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Abstract

Crop diseases are a major cause of yield loss and reduced agricultural productivity worldwide [1]. Early and accurate identifi-

cation of plant diseases is essential to prevent large scale crop damage [2]. This study presents a lightweight convolutional

neural network (CNN) framework optimized for automated leaf disease detection using the Plant Village dataset, consisting

of  38  classes  and  54,305  RGB  images.  Input  images  were  resized  to  224×224  pixels  and  normalized  to  [0,1].  A  stratified

70/10/20 train–validation–test split ensured balanced class representation. The model was trained using the Adam optimiz-

er with early stopping to minimize over fitting. On the held out test set (n = 10,861), the model achieved 95.08% accuracy,

with weighted precision, recall, and F1 scores of 0.951, 0.951 and 0.950, respectively, and a macro F1 of 0.931. The confu-

sion matrix revealed strong diagonal dominance, with errors mostly among visually similar diseases such as tomato early vs.

late blight. Results show that compact CNNs can deliver competitive performance while retaining low computational cost,

making them suitable for mobile and real time agricultural diagnostics [6]. This work provides a reproducible baseline and

supports future research involving transfer learning and evaluation under real world field conditions.
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Introduction

Crop diseases significantly threaten global food security by reducing productivity and increasing the cost of crop management

[1]. Traditional diagnostic methods rely heavily on expert visual inspection, which is labor-intensive, slow, and prone to subjec-

tivity [4]. Advances in deep learning, particularly convolutional neural networks (CNNs), have enabled automated plant-dis-

ease detection using leaf images [1,2].

Most  existing works  rely  on large  pre-trained architectures  such as  VGG, Res-Net,  or  Dense-Net,  which,  while  accurate,  are

computationally expensive and impractical for real-time or mobile deployment [3,5]. This work addresses this challenge by pre-

senting a lightweight CNN model that balances efficiency and accuracy, offering a reproducible baseline for future agricultural

AI systems [6].

Related Work

Deep CNNs have demonstrated strong performance on plant-disease datasets. Early work by Mohanty et al. [1] showed high ac-

curacy using AlexNet and GoogLeNet on the PlantVillage dataset.  Ferentinos [2]  and Too et  al.  [3]  employed fine-tuning of

deep models but highlighted issues in field generalization. Several surveys emphasize the need for reproducible pipelines and

evaluation beyond controlled datasets [6,7].

Recent studies explore lightweight architectures suitable for real-time use. MobileNet-based models [8],  EfficientNet variants

[5],  and  depthwise  separable  CNNs  show  promise  for  deployment  on  mobile  and  embedded  devices  [9].  Attention-based

CNNs and domain-adaptation models have also been explored [10]. However, publicly available lightweight baselines remain

limited. This study fills this gap.

Materials and Methods

Dataset

The PlantVillage dataset [1] consists of 54,305 labeled RGB leaf images belonging to 38 crop-disease categories. It covers sever-

al crops such as tomato, potato, corn, apple, and grape, with both healthy and diseased samples [11].

Images were resized to 224×224 and normalized to the [0, 1] range. Stratified splitting yielded:

•Training: 38,013 images

•Validation: 5,431 images

•Test: 10,861 images

CNN Architecture

The lightweight CNN consists of the following components [12]:

•Three convolutional blocks using 3×3 kernels, ReLU activation, and max pooling

•Dropout layers (25% in convolutional, 50% in dense layer)

•A fully connected layer of 512 units
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•A softmax output layer with 38 units

The model  has approximately 1.9 million parameters—much smaller  than deep pre-trained models  such as VGG-16 or Res-

Net-50 [3,5].

Training Setup

•Optimizer: Adam

•Loss: Sparse categorical cross entropy

•Batch size: 32

•Epochs: up to 20

•Early stopping with patience = 5

•Best weights restoration enabled

Results and Discussion

Training Curves

The model converged rapidly, with validation accuracy stabilizing around epoch 10 and minimal overfitting observed [13].

Figure 1: Training and validation accuracy across epochs.
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Figure 2: Training and validation loss across epochs.

Test Performance

Performance on the test set (n = 10,861):

•Accuracy: 0.9508

•Weighted precision: 0.9506

•Weighted recall: 0.9508

•Weighted F1: 0.9501

•Macro F1: 0.9313
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Confusion Matrix

The confusion matrix in Figure 3 shows strong diagonal dominance, consistent with findings reported in similar studies [2,14].

Figure 3: Confusion matrix for 38 class test set.

Error Analysis

Lowest recall classes included:

•Corn (maize) – Cercospora leaf spot / Gray leaf spot (recall = 0.61)

•Potato – healthy (recall = 0.63)

•Tomato – Early blight (recall = 0.70)

•Tomato – Late blight (recall = 0.82)

Errors often arose between visually similar diseases with overlapping color and texture patterns [15]. More varied augmenta-

tion and real-field images will improve robustness [16].Comparison with Literature

Comparison with Literature

Despite being lightweight, the model achieves performance comparable to deeper networks reported in previous works [1,2,3].

While EfficientNet and ResNet variants achieve slightly higher accuracy (>98%) [5], they require substantially more computa-

tion [17]. The proposed model offers a strong, efficient alternative suitable for edge devices and mobile deployment [6,18].
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Conclusion

This study demonstrates that a lightweight CNN can effectively classify 38 plant-disease categories from the PlantVillage da-

taset with over 95% accuracy [1]. The model provides a computationally efficient and reproducible baseline, ideal for mobile

and real-time agricultural applications [6,19]. Future work includes transfer learning [20], stronger augmentation, and evalua-

tion on field images under variable conditions [21].
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