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Abstract. Recognizing crop diseases at an early stage is essential for modern 

agriculture because it greatly enhances crop output and decreases economic 

losses. Manual examination and specialized expertise are the backbone of tradi- 

tional disease detection approaches, but they can be exhausting and error-prone. 

In response to these difficulties, Deep Learning (DL) models have become an 

effective means of improving agricultural disease detection systems. Through au- 

tonomous learning and feature extraction from cropped images, these models— 

especially Convolutional Neural Networks (CNNs) have shown to be quite ef- 

fective in image categorization tasks. Train deep-learning models to accurately 

identify a broad range of illnesses by using massive datasets of categorized crop 

images. Improved food security and more sustainable farming practices are the 

end results of incorporating DL models into crop disease identification systems, 

which secures and improves diagnosis while giving farmers more agency to make 

well-informed choices. As for crop disease prediction, we also tested the efficacy 

of several fine-tuning TL models such Efficient-Net, Squeeze-Net, and Dense- 

Net-121. Models were trained using the open-source Plant Village dataset. The 

study found that the Dense-net-121 model achieved the highest accuracy rates, 

with 98.5% on the training dataset and 97.85% on the testing dataset.  

Keywords: Crop Disease, Deep Learning, CNN, Plant Village dataset  

1  Introduction  

All kinds of crops, no matter how big or little, help us stay alive by providing us food 

[1]. Harvesting crops undergo a variety of environmental stress, which reduces 

productivity. Stress comes in two forms: abiotic and biotic. Drought, floods, severe 

temperatures, and other environmental variables create abiotic stress, while biotic stress 

is caused by pests and diseases such as fungi, bacteria, and nematodes [2,3].  

Plant disease identification is regarded as a critical problem and is very significant. 

Making better decisions while managing agricultural output can be made possible by 

early detection of plant diseases. Stains or spots on stems, fruits, leaves, or flowers are 

common symptoms of crop infections. To be more specific, each disease and pest  

© The Author(s) 2025
P. Ahlawat et al. (eds.), Proceedings of the 6th International Conference on Deep Learning, Artificial Intelligence
and Robotics (ICDLAIR 2024), Advances in Intelligent Systems Research 193,

https://doi.org/10.2991/978-94-6463-740-3_11
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-740-3_11&domain=pdf


    
 

 

 

         111Enhancing Crop Disease Detection Systems with Explainable AI Techniques    

condition generates unique patterns that can be used to spot issues. Detecting a plant 

disease requires trained eyes and specialized equipment. Physical examination of plants 

is time-consuming and subjective when trying to identify an infection; moreover, ex- 

perts' or farmers' diagnosis of disease can sometimes be less accurate [4]. This has the 

potential to lower crop quality and production. A few instances of agricultural diseases 

are shown in Fig. 1. 
 

Fig. 1. Sample images of crop diseases 

 

The development of computer vision has led to several approaches to plant disease 

detection problems; this is because infected spots are first seen as patterns and spots on 

leaves [5]. Scientists have come up with a number of ways to classify and detect plant 

diseases with high degree of accuracy. 

There has been significant progress in accurately identifying plant diseases from im- 

ages using machine learning (ML) and Deep Learning (DL). Conventional ML tech- 

niques, such as feature extraction and classification, have been widely used in plant 

disease diagnostics. These methods instruct a classifier to differentiate between dam- 

aged and healthy plants by making use of features such as color, texture, and shape 

extraction. Diseases such as leaf blotch, black rot, and rust, as well as symptoms caused 

by abiotic stressors like as drought and nutrient inadequacy, can be identified using 

these methods; however, they are not ideal for detecting subtle symptoms or early 
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stages of illness [6-8]. On top of that, they struggle to handle complex and high-resolu- 

tion images. 

DL methods, such as convolutional neural networks (CNNs) and their pre-trained 

model, have just been introduced to diagnose crops diseases [9,10]. These methods en- 

able the identification of subtle indicators of disease that could have been missed by 

more traditional image-processing approaches by training a network to identify the un- 

derlying features of the images [11,12]. High-resolution photographs are well-suited to 

DL models because to their ability to handle complex and large images [13]. These 

approaches could not apply to undiscovered illnesses, and they need a lot of labeled 

training data. Additionally, many applications may face difficulties due to the compu- 

tational price of DL models. 

2 Literature Review 

This section presents their prior work on an enhancing crop disease detection system 

with explainable AI techniques for DL models using spectral imaging. 

Kotwal et al., (2024) [14] suggested a hybrid approach to plant leaf disease classifi- 

cation (PLDC) that relies on optimized automated DL. The suggested PLDC model is 

evaluated using several evaluation metrics once it is built in the Python platform using 

the Plant Village dataset. Additionally, the effectiveness of the suggested model is con- 

trasted with that of pre-existing classifiers. Compared to other classifiers, the suggested 

PLDC model achieves a maximum A_accuracy of 99.91% for leaf disease classifica- 

tion. 

Wang et al., (2023) [15] used a visual attention mechanism and a modified Faster R- 

CNN framework to construct a system for detecting sweet potato leaves in situ. Sweet 

potato leaves appeared in the datasets in a range of sizes and positions, with many of 

them obscured or overlapping. According to the experiments, the suggested leaf iden- 

tification approach beats the best object detection algorithms. With a mean average 

A_accuracy of 95.7%, the suggested technique outperformed both the original Faster 

R-CNN and YOLOv5 by 2.9% and 7.0%, respectively. 

Sharma et al., (2023) [16] demonstrated a novel architecture for deeper lightweight 

convolutional neural networks (DLMC-Net) that can identify plant leaf diseases in var- 

ious crops for use in real-time agriculture. The suggested DLMC-Net model is shown 

effective on four open-source datasets: tomato, cucumber, grapes, and citrus. With 

93.56% A_accuracy on citrus, 92.34% on cucumber, 99.50% on grapes, and 96.56% 

on tomato, the investigational outcomes show that the suggested model outperforms all 

the other models studied, even when faced with difficult background circumstances. 

Nikith et al., (2023) [17] provided a comparison study of three models: CNN, KNN, 

and SVM for ML. This study presents and evaluates three models that could identify 



    
 

 

 

 

 

 

 

13Enhancing Crop Disease Detection Systems with Explainable AI Techniques             1

eight distinct leaf diseases. After being trained using the pictures from the soybean leaf 

disease dataset, the CNN model had a 96% A_accuracy rate, surpassing both the KNN 

and SVM models, which had 64% and 76% A_accuracy rates, respectively. 

Harakannanavar et al., (2022) [18] assessed the diseased tomato leaf samples. To- 

mato leaf disorder samples would allow farmers to easily detect infections based on 

early symptoms. To get useful information out of the leaf samples, they apply several 

descriptors, including Discrete Wavelet Transform (DWT), Principal Component Anal- 

ysis (PCA), and Grey Level Co-occurrence Matrix (GLCM). The last step is to use ML 

techniques like SVM, CNN, and K-NN to categorize the features that have been ex- 

tracted. On tomato-disordered samples, the suggested model's A_accuracy is estimated 

with SVM (88%), K-NN (97%), and CNN (99.6%). 

Gajjar et al., (2022) [19] developed a ML-based real-time method to detect agricul- 

tural diseases from leaf photos. For crop disease classification, a deep CNN architecture 

is suggested; for leaf identification and localization, a single-shot detector is used. 

When compared with current CNN designs, the obtained illness classification A_accu- 

racy is around 96.88%. The suggested system is fully deployable because of its high 

success rate in the real field test. 

Chowdhury et al., (2021) [20] suggested classifying tomato illnesses using a DL 

architecture based on Efficient-Net, a recently developed CNN, applied to 18,161 pho- 

tos of both plain and segmented tomato leaves. When it comes to leaf segmentation, 

two segmentation models—U-net and Modified U-net—are detailed here. For the seg- 

mentation of leaf images, the modified U-net segmentation model achieved an A_ac- 

curacy of 98.66%, an IoU score of 98.5%, and a Dice score of 98.73%. Using seg- 

mented images, EfficientNet-B7 achieved a 99.95% A_accuracy rate for binary classi- 

fication and a 99.12% A_accuracy rate for six-class classification. Lastly, for ten-class 

classification utilizing segmented images, EfficientNet-B4 attained a 99.89% A_accu- 

racy rate. 

Pham et al., (2020) [21] detected early disease on plant leaves using an Artificial 

Neural Network (ANN) method using minuscule disease blobs that can only be seen in 

higher-resolution images. They contrast the outcomes of the approaches with those of 

an alternative strategy that makes use of Transfer Learning (TL) to improve upon well- 

known CNN models (Alex-Net, VGG16, ResNet-50). When compared to CNNs with 

a more complex network architecture, ANNs perform better (89.41% vs. 78.64%, 

79.92%, and 84.88%, respectively). 

Marcos et al., (2019) [22] presented a new approach to the rust detection issue that 

does not rely on "handcrafted" characteristics, which are features retrieved based on 

criteria set by human programmers. The alternative proposal is to teach a CNN to detect 

rust bacteria. The high Dice coefficient they achieved and the comparison findings in- 

dicate that the method can identify the infection with a high degree of A_accuracy, so 

they put the CNN through its paces using an expert-provided collection of images. 
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In order to accurately identify diseases in crops, it is necessary to investigate tech- 

niques to enhance model performance with limited annotated data, such as data aug- 

mentation, TL, and synthetic data generation; develop a multi-crop, multi-disease de- 

tection system that can accurately identify a wide range of diseases across various crop 

species; enhance the A_accuracy of DL models in detecting and classifying various 

crop diseases by integrating advanced preprocessing techniques and optimizing model 

architectures and explore the use of multimodal data, including spectral imaging, envi- 

ronmental sensors, and traditional RGB images, to enhance the detection and differen- 

tiation of crop diseases in DL models. 

3 Proposed Methodology 

The proposed methodology is centered on improving crop disease detection systems 

using DL models that use spectrum imaging and explainable AI methodologies. The 

suggested work's flowchart is shown in Fig. 2. 

Fig. 2. Block Chart of proposed work 

3.1 Dataset Used 

The Plant-Village [23] dataset is a piece of information that is accessible to the gen- 

eral public and contains many classifications of plant diseases. This dataset contains 

54,305 images and is organized into 4 categories. The dataset was divided into three 

categories: training samples, testing samples, and validation samples so that they could 
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conduct the experimental study. To train the pre-trained models, 70% of the Plant-Vil- 

lage dataset was used, while 30% was utilized for validation and testing purposes. Fig- 

ure 3 shows the sample of crop diseases. In addition, there were 5821 samples available 

for the plant classes; 1852 were used for training, 1327 for validation, and 2642 for 

testing. The figure shows that all four categories of plant diseases are represented in the 

previously mentioned training, testing, and validation sets. Table 1 displays the specif- 

ics of the dataset split. 

 Table 1: Evaluation of the model using the test data 

Plant 
Type 

Disease Classes Total 
sample 

Training 
sample 

Testing 
sample 

Validation 
sample 

Corn 

(Maize) 

Northern Leaf 

Blight 

573 510 63 57 

 Common Rust 250 222 28 25 

Grape Black Measles 565 502 63 56 

 
Black rot 327 291 36 33 

Fig. 3. Original sample of plant diseases 

3.2 Data Preprocessing 

There were four disease types and two crop species included in the dataset. We used 

the Plant Village dataset's color images for the experiments because they were well- 
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suited to the TL models. All of the pre-trained network models we employed had vari- 

ous input size requirements, so we standardized the images by downsizing them to 256 

× 256 pixels. While Efficient-Net uses input images with dimensions of 299 × 299 × 3 

for its form, Squeeze-Net and DenseNet-121 use dimensions of 224 × 224 × 3 for their 

input size. Though the collection is large, with over 5821 photos of various crop dis- 

eases, the photos correspond to real-life images acquired by farmers using various im- 

age-collecting systems, such as Kinect sensors, high-definition cameras, and cell- 

phones. In this step, we transform a color picture from RGB to grayscale, as illustrated 

in Equation (1) (Figure 4). Each pixel in the grayscale image is assigned a luminance 

value indicating its perceived intensity. 

Gray scale value = 0.299 x Red +0.587 x Green+0.114 x Blue (1) 

Overfitting is more likely to occur when the dataset size is large after data prepara- 

tion. Data augmentation after preprocessing and other overfitting regularization ap- 
proaches were therefore developed to address this issue. Preprocessed images were en- 

hanced by rotating clockwise and anticlockwise, horizontally and vertically, increasing 

magnification, and rescaling. Augmentation avoids overfitting and model loss and im- 

proves model robustness. Thus, the model can better recognize real-life plant illness 

images. 

 

Fig. 4. Plant disease images converted from RGB to grayscale 

3.3 Image Segmentation 

Segmentation is a key method used in agricultural research that involves slowly di- 

viding a picture into its components. The fundamental purpose is to evaluate each thing 
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in more depth, extracting useful information that could enhance understanding and 

knowledge [24]. Segmenting the preprocessed pictures to categorize illnesses is critical 

for extracting several potentially useful characteristics [25]. Thresholding, edge detec- 

tion, region-based, and clustering are some of the more conventional methods for pic- 

ture segmentation; they all depend on prior expertise in mathematics and image pro- 

cessing. Thresholding and watershed segmentation are two methods that have been 

used in this study to improve the picture quality. 

3.4 Thresholding Method 

Thresholding is one of the most successful segmentation methods, which divides 

pictures depending on pixel intensity levels [26,27]. It is extensively utilized for a va- 

riety of applications, including classification, detection, and remote sensing. Thresh- 

olding segmentation has three subtypes: global, variable, and adaptive [28,29]. Each 

category has its technique for image segmentation; for example, Global Thresholding 

uses mean, median, and Otsu thresholding [30]. Figure 5 depicts the way plant disease 

images are visualized using the thresholding approach. 

Fig. 5. Enhanced the visualization of plant disease images through the thresholding method 

3.5 Watershed Method 

The watershed method is a popular image segmentation technique often used in the 

field of image processing, particularly for medical images [31]. This method is inspired 

by the concept of a watershed in geography, where the lines separating different drain- 

age basins correspond to the ridges of the terrain [32]. In image segmentation, the wa- 

tershed algorithm treats the grayscale image as a topographic surface, where the bright- 

ness of a pixel corresponds to its height. The algorithm works by simulating the 
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flooding of this surface, with water rising from the local minima (the lowest points) and 

filling up the basins [33]. As the water levels rise, basins corresponding to different 

regions in the image grow and eventually merge. Figure 6 depicts the way plant disease 

images are visualized using the watershed approach. 

3.6 Feature Extraction using pre-trained method 

Dense-Net-121 38-41 

As a member of the Dense-Net family, the DenseNet121 CNN architecture was de- 

signed by Huang et al. in 2017. It is a popular CNN architecture. There are extensive 

connections between the layers of the network, which enables information to flow more 

efficiently and precisely across the network. This is the foundation upon which the net- 

work is formed. This model enhances crop disease detection by leveraging its densely 

connected architecture, where each layer connects to all subsequent layers. This design 

improves feature reuse and ensures efficient gradient flow, making the model highly 

effective at learning detailed patterns in spectral imaging data [34]. . 

Squeeze-Net Method 

The Squeeze-Net constitutes a sandwich consisting of eight fire modules between 

two convolutional layers. In the fire module, there is a squeeze convolutional layer that 

is accompanied by a filter that has dimensions of 1 x 1. The increased layer receives it 

as a feed [36]. The SqueezeNet method enhances model performance in crop disease 

detection by using a lightweight deep learning architecture that reduces the number of 

parameters without compromising accuracy. 

Efficient-Net Method 

The Efficient-Net family of deep convolutional neural network architectures was in- 

troduced in 2019. Thereafter, it demonstrated exceptional performance across a range 

of computer vision applications. Efficient-Net significantly improves the performance 

of crop disease detection systems by balancing accuracy and efficiency. It achieves this 

through a compound scaling method, optimizing the network's depth, width, and reso- 

lution systematically [38]. 

3.7 Hyper-parameters Tuning in Pre-Trained Models 

The models were optimized using a stochastic gradient descent approach. When first 

implemented, the learning rates of the DenseNet-121, Squeeze-Net, and Efficient-Net 

models were all set to 0.002. They ran all of the models for 50 iterations with a dropout 

value of 0.6. The experiment successfully avoided overfitting and degradation issues 

as, after a few iterations, the output graph started to converge. 

3.8 Performance Metrics 

The confusion matrix of any DCNN model could be constructed using four separate 

detection variables. These detection variables are True positive (TP), true negative 
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(TN), false positive (FP), and false negative (FN). Afterward, they take into account 

the metrics provided below to assess the efficacy of the proposed model. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁 

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 
(1) 

𝑅𝑒𝑐𝑎𝑙𝑙 = ( 
𝑇𝑃 

𝑇𝑃+𝐹𝑁 
) (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ( 
𝑇𝑃 

) (3) 
𝑇𝑃+𝐹𝑃 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 
(4) 

4 Result Analysis 

In this section of the research, cutting-edge DL models trained using a TL strategy 

were used to identify crop illnesses. The pre-trained deep CNN networks were further 

trained using Plant Village, a publically accessible dataset. Separate samples were used 

for training, testing, and validation from the dataset. The pre-trained models Efficient- 

Net, Squeeze-Net, and DenseNet-121 were trained using 70% of the Plant Village data. 

The usual accuracy of training and validation curves for an Efficient-Net and 

Squeeze-Net model are shown in Fig. 6 and Fig. 7, respectively. At the beginning of 

the training epochs, the accuracy of both the training and validation processes is very 

poor, but it soon increases as the training progresses. On the other hand, the loss during 

training and validation both reduce at a quick rate (Fig. 6 and Fig. 7). Throughout the 

training process, there is a steady rise in the correctness of the instruction. This suggests 

that the model is gaining a better understanding of the train data with each epoch that 

occurs. Furthermore, the validation accuracy shows an early improvement but soon re- 

turns to its previous level around 0.85. It would seem from this that the evaluation of 

the model on the validation set has reached a point where it is no longer substantially 

improving after a certain point. The difference between the accuracy of the train and 

the accuracy of the validation might be an indication of possible overfitting. 

 

(a) (b) 

Fig. 5. Efficient-Net model a) accuracy b) loss 
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(a) (b) 

Fig. 6: Squeeze-Net model a) accuracy b) loss 

 

Fig. 7 a) shows the results of Dense-Net-121 validation and training/learning accu- 

racies. The training accuracy, shown by the blue line, grows as the epoch count rises 

and reaches 100% after 50 epochs. The validation accuracy is shown by the brown 

curve, which starts at 96.56% and rises to 98.02% after 50 epochs. They stopped train- 

ing after 50 epochs due to overfitting in the learning curve. Optimal training/validation 

accuracy was achieved by fine-tuning the number of training epochs. 

(a) (b) 

Fig. 7. Dense-Net-121 model a) accuracy b) loss 

 

The training and validation loss for the Dense-Net-121 model is shown in Fig. 7 b). 

A score of 0.0 would imply that the whole learning process was outstanding and there 

were no errors observed. After 50 epochs, the training loss reached 0.0030 and the val- 

idation loss, which started at 0.110 and decreased to 0.01, both decreased steadily with 

increasing epoch count. 

A training dataset and a testing dataset are used to show the evaluation metrics for 

each of the suggested models for identifying crop disease. These metrics values are 

presented in Tables 2 and 3. According to the findings shown in Table 2, the Dense- 

Net-121 version produced the best results, with an 𝐴𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 rate of 98%. With a 𝑅𝑟𝑒𝑐𝑎𝑙𝑙 
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rate of 88% and an 𝐴𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 rate of 94.9%, Efficient-Net obtained an 𝐹1𝑠𝑐𝑜𝑟𝑒 of 90%. 

In comparison to the other pre-trained models. Fig. 8 shows the confusion matrix of 

each model and a graph of model performance on the training dataset. 

 

Fig. 8. Confusion matrics of each model 

 
Table 2. Evaluation of the model using train dataset 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Efficient-Net 94.9 92 88 90 

Squeeze-Net 85.71 93 50 65 

Dense-Net-121 98 98 99 99 

 

Fig. 9. Graph of model performance on the training dataset 

 

Similarly, on the testing dataset, the Dense-Net-121 version obtained the maximum 

evaluation, with an 𝐴𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 rate of 97.4%. With a 𝑅𝑟𝑒𝑐𝑎𝑙𝑙 rate of 91% and a 𝐴𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 
rate of 92.5%, Efficient-Net obtained an 𝐹1𝑠𝑐𝑜𝑟𝑒 of 29%. A graph depicting the calcu- 

lation of the model on the testing dataset can be seen in Fig. 9. 

Table 3: Evaluation of the model using the test data 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Efficient-Net 92.5 92.4 91 29 

Squeeze-Net 97 97 97 97 

Dense-Net-121 97.4 97 98.3 100 



 

 

 

 Table 4: Evaluation of the model using the test data  
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Fig. 10. Graph of model performance on the testing dataset 

 

Table 4 illustrates the comparison analysis, which compares and contrasts the out- 

comes of several deep-learning algorithms for the identification of crop diseases. The 

accuracy rate that the proposal achieves for the proposed model is 98% from train data 

and 97.4% from testing data respectively. They discovered that the suggested classifier 

offers a higher performance rate than the pre-existing study works in terms of 
𝐴𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑃𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑅𝑟𝑒𝑐𝑎𝑙𝑙, and 𝐹1𝑠𝑐𝑜𝑟𝑒 (Fig. 11). 

Authors Techniques Used Accuracy Precision Recall F1-score 

 [Reference] 

Ojo et al., [40] 

 

GAN-Based 95.62 91.99 92.97 92.47 

Quach et al., [41] Mobile-Net 98 97.60 97.50 97.50 

Wu et al., [42] Improved 

ConvNeXt 

85.42 88.35 88.44 88.37 

Zhao et al., [43] ResNet50 

+ SeNet 

96.81 96.77 96.81 96.79 

Alosaimi et al., 

[44] 

CNN 94 94 94 94 

Saberi et al., [45] 3DCNN 95.73 82.00 92 87 

Proposed Work GAN-Based 97.4 97 98.3 100 

5 Conclusion 

The fast development of DL technology has created new opportunities to enhance 

farming methods, especially in the area of detecting crop diseases. Conventional ap- 

proaches of crop disease detection are labour-intensive and dependent on specialized 

expertise, both of which are in short supply in many agricultural areas. The use of CNN 

and other DL models in agricultural disease detection systems is the focus of this 
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research. These algorithms could be taught to identify patterns associated with different 

illnesses with amazing accuracy by utilizing massive databases of plant images. 

(a) (b) 

Fig. 11. Graph of a) accuracy vs precision b) recall vs F1-score  

When compared to the other approaches, the Dense-net-121 model achieved the 

highest A_accuracy rates (98% on the training dataset and 97.85% on the testing da- 

taset), according to the study. In addition to reducing reliance on human knowledge and 

increasing the speed and reliability of illness diagnosis, the improved detection tech- 

nologies enable more broad and efficient surveillance. This method might be a game- 

changer for contemporary farming by increasing harvest output while decreasing finan- 

cial losses caused by plant illnesses. 
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