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Rigorous urbanization leads to unprecedented climate change. Pune area in India has witnessed recent flash floods and landslides due to unplanned rapid urbanization. It, therefore, becomes vital to manage and analyse man-made impact on the environment through effective land use land cover classification (LULC). Accurate LULC classification allows for better planning and effective allocation of resources in urban development. Remote sensing images provide surface reflectance data that are used for accurate mapping and monitoring of land cover. Convolution neural networks (CNN) trained with Relu are conventionally used in classifying different land types. However, every neuron has a single hyperplane decision boundary which restricts the model's capability to generalize. Oscillatory activation functions with their periodic nature have demonstrated that a single neuron can have multiple hyperplanes in the decision boundary which helps in better generalization and accuracy. This study proposes a novel framework with convoluted oscillatory neural networks (CONN) that synergistically combines the periodic, non-monotonic nature of oscillatory activation functions with the deep convoluted architecture of CNNs to accurately map LULC. Results carried out on LANDSAT-8 surface reflectance images for the Pune area indicate that CONN with Decaying Sine Unit achieved an overall train accuracy of 99.999%, test accuracy of 95.979% and outperforms conventional CNN models in precision, recall and User's Accuracy. A thorough ablation study was conducted with various subsets of the feature set to test the performance of the selected models in the absence of data.
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1 Introduction

Remote sensing technologies provide valuable information for observing and analyzing the Earth's surface. More importantly, these data monitor environmental changes, including climate change, urbanization, and natural disasters, such as landslides (Kamusoko, 2017). Without remote sensing data, monitoring these environmental changes would be very difficult, and it requires extensive human resources. Land use land cover (LULC) classification provides detailed information regarding land cover and land usage patterns in specific regions (Attri et al., 2015). Accurate LULC classification is essential for urban planning, supporting urban development with environmental sustainability, thereby mitigating conflicts between the two. With rapid urbanization, cities such as Pune require accurate LULC data to address and minimize land degradation. Remote sensing involves gathering data through different approaches, including the use of satellites, aerial vehicles, and aircraft-mounted cameras. It helps to provide the necessary information for LULC classification in the Pune area (Fu et al., 2020). Among them, LANDSAT, MODIS, and Sentinel satellites are Earth observation satellites, which provide remote sensing data for periodic monitoring of LULC changes (Zhao et al., 2022). Sentinel-2 has a fast revisit time and high spatial resolution. Very high resolution (VHR) sensors like WorldView-3 and the Gaofen (GF) series provide complex urban detail, often at 0.8–1.2 m resolution (Pal et al., 2023) However, these VHR datasets pose major problems as they are commercial and expensive, which complicates large-area analysis (Wei et al., 2023). Furthermore, Sentinel-2 has been proven to be less accurate than Landsat-8 for certain LULC classifications (Kumari and Karthikeyan, 2023). Landsat's superiority over Sentinel-2 lies in its cost efficiency, and continuous long-term historical analysis. Researchers frequently rely on LANDSAT datasets for accurate observation and analysis, given their high spatial and temporal resolution. With its 30-m spatial resolution, it supports detailed monitoring of surface features and their variations over time. In addition, it supports the identification of subtle features, including urban development, agricultural patterns, and shifts in forest ecosystems (Hansen and Loveland, 2012). Substantial computational resources and specialized software are needed to process this high-resolution data. Google Earth Engine (GEE) provides a cloud-based platform with access to extensive datasets and computational power (Amani et al., 2020). The LULC classification process within GEE involves data pre-processing, feature extraction, and classification using machine learning algorithms. This process can be carried out using two main methods: pixel-based and object-based approaches. In the pixel-based method, individual pixels are treated as standalone entities, with features extracted solely from each pixel without considering any surrounding context. In contrast, the object-based method converts pixels into larger objects, allowing for feature extraction from these objects. This strategy utilizes spatial, spectral, and contextual inputs to achieve a comprehensive analysis of LULC patterns (Dingle Robertson and King, 2011). Some of the main object-based methods include simple linear iterative clustering (SLIC) and simple non-iterative clustering (SNIC) (Achanta et al., 2012; Achanta and S'́usstrunk, 2017). Using SNIC for image segmentation improves classification accuracy by grouping pixels with similar characteristics into clear segments. SNIC's non-iterative method can be faster because it skips the repeated steps found in SLIC, which may result in quicker processing times. This approach helps in creating more defined and accurate image classifications (Selvaraj and Amali, 2024). To effectively classify these extracted features, a variety of machine learning algorithms, including random forest, support vector machines, and Naive Bayes, are employed. However, issues including algorithm selection, parameter adjustment, and susceptibility to overfitting can influence the precision and robustness of the final LULC classification (Talukdar et al., 2020).

Several studies (Nigar et al., 2024) have highlighted the benefits of Deep Learning (DL) over traditional ML for LULC classification due to DL's automatic feature extraction and ability to handle complex and generalized, high-dimensional data. Among DL techniques, CNNs have proven highly effective, as they can extract features without manual intervention and enhance classification precision across multiple image datasets (Zhao et al., 2023; Teja et al., 2024).

The strength of DL lies in its ability to capture intricate feature representations, which has led to superior results across diverse classification applications such as LULC classification. Among DL models, CNNs in particular have emerged as the most effective for imagebased classification tasks. CNNs excel in image processing and analysis as they leverage their convolutional layers to detect spatial features which help the model learn patterns efficiently. In contrast to standard machine learning algorithms that rely on manual feature collection, CNNs automatically learn patterns such as edges, textures, and object shapes thus making them suitable for RS based use cases. However, despite their advantages, DL models face certain challenges. The vanishing gradient problem represents a significant drawback, as shrinking gradients during backpropagation can result in stalled or very slow learning in deep architectures. This issue is particularly pronounced in deep CNNs using traditional activation functions like Sigmoid and Tanh, which reduce the inputs to a narrow range thereby limiting the gradient flow. To address this, recent research has proposed alternative oscillatory activation functions that enhance gradient propagation and improve model performance. Oscillating activation functions offer a distinct advantage in deep learning tasks that involve complex, repetitive patterns by leveraging their periodic nature (Noel et al., 2025b). Unlike traditional functions like ReLU and sigmoid, which can suffer from saturation (where gradients vanish and learning stagnates), oscillating functions maintain consistent gradient flow, enabling faster convergence and better performance on nonlinear separable (Noel et al., 2025b). Bio-inspired oscillating activation functions functionally bridge the performance gap between biological and artificial neurons. With the recent discovery of special human neocortical pyramidal neurons that can individually learn the XOR function the fundamental performance gap is clear, as it is impossible for single artificial neurons using traditional activation functions to learn the XOR function (Noel et al., 2025a). The XOR function is significant because it requires the neuron to learn a non-linearly separable data. Traditionally, two hyperplanes are required for class separation, meaning activation functions must have a minimum of two zeros to solve this problem with a single neuron. However, popular activation functions like sigmoid, ReLU, Swish, and Mish are single-zero activation functions which means they have a single zero at origin and thus cannot solve the XOR function individually (Noel et al., 2025a). They are limited to only linear classification. The biological neurons in layers two and three of the human cortex have oscillating activation functions which first increase to a maximum with input and then decrease. Thus, being able to learn the XOR function individually. Biologically inspired Oscillating activations due to their multiple zero boundaries allow a single artificial neuron to divide its input space with multiple hyperplanes like a biological neuron, enabling it to make more complex, non-linear decisions (Noel et al., 2025a). A single neuron enhanced with oscillating activation functions can learn the XOR problem. Oscillating activation functions such as shifted sinc unit (SSU) and decaying sine unit (DSU) have a derivative of 1 at the origin. This helps learning quickly when weights are initialized to small values. Due to their higher representative power, classification problems can be solved with fewer neurons and fewer layers than required by networks using popular activation functions. Furthermore, they are non-saturating for all inputs thus they do not suffer from the vanishing gradient problem prevalent in the traditional activation functions. The XOR problem involves learning the following dataset (Figure 1):

D={([-1,-1],-1),([1,-1],1),([-1,1],1),([1,1],-1)}

The XOR problem was solved using a single neuron with oscillatory activation functions, mean-square loss, and simple Stochastic Gradient Descent (SGD). A learning rate of α = 0.1 and the SGD update rule

Δw=α(y-g(z))g′(z)x, z=wTx+b

was used. The initial weight vector w was initialized with uniform random numbers in the interval [−1, 1]. The XOR function was successfully learned by a single neuron with activation function g(z) chosen as:

g(z)=π2(sinc(z-π)-sinc(z+π))

The target y for each input was taken as the class label, namely 1 or −1. After training, the output of the neuron is mapped to the class label in the usual manner. Positive outputs are mapped to +1 and negative outputs to −1. This is done by using a signum function defined as:

sign(z)={1if z>0−1if z<00if z=0


[image: Plot showing a grid with black and white squares, primarily black, with white squares forming a triangular pattern at the top left and bottom right corners. Four red dots mark the corners of the plot.]
FIGURE 1
 The XOR problem learnt by a single neuron using the DSU activation function.


The study explores the integration of oscillatory activation functions in deep convolutional architectures, along with SNIC and GLCM for LULC classification. Unlike traditional activation functions, oscillatory activation functions, are known to maintain a more consistent gradient flow attributed to their periodic nature, potentially addressing critical training limitations such as the vanishing gradient problem and slow convergence speed. The work proposes Convoluted Oscillatory Neural Networks (CONN), in which we aim to optimize feature extraction and model accuracy. Through the integration of SNIC and GLCM textural features, the framework is optimized to enhance both feature representation and classification accuracy. The main focus is to propose an efficient and reliable LULC classification technique for the city of Pune using publicly available remote sensing data, specifically LANDSAT-8 images, classifying the region into four classes: Water, Urbanized, Vegetation and Barren land (Xie et al., 2021; Digra et al., 2022) and emphasizing the Surface Reflectance imagery (Whiteside and Ahmad, 2005).

The Pune Metropolitan Region in western India covers around 5,052 km2, with a population of over 7.18 million (see Figures 2, 3). It presents a wide variety of features, such as forests, lakes, and farmland. Additionally, in recent years, it has showcased a high rate of urbanization (Census of India, 2024; Maharashtra Government, 2020). This high rate of urbanization is alarming as it poses a threat of environmental degradation, resource exhaustion, and even the breakdown of the natural ecosystems (Padigala, 2012). This rapid transition has already been shown to have a negative impact on the temperature, rainfall patterns, and even hydrological cycles in the region (Sandbhor et al., 2022). However, a lack of accurate and current land cover data makes it harder to manage and protect the region effectively (Samuel and Atobatele, 2019). The region, therefore, serves as an excellent candidate for the purposes of this study.


[image: Map collage showing four geographical areas: India, Maharashtra, Pune district, and Pune city. Each section highlights the respective area's boundaries in different colors with a scale bar, compass rose, and latitude and longitude coordinates for reference.]
FIGURE 2
 Study area—Pune.



[image: Map highlighting Kolhapur district in red within the state of Maharashtra, India. Insets show Kolhapur's location within Maharashtra and India. A compass rose indicates north.]
FIGURE 3
 Pune region geometry.


The remainder of the study is organized as follows: Section 2 contains the proposed methodology which includes a detailed explanation of the proposed methodology, including the dataset, pre-processing techniques, and the models used. Results and Ablation Study section discusses the findings, compares them with previous works, and highlights key insights inferred from the model output. Finally, Conclusion and Future Works concludes the study by summarizing the contributions and outlining potential future research directions.



2 Materials and methods

This section, as shown in Figure 4, discusses the steps—data collection, SNIC segmentation, feature selection and engineering, data pre-processing, model training, and finally, the metrics and hardware and software setup utilized.


[image: Flowchart outlining the process of land use and land cover (LULC) classification. It includes data collection from USGS Landsat, preprocessing with object segmentation, spectral indices, and features. Samples are manually collected and split for training using CNN and feedforward neural networks. Model components include oscillating functions and a weighted loss function. Classifications include barren, water, urban, and vegetation.]
FIGURE 4
 Workflow diagram for the proposed methodology.



2.1 Data collection

This study utilizes the “Landsat 8 Level 2 Tier 2 Collection 2” SR images that are already geometrically and atmospherically corrected (Markham and Barsi, 2017). Another major advantage of the dataset is the near-continuous availability of data. With Landsat-8 and 9 updating data once every 16 days, it is possible to have regular monitoring of land use patterns. Furthermore, while Landsat-9 data is of higher radiometric resolution, this study utilizes a Landsat-8 data collection to strike a balance between computational load and LULC classification accuracy.

The images in the aforementioned image collection consist of four visible bands, 1 Near-Infrared band (NIR), and two Short-Wave Infrared bands (SWIR). Additionally, the quality assessment (QA) band in the SR collection makes it easier to filter out cloud cover. From the aforementioned bands available in the image collection, this study utilizes bands SRB_5, SRB_4, SRB_3, and SRB_2. Each of these bands provides essential information that helps in distinguishing various land cover types, including urban areas, vegetation, and water bodies (U.S. Geological Survey, 2019). Their specific uses are provided in Table 1. Finally, a masked image of the study area for the selected features was obtained using the geometry as shown in Figure 5. Furthermore, a mean composite was calculated for all the images in the region over the selected time period. This was chosen to be from January 2024 to February 2024, as this time period was observed to have the lowest cloud cover, eliminating the need for complex image corrections. Table 2 summarizes the important input parameters required for data insertion in GEE. This image is then used to create objects using SNIC segmentation.

TABLE 1 Significance of selected spectral features with wavelength information.


	Spectral feature
	Significance
	Wavelength





	SRB_5 (NIR)
	Sensitive to biomass; useful for identifying vegetation
	0.851–0.879 μm



	SRB_4 (Red)
	Helps distinguish vegetation from non-vegetation; used in vegetation indices
	0.636–0.673 μm



	SRB_3 (Green)
	Identifies water and vegetation
	0.533–0.590 μm



	SRB_2 (Blue)
	Distinguishes urban areas from water bodies
	0.452–0.512 μm






[image: Two satellite images side by side labeled (a) and (b). Image (a) shows a map with labeled areas including Pimpri-Chinchwad and Pune, overlaid on a darkened background. Image (b) displays the same region with a clearer, detailed landscape without labels, highlighting terrain and vegetation.]
FIGURE 5
 Process of extracting the image for Pune region from Landsat 8 imagery. (a) Geometry of the Pune region and (b) snipped image of Pune.


TABLE 2 Important input parameters for data insertion in GEE.


	Important input parameters and code for data insertion in GEE





	• Region of interest (geometry boundary of the study area)
 • The time period of interest (starting and ending time frame)
 • Cloud coverage filter (less than 10% of cloud coverage)
	Collection = “LANDSAT/LC08/C02/T1_L2”; Filter date: 2024-01-01 to 2024-02-28;
 Filter geometry: geometry;
 Filter cloud cover: less than 10%







2.2 Object-based segmentation using simple non-iterative clustering (SNIC)

Object-based segmentation forms an integral part of this study. The inclusion of object-based segmentation ensures that the model is less susceptible to noise and avoids other issues associated with pixel-based segmentation techniques, like the “salt and pepper effect” (Ouchra et al., 2022). For the task of object-based segmentation, this study utilizes SNIC as it has shown to be effective in previous literature (Whiteside and Ahmad, 2005). Algorithm 1 depicts the SNIC algorithm. Firstly, the label map L is created with all zeros. Following that, the priority queue and seed elements are initialized. SNIC is initialized with k initial centroids which are spaced size pixels apart, where k is a user-defined parameter and size is calculated using k and the dimensions of the image. All these seed elements are then pushed into the priority queue Q, with each element containing values of position, color, label, and distance. In the second stage i.e. the propagation stage, the element in the priority queue with the smallest distance, ei, is popped. This distance is calculated using Equation 1. If the element is not yet assigned to a centroid in the label map, it is then assigned to centroid ki. After this update is done, the centroid ki itself is updated to incorporate the new element using online averaging. The algorithm then proceeds to check all connected neighbors of ei and assign them the label ki. If not already labeled on the label map, these elements are pushed onto Q. This is repeated until Q is empty, and the label map L will be returned as a result.

d=(cj-ck)2+(ms)2(xj-xk)2      (1)

where:

• cj,ck: Color vectors in CIELAB/Lab* space

• xi,xj: Spatial coordinates

• m: compactness parameter

• s: initial grid spacing

ALGORITHM 1 SNIC Segmentation Algorithm


	1:  Input: Input image I, K initial centroids C[k] = {xk, ck} sampled on a regular grid, color normalization factor m



	2:  Output: Assigned label map L



	3:  Initialize L[:]←0



	4:  for k←1 to K do



	5:   Element e←{xk, ck, k, 0}



	6:   Push e on priority queue Q



	7:  end for



	8:  while Q is not empty do



	9:   Pop Q to get ei



	10:   if L[xi] = 0 then



	11:    L[xi]←ki



	12:    Update centroid C[ki] online with xi and ci



	13:    for Each connected neighbor xj of xi do



	14:     Create element ej←{xj, cj, ki, dj,ki}



	15:     if L[xj] = 0 then



	16:      Push ej on Q



	17:     end if



	18:    end for



	19:   end if



	20:  end while



	21:  Return L






The parameters used for the SNIC algorithm and the codes are presented in Table 3. Similarly, the output of the SNIC segmented image can be observed in Figure 6. Post object-based segmentation on the image, feature engineering was performed to calculate additional features.

TABLE 3 SNIC segmentation parameters and code example.


	Parameters
	Code





	• Image: input image
 • Size: super pixel seed spacing size
 • Compactness: shape of the cluster
 • Connectivity: type of contiguousness to join the cluster
	var snicA =
 ee.Algorithms.Image
 .Segmentation.SNIC({
 image: img,
 size: 5,
 compactness: 0.1,
 connectivity: 4
 })






[image: Side-by-side comparison of two maps. (a) shows a satellite image of a terrain with varying shades of green and brown indicating vegetation and land features. (b) presents a segmented map with areas colored in various vibrant hues, representing different zones or classifications.]
FIGURE 6
 Comparison before and after applying SNIC segmentation. (a) Before SNIC segmentation and (b) after SNIC segmentation.




2.3 Feature selection and engineering

This study utilizes several features extracted from the aforementioned Landsat-8 image collection, each chosen for its relevance to the land cover classification task. This study makes use of textural features obtained using the Gray-Level Co-occurrence Matrix (GLCM) as they have been shown to enhance the classification accuracy for LULC tasks (Haralick et al., 1973). Additionally, this study also utilizes spectral indices like the Normalized Difference Vegetation Index (NDVI), Ratio Vegetation Index (RVI), and Difference Vegetation Index (DVI). The bands selected for this study, along with their descriptions, are provided in Table 4. Furthermore, the frequencies of these bands have been visualized in Figure 7.

TABLE 4 Bands and their applications.


	Index/band
	Function
	Mean
	Standard-deviation





	DVI
	Vegetation density (Used for estimating vegetation amount)
	3,531.541
	2,155.849



	NDVI
	Vegetation health (Commonly used for monitoring vegetation vigor)
	0.138
	0.082



	RVI
	Biomass estimation (Helps in assessing vegetation biomass)
	0.766
	0.125



	SR_B2_contrast
	Texture analysis (Band 2—Blue) (used for edge detection and texture classification)
	68,104.628
	190,161.503



	SR_B2_diss
	Texture analysis (Band 2—Blue) (useful for land cover differentiation)
	100.291
	108.227



	SR_B2_mean
	Blue band reflectance (helps in water body identification and atmospheric correction)
	9,233.005
	718.388



	SR_B2_var
	Variability in blue band (useful in studying atmospheric effects)
	144,184.107
	394,943.885



	SR_B3_contrast
	Texture analysis (Band 3—Green) (used for detecting land cover texture)
	99,397.192
	267,888.283



	SR_B3_diss
	Texture analysis (Band 3—Green) (useful for urban-rural differentiation)
	123.994
	126.975



	SR_B3_mean
	Green band reflectance (used for vegetation monitoring and chlorophyll content estimation)
	10,294.904
	854.736



	SR_B3_var
	Variability in Green Band (useful for vegetation health assessment)
	213,565.510
	572,480.607



	SR_B4_contrast
	Texture analysis (Band 4—Red) (useful in analyzing land cover variation)
	163,092.980
	367,304.027



	SR_B4_diss
	Texture analysis (Band 4—Red) (used for land classification and change detection)
	175.269
	149.412



	SR_B4_mean
	Red band reflectance (used for vegetation stress and soil background reflectance)
	10,626.561
	1,269.153



	SR_B4_var
	Variability in red band (helpful for crop health monitoring)
	366,543.304
	803,721.235



	SR_B5_contrast
	Texture analysis (Band 5—NIR) (useful for biomass structure analysis)
	523,451.902
	644,512.645



	SR_B5_diss
	Texture analysis (Band 5—NIR) (used for vegetation cover differentiation)
	356.837
	224.516



	SR_B5_mean
	Near-infrared reflectance (vegetation health) (key for identifying healthy vegetation and water stress)
	14,183.855
	2,033.679



	SR_B5_var
	Variability in near-infrared band (useful for detecting forest degradation and biomass estimation)
	1,097,093.532
	1,527,726.299






[image: A grid of sixteen histograms displays frequency distributions of different bands: DVI, NDVI, RVI, SR with various bands labeled as mean, variance, contrast, and diss. Each histogram shows frequency on the y-axis and varies in data range on the x-axis, with distinct peaks and distributions.]
FIGURE 7
 Band frequency visualization for selected bands.



2.3.1 Vegetation indices (spectral indices)

Vegetation indices refer to mathematical transformations of the spectral bands. They are used to better visualize and identify vegetation and can, therefore, be used to boost the efficacy of LULC tasks. This study utilizes NDVI, RVI, and DVI. Each of these indices uses different spectral bands for their calculation, offering distinct perspectives on vegetation properties and enabling targeted insights into land cover characteristics (as shown in Table 5).

TABLE 5 Descriptions of vegetation indices used in this study.


	Spectral Index
	Formula
	Description
	Image





	DVI
	DVI = NIR − Red
	DVI is a simpler version of NDVI and provides an absolute measure of vegetation presence
	[image: A map showing land cover classification with colors. Green represents densely vegetated areas, orange indicates moderately vegetated regions, and yellow depicts sparsely vegetated zones. A compass rose is in the top right corner.]



	NDVI
	NDVI=NIR-RedNIR+Red
	NDVI measures vegetation health and density. High NDVI values indicate dense, healthy vegetation, while low values indicate barren land, water, or built-up areas
	[image: Map showing a dense green area, indicating vegetation or forest cover. A compass rose is visible in the top right corner, with some faded map details around the edges.]



	RVI
	RVI=NIRRed
	Ratio between NIR and Red reflectance rather than the difference. It is more sensitive to areas with low vegetation cover.
	[image: Color-coded topographic map displaying terrain elevation. Green indicates lower elevations, transitioning to yellow and blue for higher areas. A compass rose in the top right corner shows orientation.]







2.3.2 Textural features

In addition to spectral features and spectral indices, this study also utilizes GLCM to generate textural features for the study area. GLCM produces a total of 18 features for each band present in the input image, however, due to computational constraints, this study has selected the following three features that were found to be the most relevant to the task at hand.


2.3.2.1 Contrast

The contrast feature of GLCM captures the difference between the intensities of neighboring pixels. This feature is especially useful for detecting similar materials with different surface textures. This ability is paramount for the LULC task, as high contrast values usually indicate important landscape features such as water, vegetation, urban, etc. The depiction of GLCM contrast features for each of the selected bands can be observed in Figure 8.


[image: Satellite images in a grid showing different spectral bands with various processing techniques. The images are labeled from top to bottom and left to right as Band 4 to Band 19, displaying differences in contrast, diss, and var attributes. Each image highlights different geographical features and details, likely used for comparative analysis.]
FIGURE 8
 GLCM contrast, dissimilarity, variance bands.




2.3.2.2 Variance

The variance feature in GLCM represents the difference between the intensities of pixels in a spatial neighborhood. A high variance indicates a change in land cover, such as vegetation health or soil moisture. Moreover, variance is more resistant to noise in the data and hence is more suited for diverse regions. The depiction of GLCM variance features for each of the selected bands can be observed in Figure 8.



2.3.2.3 Dissimilarity

The dissimilarity feature in GLCM represents the dissimilarity or difference of a pixel as compared to its neighboring pixels. This feature lends itself to the detection of edges, which is essential in LULC classification. The depiction of GLCM dissimilarity features for each of the selected bands can be observed in Figure 8.




2.4 Data preprocessing–Using normalization

Pre-processing is a fundamental step for training machine and deep learning models. It boosts data quality by tending to issues like noise, lost values, and irregularities. This is essential for superior model performance and precision. Alongside irregular data patterns, one of the primary constraints in ML training is the disparity in feature scales. Since algorithms often prioritize attributes with larger values, proper feature scaling is necessary to ensure balanced learning. Feature scaling also helps machine learning and deep learning algorithms train and converge faster, which improves model performance. There are multiple methods for scaling data, but this study utilizes normalization as it is better suited for non-gaussian data distributions.

Normalization works by adjusting numerical values in a dataset to a consistent range, usually between 0 and 1 or sometimes –1 and 1, to maintain uniformity across features. This method is particularly helpful when features are on vastly different scales and lack extreme values. Normalization effectively scales data to a consistent range by using Equation 2

Xnew=X-XminXmax-Xmin      (2)

where:

• X is the original data value,

• Xmin and Xmax are the minimum and maximum values of the data feature, respectively.

This approach compresses data into an n-dimensional unit hypercube Scikit-Learn offers a transformer called MinMaxScaler for this process, which was utilized in this study.



2.5 The proposed CONN architecture

The proposed CONN model is designed to process nineteen raster-based input features, with representative samples shown in Figure 9 and the corresponding ground truth illustrated in Figure 10. These inputs are organized into batches of 32 during training to ensure efficient learning and optimization. The overall architecture of the model is illustrated in Figure 11.


[image: A satellite map highlighting the Pune region with various overlays showing water (blue), urban (red), vegetation (green), and barren land (yellow). Key locations and roads are marked, with a legend in the top-left corner detailing the color schemes for different land types. The surrounding areas display terrain and city names.]
FIGURE 9
 Training and test sample collection using polygon tool in GEE.



[image: Aerial view of a densely populated urban area. Roads and clusters of buildings are visible along with patches of greenery. A white rectangular area is highlighted in the center.]
FIGURE 10
 Ground truth sample.



[image: Diagram of a convolutional neural network consisting of three convolutional layers. Each layer includes oscillating activation graphs. The first layer has 16 filters, the second has 32 filters, and the third has 64 filters. All layers use a kernel size of 3 and stride of 1. Dropout pooling is highlighted before transitioning to the next layers, ending with a fully connected output layer.]
FIGURE 11
 Oscillatory activated convolution layers.


It gives the output classification probabilities for each of the four classes and classifies the region based on the given output probabilities. The sampling steps and the data are split into train and test batches of 80–20 ratio. Table 6 presents the detailed number of training and testing samples. The model is trained in mini-batches, and each epoch consists of forward and backward propagation steps through the network using the specified loss function. Model parameters are iteratively updated to minimize the loss, with the training process monitored using a separate validation (test) set to ensure generalization and avoid overfitting. This protocol facilitates reliable learning of the textural and spectral features present in the raster input data. It consists of stacked one-dimensional convolutional layers, coupled with a one-dimensional Max-Pooling layer for reducing the feature map size and efficient raster data analysis while extracting vital textural and spectral features from the raster data. The stacked CNN model gradually increases the output channel of the data, expanding it to 128 channels, therefore capturing more complex patterns and features from the data. These 128 extracted features, serve as input to the fully connected layers, which reduce the dimensionality gradually, by a factor of two, ensuring that there is no information lost in the flow of representations from one layer to the other.

TABLE 6 Sample distribution by class.


	Class
	Urban
	Vegetation
	Barren
	Waterbody





	Training/testing
	5,205/2,471
	11,074/2,438
	29,593/3,081
	32,506/9,815



	Total
	7,676
	13,512
	32,674
	42,321





To prevent overfitting and serve as a regularization parameter, every pooling and fully connected layer is followed by a Dropout layer (Huang et al., 2021) with a dropout rate of 20%. To ensure smooth gradient flow during backpropagation and to prevent saturation and stagnation during the training of the model, the architecture utilizes oscillating activation functions after each convolutional and feed-forward layer (Rumelhart et al., 1986). These functions and their advantages in the training process have been further discussed in Section 2.5.2

In this study, we have chosen specific kernel sizes, strides, and filter counts for the CNN model to enhance feature extraction after thorough experimentation with a number of variations. The current parameters strike a balance between computational efficiency and the model's ability to identify significant patterns in the data. The architecture increases the number of filters after each layer by a factor of two, yielding a map of 128 channels before feeding into the decision head, which consists of a feed-forward neural network with dropout and oscillating activation functions in the end. The model architecture is shown in Figure 12.


[image: Flowchart of a neural network model. It starts with spectral bands, indices, and GLCM texture features, which are concatenated and passed to three convolutional neural network (CNN) layers with oscillatory activation. The output goes to a fully connected neural network with 16, 32, 64, and 128 neurons, utilizing dropout layers. The final output is a probability map.]
FIGURE 12
 Oscillatory activated convolution layers.



2.5.1 Convolutional and feed forward neural network

CNN architectures serve as the backbone of many image-classification and feature-extraction tasks today (Taye, 2023). By stacking multiple CNN layers, they are capable of learning local patterns within data, thereby extracting high-level spatial and texture features through learnable filters and pooling operations. This allows the network to build a hierarchical feature representation in the model's stored parameters as it progresses through each layer. The feed-forward neural networks in these cases serve as the decision head by classifying the learned features into their respective classes. Commonly employed activation functions like ReLU, LeakyReLU, and Swish suffers from commonly known issues in Deep Neural Networks like vanishing gradient and saturation problems (Hu et al., 2021). Recently discovered oscillatory activation functions show promising results due to their periodic nature and also their ability of possessing multiple hyperplanes as compared to commonly used activation functions, which only have one (Noel et al., 2025b). This property allows a single neuron to solve the XOR problem, thus demonstrating higher information retention capability.




2.5.2 Oscillating activation functions

LULC classification using remote sensing data is highly non-linear due to the presence of overlapping spectral signatures, and the complex non-linear decision-making capability of oscillatory activation functions can be beneficial for providing accurate classification in such cases. These oscillatory activation functions, inspired by biological neurons from the neuro-cortex in a human brain, have a unique property of partitioning its input space with more than one hyperplane as compared to various state-of-the-art, non-linear activation functions like ReLU, LeakyReLU, and Swish as seen in Equations 3–5.

The ability to possess multiple decision boundaries significantly boosts the representative power of neurons incorporating these activation functions. Due to the enhanced ability of each neuron to hold complex representations, the overall ability of a neural network utilizing such neurons is also significantly increased. This, in turn, leads to an increase in training speed and efficiency. This can also be observed in the results of this study. It has also been observed that the proposed model performs and generalizes better with fewer neurons.

f(x)={x,if x≥0αx,if x<0      (3)

where α is a small constant (e.g., α = 0.01).

f(x)=max(0,x)      (4)

f(x)=x·σ(βx)=x1+e-βx      (5)

where σ(x) is the sigmoid function and β is a parameter (often set to 1).

Their property of being differentiable at all points ensures that the neuron doesn't saturate and gives derivative values close to 0, which leads to the underflow problem while calculating the derivative of the loss function with respect to the model parameters. This is termed as vanishing gradients (Tan and Lim, 2019), a common problem during training of deep neural nets, and can be an encumbrance to the model's ability to learn from the data collection and store its representation in the form of weights. Saturation (Kolbusz, Janusz et al., 2018), on the other hand, is a stage where the output values of a neuron are close to the activation function's boundary values. It negatively affects both the information capacity and the learning ability of a neural network. The proposed model architecture utilizes four oscillating activation functions and gives a comprehensive analysis and comparison between each activation function along with the existing state-of-the-art non-linear activation functions such as ReLU, LeakyReLU, and Swish. The activation functions used in the study are z2cos(z), Shifted Sin Unit (SSU), Growing Cosine Unit (GCU), and Decaying Sin Unit (DSU) and are defined in Equations 6–9. The behavior of these functions and their derivatives is shown in Figures 13, 14.

f(z)=z2cos(z)      (6)

f(z)=zcos(z)      (7)

f(z)=πsinc(z-π)      (8)

f(z)=π2(sinc(z-π)-sinc(z+π))      (9)

Equations 8, 9 can be written as:

f(z)=πsin(z-π)z-π      (10)

f(z)=π2(sin(z-π)z-π-sin(z+π)z+π)      (11)


[image: Graph displaying four oscillating functions labeled as \(z2 \cos(z)\), \(n \sin(x z - n)\), \(z \cos(z)\), and \(\frac{1}{2} [\sin(c(z - n)) - \sin(c(z + n))]\). The x-axis is labeled \(z\), ranging from \(-10\) to \(10\), and the y-axis represents function values, ranging from \(-80\) to \(40\). Each function is depicted with a different color and pattern, showing various oscillation amplitudes and frequencies.]
FIGURE 13
 Plot of the oscillating activation functions incorporated in the study in the limits [–10, 10].



[image: Graph showing the derivatives of oscillating functions over the range of -10 to 10 on the x-axis. Four functions are plotted: derivative of \(z2 \cos(z)\), derivative of \(z \sin(z - \pi)\), derivative of \(z \cos(z)\), and derivative of \(\frac{1}{z} (\sin(z - \pi) - \sin(z + \pi))\). Peaks and troughs vary significantly, with notable spikes near zero.]
FIGURE 14
 Plot of the derivatives of the oscillating activation functions incorporated in the study in the limits [–10, 10].




2.5.3 Loss functions

The model applies the weighted cross-entropy loss function on the outputs of the softmax layer. The usage of an additional parameter, weight wi in the function, proves to be vital while handling datasets with uneven class distributions, especially in the use-cases of LULC. In such instances, employing standard Cross-entropy loss can bias the model toward the majority class, often resulting in misclassifications and reduced performance on minority classes during test data inferencing (Ebrahimy et al., 2022). Weighted Cross-Entropy Loss (in Equation 12) addresses this issue by allocating distinct weights to each class, thereby equilibrating their impact throughout training. The class weights are determined according to the frequency with which each label appears in the dataset Equation 13 and depend inversely on it. For the optimization procedure for each epoch, utilize the state-of-the-art, adaptive optimization algorithm, the AMS-Grad variant of the Adam (Kingma and Ba, 2017) optimizer. This trains the model and updates the parameters during backpropagation. The AMSGrad version has been proven to be better than the base version of Adam in terms of convergence and also improving the generalizability of the model (Reddi et al., 2019).

L=−∑i=1Cwi·yilog(y^i)      (12)

wi=Nni×C      (13)

where N denotes the total number of samples, ni represents the number of samples belonging to class i, C is the total number of classes, L refers to the weighted loss, wi indicates the weight assigned to class i, yi is the true label of class i, and ŷi denotes the predicted probability for class i. The end-to-end training of the model is done by backpropagation and weight updates as denoted in Equation 14. The model has been trained for a total of 100 epochs for each of the oscillating activation functions, in order to perform a thorough comparison between each of the activation functions. In addition to this, a comparison was also carried out among the various machine learning algorithms used for LULC.

θij:=θij-η∂E∂θij      (14)

where: θij represents the weight or parameter between neuron i and neuron j, η is the learning rate, E is the error (or loss) function, NDVI=NIR-RedNIR+Red is the partial derivative of the error with respect to θij. This formula updates θij by moving it in the direction that reduces the error, with η controlling the step size of each update. The values of each of the hyper-parameters of the model have been listed in Table 7.

TABLE 7 Hyperparameters used for the proposed CONN model.


	Hyperparameter
	Description
	Value





	Batch size
	Number of samples in each batch
	32



	Learning rate (η)
	Controls the step size in weight updates
	0.001



	Dropout rate
	Probability of setting a neuron to zero during training
	0.2



	Filters (feature maps)
	Number of filters in each Conv1D layer
	{16, 32, 64, 128}



	Kernel size
	Size of the filter for Conv1D layers
	3



	Stride
	Step size for moving the kernel
	1



	Pooling size
	Size of MaxPooling layer
	2



	Activation functions
	Non-linear functions for each layer
	Oscillatory, Softmax



	Optimizer
	Algorithm used to minimize loss
	Adam (AMSGrad)



	Loss function
	Function used to calculate error
	Weighted cross-entropy



	Epochs
	Number of times the model sees the entire dataset
	100



	Weight initialization
	Method to initialize weights
	Xavier initialization








2.6 Performance metrics

The metrics used to evaluate the performance of the CONN include accuracy score, precision, recall, F1-score, confusion matrix, user's accuracy, producer's accuracy, and Kappa score. This subsection aims to discuss the efficacy of each of the selected metrics in gauging certain aspects of the performance of the models being compared. Those metrics are presented in Table 8. where TP is true positives, TN is true negatives, FP is false positives, FN is false negatives, Po is the observed agreement and Pe is the random agreemen. b and c are disagreeing cases where one model predicts positive and the other predicts negative in the McNemar test.

TABLE 8 Metrics and their formulas for classification evaluation.


	Metric
	Definition
	Formula





	Accuracy
	Defined as the ratio of correctly classified data samples out of the total dataset.
	Accuracy=TP+TNTP+TN+FP+FN



	Precision
	Indicates the proportion of true positive results in all positive predictions in the dataset.
	Precision=TPTP+FP



	Recall (producer's accuracy)
	Also known as Sensitivity, measures correctly classified actual positives.
	Recall=TPTP+FN



	F1-score
	The harmonic mean of precision and recall.
	F1 Score=2·Precision·RecallPrecision+Recall



	 
	 
	 



	Kappa score
	Measures the relation between the predicted and actual classifications, accounting for the agreement that could occur by chance.
	κ=Po-Pe1-Pe



	Agreement Po
	The number of instances where predictions and actual classifications agree.
	Po=∑i=1nnii



	Random Pe
	The expected frequency of agreement due to chance for Kappa calculation.
	Pe=∑i=1nni+×n+iN



	McNemar test (Chi-square)
	Statistical test to compare differences on paired nominal data (classifier outputs).
	χ2=(b-c)2b+c



	Exact p-value
	Probability value associated with McNemar test.
	p=2∑i=0min(b,c)(b+ci)0.5b+c







2.7 Software and hardware specifications

The dataset for Landsat-8 SR was obtained from GEE utilizing the JavaScript API version 0.1.397, it was also utilized to implement algorithms such as SNIC and GLCM. For data preprocessing, model training and experimentation, Python version 3.10 was used, along with the PyTorch framework version 2.0. The hardware employed for training the model is an Intel Xeon CPU (2.3 GHz), 16GB of DDR4 RAM, and 12GB of VRAM.




3 Results

The experimental setup for the study is presented in Sections 2.5, 2.7 and Table 9. CONN comprises four layers of Convolutional Oscillatory activated layers with a kernel size of three and a stride of 1, along with two dropout and max pooling layers of kernel size 2. This architecture is then followed by Feed feed-forward oscillatory Neural Network of four hidden layers and each followed by a dropout layer.

TABLE 9 Layer configuration details of the employed CONN architecture along with oscillatory activation functions.


	Layer name
	Output dimensions
	non-linearity





	Convolutional layer-1
	[–1, 16, 17]
	Oscillatory activation



	Convolutional layer-2
	[–1, 32, 15]
	Oscillatory activation



	Max pooling-3
	[–1, 32, 7]
	None



	Dropout-4
	[–1, 32, 7]
	None



	Convolutional layer-5
	[–1, 64, 5]
	Oscillatory activation



	Convolutional layer-6
	[–1, 128, 3]
	Oscillatory activation



	Max pooling-7
	[–1, 128, 1]
	None



	Dropout-8
	[–1, 128, 1]
	None



	Feed forward neural network-9
	[–1, 64]
	Oscillatory activation



	Dropout-10
	[–1, 64]
	None



	Feed forward neural network-11
	[–1, 32]
	Oscillatory activation



	Dropout-12
	[–1, 32]
	None



	Feed forward neural network-11
	[–1, 16]
	Oscillatory activation



	Dropout-12
	[–1, 16]
	None



	Feed forward neural network-13
	[–1, 4]
	Softmax





The results presented in Table 10 indicate that the CONN model outperforms the conventionally activated functions across all the chosen metrics. There has been an especially large improvement when it comes to the Kappa score with DSU being nearly 0.4 higher than Swish. The confusion matrix for the proposed CONN-DSU is present in Table 11. This indicates the higher reliability of the CONN model over conventionally activated models when it comes to imbalanced datasets such as remote sensing data. Additionally, the CONN model improves greatly upon the precision for each class. This indicates that the CONN model makes significantly fewer misclassifications, even in cases where classes have very similar spectral characteristics, such as the barren and urban classes.

TABLE 10 Comparison of activation functions based on performance metrics.


	Activation function
	Train-ing Acc.
	Test Acc.
	Pre-cision
	Re-call
	F1-Score
	Kappa Score
	User Acc. Class 1
	User Acc. Class 2
	User Acc. Class 3
	User Acc. Class 4





	ReLU
	95.251
	93.185
	93.138
	93.185
	93.081
	90.636
	95.948
	90.894
	94.383
	91.808



	LeakyReLU
	96.102
	93.167
	94.098
	93.367
	93.440
	91.204
	98.231
	92.330
	95.495
	91.980



	Swish
	96.259
	93.782
	93.023
	93.782
	93.814
	91.824
	99.191
	91.058
	95.760
	90.663



	z2cos(z)
	98.764
	95.091
	95.480
	95.091
	95.143
	92.362
	99.591
	97.293
	98.141
	94.715



	SSU
	99.647
	95.126
	95.156
	95.726
	95.769
	94.344
	99.474
	98.195
	97.631
	94.571



	GCU
	99.998
	95.327
	95.826
	95.327
	95.420
	93.180
	99.352
	94.299
	98.385
	94.051



	DSU
	99.999
	95.979
	95.570
	95.979
	95.082
	95.199
	99.291
	96.637
	98.663
	94.685



Values in bold denote the highest accuracy.



TABLE 11 Confusion matrix for proposed CONN-DSU.


	Classified data
	Reference data
	Precision



	Class 0
	Class 1
	Class 2
	Class 3
	Total





	Urban (0)
	2,402
	15
	11
	43
	2,471
	0.97



	Vegetation (1)
	14
	2,348
	25
	51
	2,438
	0.96



	Barren (2)
	13
	11
	3,016
	41
	3,081
	0.98



	Waterbody (3)
	93
	67
	332
	9,323
	9,815
	0.95



	Total
	2,522
	2441
	3,384
	9,458
	17,805
	–



	Recall
	0.95
	0.96
	0.89
	0.99
	–
	–



	Overall accuracy: 95.79%



	Random
	350.00
	334.24
	585.57
	5,213.71
	–
	–



	Agreement
	2402
	2348
	3016
	9,323
	–
	–



	Kappa: 95.19%



	F1 score: 95.08%



The color shading represents the magnitude of the cell values; darker red cells indicate higher counts of true positives, while lighter red cells indicate comparatively lower counts of true positives.



The ability of the oscillatory functions to be able to represent more information with the same number of neurons allows the CONN model to build a more complex representation of the classes, deterring over-reliance on spectral features alone for classification. This ability of the CONN model is also showcased in Figure 15, with the CONN model being able to classify smaller objects of some classes more accurately as we can see with the water body and vegetation patch in Figure 16. The spatial classification output map of the current study area is presented Figure 17.


[image: Seven land use maps labeled (a) to (g), depicting urban areas in red, vegetation in green, barren land in yellow, and water bodies in blue. Each map shows variations in the distribution of these categories across the same geographic area.]
FIGURE 15
 The classification results for the dataset using the following activation functions, (a) ReLU, (b) LeakyReLU, (c) Swish, (d) z2 cos(z), (e) DSU, (f) GCU, and (g) SSU, respectively.



[image: Two sets of images labeled (a) and (b) show satellite photos alongside corresponding color-coded classified maps. The left images are natural satellite views; the right images display classifications in red, green, yellow, and blue. Connecting lines highlight specific areas between the natural and classified images.]
FIGURE 16
 (a) LULC outcome using the proposed methodology and (b) LULC outcome of the ML Techniques.



[image: Three charts display the relationship between epochs and model metrics. The first chart shows training accuracy rising steeply before stabilizing. The second chart depicts training loss decreasing rapidly and leveling off. The third chart shows validation loss with peaks and troughs before stabilizing. Each chart includes multiple lines representing different models or conditions.]
FIGURE 17
 LULC maps of the study area using proposed CONN-DSU. Note that we use QGIS software(https://qgis.org/en/site/, version: 3.24.2) for plotting.


Furthermore, it can also be observed from Figures 18–21 that over a period of 50 epochs, the proposed CONN model equipped with oscillatory activation functions, such as SSU, converge much faster than conventional activation functions. In addition to the comparison of the activation functions over the entire dataset, this study also performs an ablation study which tests the robustness of the CONN model as compared to conventionally activated CNNs when some features are not present. The results of the ablation study are presented in the following section.


[image: Three line charts display model performance metrics across epochs. The first chart shows training accuracy increasing and stabilizing. The second chart depicts training loss rapidly decreasing. The third chart presents validation loss decreasing but with more variance. Each chart compares multiple models using spectral indices.]
FIGURE 18
 Ablated data training accuracy, loss, and validation loss for spectral feature.



[image: Three line graphs display the performance of Spectral-Texture models. The first graph shows training accuracy increasing and stabilizing around 100 percent over epochs. The second graph shows training loss rapidly decreasing and then flattening. The third graph displays validation loss with fluctuations before stabilizing, indicating reduced loss over time. Legends identify different model variations.]
FIGURE 19
 Ablated data training accuracy, loss, and validation loss for spectral and indices feature.



[image: Three line graphs display performance metrics over epochs. The first graph shows training accuracy, with lines converging near 100%. The second graph illustrates training loss, depicting a rapid decrease before stabilizing. The third graph presents validation loss, showing fluctuations before settling. Each graph includes a legend identifying multiple models.]
FIGURE 20
 Ablated data training accuracy, loss, and validation loss for Spectral and texture feature.



[image: Map illustrating Pune district, showing city limits in pink with subdivisions marked. The classification map highlights water bodies in blue, urban areas in red, vegetation in green, and barren land in yellow, using a legend. An arrow indicates north.]
FIGURE 21
 Training accuracy, loss and validation loss for non-ablated data.




4 Discussion

This paper performs an ablation study by removing parts of the feature set used in the original dataset and comparing the performance of both ML and DL models for these variations. The variations utilized are Spectral features, spectral and textural features, and Spectral features and spectral indices. The compared DL models include the proposed CONN model along with CNN models using ReLU, LeakyReLU, and Swish activation functions. The ML models chosen for this ablation study are Random Forest (RF), Support Vector Machine (SVM), Naive Bayes (NB), and AdaBoost. Additionally, the hyperparameters of these ML models were optimized using GridSearchCV, and the hyperparameters utilized for the test can be seen in Table 12. This test was performed in order to ascertain the importance of each feature, in addition to the CONN model's ability to work with fewer features. When utilizing remote sensing data, obtaining reliable data for all features may not be feasible. In such cases, the model should also possess the capability to train on suboptimal data and still provide serviceable results. Additionally, this test is also beneficial in identifying the importance of individual features.

TABLE 12 Hyperparameters utilized for the Listed ML models in the study.


	Model
	Hyperparameters





	RF
	n_estimators: 200, random_state: 42



	SVM
	C: 0.1, gamma: 'scale', kernel: 'linear'



	AdaBoost
	algorithm: 'SAMME', learning_rate: 0.1, n_estimators: 200





The results of the study for all the DL models, as shown in Table 13, indicate that for all three variations of the dataset, the CONN model utilizing oscillatory activation functions outperforms all the conventionally activated DL models for all the chosen metrics. Furthermore, it can be observed in Figure 21 that despite the additional performance, the CONN model provides similar convergence speeds to conventional activation functions and, in some cases, shows sustained improvements till much higher epochs. Additionally, the results for ML models presented in Tables 14, 15 further establish the better performance of the CONN model over ML models on all three variations of the dataset.

TABLE 13 Results with training accuracy and other metrics.


	Data type
	Activation function
	Train-ing Acc.
	Test Acc.
	Pre-cision
	Re-call
	F1-Score
	Kappa score
	User Acc. Class 1
	User Acc. Class 2
	User Acc. Class 3
	User Acc. Class 4





	Spectral features
	ReLU
	97.84
	91.59
	91.40
	91.59
	91.73
	87.96
	88.72
	88.20
	98.80
	90.21

 
	LReLU
	97.53
	91.01
	91.67
	91.01
	90.62
	87.13
	88.31
	88.85
	98.80
	92.17

 
	Swish
	97.47
	90.53
	92.04
	90.53
	90.74
	85.54
	89.31
	88.85
	98.80
	92.17

 
	z2cos(z)
	96.28
	93.28
	93.98
	93.28
	93.35
	90.42
	93.72
	90.76
	98.89
	95.90

 
	SSU
	97.58
	95.68
	94.38
	93.68
	93.79
	90.09
	92.51
	85.43
	99.41
	94.22

 
	GCU
	97.65
	95.90
	95.28
	95.90
	95.35
	91.09
	94.57
	84.53
	99.37
	94.90

 
	DSU
	98.22
	95.78
	95.48
	95.28
	95.50
	91.00
	94.19
	86.38
	99.80
	95.16



	Spectral features and textural
	ReLU
	99.45
	91.31
	91.91
	91.31
	91.40
	88.18
	94.26
	93.29
	96.01
	91.72

 
	LReLU
	99.69
	92.54
	92.19
	92.54
	92.65
	89.99
	95.78
	94.18
	96.87
	90.83

 
	Swish
	99.43
	92.21
	92.95
	92.21
	92.32
	89.05
	95.26
	95.47
	96.12
	91.09

 
	z2cos(z)
	99.73
	95.92
	95.75
	95.92
	95.02
	92.12
	98.54
	97.21
	99.62
	93.28

 
	SSU
	99.52
	96.97
	96.61
	96.97
	96.08
	93.67
	97.41
	97.82
	99.39
	94.40

 
	GCU
	99.63
	95.51
	94.26
	95.51
	95.62
	92.99
	97.93
	95.89
	99.82
	93.46

 
	DSU
	99.69
	95.41
	94.48
	95.41
	95.58
	92.85
	98.30
	96.34
	99.79
	92.77



	Spectral features and indices
	ReLU
	96.33
	89.07
	90.25
	89.07
	90.11
	89.82
	92.98
	94.50
	94.37
	95.01

 
	LReLU
	96.32
	89.57
	90.95
	89.57
	90.66
	91.53
	92.46
	94.38
	94.17
	93.98

 
	Swish
	97.63
	91.25
	91.14
	91.25
	91.29
	91.10
	91.18
	94.75
	93.98
	95.36

 
	z2cos(z)
	97.91
	95.87
	96.05
	95.87
	95.92
	94.50
	95.67
	95.70
	95.13
	96.45

 
	SSU
	98.30
	94.50
	94.84
	94.50
	94.58
	94.40
	96.35
	95.83
	94.95
	95.75

 
	GCU
	97.95
	95.33
	95.50
	95.33
	95.38
	93.66
	95.99
	94.76
	95.16
	95.60

 
	DSU
	97.89
	95.78
	95.69
	95.78
	95.72
	94.47
	96.66
	95.55
	95.94
	95.58



	Spectral features, indices and textural features
	ReLU
	95.25
	93.18
	93.13
	93.18
	93.08
	90.63
	95.94
	90.89
	94.38
	91.80

 
	LReLU
	96.10
	93.16
	94.09
	93.36
	93.44
	91.20
	98.23
	92.33
	95.49
	91.98

 
	Swish
	96.25
	93.78
	93.02
	93.78
	93.81
	91.82
	99.19
	91.05
	95.76
	90.66

 
	z2cos(z)
	98.76
	95.09
	95.48
	95.09
	95.14
	92.36
	99.59
	97.29
	98.14
	94.71

 
	SSU
	99.64
	95.12
	95.15
	95.72
	95.76
	94.34
	99.47
	98.19
	97.63
	94.57

 
	GCU
	99.99
	95.32
	95.82
	95.32
	95.42
	93.18
	99.35
	94.29
	98.38
	94.05

 
	DSU
	99.99
	95.97
	95.57
	95.97
	95.08
	95.19
	99.29
	96.63
	98.66
	94.68



Values in bold denote the highest accuracy.



TABLE 14 Comparison of CONN (DSU) and ML models results on test data.


	Category
	Model
	Test accuracy
	Test precision
	Test recall
	Test F1-score





	Spectral features
	Random forest
	93.540%
	0.9431
	0.9354
	0.9370

 
	SVM
	94.440%
	0.9502
	0.9444
	0.9455

 
	Naive Bayes
	81.470%
	0.8120
	0.8147
	0.8053

 
	AdaBoost
	80.380%
	0.7034
	0.8038
	0.7460

 
	CONN(DSU)
	95.783%
	0.9549
	0.9528
	0.9551



	Spectral features and indices
	Random Forest
	94.520%
	0.9496
	0.9452
	0.9462

 
	SVM
	94.670%
	0.9519
	0.9467
	0.9477

 
	Naive Bayes
	85.440%
	0.8476
	0.8544
	0.8470

 
	AdaBoost
	68.870%
	0.5213
	0.6887
	0.5876

 
	CONN(DSU)
	95.789%
	0.9570
	0.9579
	0.9572



	Spectral features and textural
	Random Forest
	91.140%
	0.9187
	0.9114
	0.9113

 
	SVM
	94.430%
	0.9515
	0.9443
	0.9455

 
	Naive Bayes
	87.580%
	0.8825
	0.8758
	0.8765

 
	AdaBoost
	88.980%
	0.9070
	0.8898
	0.8920

 
	CONN(DSU)
	95.417%
	0.9448
	0.9542
	0.9559



Values in bold denote the highest accuracy.



TABLE 15 Training results for ML models on the ablated datasets.


	Category
	Model
	Train accuracy
	Train precision
	Train recall
	Train F1-score





	Spectral features
	Random forest
	100.000%
	1.0000
	1.0000
	1.0000

 
	SVM
	96.320%
	0.9606
	0.9600
	0.9612

 
	Naive Bayes
	84.242%
	0.8419
	0.8424
	0.8365

 
	AdaBoost
	80.470%
	0.8109
	0.8047
	0.8075



	Spectral features and indices
	Random forest
	100.000%
	1.0000
	1.0000
	1.0000

 
	SVM
	95.100%
	0.9518
	0.9512
	0.9502

 
	Naive Bayes
	87.537%
	0.8794
	0.8753
	0.8735

 
	AdaBoost
	74.201%
	0.5895
	0.7420
	0.6566



	Spectral features and textural
	Random forest
	100.000%
	1.0000
	1.0000
	1.0000

 
	SVM
	96.162%
	0.9616
	0.9616
	0.9620

 
	Naive Bayes
	94.191%
	0.9426
	0.9419
	0.9421

 
	AdaBoost
	92.290%
	0.9235
	0.9229
	0.9126






4.1 Statistical analysis of the performance

The McNemar test was conducted to determine whether there was a statistically significant difference in the classification errors (discordant cases) between the proposed and the existing models, based on the confusion matrices provided. Table 16 presents several key parameters to assess the statistical significance of differences between models. These include the contingency values (a, b, c, d), the actual p-value, the significance threshold (α = 0.05), the observed chi-square (χ2) value, and the 95% confidence interval for this difference. In contingency value, a represents positive predictions, and d represents negative predictions by both models respectively, while b and c represent disagreeing cases where one model predicts positive and the other predicts negative. The null hypothesis H0 was taken to be: “there is no significant difference in the number of discordant pairs between the models.” Alternative hypothesis H1 was taken to be: “there is a significant difference in the number of discordant pairs between the models.” The statistical McNemar test was applied to compare the proposed DSU classification model with other DL models namely DL with ReLu, Leaky ReLu, Swish, z2 cos, GCU and SSU and Random Forest, SVM, Na'́ıve Bayes, and Adaboost ML models. All comparisons resulted in extremely low p-values, consistently below the conventional threshold (α = 0.05), confirming that the observed differences are statistically significant and not due to random variation. The observed chi-square values for most models were above the critical value of 3.841, indicating a clear improvement in classification performance by the proposed DL model with DSU activation function. Confidence intervals for these differences were consistently narrow, supporting the reliability of the findings. Even in the case of Random Forest model, the smallest difference noted remained significant. Moreover, the extremely large difference with Adaboost model highlights not only statistical but also substantial practical improvement. The statistical McNemar test shows that the DSU model's improvements are reliable and consistent, clearly supporting its better performance compared to other models.

TABLE 16 Statistical comparison: proposed DSU vs. other models.


	Models
	Activation function
	a
	b
	c
	d
	Actual p-value
	p Value
	Observed χ2
	Mean of interval
	95% confidence interval





	DL
	ReLU
	16267
	56
	822
	660
	1.71 × 10−175
	< 0.001
	668.30
	0.0430
	0.0398–0.0462

 
	Leaky ReLU
	16276
	57
	813
	659
	3.69 × 10−172
	< 0.001
	657.00
	0.0425
	0.0393–0.0456

 
	Swish
	16118
	200
	1170
	317
	4.53 × 10−151
	< 0.001
	685.37
	0.0545
	0.0505–0.0585

 
	(Z2 Cos)
	16267
	47
	822
	669
	7.99 × 10−184
	< 0.001
	691.16
	0.0435
	0.0403–0.0467

 
	GCU
	16259
	47
	830
	669
	1.16 × 10−153
	< 0.001
	699.10
	0.0440
	0.0408–0.0472

 
	SSU
	16247
	54
	842
	662
	9.13 × 10−183
	< 0.001
	693.00
	0.0443
	0.0410–0.0475



	ML
	RF
	16780
	49
	309
	667
	2.93 × 10−47
	< 0.001
	188.30
	0.0146
	0.0125–0.0167

 
	SVM
	16789
	67
	300
	649
	2.58 × 10−36
	< 0.001
	147.93
	0.0131
	0.0110–0.0152

 
	NB
	15203
	9
	1886
	707
	0.0 Extremely
	< 0.001
	1859
	0.1054
	0.1009–0.1100

 
	Adaboost
	12309
	38
	4780
	678
	0.0 Extremely
	< 0.001
	4665
	0.2663
	0.2729–0.2598








5 Conclusion and future works

This study proposes a convoluted oscillatory neural networks (CONN) architecture for accurate object based LULC classification. The proposed model utilizes the periodic, non-monotonic nature of the oscillatory activation functions with the deep, convoluted architecture of CNNs to accurately map and classify LULC. The study uses the surface reflectance images captured using Landsat 8 in the Pune area. GLCM textural features and spectral indices were then extracted from the objects segmented using the SNIC segmentation algorithm. According to experimental results, the proposed CONN with Decaying Sine Unit achieved an overall train accuracy of 99.999%, test accuracy of 95.979%, precision of 95.570%, recall of 95.979%, F1-score of 95.082%, and kappa score of 95.199%. The efficient gradient flow during Back propagation while training the proposed CONN allows the model to mitigate the vanishing gradient problem and to create a complex representation of data. The comparative analysis and comprehensive ablation study also highlight the superior performance of CONN over traditional ML approaches and conventional DL model-based architectures in the absence of critical features such as textures and spectral indices. It was also observed that although traditional ML models outperformed in training accuracy, they lack generalizing ability during testing, as showcased on the ablated test dataset. Since the neurons enhanced with oscillating activation functions have higher representation power, the number of neurons in the architecture has to be reduced in order to avoid overfitting. Future work can also explore transformer-based models, Quadratic Neural Networks (QNNs) (Noel and Muthiah-Nakarajan, 2024), along with time-series analysis. Transformer models have been proven to be better than traditional ANN-based architectures at capturing the correlation and difference in the time-series data (Nayak et al., 2024) and graph neural networks to further optimize classification performance and computational efficiency (Kavran et al., 2023).
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