01.047

 26. Wang Z, Bai J, Li F, Du Y, Wen S, Hu K, et al. Study of a “biological focal regio” of high-intensity focused ultrasound. Ultrasound Med Biol. (2003) 29:749–54. doi: 10.1016/S0301-5629(02)00785-8

 27. Renkielska A, Nowakowski A, Kaczmarek M, Ruminski J. Burn depths evaluation based on active dynamic IR thermal imaging–a preliminarystudy. Burns. (2006) 32:867–75. doi: 10.1016/j.burns.2006.01.024

 28. Kaczmarek M, Nowakowski A. Active IR-thermal imaging in medicine. J Nondestruct Eval. (2016) 35:19. doi: 10.1007/s10921-016-0335-y

 29. Jaspers ME, Carriare M, Meij-de Vries A, Klaessens J, van Zuijlen P. The FLIR ONE thermal imager for the assessment of burn wounds: reliability and validity study. Burns. (2017) 43:1516–523. doi: 10.1016/j.burns.2017.04.006

 30. Keenan E, Gethin G, Flynn L, Watterson D, O'Connor GM. Enhanced thermal imaging of wound tissue for better clinical decision making. Physiol Meas. (2017) 38:1104. doi: 10.1088/1361-6579/aa6ea0

 31. Calin MA, Parasca SV, Savastru R, Manea D. Characterization of burns using hyperspectral imaging technique-a preliminary study. Burns. (2015) 41:118–24. doi: 10.1016/j.burns.2014.05.002

 32. Clancy NT, Gurusamy K, Jones G, Davidson B, Clarkson MJ, Hawkes DJ, et al. Spectral imaging of thermal damage induced during microwave ablation in the liver. In: 40th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). Honolulu, HI: IEEE (2018). p. 3001–4. doi: 10.1109/EMBC.2018.8512901

 33. Wang P, Cao Y, Yin M, Li Y, Lv S, Huang L, et al. Full-field burn depth detection based on near-infrared hyperspectral imaging and ensemble regression. Rev Sci Instrum. (2019) 90:064103. doi: 10.1063/1.5034503

 34. Raymond JL, Cleveland RO, Roy RA. HIFU-induced changes in optical scattering and absorption of tissue over nine orders of thermal dose. Phys Med Biol. (2018) 63:245001. doi: 10.1088/1361-6560/aaed69

 35. Song C, Marshall B, McLean D, Frank T, Cuschieri A, Campbell P, et al. Thermographic investigation of the heating effect of high intensity focused ultrasound. In: 2005 IEEE Engineering in Medicine and Biology 27th Annual Conference. IEEE (2006). p. 3456–8. doi: 10.1109/IEMBS.2005.1617222

 36. Ahmed SE, Moussa HG, Martins AM, Abbas Y, Al-Sayah MH, Husseini GA. Factors affecting the acoustic in vitro release of calcein from PEGylated liposomes. J Nanosci Nanotechnol. (2019) 19:6899–906. doi: 10.1166/jnn.2019.16646

 37. en T, Tüfekçiolu O, Koza Y. Mechanical index. Anatol J Cardiol. (2015) 15:334. doi: 10.5152/akd.2015.6061

 38. Kollmann C, Ter Haar G, Dolezal L, Hennerici M, Salvesen K, Valentin L. Ultrasound output: thermal (TI) and mechanical (MI) indices. Ultraschall in der Medizin. (2013) 34:422–34. doi: 10.1055/s-0033-1335843

 39. Medicine AIoUi. Acoustic output measurement and labeling standard for diagnostic ultrasound equipment. (1992).

 40. Henriques F Jr. Studies of themal injury, V. The predictability and significance of thermally induced rate processes leading to irreversible epidermal injury. Arch Pathol. (1947) 43:489–502.

 41. Pennes HH. Analysis of tissue and arterial blood temperatures in the resting human forearm. J Appl Physiol. (1948) 1:93–122. doi: 10.1152/jappl.1948.1.2.93

 42. Buettner K. Effects of extreme heat and cold on human skin. I. Analysis of temperature changes caused by different kinds of heat application. J Appl Physiol. (1951) 3:691–702. doi: 10.1152/jappl.1951.3.12.691

 43. Buettner K. Effects of extreme heat and cold on human skin. II. Surface temperature, pain and heat conductivity in experiments with radiant heat. J Appl Physiol. (1951) 3:703–13. doi: 10.1152/jappl.1951.3.12.703

 44. Vasefi F, MacKinnon N, Farkas D. Hyperspectral and multispectral imaging in dermatology. In: Hamblin MR, Avci P, Gupta GK, editors. Imaging in Dermatology. Boston, MA: Elsevier (2016). p. 187–201. doi: 10.1016/B978-0-12-802838-4.00016-9

 45. Jakovels D, Spigulis J. 2-D mapping of skin chromophores in the spectral range 500-700 nm. J Biophoton. (2010). 3:125–9. doi: 10.1002/jbio.200910069

 46. Chen X, Lin W, Wang C, Chen S, Sheng J, Zeng B, et al. In vivo real-time imaging of cutaneous hemoglobin concentration, oxygen saturation, scattering properties, melanin content, and epidermal thickness with visible spatially modulated light. Biomed Optics Express. (2017) 8:5468–82. doi: 10.1364/BOE.8.005468

 47. Tseng SH, Bargo P, Durkin A, Kollias N. Chromophore concentrations, absorption and scattering properties of human skin in-vivo. Optics Express. (2009) 17:14599–617. doi: 10.1364/OE.17.014599

 48. He Q, Wang RK. Analysis of skin morphological features and real-time monitoring using snapshot hyperspectral imaging. Biomed Optics Express. (2019) 10:5625–38. doi: 10.1364/BOE.10.005625

 49. Zonios G, Bykowski J, Kollias N. Skin melanin, hemoglobin, and light scattering properties can be quantitatively assessed in vivo using diffuse reflectance spectroscopy. J Investig Dermatol. (2001) 117:1452–7. doi: 10.1046/j.0022-202x.2001.01577.x

 50. Shimada M, Yamada Y, Itoh M, Yatagai T. Melanin and blood concentration in a human skin model studied by multiple regression analysis: assessment by Monte Carlo simulation. Phys Med Biol. (2001) 46:2397. doi: 10.1088/0031-9155/46/9/309

 51. Zheng W, Wang C, Chang S, Zhang S, Xu RX. Hyperspectral wide gap second derivative analysis for in vivo detection of cervical intraepithelial neoplasia. J Biomed Optics. (2015) 20:121303. doi: 10.1117/1.JBO.20.12.121303

 52. Wang C, Zheng W, Bu Y, Chang S, Zhang S, Xu RX. Multi-scale hyperspectral imaging of cervical neoplasia. Arch Gynecol Obstetr. (2016) 293:1309–17. doi: 10.1007/s00404-015-3906-8

 53. Lowe DG. Distinctive image features from scale-invariant keypoints. Int J Comput Vis. (2004) 60:91–110. doi: 10.1023/B:VISI.0000029664.99615.94

 54. Abdlaty R, Sahli S, Hayward J, Fang Q. Hyperspectral imaging: comparison of acousto-optic and liquid crystal tunable filters. In: Medical Imaging 2018: Physics of Medical Imaging. Vol. 10573. Houston, TX: International Society for Optics Photonics (2018). p. 105732P. doi: 10.1117/12.2282532

 55. Randeberg L, Bonesrnning J, Dalaker M, Nelson J, Svaasand L. Methemoglobin formation during laser induced photothermolysis of vascular skin lesions. Lasers Surg Med. (2004) 34:414. doi: 10.1002/lsm.20042

 56. Randeberg LL, Hagen AJD, Svaasand LO. Optical properties of human blood as a function of temperature. In: Lasers in Surgery: Advanced Characterization, Therapeutics, Systems XII. Vol. 4609. San Jose, CA: International Society for Optics and Photonics (2002). p. 20–8. doi: 10.1117/12.437283

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 © 2020 Qu, Meng, Feng, Liu, Xiao, Zhang, Zheng, Chang and Xu. 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: 24 July 2020
doi: 10.3389/fphy.2020.00266






[image: image2]

A Portable Ultrasound System for Detecting Food Sweetness Based on Chewing Dynamics: A Preliminary Investigation

Ye Zhan1, Jingwen Luo2, Souransu Nandi3, Lidai Wang2, Tarunraj Singh3 and Jun Xia1*


1Optical and Ultrasonic Imaging Laboratory, Department of Biomedical Engineering, University at Buffalo, State University of New York, Buffalo, NY, United States

2Department of Biomedical Engineering, City University of Hong Kong, Hong Kong, China

3Control, Dynamics and Estimation Laboratory, Department of Mechanical and Aerospace Engineering, University at Buffalo, State University of New York, Buffalo, NY, United States

Edited by:
Lorenzo Pavesi, University of Trento, Italy

Reviewed by:
Chao Tao, Nanjing University, China
 Tamás Gábor Csapó, Budapest University of Technology and Economics, Hungary

*Correspondence: Jun Xia, junxia@buffalo.edu

Specialty section: This article was submitted to Optics and Photonics, a section of the journal Frontiers in Physics

Received: 16 January 2020
 Accepted: 12 June 2020
 Published: 24 July 2020

Citation: Zhan Y, Luo J, Nandi S, Wang L, Singh T and Xia J (2020) A Portable Ultrasound System for Detecting Food Sweetness Based on Chewing Dynamics: A Preliminary Investigation. Front. Phys. 8:266. doi: 10.3389/fphy.2020.00266



Type 1 diabetes (T1D) is an incurable disease that affects 1. 25 million Americans. Diabetic patients typically rely on subcutaneous insulin infusions to regulate their glucose levels. A major contributor to their blood glucose levels is the amount of sugar intake, which cannot be easily tracked. While ultrasound imaging has been used to investigate the relationship between food characteristics and tongue movement, the technique utilized a bulky transducer array that cannot be translated into daily monitoring. Capitalizing on advanced electronics and data processing technologies, we developed a portable system that utilizes only a single ceramic disk to quantify the tongue movement in response to various levels of sweetness. After acquiring 32 subject datasets, we found a significant correlation between food sweetness and tongue movement. Our system can potentially be miniaturized into a wearable device for monitoring sugar intake, which will ultimately help T1D patients to better monitor and control their blood glucose levels and balance their diets accordingly.

Keywords: ultrasound system, food sweetness, tongue movements, wearable sensor, portable device


INTRODUCTION

Type 1 diabetes (T1D) is an autoimmune disease that currently has no cure [1]. People with T1D typically rely on insulin pump therapy (subcutaneous insulin infusion) to control their blood glucose level. Before each meal, T1D patients are recommended to conduct a pre-bolus insulin injection, the amount of which is determined by the projected carbohydrates intake and the personal insulin-to-carb ratio. The pre-bolus approach can effectively avoid a sudden increase in blood glucose level after a meal [2]. However, because it is difficult to quantify the number of carbohydrates in the food, there are uncertainties resulting from this approach. If the dose of injected insulin is largely different from the actual need, the patient may be at risk of hyperglycemia or hypoglycemia. Therefore, there is an unmet clinical need for a portable device that can continuously monitor sugar intake.

The physical and chemical compositions determine the flavor of the food [3, 4], which is also reflected in the chewing behavior. In addition, the biomechanical properties determine the duration and the amount of oral processing before swallowing. For example, solid food is mixed with saliva and fragmented by teeth to form soft, coherent clumps [5]. Low viscosity liquids can be swallowed with minimal processing. But intense flavors, acidic, or icy liquids will remain in the mouth for a longer period of time to increase the pH of the buffer in the saliva and to equilibrate the product to body temperature for further dilution with saliva. Generally, after the start of oral processing, the swallowing process is divided into three-phase, oral transit phase, swallow phase, and clearance phase. Previous experimental results show that during oral transit time, there was a relatively significant movement of the tongue and food characteristics and tongue movement features are closely related [6–8]. Therefore, the texture and flavor of the food may both influence people's chewing behavior. In this research, we will focus on the same food consistency and investigate how different levels of sweetness affect oral processing.

Ultrasonic imaging is a powerful technique used to quantify oral processing [1]. This technique was demonstrated by de Wijk et al. [9] using a linear transducer array, which contained a row of piezoelectric crystals. The ultrasonic probe was placed under the subject's chin to receive the sagittal-view image of the tongue. The ultrasound probe can generate a video of tongue images through internal computer analysis. By processing temporal B-scan images, with the tongue as the region of interest, the magnitude of tongue movements can be quantified [10]. René's research investigated the taste attributes, specifically sweetness and bitterness [9]. However, this technique can be relatively bulky because a transducer array is required to capture the B-scan image.

To address this issue, we replaced the transducer array with a single ceramic disk and developed an algorithm to quantify the tongue movement based on A-line ultrasound data, which is also widely used in the medical field [11]. In terms of data acquisition, we used a smartphone-based recording system that is portable and more energy-efficient than the transducer arrays used in the previous study [12]. Our study indicates that there is a correlation between the tongue movement and food sweetness, and our design could potentially be translated into a wearable device for daily monitoring of sugar intake.



MATERIALS

Figure 1 shows a schematic drawing of our system. A 4.25 MHz ceramic disk with a diameter of 7 mm and thickness of 0.5 mm (Steminc) was used for ultrasound transmission and receiving. Ultrasound pulses were provided by an ultrasound pulse-receiver (Panasonic, Model 5070PR), which outputs 50 ns pulses at 100 Hz (repetition rate). Before the experiment, we applied ultrasound gel to the ceramic disk. We then attached it under the chin of the subject (about two fingers away from the tip of the chin) using adhesive tape. Since we used a planar transducer element with 7 mm diameter field of view, a slight shift in the transducer placement will not impact the result. The reflected ultrasound echo signal was detected by a portable oscilloscope (SmartScope) with a sampling frequency of 50 MHz. For each A-line, we acquired 2,048 points, which corresponds to 40 μs of data acquisition time. This time period corresponds to a 6 cm travel distance in tissue and is sufficient for the collection of reflected signals from the tongue. The SmartScope was connected to the smartphone through a USB cable and all acquisition parameters were controlled from the smartphone app. The received signals were displayed in real-time on the smartphone and saved in its memory for future analysis.


[image: Figure 1]
FIGURE 1. A schematic drawing of the experimental set-up.


For phantom experiments, we placed the ceramic transducer inside a 10-mm-wide water tank. A metal plate was placed at the other side of the tank to serve as an acoustic reflector. The echo arrival time reveals the distance between the transducer and the metal plate. To simulate the tongue motion, we used a voice-coil motor to move the reflector at different amplitudes and frequencies. The phantom experimental results will be used to verify whether our data processing method can reflect different motion states (vibration amplitudes and frequencies).

For human trials, our subjects' ages range between 19 and 30 years old, and the ratio of male to female was about 1:1. Based on visual assessment, all subjects are within the healthy body mass index (BMI) range (20–25). All experiments were conducted at room temperature (25°C). During the experiment, the ceramic transducer was placed under the chin, while the surface of the tongue acted as the reflector. To test the relationship between food sweetness and tongue movement, food with three different sweetness levels (high, middle, and low) were prepared based on a mixture of 300 ml skim milk and 15 g gelatin (Kraft Heinz Foods Company). Low-sweetness samples were prepared without sweetener, middle-sweetness samples were prepared by adding 10 g of sweetener (Truvia, Cargill, Inc.), and high-sweetness samples were prepared by adding 20 g of sweetener. Samples were then distributed into an ice cube maker (5 g/cube) and solidified in a freezer for 4 h. After solidification, the samples sat at room temperature for 20 min before the experiment [9]. To avoid influence from food attribute, each sample cube is identical in size, hardness, and smell. The subjects were given the samples (around 15 × 15 × 15 mm), and the process of chewing in the bulk phase was recorded for 7 s using the SmartScope. Recording started immediately at the beginning of chewing and ended 7 s later. This period covered the bulk phase (the first 5 s of oral processing), where oral movement is highly correlated with food characteristics [9]. During the experiment, the subjects were told to avoid speaking. No special instructions regarding oral movement and swallowing were provided. To avoid any interference between the contiguous measurements, subjects were asked to rinse their mouths with water before and after each experiment and between each trial. The procedure was repeated two times for each subject. Three food samples at three different sweetness levels were tested twice for each subject, generating 192 datasets (3 sweetness level × 2 tests × 32 subjects). These datasets will be processed and compared with the different sweetness levels of the food sample to evaluate their correlation.



DATA PROCESSING METHODS

Figure 2 shows an acoustic A-line acquired in the phantom experiment. The oscillation at time zero corresponds to acoustic firing. The reflected echo signal is shown at around 25 μs, which corresponds to the total travel time for the acoustic pulse. As we moved the reflector closer to the transducer, the peak (red) also shifted to the left accordingly. This result clearly indicates that the movement of the flat reflector can be precisely monitored by pulse-echo ultrasound. The same principle was used to capture tongue movement.


[image: Figure 2]
FIGURE 2. Pulse-echo ultrasound signal acquired in the phantom experiment. The blue plot represents the original echo signal, while the red one represents signals acquired after the flat reflector was placed closer to the transducer.


To quantify the movement of the reflector, we developed two algorithms: one was based on cross-correlation (CC), while the other was based on standard deviation (STD). The CC method has been widely used to quantify the shift between two plots by computing their cross-correlation coefficient [9]. In our case, each A-line signal records the instantaneous position of the tongue. The magnitude and frequency of the reflector movement can be calculated by cross-correlating the two neighboring A-lines [7]. If there was no movement, the correlation coefficient would be 1.00. Otherwise, the correlation coefficient would be <1.00. The larger the movement, the smaller the correlation coefficient. However, breathing and heartbeat can cause slight fluctuations, which can influence the result of the correlation coefficient method. The STD approach may address this issue because it represents the volatility of tongue movements. STD focuses on the signal fluctuation within a specific window in the A-line (oral processing). The intense tongue movement creates a larger signal fluctuation, leading to a higher variation. Movements caused by respiration or heartbeat are much milder than that of the tongue, and therefore they have limited influence on the STD values. In contrast, any small shifts in the A-line may lead to a change in the CC value. Because all subjects are within the healthy BMI range, variations in the amount of adipose tissue in the chin are not significant. Nevertheless, for each subject, we manually verified the data processing window to ensure that it covers the tongue surface.

A quantitative score, named the fractal index (FI), is used to quantify the movement based on A-lines or STD values. FI reflects the sum of the first derivative of the CC or STD processed data. René's work [9] verified that the FI factor of the CC-processed data is positively correlated with the movement amplitude and intensity of the echo. In this study, we verified whether the STD-derived FI would offer similar or better results.



RESULTS

The algorithms were first validated in the phantom. The movement was created by a voice coil actuator, which oscillates the reflecting metal plate. To mimic different magnitudes of tongue movement at the same frequency, we fixed the driving frequency at 10 Hz and increased the driving voltage from 3 to 9 V. Results from the correlation coefficient method are presented in Figure 3A, and the results from the STD method are presented in Figure 3B. The results show that the FI factor is positively correlated with the movement magnitude.


[image: Figure 3]
FIGURE 3. Input voltage (Amplitude) corresponding to the FI factor based on different methods: (A) the correlation coefficient method and (B) the STD method.


To mimic different tongue movement frequencies, we fixed the driving voltage at 5 V and increased the driving frequency from 10 to 100 Hz. Results from the correlation coefficient method are presented in Figure 4A, and the results from the STD method are presented in Figure 4B. These experiments show that the FI factor is positively correlated with movement frequency. It should be noted that during the experiment, we observed a non-linearity correlation between voltage and oscillation magnitude, which might have caused the non-linearity in Figures 3A, 4A. However, that won't affect our in vivo experiment result.


[image: Figure 4]
FIGURE 4. The oscillating frequency corresponding to the FI factor base on different methods: (A) correlation coefficient method and (B) the STD method.


Figure 5 represents a single A-line acquired in the human trials. In this figure, ultrasound reflection can be seen at time 28 μs, which corresponds to a 42-mm round-trip distance. Based on human anatomy [13], this echo was generated by reflection from the bottom surface of the tongue. When the tongue moves, both the amplitude and delay time of the ultrasound echo will vary, and these parameters can be used to quantify oral movement. Because ultrasound echo from the tongue surface looks quite different from background signals, this feature was used to verify the location of tongue surface.


[image: Figure 5]
FIGURE 5. A single A-line of human data acquired by a transducer placed under the chin.


The CC and STD algorithms were also used to process human data, and the results are shown in Figures 6, 7, respectively. Figure 6A shows the temporal correlation coefficient of 1,000 frames (acquired in 10 s). Figure 6B indicates correlation coefficient data after being smoothed by a moving-average filter with a 3-pixel window size [9]. The first deviation for the smoothed data is shown in Figure 6C. For better illustration, Figure 6D is a magnified image of Figure 6C, where every chewing cycle is clearly displayed.


[image: Figure 6]
FIGURE 6. Data processing steps based on the CC method. (A) The original CC-processed data as a function of the frame number. (B) The smoothing-processed plot of (A). (C) The first deviation of the smoothed data in (B). (D) A magnified plot of a section in (C), where multiple chewing cycles can be clearly seen. A red solid line box is used to indicate one of the chewing cycles.



[image: Figure 7]
FIGURE 7. Data processing steps based on the STD method. (A) The original STD-processed data as a function of the frame number. (B) The smoothing-processed plot of (A). (C) The first deviation of the smoothed data in (B). (D) A magnified plot of a section in (C), where multiple chewing cycle can be clearly seen. A red solid line box is used to indicate one of the chewing cycles.


Figure 7A shows the original STD data as a function of the frame number. Figure 7B indicates STD data after being smoothed by a 3-pixel window size moving-average filter. The first deviation for the smoothing data is demonstrated in Figure 7C. Figure 7D is a magnified image of Figure 7C, where each chewing cycle can be clearly seen. Based on the result in Figure 7C, we calculated the FI factor and compare it with the different levels of food sweetness.

Analysis of variance (ANOVA) was used to verify whether there are significant differences in tongue movement among different food sweetnesses. The test was conducted with 32 subjects, each of whom was tested with three different sweetnesses and repeated three times for each sweetness. The results were presented in Table 1. ANOVA was then applied to the FIs to compare tongue movement for foods with different sweetnesses. ANOVA verified the significant differences among FIs of three different sweetnesses during the bulk phase (Table 2) [14]. The results showed an increased tongue activity for higher sweetness samples. We used a single sample t-test [15] to analyze the difference between the two conditions. Equation (1) is used in the t-test, where [image: image] is the mean of the differences between the FI of two different sweetness tests, n represents the sample size, u0 is population mean, and s is the standard deviation of the difference. The FIs were multiplied by 1,000 in the t-test to avoid leading zeros in the sums of squares when ANOVA was applied [9].

[image: image]

For the high and middle sweetness (H-M) comparison, we found that the P-value was 7.19% in the CC method and 0.44% in the STD method. For the middle and low sweetness (M-L) comparison, the P-value was 7.19% in the CC method and 1.44% in the STD method. For the high and low (H-L) sweetness comparison, the P-value was <0.01% in both methods. These results indicate that the tongue movement varied significantly at different food sweetness levels. Also, the STD method performed better than the CC method in differentiating food sweetness. This occurred because the CC method is more susceptible to small changes, such as respiration and heartbeat, while the STD method is more sensitive to relatively large variations, like chewing and swallowing. Therefore, in this experiment, the STD method obtained relatively better results. Plots of FI distribution (Figures 8, 9) further confirm the decreasing tendency of the FI with the reduction in sweetness.


Table 1. Fractal index data for every experimental subject.

[image: Table 1]


Table 2. P-value of different comparison pairs.

[image: Table 2]


[image: Figure 8]
FIGURE 8. Plots from the fractal index of correlation coefficient method. Each set of subject data was normalized by its mean value to eliminate fluctuations caused by different transducer positions.



[image: Figure 9]
FIGURE 9. Plots from the fractal index of standard deviation method. Each set of subject data was normalized by its mean value to eliminate fluctuations caused by different transducer positions.


Due to variations in different individual's chewing behavior, a direct comparison of the FI among subjects would render inaccurate results. To address this issue, we developed a self-calibration procedure, where each subject's FI factors are self-normalized by the mean FI of the same subject at three different sweetness levels. After normalization, the FI factors of different subjects would fall within a similar range for easy comparison. The results from 32 subjects using the data processing method described above are shown in Figures 8, 9. Our conclusion was further validated by calculating the effect size [16], which is the ratio of the difference between two FI index means and their standard deviation. The result is shown in Table 3. Here, effect size >0.8, and 1.2 indicates a large difference between the two groups. Based on the Table 3, the STD method is generally better than the CC method, and for both CC and STD methods, apparent differences can be seen between high and low sweetness levels.


Table 3. Effect size of different comparison pairs.

[image: Table 3]

From all these results, we can conclude that the sweetness of food has a significant correlation with oral processing behavior: the sweeter the food, the more intense the tongue moves. It should be noted that our device was designed to be used by the same subject and cross-subject comparison will not be needed for future applications.



DISCUSSION AND CONCLUSION

In this study, we developed a portable ultrasound system that consists of a ceramic disk, an ultrasound pulser, and a smartphone-controlled smartscope. After each ultrasound pulse, the ceramic disk collects temporal data, which represents the position of the tongue. Multiple ultrasound pulses are associated with multiple sets of temporal data to track the oral process and tongue movement. Our results indicate that there is a positive correlation between the sweetness of food and tongue movement. We hope this approach could be used in the future to track sugar intake in patients with diabetes.

While we have demonstrated encouraging results, future improvements are still needed. First, although the size of the transducer and the oscilloscope have been significantly reduced, the ultrasound pulse generator is still relatively large. This issue can potentially be addressed by using a mobile ultrasound pulser chip, such as the ultrasonic signal processor and transducer driver produced by Texas Instruments with a size of 6 × 5 mm2 [17]. Recent advances in smartphones also enabled mobile ultrasound systems [18], whose techniques might be implemented in our future design to make the system even more portable. Second, the position of transducer placement is not ideal. A potential solution is to integrate the sensor with an earbud and place it right under the ear to monitor jaw movement. This position will be more convenient for daily usage and the device can potentially also record the sound of chewing [19]. Third, the user interface needs to be optimized. Ideally, the software should be able to track patients' sugar intake from day to day and notify the patient if the intake is significantly higher than the typical value.
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Axial resolution
Lateral resolution

Imaging depth
imaging speed

Contrast
mechanism

Photoacoustic imaging

Determined by the detected photoacoustic bandwidth, usually several tens
of microns

Depending on the implementation can range from ~0.3 o 400 pm

Depending on the implementation range from ~1.5 to ~ 7 cm
Defined by the laser pulse repetition rate, mechanical scanning speed, or
the multiplexed data acquisition time

Absorption

Optical coherence tomography

Determined by the central wavelength and coherence length of the light
source, generally within a few microns

Determined by the central wavelength of the light source and imaging
optics, usually within tens of microns.

Restricted by the optical transport mean free path ~2 mm

Usually defined by the sweep rate of laser or speed of spectrometer's
camera

Scattering
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Standard deviation 09410 0.9574 1.7012
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4TA/BALB/c (subcutaneous breast
cancer)

NDUFVB/n (othotopic breast cancer)

NDUFVB/n (orthotopic breast cancer)
PYMI/PWT (spontaneous breast
cancer)

GL261/CS7BL6 (subcutancous
giobiastoma)

Neuro2a/C57BL/6 (suboutaneous
neurobiastoma)

4TUBALBYG (subcutaneous breast
caner); CT28/BALB/c (subcutaneous.
colorectal cancer)
B16GP3/CS7BLG (suboutaneous
melanoma)

Hepal-6/C57BLS (subcutaneous
hepatoma)

BIGF10/C57/BL-6 (subcutaneous
melanoma)

LLC/C57BUB (suboutaneous and
orthotopic lung cancer)

CT26/BALB/c (subcutaneous
colorectal cancer)

NDUFVB/n (othotopic breast cancer)

4T1/BALB/c (oreast cancer, orthotopic
and intravenous injection); CT26/
BALB/C (subcutaneous colorectal
cancer)

CT26/BALB/G (colorectal cancer,
subcutaneous and inravenous
injeciton)

FUS parameters

3MHZ, 3.1 MPa, T > 65C, target
circuiar pattem within 1-2 mm of the
tumor edge

3MHz, T > 60C, target: 2-3 mm
within tumor

4MHz, 43W, FUS on =15, FUS off =
5 sforasingle point, repeat 20 rounds
to completely eiminate tumor

3MHz, 15 W, FUS on = 10s for each
‘sonication, target: ~10-20% of total
tumor volume

3MHz, 3.1 MPa, T > 65°C, circular
pattem within 1-2 mm of the tumor
edge

1.5 MHz, PNP 2.5 MPa, PRF 100 Hz,
puise length 0-7 ms, heating at 42C.
for 5 min before and 20 min post
fiposome injection

1.1 MHz, duty cydle 2%, treatment
duration 2 min

1.5 MHz, PNP 14 MPa, PRF 1 Hz,
puise duration 13,33 ms, 5 s/ocation,
3 locations, cover 2% tumor volume

1.5 Mz, electrical power 525 W, PRF
1 Hz, duty cycle 1%, puise length

10 ms, 50 puises.

1Mz, PNP 30 MPa, PRF 100 Hz, 50
puises, puse duration 12 ps; total
reatment duration 4-15 min
depending on tumor volume

1.5 MHiz, acoustic power 450 W, PRF
1 Hz, duty cycle 1%, cover 40-60% of
the tumor

1 Mz, 2.0 Wiam?, duty cycle 50%,
treatment duration 5 min

1Mz, PNP 1.65 MPa, puise length
0.1 ms, dutycycie 10%, wait 20 s after
every 50 puises, total treatment
duration 2 min

250 kHz, PNP 500 kPa, PRF 30 Hz,
burst length 4 ms, total treatment
duration 3 min

1 MHz, 1.5 Wiam?, 50% duty cycle,
treatment duration 5 min

Acoustic power 10 W, duty cycle 20%,
PRF 1 Hz, treatment duration 10 min

“Days referrd to troatment start ale, a the olher days rofered to tumor implantaton ate.
T temperature), PP (peak negative prossure), PRF (ouiseropetiion frequency), i p. (nraperionealy, i v. ntravenoush i (ntatumoraly, FUS fiocused uirasourcl, HIFU (ighvintonsiy focused ltrasouncl, LIFU fow-intensit focused
ulrasound), UTMD (ulrasound-tergetec microbubble destruction), SDT (sonochmanic therapy), Tregs (eguiatory T cels), MPs (imacrophages), MDSCs (myeloio-derved suppressor cels), TDLN (lumor-cfaining bmph nodes), 1FN-y
intoforon-gamme), TNF-a (tumor necross factor-alphal, L6 (tereukin 6, L1 interieuki 1 beta), L-10 (interoukin 10}, TUNEL terminal deoxynucieotio ransterase dUTP nick endlabeing), CoG (cytosine-phosphociester-guanine
alonmanuaasin.

Combined FUS and ICI
protocol

Adjwant CoG (1) nected 1o singl tumor on
days 21, 24, 28, 31, 38, 45; aPD-1 (ip)
injected on days 21, 28, and 35; HIFU
thermal ablation appied o tumor on days.
31,38,45

Adivant CoG 1) nected o singl tumor on
days 21, 24, 28, 31; aPD-1 (.p.) nfected on
days 21, 28, 35, HFU themal abiation
applied to tumor on day 31

For metastatic tumor: HIFU thermal ablation
performed 10 remove tumor on day 7;
aduvants directly injected nto ablated site
aftenward; oCTLA (.v) injected on days 8,
10,12, 14

For recurrent tumor: HIFU thermal ablation
performed to remove tumor on day 7,
aduvants directy injected nto ablated site
afterward; tumor rechalenged on day 47;
oGTLA-4 (v, nfected on days 48, 50, 52,54
Every 3 daysfor atotaof fve doses of aPD-1
) ijected prior 10 or with HIFU thermal
abation with gemcilabine
Adivant CoG i) nected 0 singl tumor on
days 21, 24, 28, 30; aPD-1 (.p.) nfected on
days 21, 28, 34, HIFU themnal abation
applied to tumor on day 30
Copper-doxorubicin-oaded temperature-
sensiive iposomes (v, inected on day 31,
HIFU hyperthermia appied 1o tumor
aftenward; adjuvant CpG (1) infected to
single tumor on days 21, 24, 28, 35, 49;
aPD-1 (ip) injected on days 21, 28, 35
Perfuorocarbon-fled microshels directly
injected to large tumors (400-700 mim),
HIFU mechanical ablation appled (o tumor
afterward; aPD-1 (ip) injected on days 0,2,
4,6,8,10°

Histotrpsy applied to tumor on day 8;
oGTLA4 (1p) + aPD-L1 (ip) infected on
days 9,12, 15

Histotrisy appled to tumor on days 6, 7, 8;
PD-1 (ip) injected on day 9, 11, 13

For B16GP33 tumor, histotrpsy applied to
tumor on day 7; aCTLA-4 (ip.) injected at
days 6,9, 12

For Hepal-6 tumor, histotripsy applied to
tumor on day 10; aCTLA4 (.p) inected on
days3,6,9, 12

Histolripsy appiedito tumor (330-400 mm;
single dose of aCD40 (t) infected afterward
(within 2 h); 3 dose of aCTLA4 (ip) + aPD-
L1 (p) injected at 3 days interval
Docetaxel and aPD-L1-coloaded
microbubbles (i) folowed by LIFU applied
10 tumor on days 8, 11, 14, 17, 20 for
subcutaneous tumor and on days 6,9, 12,
16, 18 for onthotopic tumor
LIFUsmicrobubbles two repeats with 10 min
interval on day 10-12; aPD-1 (ip) infected
on days 0, 3, 6 after LIFUs microbubbles for
acute study and 0, 3,5,9, 12 orlongitudinel
study

CD326-l0aded microbubbles and pIFN-p
(1) njected folowed by LIFU appled to
tumor on day 14; aPD-L1 (.p.) injected on
days 11,16

Sonosensitzers and adjuvant loaded
liposomes () nfected on days 7.8, 10, 11;
LIFU appied to tumor 12 and 24 h post
injection; BPD-L1 (.v) inected on days 8, 11,
13,15

Sonosensitzers and gas loaded PEGylated
carboxymetty! dextran (.v) injected and

6 hrs ater LIFU applied on tumor on days 8,
11, 14; aPD-L1 (ip.) injected on days 9,
12,15

Key results
from combination
therapy

Distant tumor leukooytes T and CD8' 1; spleen
IFN-y*CD8" ; treated and distant tumor volume
L sunval

Treated tumor interferon-stimulated gene
expression [; treated turor CD169'DCs T and
CD169"MPs [; distant tumor DCs T: spleen
CD169'MPs |

Distant tumor CD8'/Tregs T and MDSGCS 1;
spieen effector memory T cel
(CD3"CD44"'CD62") T; serum IFN-y ] and TNF-
a 1 distant tumor volume 1; survival T; tumor
rechallnge suppressed

Tumor volume |

Treated tumor IL-6 and IL-p MANA T; treated
tumor MDSCs 1; distant tumor MDSCs T

Treated and distant tumor CD8" T; treated and
distant tumor volume 1; survival T

Tumor CD45" 1, CDG" 1, CDB" 1, and IFN-y T;
tumor size 1; sunviva T; tumor rechallenge
rejected

Tumor CD4" 1, CDBa" T and CDB'CDI1G" T
spleen and TDLN CDBa"CD1 fc” 1; sploen
CD115* 1; spieen efector memory T cells (CD4*
or CDB*CDA4'NCDB2L"low) 1; serum FN-y, I
6 and IL-101; complete abscopal response;
sunvval T ransferred T cels suppressed tumorn
recipients

Tumor CD8" 1, CDB'CD107a" 1, CDB'PD-1*
and MDSCs L; tumor volume ; tumor weight |

Tumor CDB' T; tumor volume |

Tumor growth 1; sunvival T

Tumor TUNEL 1, Ki67* 1, OD4° 1, CD8" 1; tumor
growth 1; body weight loss |; survival T

Tumor necrosisT and growthl; sunival T; one
sunvived mouse suppressed tumor rechallenge

Tumor CD8 1 and F4/80 MPs ; treated and
distant tumor growth 1; sunvival T

Tumor leucooytes 1, CD8* 1 and CDB"/Tregs T:
serum FN-y T and TNF-a 1; tumor volume 1;
sunival

Tumor CDB' T; tumor volume ; tumor weight |
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Commonly used FUS parameters

Continuous (duty cycle = 100%) HIFU with
‘spatial peak temporal average intensity (Iser)
1000 W/om? and relative high pressure (a few
MPa) to rapidly heat tumor to >60°C within afew
sseconds

HIFU with a high duty cycle (up to 70%) and
relative high pressure (a few MPa) to heat up
tissue to 40-45°C for up to 60 min [35]

HIFU with Isera >100 W/om? and a low duty
cydle (1-2%) and extremely high pressure
(>10 MP) to induce mechanical tissue damage
while minimizing heating (49)

LIFU with Isers <10 W/om? and a low duty cycle
(e.g.. 10%) and relative low pressure (<1 MPa)
to induce mechanical effects [42)

LIFU with lspra <10 W/om? and a duty cycle of
10-100% to activate sonosensitizers [56]

Physical mechanism

Coagulative thermal necrosis due to tissue
absorption of ultrasound energy

Thermally controlled drug release and increasing
blood flow and oxygen

High-amplitude HIFU pusles are used to induce
bubble cavitation to fractionate tissue by
mechanical effects

Targeted and controlled release of therapeutics,
sonoporation for drug/gene delivery, and
mechanical disruption of the blood vessels and
tumor tissue [50]

Sensitizer-dependent sonochemical or
sonophotochemical reactions in an acoustic field
that lead to cytotoxicity [48]

Clinical applications

The only modaity currently approved for use in
the clinic worldwide for the treatment of a variety
of solid malignant tumors (e.g., tumors in the
pancreas, liver, kidney, bone, prostate, and
breast), benign tumors (e.g., uterine fibroids and
fibroadenomata), and non-tumor diseases (e.g.
essential tremor and Parkinson’s disease) (32]
Mutiple reported cinical studies of HIFU
hyperthermia to enhance the deiivery of
thermosensitve liposomal doxorubicine in
patients with liver tumors (35]

No reported dlinical results, but clinical trials
ongoing for the treatment of primary and
metastatic fver tumors (ClinicalTrials.gov
Identifier: NCT04572633)

One reported clinical study of drug delivery using
UTMD in pancreatic patients [51]. Muliple
reported clinical studies on opening the blood-
brain barrier for brain drug delivery in patients
with glioblastoma [52, 53], Aizheimer's disease
54), and amyotrophic lateral sclerosis (55]
Several reported clinical studies investigated a
combination of ight and ultrasound to stimulate a
sensitizer in patients with a variety of cancer [57]

HIFU thigh-itesily focused ulirasound), LIFU fow-intensily focused ultrasound), UTMD (ultrasound-targeted microbubbie destruction, SDT (sonodynamic therapy).
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Main ingredient Contribution rate Cumulative contribution rate

PC1 67.651 67.551
pPC2 18.628 86.179
PC3 7.474 93.653
PC4 1.833 95.486

PC5 0.682 96.168
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