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 The coconut palm (Cocos nucifera) is vital plantation crop, valued for their 

different uses, ranging from their fruit to its trunk. In recent times, it has 

been observed that many coconut trees are affected by diseases that reduce 

production and weaken the strength of the coconut. The classification of 

coconut leaf diseases is challenging because of intra-class and inter-class 

variability. This research introduces the gradient-based stochastic depth 

(GSD) with convolutional neural network (CNN) technique to coconut leaf 

disease classification to overcome these challenges. The GSD technique is 

incorporated into every layer of the CNN, where it calculates the probability 

using gradient magnitudes and skips layers that contribute minimally to the 

classification. The images are segmented using the GrabCut segmentation 

algorithm, which isolates the leaf from the background using graph-based 

segmentation, helping to differentiate between various disease classes. The 

GSD with CNN algorithm obtains an accuracy of 96.42%, precision of 

96.15%, recall of 95.87%, and F1-score of 95.93%, while comparing with 

existing algorithms. 
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1. INTRODUCTION 

In recent years, a significant decline in agricultural productivity has posed a threat to the global food 

supply [1]. The coconut tree is a vital plantation crop due to its diverse and useful products [2]. Globally, in 

many regions, the exceptional nutritional value and variety of coconut-based products have made it essential 

for daily life and numerous industries [3]. Despite the rising demand from consumers, many coconut farmers 

struggle to make ends meet due to high labor costs and the time-consuming process of producing coconut 

products [4]. Coconuts are a rich source of vitamins, minerals, and fiber, making them a healthy snack [5]. 

Additionally, they serve as an important source of nutrition and are widely used in the production of fuel, 

food, and medicines [6]. The coconut fruit, which develops on coconut palms, has been used for centuries, 

and humans have relied on it for their basic needs [7]. In recent times, people of various faiths and cultures 

have recognized coconut as a valuable medicinal and nutritional resource [8]. However, certain diseases that 

attack the coconut leaves weaken them over time, leading to crop losses. Farmers using conventional coconut 

farming techniques can only observe the lowest leaves of the plant crowns from the ground [9]. Conventional 

https://creativecommons.org/licenses/by-sa/4.0/
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imaging techniques, which capture photos from high altitudes over extensive areas, are both challenging and 

time-consuming [10]. This process requires manual involvement, which is costly, time-consuming, and prone 

to errors. Moreover, the trees are susceptible to various diseases that reduce their productivity and can 

ultimately lead to their death [11]–[13]. Early detection and diagnosis of these diseases are crucial for 

effective disease management and preventing further spread [14]. Machine learning (ML)-based algorithms 

are majorly utilized in agriculture to classify plants, trees, and crops, as well as to identify diseases [15]. 

Deep learning (DL)-based algorithms are effective neural networks for handling large datasets, helping to 

achieve better outcomes. 

Kavithamani and UmaMaheswari [16] employed drones to capture images of damaged and healthy 

coconut palms. The images were analyzed for abnormal regions, such as symptoms of illness or whitefly 

infestation, using segmentation techniques. The prediction and classification of diseases focused on training a 

deep convolutional neural network (DCNN), which detected issues like root bleeding, blade pollution, and 

insect infestation by utilizing the segmented regions. The method quickly located abnormal boundaries using 

segmentation techniques. However, the method struggled to differentiate between the different disease 

classes due to limited number of layers in network. Megalingam et al. [17] suggested the modified Inception 

Net-based hyper tuning support vector machine (MIN-SVM) to classification of coconut tree, which relied on 

morphological elements such as inclination, height, and orientation. Features were extracted from  

pre-processed images by four different convolutional neural network (CNN) algorithms, included visual 

geometry group (VGG), ResNet, Inception Net, and MIN-SVM. These captured attributes were classified by 

SVM. The proposed method, which included the Inception Net feature extractor, yielded good results in 

classification. However, the suggested method does not enhance the contrast of the image, which limits the 

model's performance. 

Thite et al. [18] introduced the MobileNetV2, ResNet50, and VGG16 architectures, that were 

renowned to its abilities in image recognition tasks. In the proposed method, the dataset was pre-processed, 

and data augmentation techniques were applied to improve generalization and fine-tune model to a specific 

classification task. Method achieved high classification performance with excellent accuracy. However, the 

method failed to eliminate noise in the images, which reduced the disease classification performance. 

Manoharan et al. [19] developed the YOLOv9 method for identifying macro and micronutrient deficiencies 

on coconut trees and introduced the image analysis-based severity detection (IASD) for assessing severity of 

these deficiencies. The severity index calculation model (SICM) was used to calculate severity index (SI) of 

the deficiencies. To every identified deficiency, relevant fertilizer and their application quantity were 

analyzed. The developed method utilized various augmentation and pre-processing algorithms to improve 

image quality, maximize count of images, and minimize overfitting. However, the method had limited feature 

representation, which hindered model's ability to differentiate among the various disease classes. 

Divyanth et al. [20] presented Faster region-convolutional neural network (Faster R-CNN) to 

detecting coconut clusters, both non-occluded and those with leaf occlusion. To enhance accuracy, the 

attention mechanism was implemented in Faster R-CNN method. Presented method provided essential data 

for harvesting coconuts effectively and safely. However, the method had lower classification performance 

due to limited feature representation. From the above analysis, the existing algorithms have limitations, such 

as struggling to differentiate between different disease classes, not enhancing the contrast of the image, 

failing to eliminate noise, and having limited feature representation and classification performance due to 

issues like intra-class variability and inter-class similarity. 

To mitigate these limitations, this article develops gradient-based stochastic depth (GSD) with CNN 

approach, which effectively classifies the different disease classes. Incorporating the GSD in the CNN 

method skips the less contributing layers, minimizing training time while achieving high classification 

performance. In the pre-processing phase, the contrast adaptive histogram equalization (CLAHE) and 

Gaussian blur techniques are used to enhance image contrast and eliminate noise, respectively. Through these 

processes, the issues of inter-class similarity and intra-class variability are minimized, and the representation 

of features for disease classification is enhanced. The contributions of this research are outlined as follows: 

CLAHE and Gaussian blur techniques are employed in the pre-processing stage to enhance color contrast and 

remove noise from the images. The GrabCut segmentation algorithm is used to segment the images, isolating 

the leaf portions from the background and improving the visibility of the disease, which helps differentiate 

between the various disease classes. GSD with CNN approach is developed to classify various disease classes 

with high accuracy and reduced training time. The GSD technique is incorporated into each layer of the 

network, which skips less efficient layers by calculating probabilities using gradient magnitudes. This 

process minimizes training time and enhances classification performance with higher accuracy. 

This manuscript is organized as follows: section 2 shows process of proposed technique. Section 3 

discusses results of the proposed technique. Section 4 concludes a manuscript. 
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2. METHOD 

An efficient DL model is developed to classify various disease classes with high classification 

performance. Dataset utilized on this work is the coconut tree disease dataset, and the images are  

pre-processed using the CLAHE and Gaussian blur techniques, which enhance image contrast and remove 

noise. Pre-processed images are then segmented by GrabCut segmentation technique, which segments the 

images effectively through an iterative process. Finally, the segmented images are classified using the 

developed GSD-CNN algorithm, achieving high classification performance. Figure 1 illustrates the process 

of coconut tree disease classification. 

 

 

 
 

Figure 1. Process of coconut tree disease classification 

 

 

2.1.  Data collection 

Data present in coconut tree disease dataset is gathered from farms in the districts of Pune, India, 

Taluka-Shirur, and Kendur. The images are captured on different scenarios, included leaves in its natural 

environment and detached from the plant. The dataset includes 5798 images, with every class containing 

varying number of images [21]. Table 1 presents the dataset description. 

 

 

Table 1. Dataset description 
Name of disease Number of samples 

Bud rot 470 

Bud root dropping 514 

Stem bleeding 1006 
Leaf rot 1673 

Gray leaf spot 2135 

Total 5798 

 

 

2.2.  Pre-processing 

2.2.1. Image denoising 

This is a significant pre-processing phase for reducing distortions or noise in the image [22]. 

Conventional denoising techniques focus on smoothing images through applying unequal weights to pixels, 

which are inversely proportional to their distance from central pixel on image. Particularly, the Gaussian 

filter is linear smoothing filter which minimizes the weights applied to pixels as the distance from the central 

pixel increases, depended on Gaussian function. Mathematical formula for an input pixel in the Gaussian 

filter is given in (1). In the (1), the 𝑑 = √(𝑥 − 𝑥𝑐)2 + (𝑥 − 𝑥𝑐)2 respective pixel distance from central pixel. 

 

𝑔(𝑥, 𝑦) =
1

𝜎√2𝜋
𝑒

−
𝑑2

2𝜎2 (1) 

 

2.2.2. Contrast adaptive histogram equalization 

CLAHE is introduced to provide a more natural appearance for enhancing images. Additionally, the 

threshold element is utilized to limit contrast enhancement to chosen areas. To obtain this, the RGB color 

space is converted to hue, saturation, and value (HSV). The value component is processed through CLAHE, 

while the hue and saturation components remain unchanged. Finally, CLAHE is employed through 

redistributing the grey levels back to the RGB color space. 
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2.3.  Segmentation 

GrabCut segmentation approach is enhancement of GraphCut technique. GrabCut technique uses 

texture (color) and boundary (contrast) data in images, allowing interaction with users by rectangular boxes. 

It evaluates pixels within box and classifies pixels outside box as background. After several iterations, 

algorithm acquires the desired segmentation [23]. The conventional GrabCut technique performs iterative 

optimization in segmentation, simplifying the user interaction required to segment objects. It utilizes 

rectangular bounding box to evaluate pixels inside box and background pixels outside. Energy function 𝐸 of 

GrabCut is given in (2). The 𝑈 function defines regional information term of energy function, 𝜃 denotes 

histogram model, 𝛼 is the transparency coefficient, and 𝑧 denotes a single pixel. The mathematical formula 

for 𝑈 is given in (3). The mathematical formula for smoothing item 𝑉(𝛼, 𝑧) is given as (4). 

 

𝐸(𝛼, 𝜃, 𝑧) = 𝑈(𝛼, 𝜃, 𝑧) + 𝑉(𝛼, 𝑧) (2) 

 

𝑈(𝛼, 𝜃, 𝑧) = ∑ −𝑙𝑜𝑔ℎ(𝑧𝑛; 𝛼𝑛)𝑛  (3) 

 

𝑉(𝛼, 𝑧) = 𝛾 ∑ 𝑑𝑖𝑠(𝑚, 𝑛)−1
(𝑚,𝑛)∈𝐶 [𝛼𝑛 ≠ 𝛼𝑚]𝑒𝑥𝑝 − (𝑧𝑚 − 𝑧𝑛)2 (4) 

 

In (4), 𝐶 represents a group of adjacent pixel pairs, the 𝑑𝑖𝑠() represents Euclidean distance among 

adjacent pixels and choosing 𝛽 ensured correct switching among high and low contrast on exponential 

direction that promoted the consistency on the same grayscale areas. While constant 𝛽 = 0, smoothness term 

ensures smoothness everywhere defined through constant. This energy ensures coherence in areas with the 

same grey-level. Practically, better outcomes are attained through determining the pixels of neighboring, 

whether adjacent horizontally or vertically. The segmentation process of GrabCut image is described as: 

i) Initialization – user attains the initial trimap image through directly choosing target, where entire pixels 

outside box are considered background pixels, and entire pixels inside box are taken as target pixels 𝑇𝑈. 

When 𝑛 ∈ 𝑇𝐵, pixel label 𝛼𝑛 = 0, and when 𝑛 ∈ 𝑇𝑈, the pixel label 𝛼𝑛 = 1. Gaussian mixture model 

(GMM) to foreground and background is initiated with 𝛼𝑛 = 0 and 𝛼𝑛 = 1. Pixels are next clustered 

into 𝑘 classes, corresponding to 𝑘 Gaussian models in GMM, utilizing K-means technique. Process of 

iterative reduction is described. 

ii) Employ components of Gaussian in GMM for every pixel. For every 𝑛 in 𝑇𝑈 , 𝑘𝑛 =
𝑎𝑟𝑔𝑚𝑖𝑛

𝑘𝑛
𝐷𝑛(𝛼𝑛, 𝑘𝑛 , 𝜃, 𝑧𝑛). 

iii) For given image data 𝑍, iteratively optimize GMM parameters 𝜃 =
𝑎𝑟𝑔𝑚𝑖𝑛𝑈

𝜃
(𝛼, 𝑘, 𝜃, 𝑧). 

iv) Evaluate segmentation-relied on Gibbs energy term by evaluating the graph and measuring weights  

t-links and n-links. Next, max-flow/min-cut technique is utilized to segmentation. 

v) Repeat process until convergence occurs. 

vi) Utilize border cutout and matching for smoothing and post-processing in segmented boundaries. 
 

2.4.  Classification 

Segmented images are fed to the classification stage to classify the various classes of coconut leaf 

diseases. In this phase, the GSD technique is included in CNN, skipping the layer that less contributes to 

coconut leaf disease classification and improves classification performance. This section explains the process 

of CNN and GSD techniques. 

 

2.4.1. Convolutional layers 

Convolutional layer is a primary component of CNN which includes a group of individual filters. 

Every filter is individually convolved to image and feature map acquired [24], [25]. Generally, the size of the 

image 𝑀 × 𝑁 is convolved with a filter size of 𝑤 × ℎ, where the mathematical formulae for output feature 

map size is given in (5) and (6). 

 

𝑜𝑤 =
𝑀−𝑤+2𝑝𝑤

𝑠𝑤
+ 1 (5) 

 

𝑜ℎ =
𝑁−ℎ+2𝑝ℎ

𝑠ℎ
+ 1 (6) 

 

Where 𝑝𝑤 and 𝑝ℎ defines padding of zeros on width and height, respectively. The 𝑠𝑤  and 𝑠ℎ are strides in 

horizontal and vertical directions. Each resulting feature map is achieved through convolution of input maps 

to linear filter, including bias term, and next non-linear function is applied. Mathematical formula for output 

is generally given in (7). 



Int J Artif Intell  ISSN: 2252-8938  

 

Gradient-based stochastic depth with convolutional neural network for … (Kavitha Magadi Gopalakrishna) 

1159 

𝑋𝑗
𝑙 = 𝑓 (∑ 𝑋𝑖

𝑙−1 × 𝑊𝑖𝑗
𝑙 + 𝑏𝑗

𝑙
𝑖∈𝐼𝑗

) (7) 

 

Where 𝑙 is the number of layers, 𝑊𝑖𝑗 denotes a convolutional kernel, 𝑏𝑗 denotes bias, 𝐼𝑗 denotes group of 

input maps, and 𝑓(. ) is activation function.  

Activation function is crucial on CNNs, enabling them to learn and process complex tasks. The 

activation function is a non-linear transformation employed to input. It generally determines whether data 

received by neuron is relevant enough to provide output or if it should be ignored. In this work, rectified 

linear unit (ReLU) is used, as it allows for easy backpropagation of errors and enables many layers of 

neurons to be activated through ReLU function. Primary benefits of ReLU process across other activation 

functions is that it doesn’t activate entire neurons simultaneously. This means that, in any given time, only 

subset of neurons is activated, makes network sparse, efficient, and easier to compute. For negative inputs, 

gradients are zero, and weights are not updated in backpropagation. That lead to dead neurons that never get 

activated, and its mathematical formula is given in (8) and (9). 

 

𝑓(𝑋) = 𝑚𝑎𝑥(0, 𝑋) (8) 

 

𝑓(𝑋) = {
𝑋,   𝑋 ≥ 0
0,   𝑋 < 0

 (9) 

 

Initial convolutional layer captures various low-level features, like edges and textures. By stacking 

multiple convolutional layers, network learns more global features. Here, the GSD layer is applied to each 

convolutional layer to improve feature representation. 

 

2.4.2. Pooling layers 

The pooling layer is included among consecutive convolutional layers in a CNN. Purpose of pooling 

layer is to minimize spatial size of representation. This process minimizes number of parameters and 

computational cost on model, which helps in handling overfitting. Pooling layer process on each input layer 

individually, resizing it spatially through pooling process. The most common form of the pooling layer, to 

filter size of 2×2 and stride of 2, down-samples each depth slice of input across the width and height of 

activations. In this work, the max pooling layer is used, as it provides good results and reduces computational 

cost for the upper layers through removing non-maximal values, offering form of translation invariance. 

Additionally, it offers extra robustness for positional variations and effectively reduces the dimensionality of 

intermediate representations. 

 

2.4.3. Fully connected layers 

This means that neuron in prior layer is integrated to each neuron on present layer. Its activations are 

calculated through matrix multiplication, followed through bias offset. Neurons in final fully connected layer 

correspond to amount of classes for prediction. Many of attributes from convolutional and subsampling 

layers are useful to classification, and integration of these features plays a key role. Fully connected layer 

integrates entire attributes extracted from prior convolutional and subsampling layers. Last fully connected 

layer utilizes SoftMax activation function, which is primarily used for multi-class classification. 

 

2.4.4. Stochastic depth technique 

Shallow models enable quick forward and backward data propagation, allowing them to be trained 

in shorter time. Though, because of complex spatial distributions of pixels and multi-scale semantic data, 

shallow networks are insufficient to learning and capturing primary features. During the training process, 

issues such as long training times, data attenuation during forward propagation, and vanishing gradients arise. 

To overcome these challenges, a stochastic depth layer is incorporated into the CNN. Using a shallow 

network during training improves data transfer within the network, resulting in a deeper network with 

enhanced generalization capabilities. The network with random depth is achieved through including 

stochastic depth drop block, that is same to dropout process. Mathematical formula for inverted residual 

architecture is given in (10), where a random variable 𝑏𝑖 follows Bernoulli distribution for inverted residual 

process 𝐹. In the (10), 𝑏𝑖 = 1, where the fully inverted residual architecture is retained, while 𝑏𝑖 = 0 is when 

the residual architecture is not activated, while the whole architecture is degenerated for identifying the 

process, and its mathematical formula is given as (11). Where 𝑏𝑖 = 0 with probability of 1 − 𝑝 and 𝑏𝑖 = 1 

with probability of 𝑝, which represents surviving probability of a residual module. Mathematical formula for 

the linear decay function 𝑝𝑖 , as given in (12). 

 

𝑋𝑖+1 = 𝐹𝑏𝑖(𝑋𝑖 , 𝑊𝑖) + 𝐻(𝑋𝑖) (10) 
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𝑋𝑖+1 = 𝐻(𝑋𝑖)  (11) 
 

𝑝𝑖 = 1 −
𝑖

𝑙
(1 − 𝑝𝑖) (12) 

 

This setting allows shallow layers to capture low-level features to utilize in later layers, with the 

shallow layers not being discarded frequently. Because of random dropping scheme, certain layers on 

network are not activated in every training iteration, which efficiently develops ensemble of inexplicit 

approaches. Training process to random depths combines residual methods at various depths, randomly 

extracting deep residual features from shallow residual features. This ensures feature diverseness, reduces 

overfitting, and enhances generalization capability of method. Network’s training time, when employing 

stochastic depth, no longer maximizes to network depth but is based on expected network depth. In training, 

𝑖𝑡ℎ inverted residual block have probability of inactive, making efficient inverted residual block random 

variable. Mathematical formula for this is given in (13). In linear decay rule, 𝑝𝑖 = 0.5 and for sufficient large 

𝑙, count of activated residual blocks in training increases. 
 

𝐸(𝐿) = ∑ 𝑃𝑖
𝑙
𝑖=1   (13) 

 

2.4.5. Gradient-based stochastic depth technique 

The GSD skips layers in the training process based on their gradient magnitude, making a more 

informed and adaptive technique when compared to the traditional stochastic depth layer. The detailed steps 

of this process are summarized in Algorithm 1. Each convolutional layer is evaluated based on its gradient 

magnitude, which calculates its contribution to the loss function. During the backward passing, 𝐺𝑖 = ‖∇𝑊𝑖
‖

2
, 

where ∇𝑊𝑖
 represents the loss gradients corresponding to the layer parameters. The decision of skipping is 

performed dynamically; if 𝐺𝑖 is less than the threshold, the layer is skipped with a probability 𝑃(𝐺𝑖), which 

decreases as 𝐺𝑖 increases. 

The CNN suffers from vanishing gradients and long training times. To address these problems, 

stochastic depth is introduced as a regularization method that randomly skips some layers during the training 

process. Conventional stochastic depth involves random skipping with a fixed probability. This random 

skipping discards layers without considering their significance, which may eliminate important layers and 

reduce performance. Additionally, the fixed probability remains static and does not adapt to the learning 

process. To mitigate these challenges, the GSD is proposed, which dynamically decides whether to skip a 

layer based on its gradient magnitude. The GSD is applied to convolutional layers, selectively skipping layers 

during the training process. 
 

Algorithm 1. CNN with GSD 

Input: Input images 

Output: Classified disease type 

Images are pre-processed using CLAHE and Gaussian blur technique. 

GrabCut segmentation is used to isolate coconut leaves 

Features are extracted using CNN with GSD 

‒ For every layer, ‖𝑔𝑡‖ is measured 

‒ Dynamic threshold 𝑇 is executed 

‒ The skip layer 𝑙 with probability 𝑃𝑠𝑘𝑖𝑝(𝑙) is used for further processing 

 

The output is fed to the fully connected layers for classification. Loss and backpropagation are executed.  

The weights are updated and the skipping probabilities are adjusted dynamically. 
 

 

3. EXPERIMENTAL ANALYSIS 

The developed algorithm is simulated in a python environment and the required configurations 

being i5 processor, windows 10 (64 bit) and 8 GB RAM. Performance of developed algorithm is validated in 

terms of various metrics including, F1-score, precision, recall, and accuracy. Mathematical formula for 

metrics is given from (14) to (17). 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
× 100 (14) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100 (15) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100 (16) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑎𝑐𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
× 100 (17) 

 

In Table 2, performance of developed algorithm is validated using various classes of datasets with 

different metrics. The classes namely, bud rot, but root dropping, stem bleeding, leaf rot, and gray leaf spot 

are evaluated in Table 2. The developed method obtains an average accuracy of 96.42%, 96.15% of 

precision, 95.87% of recall, and 95.93% of F1-score on class-wise results. Table 3 presents the performance 

of GrabCut-based segmentation technique, as evaluated on the coconut tree disease dataset. The various 

existing algorithms used to evaluate the GrabCut technique are: K-means clustering, active contour fields, 

conditional random fields, and graph-based segmentation algorithms. The GrabCut segmentation algorithm 

obtains 96.42% accuracy, 96.15% precision, 95.87% recall, and 95.93% F1-score. 

 

 

Table 2. Performance of class-wise results 
Classes Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Bud rot 96.20 96.00 95.70 95.80 
Bud root dropping 96.35 96.10 95.80 95.85 

Stem bleeding 96.50 96.20 95.90 95.90 

Leaf rot 96.45 96.25 96.00 96.00 
Gray leaf spot 96.60 96.20 95.95 96.10 

Average 96.42 96.15 95.87 95.93 

 

 

Table 3. Performance of segmentation algorithms 
Methods Accuracy (%) Precision (%) Recall (%) F1-score (%) 

K-means clustering 93.29 93.02 92.93 92.99 

Active contour fields 93.87 93.54 93.18 93.32 

Conditional random fields  94.08 93.85 93.45 93.65 
Graph-based segmentation 94.57 94.28 93.78 93.96 

GrabCut 96.42 96.15 95.87 95.93 

 

 

Table 4 presents CNN performance without the use of GSD technique on the coconut tree disease 

dataset. The different existing algorithms used to evaluate the CNN without GSD technique are: extreme 

learning machines (ELM), CapsNet, fully connected neural network (FCNN), and multi-layer perceptron 

(MLP). Conventional CNN attains 95.27% accuracy, 95.01% precision, 94.78% recall, and 94.92% F1-score, 

outperforming the existing approaches. In Table 5, performance of the CNN with GSD technique is validated 

using different metrics on the coconut tree disease dataset. 

 

 

Table 4. Performance CNN without GSD model 
Methods Accuracy (%) Precision (%) Recall (%) F1-score (%) 

ELM 93.53 93.38 93.19 93.22 
CapsNet 93.89 93.66 93.57 93.61 

FCNN 94.21 94.05 93.88 93.91 

MLP 94.75 94.53 94.32 94.42 
CNN 95.27 95.01 94.78 94.92 

 

 

Table 5. Performance of CNN with GSD technique 
Methods Accuracy (%) Precision (%) Recall (%) F1-score (%) 

CapsNet 95.02 94.86 94.59 94.65 
FCNN 95.31 95.18 94.83 94.92 

MLP 95.75 95.52 95.37 95.42 

CNN 96.06 95.84 95.64 95.77 
GSD–CNN 96.42 96.15 95.87 95.93 

 

 

The performance of the CNN with GSD technique is compared with several existing algorithms, 

including CapsNet, FCNN, MLP, and traditional CNN. The GSD with CNN algorithm achieved 96.42% 

accuracy, 96.15% precision, 95.87% recall, and 95.93% F1-score when compared to these existing 

algorithms. Figure 2 shows accuracy vs. epochs graph for the developed algorithm and Figure 3 shows loss 
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vs. epochs graph for the developed algorithm. Table 6 presents the k-fold validation results for the proposed 

algorithm and Table 7 presents the performance of the pre-processing techniques. 
 
 

 
 

Figure 2. Accuracy vs epochs graph for the developed algorithm 
 
 

 
 

Figure 3. Loss vs epochs graph for the developed algorithm 
 
 

Table 6. Performance of different K-fold values 
K-values Accuracy (%) Precision (%) Recall (%) F1-score (%) 

K =2 93.02 92.78 92.47 92.15 

K =3 93.67 93.37 93.02 92.78 
K =4 94.33 94.05 93.79 93.23 

K =5 96.42 96.15 95.87 95.93 

 
 

Table 7. Performance of pre-processing techniques 
Methods Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Median filter 94.89 94.56 94.27 94.40 
Bilateral filter 95.28 95.02 94.68 94.93 

Wavelet-based contrast enhancement 95.67 95.21 95.05 95.17 

Anisotropic diffusion 96.03 95.87 95.43 95.65 
CLAHE and Gaussian blur 96.42 96.15 95.87 95.93 

 
 

3.1.  Comparison analysis 

In this section, performance of developed GSD-SNN algorithm is compared to existing algorithms 

like DCNN [16], MIN-SVM [17], and ResNet-50 [18] on coconut tree leaf images. The GSD with CNN 

algorithm achieved 96.42% accuracy, 96.15% precision, 95.87% recall, and 95.93% F1-score when 

compared to these existing algorithms. The GSD technique is incorporated into each layer of the CNN 

network, which skips the less efficient layers by calculating probabilities using gradient magnitudes. This 

process minimizes training time and improves classification performance with high accuracy. Table 8 

presents comparative analysis of developed model. 
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Table 8. Comparative analysis of developed model 
Methods Dataset Accuracy (%) Precision (%) Recall (%) F1-score (%) 

DCNN [16] Coconut tree leaf images 95.71 NA NA NA 
MIN-SVM [17] 95.35 95 95 95 

ResNet-50 [18] 94 92.25 93.42 93.88 

Proposed GSD-CNN 96.42 96.15 95.87 95.93 

 

 

3.2.  Discussion 

The performance of the developed algorithm is evaluated on coconut tree disease dataset using 

different metrics. Performance of developed algorithm is assessed based on class-wise results, using 

segmentation-based methods and classification algorithms. Additionally, the performance of developed 

algorithm is compared with existing algorithms: DCNN [16], MIN-SVM [17], and ResNet-50 [18]. The 

existing algorithms have limitations as noted further: struggles in differentiating different disease classes, 

no enhancement of image contrast, failure to eliminate image noise, lower representation of feature and 

classification performance because of issues like intra class variability and inter class similarity. To mitigate 

these limitations, this research proposes GSD approach with CNN method, which is classified into different 

disease classes effectively. By incorporating the GSD in the CNN method, the less contributing layer is 

skipped, while the training time is minimized with a high classification performance. In the pre-processing 

phase, the CLAHE and Gaussian blur techniques are used to enhance image contrast and eliminate noise, 

respectively. Through these processes, the issue of inter-class similarity and intra-class variability are 

eliminated and the representation of features for disease classification are enhanced. The GSD with CNN 

algorithm obtains accuracy of 96.42%, precision of 96.15%, recall of 95.87%, and F1-score of 95.93% 

while comparing with existing algorithms. High performance of proposed GSD-CNN is attributed to their 

adaptive layer-skipping mechanism depended on gradient magnitudes, that preserves high informative 

feature representations when minimizing redundant computations. Unlike traditional stochastic depth, 

gradient-aware skipping strategy prevents elimination of essential layers, by enhancing feature 

discrimination across inter-class variability and intra-class variability. Moreover, combination of CLAHE 

and Gaussian blur improves disease visibility and noise suppression, when GrapCut segmentation ensures 

learning on disease-affected regions, these improvs classification accuracy. Rather than its strong 

performance, proposed model shows misclassification, especially where disease symptoms overlapping 

visual patterns with subtle texture variations. Same color and structural characteristics among certain 

disease classes like leaf rot and gray leaf spot leads to classification ambiguity. 
 
 

4. CONCLUSION 

This research develops a DL-based algorithm for coconut tree leaf disease classification. The 

coconut tree disease dataset used includes disease-labeled images. The images in dataset are pre-processed by 

CLAHE and Gaussian blur techniques, which enhance image contrast and eliminate noise, which helps 

differentiate different disease classes. Then, the images are segmented using GrabCut algorithm, which 

isolates the leaf images from the background through an iterative process to enhance feature representation. 

Finally, classification is performed using the developed GSD-CNN technique, which extracts hierarchical 

features through the convolutional layers and classifies the different disease classes with high classification 

performance. The GSD technique is incorporated into every layer of the CNN, skipping layers that contribute 

less to classification and minimizing the model's training time while maintaining high classification accuracy. 

The GSD with CNN algorithm achieved 96.42% accuracy, 96.15% precision, 95.87% recall, and 95.93%  

F1-score when compared to existing algorithms. In future work, other DL-based models can be explored to 

further enhance classification performance. 
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