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 Diagnosing potato leaf diseases from images collected in real-life field 

settings is challenging, mainly because of uneven lighting, complex 

backgrounds, and disease symptoms that are often subtle or visually 

inconsistent. In this study, a deep learning-based framework was developed 

to support potato leaf disease diagnosis, with particular attention given to 

improving generalization and interpretation. Several convolutional neural 

network (CNN) architectures were first examined under the same 

experimental conditions, and ResNeXt-50 showed the most stable overall 

performance. The model was then extended by applying efficient channel 

attention (ECA), followed by spatial attention adapted from the 

convolutional block attention module (CBAM). Test results indicate that this 

sequential attention design performs better than the baseline model as well 

as variants using only a single attention mechanism. Additional evaluation 

using 300 real-field images collected under different field conditions 

suggests improved robustness, while visualization results from gradient-

weighted class activation mapping (Grad-CAM) show clearer focus on 

lesion-related regions. Overall, the findings suggest that combining channel-

wise and spatial attention can improve both prediction reliability and 

interpretability, making the approach suitable for practical agricultural use. 
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1. INTRODUCTION  

The potato (Solanum tuberosum L.) is the world’s most important food crop after wheat, rice, and 

maize. The potato is known worldwide for its nutritional value [1]. It is a versatile crop with many industrial 

uses. Moreover, it plays an important role in global food security. It is particularly important for developing 

economies. The consumption of processed potato products is increasing rapidly [2]. In Thailand, farmers in 

the northern and northeastern regions contribute to the national production of over 120,000 tons of potatoes 

every year across more than 42,000 rai of farmland. Although a highly nutritious and economically important 

crop, potato productivity is under constant threat from foliar diseases, namely late blight and early blight. 

According to research conducted in 2022, smallholder farmers may lose up to 70% of their harvest to 

Phytophthora infestans and Alternaria solani, driven by favorable humidity and temperature conditions [3]. 

A more recent study suggests that management factors related to field practices and integrated pest 

management can lower the severity of early blight and improve disease control efficiency [4], [5]. In an ideal 
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scenario, the detection of potato leaf diseases would be timely, accurate, and closely aligned with real field 

conditions, enabling farmers to respond before irreversible yield losses occur. 

In an ideal agricultural ecosystem, productivity would be consistent with sustainability, producing 

high yields without excessive use of pesticides. In reality, frequent disease outbreaks have led Thai farmers to 

rely heavily on chemical fungicides. While these provide short-term protection, they increase production 

costs, degrade soil and water quality, and raise concerns over food safety and export potential [6]. Thailand 

produces over 4.5 billion-baht worth of potatoes each year, yet importing countries such as Japan, South 

Korea, and Singapore continue to tighten residue standards [7], [8]. Although sustainable pest-management 

practices can improve environmental performance [9], [10] their adoption in Thailand remains slow, largely 

due to limitations in disease diagnosis and technology [11]–[13]. Disease identification in rural areas is still 

based mainly on visual observation, which is often inconsistent and time-consuming [14], leading farmers to 

overuse fungicides as a precaution. This situation reflects a practical bottleneck, as the lack of reliable,  

field-ready diagnostic methods prevent sustainability measures from being effectively applied on farms. 

Agro-based research on artificial intelligence and deep learning has witnessed increasing attention 

over the past decade for employing leaf images for disease diagnosis [15], [16]. Convolutional neural 

networks (CNN) are also effective in classifying many types of plant diseases, often achieving strong 

accuracy in experimental settings [17]. However, much of this development has been driven by models 

trained on public datasets and evaluated in controlled environments, such as PlantVillage or Kaggle. 

Although these datasets are commonly used for benchmarking image-based models, they do not capture the 

variability and complexity seen in field images [18], [19]. Consequently, models that display robustness in 

laboratory settings tend to perform poorly when faced with the visual uncertainty of real farm environments. 

When models trained on controlled datasets are deployed in real fields, the structural limitations of 

the data become obvious quickly. The clarity of field images is impaired due to variations in lighting, 

background clutter, partial leaf occlusion, and disease symptoms. These symptoms do not conform to any 

specific pattern. Furthermore, they do not stand out distinctly from the natural textures found on the leaves 

themselves. The characteristics of these images are fundamentally different from those present in the model's 

training images. As a result, the internal prioritization of features is disrupted. The drop in classification 

accuracy is not the only issue. It also reflects the degradation of generalization ability when faced with 

unseen data [20]–[22]. This instability severely erodes user confidence in automated diagnostic systems, 

particularly when decisions are made under time and resource constraints. 

To overcome these limitations, researchers in computer vision have integrated attention mechanisms 

into deep learning networks. Attention enables models to learn the importance of channels as well as the 

spatial relevance of features. This capability helps distinguish informative features, which improves model 

performance [23]–[25]. Nonetheless, the majority of existing works either utilize a single attention 

mechanism or incorporate attention modules into standard CNN architectures without exploring the 

interaction between different attention mechanisms [26]–[29]. Thus, these methods do not shed significant 

light on how attention affects feature selection behavior and decision consistency under real-field conditions. 

The utilization of attention mechanisms is now proving increasingly popular in deep learning 

research. However, there are not many studies that provide a systematic investigation of the impact of 

attention modules with different structural properties. This limitation is especially observed in architectures 

with a higher degree of structural complexity, such as ResNeXt-50 [30], which enhances representational 

capacity through cardinality and parallel transformations [31]. Although ResNeXt-50 is capable of learning 

complex features from variable data, the existing literature does not provide empirical analyses of how, in 

practice, three-dimensional (channel-based) and two-dimensional (spatial-based) attention modules operate 

jointly within ResNeXt-50. The effective combination of efficient channel attention (ECA) and the 

convolutional block attention module (CBAM) within ResNeXt-50 has not yet been investigated for the 

classification of potato leaf diseases using real-field images. The absence of knowledge regarding how deep 

learning models attend to spatial evidence and form decisions in visually unstable agricultural scenarios helps 

explain this gap. 

This study combines ECA and the CBAM in the ResNeXt-50 model for the classification of potato 

leaf diseases using real-field images. The efficiency of the model is evaluated quantitatively, and the spatial 

decision behavior is examined using gradient-weighted class activation mapping (Grad-CAM). The aim of 

this research is to ascertain whether a joint attention design improves feature-selection stability, clarifies the 

spatial evidence that enters the decision-making process, and enhances the deployability of deep learning 

models in real agricultural applications. This research work, from an academic perspective, offers insights 

into the understanding of decision behavior in attention-augmented deep learning models. From a practical 

perspective, it supports the development of diagnostic systems that better reflect real-world farming 

constraints and sustainability goals. 
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2. RESEARC⁠H ME⁠THOD  

The goal of this study was to create an automated system for assessing potato leaf diseases using 

deep learning, focusing on performance evaluation under a controlled environment and a real-field 

environment. The research process was conducted in three main stages. The CiRA CORE platform was used 

to select the initial baseline model in the first phase. The second phase focused on model refinement and 

analysis through the incorporation of attention mechanisms on the Google Colab platform. The final phase 

evaluated the practical applicability of the model using 300 images from a real-field image dataset. The 

research design was developed to meet the objectives of the study by assessing model stability and 

generalization ability under realistic agricultural conditions. 
 

2.1.  Data⁠ collection 

The dataset used in this work consisted of a controlled dataset downloaded from a public source as 

well as a real-field image dataset. The controlled dataset used in this work was sourced from Kaggle, 

comprising a total of 7,128 potato leaf images classified into three classes, namely early blight, late blight, 

and healthy [32]. The dataset was split into 80:20 training and testing subsets. This dataset was selected 

because it is well known in the plant disease classification community, contains high-quality images, and has 

reliable and clearly annotated labels. 

To further test the practical applicability of the developed models, the trained models were also 

evaluated using a real-field image dataset consisting of 300 images provided by experts from the Thai 

Department of Agriculture [33]. These images were collected from actual potato farms in Thailand and 

exhibited substantial variability in lighting conditions, background complexity, and leaf deformation.  

The high variability of this dataset made it suitable for assessing the models’ generalization capability under 

real-world conditions. Table 1 summarizes the detailed characteristics of the datasets. 
 

 

Table 1. Summary of datasets used in this study 
Dataset source Class Number of images Purpose 

Public dataset (Kaggle) Early blight 2,424 Training/testing 
 Late blight 2,424 Training/testing 

 Healthy 2,280 Training/testing 

Field dataset (DOA, Thailand) Early blight 100 External validation 
 Late blight 100 External validation 

 Healthy 100 External validation 

 

 

2.2.  Data preparation 

The dataset was preprocessed beforehand to enhance image quality and consistency before model 

training. Each image was checked to remove the blurred, duplicated, or incorrectly labeled samples so that 

the noise in the sample could be removed. The quality-control step made sure that the dataset was reliable 

and trustworthy for developing deep learning models. The importance of preprocessing for improving 

robustness in vision-based recognition tasks has been widely reported. In practical systems operating with 

real captured images, preprocessing steps such as noise suppression, contrast enhancement, and structural 

refinement have been shown to significantly improve recognition reliability under variable lighting and 

background conditions [34]. The augmentation methods included the following.  

Horizontal or vertical inclusion of flipped images as new samples in the dataset. Horizontal flipping 

is a left-to-right mirroring of an image, while vertical flipping is a top-to-bottom reflection of the image, as 

shown in Figure 1. To train the model to recognize disease features from different angles, images were 

rotated at fixed angles (90°, 180°, and 270°) and also random angles between 30° and +30°, as shown in 

Figure 2. Image brightness adjustment was performed to help with model stability and clearer discrimination 

of the effects of illumination between samples. The brightness levels of the images were changed to make the 

image lighter or darker, as in Figure 3. 
 

 

 
 

Figure 1. Examples of data augmentation through horizontal and vertical image flipping 
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Figure 2. Examples of data augmentation through fixed-angle and random image rotation 

 

 

 
 

Figure 3. Examples of data augmentation through brightness adjustment under different lighting conditions 

 

 

2.3  Baseline model evaluation using CiRA CORE 

The baseline models were developed using the CiRA CORE platform for training and evaluating 

deep learning architectures in a systematic and consistent manner due to its integrated environment. Five 

CNN architectures were trained and compared as baseline candidates in this study, namely AlexNet, 

MobileNet-V2, EfficientNet-B0, ResNet-50, and ResNeXt-50. Each model was deployed using transfer 

learning and trained under the same training settings. This strategy was adopted to ensure that performance 

variations were due to architectural differences rather than training conditions. Figure 4 illustrates the 

workflow of the baseline model selection process. 

 

 

 
 

Figure 4. Workflow of baseline CNN model training and selection using the CiRA CORE platform 

 

 

2.3.1. ResNeXt-50 architecture 

ResNeXt-50 is a deep CNN built on the principle of residual learning. It is characterized by  

multi-branch transformations governed by cardinality, which enhance representational capacity by increasing 

feature diversity without increasing the depth or width of the network. In this study, the input image was first 
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processed through convolutional layers, followed by batch normalization and ReLU activation. The spatial 

dimensions were then reduced via max pooling before entering the deep feature extraction stages.  

The bottleneck residual blocks were arranged hierarchically to perform feature extraction. Each block 

consisted of 1×1, 3×3, and 1×1 convolutional layers. In addition, the 3×3 convolution employed grouped 

convolution with a cardinality of 32 and a base width of 4. This design enabled greater channel-wise feature 

diversity without increasing computational cost. After feature extraction, the resulting feature maps were 

passed through a global average pooling layer and a fully connected layer with a SoftMax function to 

classify images into three categories: early blight, late blight, and healthy. The overall structure of the 

ResNeXt-50 architecture is shown in Figure 5. ResNeXt-50 was selected as the backbone model because it 

provides semantically rich feature representations and serves as a suitable foundation for integrating 

attention mechanisms. 

 

 

 
 

Figure 5. Architecture of the ResNeXt-50 backbone network 

 

 

2.4.  Integration of attention mechanisms into the model architecture 

The design of attention mechanisms draws heavily from human visual perception, which allows 

humans to be selective in recognizing objects and activities. Thus, the human visual perception process can 

filter information and focus on a specific stimulus while ignoring others. Therefore, attention mechanisms 

draw inspiration from the ability of humans to filter irrelevant information to perform recognition tasks. 

Attention mechanisms have enabled deep learning models to emphasize useful visual features in more 

localized regions of the source images. In the field of computer vision research, attention mechanisms have 

been widely integrated with CNNs. In order to make channel-wise and spatial-wise features more 

discriminative, feature weights are automatically adapted. 

This study integrated attention mechanisms into the ResNeXt-50 model to improve the model’s 

capacity to learn disease pattern features from potato leaf images. The design incorporated attention in both 

the channel-wise and spatial domains within the backbone network. This encourages the model to focus on 

regions containing disease symptoms, thereby reducing noise from background clutter and environmental 

variation in field images. This technique was especially useful for differentiating two visually similar classes, 

early blight and late blight, which require more context-specific feature selection. 

 

2.4.1. Integration of channel-wise attention using efficient channel attention  

To improve channel-wise feature representation, ECA [24] was integrated into the ResNeXt-50 

architecture. ECA is a lightweight attention mechanism that directly learns inter-channel relationships using a 

simple structure with a low number of parameters. This design allows the model to flexibly reweight channel 

importance according to the classification task while incurring minimal computational cost. 

Within the ECA mechanism, a global average pooling operation is first applied to the feature maps 

generated by the backbone network to convert spatial information into a channel-wise descriptor. The 

resulting vector is then passed through a one-dimensional convolution to capture local cross-channel 

interactions directly, without dimensionality reduction or the use of fully connected layers. Channel attention 

weights are then generated using a sigmoid activation function and applied to the original feature maps 

through element-wise multiplication. This approach preserves semantic information in the feature maps and 

avoids information loss that may result from overly complex transformations. The conceptual architecture of 

the ECA module is illustrated in Figure 6. 

Due to its simplicity and low computational cost, ECA was selected for application to real-field 

image data that are strongly affected by environmental variation. Previous studies have shown that ECA can 

be effectively integrated into CNNs to enhance disease-related channel feature representation. These 
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properties make ECA suitable for strengthening channel-wise discrimination in field-based potato leaf 

disease classification. 

 

 

 
 

Figure 6. Conceptual architecture of the ECA module 

 

 

2.4.2. Integration of channel-wise and spatial attention using the convolutional block attention module  

To boost both channel-wise and spatial feature representation, the CBAM [25] was fused with the 

ResNeXt-50 architecture. The design of CBAM is such that channel attention is applied first, followed by 

spatial attention, to refine the feature maps sequentially. The use of this sequential attention strategy allowed 

the model to focus on informative features and disregard the background instead of giving all feature 

vectors equal importance. The structure of the CBAM used in this study follows the original design, as 

shown in Figure 7. 

 

 

 
 

Figure 7. Architecture of the CBAM 

 

 

The module in the channel attention stage is responsible for identifying which channels in the 

feature map are most important for the classification task. To capture complementary channel-wise statistics, 

feature maps were globally average-pooled and globally max-pooled along the spatial dimension. The 

resulting descriptors were passed through a shared multilayer perceptron and then combined, followed by a 

sigmoid activation function to generate the channel attention map. The resulting attention map was applied to 

the base feature map through element-wise multiplication, thereby enhancing channels relevant to disease 

characteristics. The structure of the channel attention component is shown in Figure 8. 

 

 

 
 

Figure 8. Architecture of the channel attention component in the CBAM 
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Subsequently, the channel-refined feature map was processed using spatial attention to identify 

important spatial locations within the feature map. The channel-refined feature map underwent average 

pooling and max pooling along the channel dimension to generate a spatial descriptor. This descriptor was 

then passed through a convolutional layer, followed by a sigmoid activation function, to produce the 

spatial attention map. By applying the spatial attention map to the feature map through element -wise 

multiplication, the model can emphasize regions indicative of disease symptoms while suppressing 

background areas. 

Figure 9 illustrates the structure of the spatial attention component. By applying channel attention 

first and spatial attention second, the model was able to learn not only what features were important, but also 

where they were located. This design was particularly well-suited for field image classification tasks 

characterized by complex backgrounds and irregular distributions of disease symptoms. 

 

 

 
 

Figure 9. Architecture of the spatial attention component in the CBAM 

 

 

2.4.3. Sequential integration of efficient channel attention and spatial attention 

To enhance the capacity of the model to learn disease-related features in both channel-wise and 

spatial dimensions, a sequential integration of ECA and spatial attention was incorporated into the  

ResNeXt-50 architecture in this study. The attention mechanisms were organized from channel to spatial 

attention within the backbone feature extraction process. This design aimed to enhance feature importance 

hierarchy while limiting redundancy in attention weighting. 

In the proposed structure, the ECA mechanism was applied at the early stage of feature extraction  

in the ResNeXt-50 backbone to calibrate channel-wise feature responses. By modeling inter-channel 

relationships directly and maintaining low computational complexity, ECA allows the model to selectively 

emphasize channels associated with disease characteristics. Without introducing significant architectural or 

computational overhead. 

The feature maps produced by ECA were then forwarded to the spatial attention component of 

CBAM to identify spatial locations that were most relevant for disease classification. To avoid 

redundancy, only the spatial attention component was employed at this stage, as channel -wise weighting 

had already been performed by ECA. Through spatial refinement, the model was able to focus on lesion 

regions while minimizing the influence of background noise and environmental variation present in real -

field images. 

Organizing attention mechanisms in a sequential manner enabled the model to regulate learning of 

both which features were important and where they were located. This design was particularly suitable for 

analyzing potato leaf images captured under highly variable and complex field conditions. The proposed 

ECA+Spatial-CBAM+ResNeXt-50 architecture is illustrated in Figure 10. 

 

2.5.  Implementation environment 

Due to the structural constraints imposed by the CiRA CORE platform that restrict direct 

modifications of internal components within deep neural network architectures (i.e., specifying and inserting 

attention mechanisms at the layer level), model development and training were carried out using Python with 

the PyTorch framework. The researchers opted to use PyTorch for its flexible architecture. It also allows 

implementation of attention-related adjustments that align with the goals of this research. 

All experiments were conducted on a computing system consisting of an AMD Ryzen 7  

7840HS processor, 16 GB of main memory, and an NVIDIA GeForce RTX 4050 graphics processing unit 

(GPU) with 6 GB of dedicated memory. The capacity of this configuration was sufficient to facilitate  

model training, evaluation, and testing throughout the experiment. To ensure that the training pipeline was 

run in a systematic manner and that the project was reproducible, a consistent experimental environment 

was selected. 
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In order to compare the models in an objective and fair manner, all settings were controlled. All 

models utilized the same ResNeXt-50 architecture as their backbone and used the same pretrained weights, 

datasets, data preparation methods, and hyperparameter configurations. Model variations arose solely due to 

differences in the design and integration of attention mechanisms. The experiment was controlled to create a 

setting that could measure the effect of attention on model behavior and performance. 

 

 

 
 

Figure 10. Architecture of the proposed ResNeXt-50 with sequential ECA and spatial attention integration 

 

 

2.6.  Model evaluation and real-field testing 

The performance of the model was evaluated using standard metrics applied in image classification, 

including accuracy, precision, recall, and F1-score. Confusion matrix analysis was conducted to provide 

deeper insight into classification behavior. Accuracy was used to compute overall predictive correctness, 

while the remaining metrics evaluated the model’s ability to distinguish between visually similar classes, 

which is particularly important for potato leaf disease classification. 

Following model training and selection based on performance on the test dataset, the ResNeXt-50 

model with integrated attention mechanisms was evaluated on an external dataset consisting of 300 real-field 

images. These images were not used during model training or hyperparameter tuning. The field images 

exhibited noticeable variation in brightness, background complexity, leaf deformation, and disease symptom 

appearance. The goal of this evaluation stage was to assess the model’s ability to generalize to unseen data 

under practical conditions. 

To enhance evaluation credibility and analyze qualitative model decision behavior, Grad-CAM was 

employed. Grad-CAM visualizes spatial activation maps indicating image regions that contribute most 

strongly to each classification decision. This analysis was used to examine whether the model focused on 

lesion regions consistent with biological disease characteristics, thereby supporting model interpretability and 

strengthening confidence in the reliability of the automated diagnostic system. 

 

 

3. RESULTS AND⁠ DISCUSSION ⁠ 

This section presents the outcomes of the performance evaluation of the deep learning models 

created for the diagnosis of potato leaf disease. This section also describes the experimental results to 

facilitate understanding of model behavior under the given experimental settings. All experiments were 

performed under the same settings to control for possible confounding effects, thereby allowing a fair 

comparison of models based on genuine architectural differences rather than experimental confounding. 
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3.1.  Baseline model comparison 

Baseline model comparison was conducted under identical experimental conditions to ensure fair 

and unbiased evaluation. To mitigate the impact of confounding variables on performance outcomes,  

all models were trained and tested using the same dataset, data preparation procedures, and hyperparameters. 

Initially, five CNN architectures were trained and evaluated as baseline models, namely AlexNet,  

MobileNet-V2, EfficientNet-B0, ResNet-50, and ResNeXt-50. The assessment of these models, without 

attention mechanisms, served as a baseline for future performance improvement. Performance evaluation 

utilized standard classification metrics, including precision, recall, and F1-score for each class, as well as 

overall accuracy. 

From the performance results presented in Table 2, ResNeXt-50 achieved the best performance with 

an overall accuracy of 99.30%, while ResNet-50 achieved an overall accuracy of 99.16%. Among the 

evaluated architectures, AlexNet exhibited the lowest performance. These results indicate that the enhanced 

capacity of the ResNeXt-50 architecture, which is based on grouped convolution and aggregated residual 

transformations, enabled more effective learning of diverse and discriminative feature representations. This 

architectural design proved advantageous for accurately classifying potato leaf diseases under controlled 

conditions. Based on these findings, ResNeXt-50 was selected as the backbone architecture for integrating 

attention mechanisms and further evaluation in subsequent stages. 

 

 

Table 2. Performance comparison of the five deep learning models on the test set 
Model Early blight Late blight Healthy Accuracy 

Precision Recall F1-score Precision Recall F1-score Precision Recall F1-score 

AlexNet 93.60 99.59 96.40 99.53 87.01 92.88 93.83 100 96.81 95.44 

MobileNetV2 100 91.75 95.70 92.38 100 96.03 100 100 100 97.20 

EfficientNetB0 100 98.35 99.16 97.19 100 98.57 99.77 97.15 98.44 98.94 
ResNet-50 97.78 100 98.88 99.79 97.73 98.74 100 99.78 99.89 99.16 

ResNeXt-50 99.79 99.18 99.52 99.17 98.76 99.00 98.92 100 99.46 99.30 

 

 

3.2.  External validation using real-field images 

To test the model’s ability to generalize to more realistic scenarios, an external dataset consisting of 

300 real-field images was used for evaluation. These images were not incorporated in either training or 

model tuning. The dataset was sourced from real potato cultivation fields and exhibited significant variations 

in lighting, background complexity, leaf deformation, and disease symptom appearance. Figure 11 shows 

representative sample images from the field, where Figure 11(a) illustrates late blight, Figure 11(b) shows 

early blight, and Figure 11(c) presents healthy potato leaves. 

 

 

   
(a) (b) (c) 

 

Figure 11. Real-field potato leaf images from the Thai Department of Agriculture for (a) late blight,  

(b) early blight, and (c) healthy 

 

 

After choosing ResNeXt-50 as the backbone model in the baseline study, the impact of employing 

different kinds of attention mechanisms on disease classification performance was examined. The testing 

involved four different variants of the model, including the baseline ResNeXt-50, ECA+ResNeXt-50, 

CBAM+ResNeXt-50, and ECA+Spatial-CBAM+ResNeXt-50. As presented in Table 3, quantitative 

performance comparisons are reported, and the confusion matrix of the best-performing model is shown  

in Figure 12. 

According to Table 3, all attention-enhanced models consistently outperformed the baseline 

ResNeXt-50. The ECA module enhances performance by strengthening feature representation on a  

per-channel basis, whereas CBAM does this by jointly modeling channel and spatial attention. Of all the 

models studied in this paper, the ECA+Spatial-CBAM+ResNeXt-50 model achieved the highest accuracy 
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and F1-score. This indicates that the more effective feature representation can be attributed to the 

complementary roles of attention mechanisms, with channel attention supporting global feature selection and 

spatial attention facilitating lesion region localization. 

The confusion matrix shown in Figure 12 indicates that the model comprising ECA+Spatial-

CBAM+ResNeXt-50 achieves excellent classification performance across all classes with high accuracy. The 

majority of the misclassifications occurred between early blight and late blight, which share similar visual 

symptoms. This finding is consistent with an architectural analysis indicating that sequential attention 

integration enhanced the model’s ability to discriminate between overlapping and complex disease features in 

agricultural environments. 

 

 

Table 3. Quantitative comparison of attention-enhanced models 
Model Attention type Accuracy Precision Recall F1-score 

ResNeXt-50 None 96.00 96.07 96.00 95.98 
ECA+ResNeXt-50 Channel 97.33 97.32 97.33 97.32 

CBAM+ResNeXt-50 Channel + spatial 96.33 96.44 96.33 96.32 

ECA+Spatial-CBAM+ResNeXt-50 Optimized hybrid 98.67 98.68 98.67 98.67 

 

 

 
 

Figure 12. Confusion matrix of the ECA+Spatial-CBAM+ResNeXt-50 model evaluated on real-field images 

 

 

3.3.  Behavioral analysis of the model using grad-CAM 

In this study, Grad-CAM was applied for qualitative interpretation in order to gain insights into the 

internal decision-making processes of the proposed models, as well as to analyze how consistent model 

predictions were with lesion locations on potato leaves. The main goal of this analysis was to visualize spatial 

areas that affect classification and to check whether the models are focusing on biologically relevant features 

for potato leaf diseases. Analyzing model interpretability and agreement for automated plant disease 

diagnosis is very important. The Grad-CAM activation maps in Figure 13 exhibit the behavior of the baseline 

ResNeXt-50 model and the attention-enhanced models under various configurations. 

The baseline ResNeXt-50 model exhibited relatively blurred activation, with notable responses  

in background regions outside the lesion areas. The baseline model appears to have relied, in part,  

on visual cues unrelated to the disease during classification. Incorporating a single attention mechanism, 

such as ECA or the CBAM, concentrated the activation maps more on lesion areas. However, some 

background regions still retained activations, indicating that irrelevant features were not always 

completely suppressed. 

In contrast, the ECA+Spatial-CBAM+ResNeXt-50 model produced highly focal and well-localized 

activation maps that closely matched lesion regions, especially in cases involving small or ill-defined lesions, 

which are commonly observed in both early blight and late blight under field conditions. The results reveal 

that the model can learn to focus on biologically meaningful regions within the image by separating attention 

mechanisms. ECA operates on the channel dimension to select semantic features, while Spatial-CBAM 

focuses on the spatial dimension for lesion localization 

The qualitative results obtained from the Grad-CAM analysis align with the quantitative 

performance results reported above. In these results, ECA+Spatial-CBAM+ResNeXt-50 achieved the highest 

classification performance. This analysis demonstrates that attention-based optimization not only improves 
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numerical accuracy but also enhances interpretability and reliability, both of which are critical for 

deployment readiness, particularly in automated plant disease diagnosis systems. 

 

 

 
 

Figure 13. Grad-CAM visualization comparing baseline and CBAM models with different spatial kernels 

 

 

3.4.  Discussion and research implications 

The various experiments conducted show that the design and sequential arrangement of the attention 

modules play an important role in improving the performance of deep neural networks specially designed for 

potato leaf disease diagnosis under complex and highly variable real-field conditions. The results indicate 

that using a single attention mechanism may not be sufficient. This is especially true when lesions are small, 

ill-defined, or embedded in background textures resembling natural patterns. 

The proposed sequential integration of ECA with the spatial attention component of CBAM results 

in balanced learning of channel-wise global semantics and lesion localization in the spatial domain. This 

setup enables the model to focus on biologically relevant features while remaining robust to background 

noise and environmental fluctuations. Thus, the attention-enhanced model demonstrated superior 

generalization performance on real-field images, which is the primary goal of developing models intended 

for practical agricultural deployment. 

Notably, the quantitative improvements in classification performance are mirrored by qualitative 

evidence from Grad-CAM analysis. The visualization results indicate that the proposed attention 

configuration guides the model to concentrate on lesion regions in accordance with potato leaf disease 

pathology. The proposed method is therefore convincing due to the consistency between quantitative and 

qualitative evidence presented in this study. Furthermore, interpretability-aware model design is both useful 

and important in agricultural computer vision applications. 

From a theoretical perspective, this research advances understanding of the role of attention 

mechanisms as inductive biases in CNNs. By selectively focusing on complex visual scenarios, such systems 

identify distinctive features and salient spatial locations. In practice, the findings of this study can support the 

design of reliable deep learning architectures for plant disease diagnosis, where interpretability and 

robustness are as important as accuracy. 

In summary, this research presents a systematic and effective approach for incorporating  

attention mechanisms into CNNs for plant disease diagnosis in real-field environments. The proposed 
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approach has important implications for the development of reliable and usable smart agricultural systems.  

It also provides a foundation for future research on attention-based feature learning in precision agriculture 

and decision-support systems. 
 

 

4. CONCLUSION  

This research presents a deep learning-based approach to develop an automated potato leaf 

disease diagnostic system. The main purpose of conducting the study is to enhance model performance and 

reliability under complex and highly variable field conditions. The main aim was to design and evaluate 

attention integration mechanisms that allow deep learning models to learn biologically relevant features 

and enable their deployment in practical agricultural scenarios. An exhaustive examination of various 

baseline CNN architectures through the CiRA CORE platform revealed that ResNeXt-50 was the best-

performing model. Thus, this model was chosen as the backbone for further enhancement. Experimental 

results confirmed that the sequential integration of ECA and spatial attention from CBAM enhanced the 

model’s capacity to discriminate potato leaf diseases. The ECA+Spatial-CBAM+ResNeXt-50 model 

achieved better quantitative performance than the baseline architecture and generalized better on the 300 

real-field images that were not used for training or model tuning. Not only did the attention-enhanced 

models achieve better numerical performance, but qualitative analysis using Grad-CAM also showed that 

they focused on lesion regions consistent with potato leaf disease pathology. The attention-integrated 

architecture exhibited more distinct and localized activation patterns in disease areas compared with the 

baseline model. This improvement enhances model interpretability and increases reliability, which are 

essential for the deployment of automated plant disease diagnostic systems. Ultimately, this study 

demonstrates how attention mechanisms can enhance both classification accuracy and interpretability in 

deep learning models for agricultural images. The proposed attention integration framework can serve as a 

practical reference for developing reliable and field-ready plant disease diagnostic models. Additionally, 

this research contributes to the broader scope of intelligent agriculture and decision-support systems, 

demonstrating that carefully designed deep learning architectures can better align with real -world farming 

and operational constraints. 
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