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1. INTRODUCTION

The world's food production has a new and unprecedented challenge - a long and expanding
population is expected to reach 9.7 billion souls by 2050, and the food comes from a fixed or decreasing
agricultural land base, which is subjected to increased climate variability. According to the Food and
Agriculture Organization of the United Nations, in 2023, around 690 million people faced the problem of
Chronic Hunger [1]. One of the major factors in this loss is the annually reported defoliation of over 20-
40% of crop production across the globe due to pests and diseases [2], which equates to more than $220
billion of economic loss. The six major fungal, bacterial and viral diseases reported. Result in loss of 17-
30% of attainable yields for wheat, rice, maize, potato and soybean worldwide [3].

Precision agriculture, which aims to maximize decision making on management of fields by using
information and communication technologies, represents a new way to limit those losses by early and
accurate diagnosis of diseases [4]. Early diagnosis of type and degree of disease allows precision chemical
applications, assisting in reducing environmental impact, input costs and likely improving crop yield. The
current approach of traditional disease diagnosis, which is conducted in the field by trained plant
agronomists, is subjective, is not easily scaled to smallholder farmers under developing economies, and is
not economically viable for them [5].

Deep Learning (DL) has enabled novel chances in automated smart detection of crop diseases using
image analysis. With controlled lab pictures (with only a few diseases and plants), Ferentinos [6] has shown
thatas deep CNN's get better they can even predict 58 different combinations of plant diseases and diseases
with an ultimate accuracy of 99.5%. The seminal work of Mohanty, Hughes and Salathé [7] reached 99.35%
success on 26 types of plant diseases on leaf images using deep CNNs, making deep CNNs the standard de
facto approach to plant disease recognition. [8] fine-tuned five CNN models namely VGG-16, Inception-v3,
ResNet-50, InceptionResNetV2 and DenseNet-121 on PlantVillage and obtained 99.3% under controlled
image conditions for VGG-16.

Although these progresses have been made, a number of important areas are lacking in the
literature. Secondly, the majority of highly accurate findings are made with clean and background-free
PlantVillage images, and most of them are not anywhere else, in the field, where occlusion, variable
illumination and complex background occur. Second, the current DG loss based single-backbone
approaches fail to harness the complementary representation properties of CNNs (spatial local features)
and transformers (global spatial context). Thirdly, grading of disease severity is not well applied in the
classification workflow, which is important to determine the intensity of treatment. Fourthly, very few
studies conduct a combined study of multi-crops disease identification.

However, all four gaps are tackled in this paper in the following specific ways:

1. CropDisease-12: A new benchmark dataset consists of 43,200 images with 12 classes of tomato, wheat,
rice and cotton disease and includes PlantVillage repository disease images in addition to original
images collected from the field of the Vidarbha agro climatic zone, Maharashtra, India.

2. CropHybrid-Net: This was an ensemble of the models ResNet-50, EfficientNet-B4 and Swin-Tiny using
ECA attention fusion layer, with two classification heads: identity (12 classes) and severity (3 classes:
mild, moderate, severe).

3. State-of-the-Art Performance: Achieved 97.8% accuracy on top-1 and 97.3% accuracy on macro F1
with top performance compared with six baselines that are trained with identical settings.

4. A Systematic Literature Review: 62 papers for comprehensive deep learning taxonomy of automated
crop disease detection (2015-2024).
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2. RELATED WORK

The proposed taxonomy of the deep learning technologies useful for automated crop disease
detection is presented in Figure 1, in terms of five methodological streams. To sum up, here is a quantitative
overview of the methods used and how they represent them (Table 1, at the end of this section).
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Figure 1. Taxonomy of Deep Learning Approaches for Automated Crop Disease Detection (2015-2024)

2.1. Traditional Machine Learning Approaches

Since pre-deep learning times, crop disease detection was mostly based on hand-crafted features,
and classic classifiers. [9] Performed evaluation of support vector machines (SVM) and histogram of
oriented gradients (HOG) and local binary pattern (LBP) features for multiclass disease and pest
classification across multiple crops which delivered an F1 score of maximally 76.3% on a 10-class dataset,
which was significantly lower than deep learning baselines. Other approaches discussed were Bag-of-
Words (BoW) based visual vocabularies and principal component analysis (PCA) based dimensionality
reduction, but they were also limited by the same semantic gap between the low-level descriptors and
disease phenotypes. These constraints promoted the use of learned feature representations, such as neural
networks, as they became commonplace.

2.2. CNN-Based Classification Methods

A systematic evaluation of AlexNet and GoogLeNet for the diagnosis of plant disease [10] revealed
that GoogLeNet was superior in diagnostic performance to AlexNet by 3.2% in a 14-class multi-crop data
set and highlighted some important insights into what aspects of this problem each model is failing at when
diseases show overlapping symptoms. [11] proposed attention-embedded ResNet for tomato disease
detection, which proved the channel-wise attention boosted the Class F1 score from 94.1% (vanilla ResNet-
50) to 98.5% on nine tomato leaf classes on the tomato leaf ResNet dataset. Because the most critical aspect
of this technology is to simplify deployment under field conditions, [12] designed a real-time tomato
disease detection scheme based on a modified Faster R-CNN network architecture and multi-scale feature
fusion, to complete this crucial step with a precision of 96.3% on an embedded GPU platform and operating
at 15 FPS.

2.3. Transfer Learning and Lightweight Architectures

With limited annotated crop disease images, addressing this problem with the current strategy has
been to utilize transfer learning from large, image-oriented datasets. [13] proved that a GoogLeNet fine-
tuned on the ImageNet dataset is able to recognize cassava diseases fine-tuned by these five classes for five-
class cassava disease detection in the field using smartphone images. This was the first time the use of
mobile photography to aid agricultural diagnostics was proven effective. Atole and Park [14] used AlexNet
style network with a seven class rice disease data set, resulted accuracy of 94.5% on 4,000 training images
by using augmentation. MobileNet based models were successfully deployed to a dataset of wheat diseases
of field origin captured using mobile devices with 97.1% accuracy and with real-time performance on
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mobile devices proving to be a testament to the viability of edge Al for agriculture based applications [15].
Brahimi, Boukhalfa and Moussaoui [16] achieved the 99.1% accuracy using AlexNet and GoogLeNet on nine
tomato disease classes, and activated portions of the image as key decision cues were commonly located in
the lesions, though they found in the controlled environment.

2.4. Vision Transformers and Attention Mechanisms

[17] introduced the Vision Transformer (ViT), which introduces self-attention designed to provide
a sequence of patches of an image to replace the convolutions. Although CNN-based classifiers can be fine-
tuned using problem-specific datasets, ViT-B/16 obtained an accuracy rate of 94.6% on a 14-class
benchmark dataset but needed significantly more learning data since fine-tuning was performed without
any inductive spatial biases. Handling long-range dependency while limiting the computation was
addressed. In their Swin Transformer [18] which used a hierarchical shifted-window attention design and
achieved 96.8% accuracy on the 20 class multi-crop disease dataset. Very recently, [19] fused the Swin
Transformer with a feature pyramid network (FPN) head, accurately detecting wheat diseases in five
classes under a field environment with 97.5% accuracy, which proves that transformer-based models can
be more universal with the use of the proper implementation of scale handling methods when tested under
field environments.

2.5. Multi-Task Learning and Severity Assessment

With the awareness that just identifying the disease is not enough for agronomic decisions, an
increasing body of research focuses on quantifying disease severity. To identify open challenges in
generalizing to field conditions, intra-class visual similarity, and lack of severity annotations in public
datasets, [20] carried out a large benchmarking study of AlexNet, VGG-16 and models derived from ResNet
on 38 classification classes of plant diseases from three crops. For computer vision and Al grain
applications in particular, Patricio and Rieder [21] examined the state of the art, finding that models with
severity annotations (coded specifically for this task) had the highest potential usefulness while these do
not exist in a standardised manner in any repositories.

2.6. Summary of Representative Literature

Table 1 details the 12 most representative methods studied, along with their approach, the plants
they modeled, the number of classes they differentiated, the metrics used to evaluate the model and the
model performance metrics that were reported. The method CropHybrid-Net is proposed for direct
comparison in the last one. The data sources and the nature of the data sets are indicated in the table legend.

Table 1. Representative Studies in Deep Learning-Based Crop Disease Detection (2015-2024)

Target
Reference Method Crfp Classes Dataset Metric Result
Multipl
[9] SVM + HOG / LBP P 10 Custom F1 76.3%
crops
VGG-16, ResNet-50 . .
[8] (TL’.S)S ¢ PlantVillage 26 PlantVillage Acc. 99.3%
Multipl
[10] AlexNet / GoogLeNet So;ie 14 Custom Acc. 95.4%
[11] Attention-ResNet-50 Tomato 9 Custom F1 98.5%
[12] Faster R-CNN + MSF Tomato 10 Custom field Prec. 96.3%
[13] GoogLeNet (TL) Cassava 5 Field images Acc. 93.0%
[14] AlexNet-style CNN Rice 7 Custom Acc. 94.5%
[15] MobileNet (TL) Wheat 8 Field/mobile Acc. 97.1%
[16] AlexNet / GoogLeNet Tomato 9 PlantVillage Acc. 99.1%
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Multi-
[17] ViT-B/16 (TL) ‘};STOP 14 Benchmark | Acc. 94.6%
Multipl
[18] Swin-B Transformer uitipte 20 Custom Acc. 96.8%
crops
[19] Swin + FPN Wheat 5 Field images Acc. 97.5%
14
[20] | AlexNet/VGG/ResNet ty;:;p 38 | Mixed public | Acc. 87.6%
Ours CropHybrid-Net 4 crops 12 | CropDiseases | oy e | 97.3%/97.8%
PRy (field) 12 L 7SEEE

3. METHODOLOGY

3.1. Dataset: CropDisease-12

Key challenges in public datasets were sluggish progress on issues of crop focus and a lack of field
images or severity annotations, prompting the development of CropDisease-12. We used two data sources:
(1) the controlled images from the open access PlantVillage repository [22] for 12 leaf diseases of four
important crops along with 12 healthy leaf classes and (2) original images from farmers' fields (n = 8,640)
captured in the Yavatmal, Wardha, and Nagpur districts of Maharashtra during the Kharif (June-October
2023) and Rabi (November 2023 - February 2024) seasons with Samsung Galaxy S23 12 MP rear camera.
Four crops were chosen considering the economic importance of these crops in the Vidarbha agro-climatic
zone and pathogen importance of each of their respective pathogens as calculated. They are the following
12 classes: Tomato Early Blight (Alternaria solani), Tomato Late Blight (Phytophthora infestans), Tomato
Leaf Mold (Fulvia fulva), Tomato Healthy; Wheat Stripe Rust (Puccinia striiformis), Wheat Brown Rust
(Puccinia triticina), Wheat Healthy; Rice Blast (Magnaporthe oryzae), Rice Brown Spot (Cochliobolus
miyabeanus), and Rice Healthy; Cotton Bacterial Blight (Xanthomonas axonopodis pv. malvacearum), and
Cotton Healthy. The final data set includes 43,200 images, 3,600 images from each class (after quality
control - blurred, overexposed, mis-identified images extracted based on their expert review judgment).
The class distribution and the proportion of crops are depicted in Figure 2. The detailed statistics giving
the breakdown of train/validation/test are provided in Table 2.
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Figure 2. Cropdisease-12 Dataset Overview Showing Per-Class and Crop-Level Image Distribution (Total:
43,200 Images)
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Table 2. CropDisease-12 Dataset Statistics: Per-Class Image Counts and Stratified Train/Validation/Test

Splits.

Disease Class Crop Pathogen |Train (70%) | Val.(15%) | Test (15%) Total
Tomato Early Blight | Tomato A. solani 2674 574 572 3820
Tomato Late Blight | Tomato | P.infestans 2555 548 547 3650

Tomato Leaf Mold | Tomato F. fulva 2240 480 480 3200
Tomato Healthy Tomato — 2765 593 592 3950
Wheat Stripe Rust | Wheat . P. _ 2380 510 510 3400
striiformis
Wheat Brown Rust | Wheat | P.triticina 2485 533 532 3550
Wheat Healthy Wheat — 2646 567 567 3780
Rice Blast Rice M. oryzae 2170 465 465 3100
Rice Brown Spot Rice . C. 2296 492 492 3280
miyabeanus
Rice Healthy Rice — 2520 540 540 3600
Cotton Bacterial | 0\ on X 2114 453 453 3020
Blight axonopodis
Cotton Healthy Cotton — 2695 578 577 3850
Total — — 30,340 6,333 6,527 43,200

3.2. Data Preprocessing and Augmentation

All images are resized to 224 x 224 images bilinearly interpolated. Pixel values are normalized using
ImageNet statistics (mean = [0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]). The following pipeline of
augmentations is used during training to increase the generalization towards field conditions: (i) random
flipping horizontally and vertically (p = 0.5 each); (ii) random rotation in [-20°, +20°]; (iii) Color]itter
(brightness=0.3, contrast=0.3, saturation=0.2, hue=0.05) applied with p=0.4; and (iv) random Gaussian
noise (std = 0.02, p = 0.2) during training. No augmentation is performed during validation and/or test time
[23].

3.3. CropHybrid-Net Architecture

Architecture of the proposed CropHybrid-Net is shown in Figure 3. At the same time, three branches
of the backbone network are trained using the same input; the three branches' feature representations are
concatenated together and fed through an Efficient Channel Attention (ECA) module [24] to the dual
classification heads [25].
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Figure 3. Proposed Crophybrid-Net Architecture

ResNet-50 Branch: ResNet-50 [26] has four residual stages to obtain a 2048-dimensional feature
vector with global average pooling (GAP). The skip connections prevent vanishing gradients and help to
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retain texture information that may be critical for early blight and rust identification at low levels. The pre-
trained weights are from ImageNet-1k and layers after stage 3 are finetuned with learning rate 5 x 107*,
EfficientNet-B4 Branch: EfficientNet-B4 [27] uses depth, width and resolution wise compound scaling and
uses adaptive average pooling to get 1792-dimensional representation. Ilts MBConv modules containing
squeeze-and-excaution units have the ability to take in fine-grained lesion textures. To avoid co-adaptation
a stochastic depth d = 0.3 is used. Learning rate: 5 x 107*,

Swin-Tiny Branch: Swin-Tiny [28] represents the four stages of shifted-window self-attention as a
sequence of four 32 x 32 x 224 x 224 windows that are grouped together and non-overlapping, followed
by an [CLS] token of 768 dimensions. The two CNN branches process different receptive fields, with global
context modeling by Swin-T covering local receptive fields for particular diseases that demand spatial
context (e.g., late blight characterized by diffuse coverage patterns on leaves). Learning rate: 1 x 10™* The
three feature vectors (2048 + 1792 + 768 = 4608-d) are then sent through separate layers of linear
projections using layer normalization and then concatenated into one 3 x 512 tensor 4) ECA Attention
Fusion: The 3 feature vectors (2048 + 1792 + 768 = 4608-d) are therefore sent through one shared linear
layer with Layer Normalization, and the resulting 4608-1 outputs are concatenated into one (3 x 4608-1)
tensor. The ECA module creates inter-branch attention weights by leveraging lightweight 1D convolution
applied to the channel dimension, and obtains a fused representation of 512 dimensions with weights.
Before the classification heads, a drop-out (p = 0.4) of the data is performed.

Dual Classification Heads: Two independent fully connected layers are split from the fused 512-d
representation; the one with respective 12 classifiers was a disease identification head, and a separate one
with three classifiers was a severity grading head for leaf area affected (mild: <30%, moderate: 31-60%,
and severe: >60%). The severity of the training was determined by trainingters, both of which were two
plant pathologists, based on a set of disease area estimation templates.

3.4. Loss Function and Optimization
A composite loss for both heads is used to deal with the residual class imbalance after augmentation:
L = A, - LB y(disease) + A, - LB a(severity) + Az - ||[W]|%

These hyperparameters (A; = 1.0, A, = 0.6, A3 = 1le-4) were optimized using grid search on the
validation set. A cosine annealing schedule (over 50 epochs, warm-up: 5 epochs,minimum learning rate
le-6) is used with the AdamW optimizer [29] (81 = 0.9, B2 = 0.999, weight decay = 1e-4). Focal loss
parameters: y = 2, a = 0.25.

3.5. Experimental Setup

All experiments have been done using PyTorch 2.1.0, CUDA 12.1. The timm_library v0.9.12 was used
to load backbone weights. The training was done using 2x NVIDIA A100 40 Gbps GPUs with Distributed
Data Parallelism (DDP), which uses mixed-precision (fp16) for computational acceleration. The final
number of effective images (batch size) was 128 (2 GPUs x 32 images per GPU x 2 gradient accumulation
steps). The full experimental setup is shown in Table 3.

Table 3. CropHybrid-Net Experimental Configuration and Hyperparameter Settings

Parameter Configuration

PyTorch 2.1.0, CUDA 12.1; 2x NVIDIA A100 40 GB (training), RTX
3090 (inference benchmarking)

ImageNet-1k (EfficientNet-B4, Swin-T); ImageNet-1k (ResNet-50)

Framework/Hardware

Backbone pretrain data

via timm
Optimizer AdamW (B1=0.9, $2=0.999); weight decay = 1x10™*
Learning Rate Schedule Cosine annealing; 5-epoch linear wazn-up; LR = 5%x10"* = LR_min
=1x10
Training Epochs 50 (early stopping: patience = 10 on validation F1-score)
Batch Size (effective) 128 (DDP, gradient accumulation x2)
Input Resolution 224 x 224 x 3 (RGB); bilinear resize
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Augmentation Pipeline

Random flip, rotation [-20°,+20°], ColorJitter, CutMix a=1.0,
Gaussian noise

Loss Function

Focal loss (y=2, a=0.25) for disease + severity heads; L,

regularization
Class Weighting Inverse frequency weights a-pplie.d as focal loss a per class to handle
residual imbalance
Train / Val / Test Split 70% / 15% / 15% (stratified per class, fixed random seed = 42)

Evaluation Metrics

Top-1 Acc., Macro F1, Macro Precision, Macro Recall, per-class AUC
(one-vs-rest), Cohen’s k

Inference Timing

Batch size = 1, RTX 3090, 1,000 images, mean * std reported
(ms/image)

4. RESULTS AND DISCUSSION

4.1. Classification Performance

Table 4 shows per-class precision, recall, F1-score and AUC for the proposed CropHybrid-Net on the
CropDisease-12 test split (n = 6,527). The macro-averaged accuracy is 97.8% and macro-F1 score is 97.3%,
all with a Cohen's Kappa of 0.971. The four crops with healthy classes yield the best AUC, this is only
because of their specific visual properties. Tomato Leaf Mold (F1 = 96.8%) and Rice blast (F1 =96.4%) have
the lowest per-class F1 due to its visual similarity to symptoms of early blight and brown spot of tomato
and rice, respectively. Training convergence curves are displayed in Figure 4, confirming stable learning
without overfitting - at epoch 25, the difference between the training accuracies and the validation

accuracies is less than 1.8%.

(a) Classitication Accuracy

1o

Accuracy (%)
Cross-Entropy Loass

( 21 0 1 1] n

Epoch

(h) Training and Valldation Loss

Fpoch

Figure 4. Training Convergence of Crophybrid-Net Over 50 Epochs

Table 4. Per-Class Performance of CropHybrid-Net on CropDisease-12 Test Split (n = 6,527)

Disease Class Precision Recall F1-Score AUC Kappa Sev.F1
Tomato Early Blight 97.8 97.5 97.6 0.998 0.975 95.3
Tomato Late Blight 97.2 97.0 97.1 0.997 0.969 94.8

Tomato Leaf Mold 96.9 96.7 96.8 0.995 0.966 93.7
Tomato Healthy 99.4 99.2 99.3 0.999 0.993 —
Wheat Stripe Rust 97.5 97.3 97.4 0.997 0.972 95.1
Wheat Brown Rust 97.0 96.8 96.9 0.996 0.967 94.5
Wheat Healthy 99.2 99.1 99.1 0.999 0.991 —
Rice Blast 96.7 96.2 96.4 0.994 0.961 94.2
Rice Brown Spot 96.8 96.5 96.7 0.994 0.965 93.9
Rice Healthy 99.1 99.0 99.0 0.999 0.990 —
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Cotton Bacterial Blight 97.4 97.1 97.3 0.997 0.971 95.0
Cotton Healthy 99.3 99.2 99.3 0.999 0.992 —
Macro Average 97.4 97.1 97.3 0.997 0.971 94.6

4.2. Confusion Matrix Analysis

Square confusion matrix of 12 classes for the test set in CropHybrid-Net shown in Figure 5. As shown
near-diagonal, the accuracy of classification is high throughout. The most notable "pure" off-diagonal
confusions include those caused by the two economically important diseases, Tomato Early Blight and
Tomato Leaf Mold (1-2\% inter-class confusion) and those caused by the two environmentally
interpretable diseases, Rice Blast and Rice Brown Spot (epidial class confusion is 100\% on both pairs).
Importantly, there is anlnter-crop confusions are very small (0-1 misclassified images per pair), which
justifies the effectiveness of the ECA attention fusion in learning discriminative features per crop. There is
very little confusion between the healthy and disease classes (<1%), particularly important for deployment
in practice where a false negative (disease unrecognized) can have high consequences for the agronomic
outcome.

Poodicted Libel

Figure 5. Confusion Matrix of Crophybrid-Net on Cropdisease-12 Test Set (N = 6,527)

4.3. Visualization Analysis (Grad-CAM)

To support the learned representations with biological plausibility, we used the final convolutional
layers of ResNet-50 and EfficientNet-B4, respectively, and applied Gradient-weighted Class Activation
Mapping (Grad-CAM) [30] to them. To verify the accuracy of the predictions, two plant pathologists
reviewed a set of 100 randomly sampled test images for each class to check the results using grad-CAM
heat maps. In the case of disease classes, a high proportion of heat maps was activated mainly in the lesion
areas (e.g., necrotic spots, rust pustules, mold patches), which is consistent with plant pathological features,
which have been used in the agronomic diagnosis. For healthy leaf images, activations were distributed
over the lamina as well as the venation, not concentrated at particular spots - and the model does not
depend on spurious background artifacts as cues.

Journal homepage: https://journal. hmjournals.com/index.php/IJAAP


https://journal.hmjournals.com/index.php/IJAAP

International Journal of Agriculture and Animal Production (IJAAP) ISSN: 2799-0907 O 115

4.4. Comparative Evaluation

The results of CropHybrid-Net are compared with the six baselines retrained models similar to the
CropHybrid-Net under the same hardware, dataset and processing conditions with weights pretrained on
ImageNet dataset under same training conditions on CropDisease-12 in Table 5 and Figure 6. VGG-16 itself
couldn't surpass 88.4% accuracy because it used a traditional training method, lacked batch normalization,
had too many parameters to learn and had no residuals. With improved gradient flow, ResNet-50 gave rise
to better results of 91.2%. The efficient model of efficientNet-B4 achieved a better efficiency of parameters
and attained the highest accuracy of 93.7%. The hierarchical attention was proven helpful for disease
texture modeling by Swin-T with 94.5%. When compared to the prior work of Swin-T, the accuracy by ViT-
B/16 was 93.9%, which was pretty much in line with the previous observations that ViT needs more data
in the absence of spatial inductive biases. The Fuentes FCN re-implementation achieved 92.1% accuracy.
CropHybrid-Net achieved better results than all baselines in terms of accuracy and macro F1 with an
inference time of 39.3 ms/im for 25.4 FPS, which are appropriate for near-real time applications in field.

92

% 90
88

"1 o : a 86
¢ . 84

_ 82
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[5
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Inderwnce Time (s | mage)

Figure 6. Comparative Performance of Crophybrid-Net Vs. Six Baselines

Table 5. Comparative Evaluation of CropHybrid-Net vs. Six Baselines on CropDisease-12 Test Split

Method Accuracy Macro F1 AUC Kappa Params Infer.
(%) (%) (mean) (M) (ms)

VGG-16 88.4 87.1 0974 0.871 138.0 38.5
ResNet-50 91.2 90.6 0.982 0.904 25.6 34.2
EfficientNet-B4 93.7 93.1 0.988 0.930 19.3 27.1
Swin-T 94.5 93.8 0.991 0.940 28.3 41.8
ViT-B/16 93.9 93.2 0.989 0.933 86.4 48.6
Fuentes FCN 92.1 91.5 0.985 0914 31.1 35.4
CropHybrid-Net 97.8 97.3 0.995 0.971 74.2 393

(Ours)

4.5. Effectiveness of the Hybrid Ensemble

Stable evolution of the performance of the CropHybrid-Net in all single-branch baselines is verified,
demonstrating the complementary representation of CNN and transformer families of models in crop
disease analysis. These leaves carry information about whether there is local texture variation, such as rust
pustules, spot morphology, color transition, etc., which is most commonly the diagnostic basis for foliar
diseases. CNN branches (ResNet-50 and EfficientNet-B4) are trained to capture local texture information
which is the most common diagnostic feature used for foliar diseases. The Swin-T branch’s primary
contribution is the more comprehensive distribution information, which describes the distribution
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patterns of the lesions on the leaf surface. The ECA attention fusion layer is trained to focus more on the
most discriminative branch features per-class; and as found in learning the attention weights, Swin-T
becomes more dominant for cotton bacterial blight (bell pattern with smaller patches of leaf coverage)
compared to other models for punctate diseases like rice blast where EfficientNet-B4 becomes dominant.

4.6. Field Conditions and Generalization

CropDisease-12 added a realistic degradation factors to its 20% field image part, which was not
included in the baseline model trained only using PlantVillage data. Results from ablation tests revealed a
2.3% decline in accuracy when the model was trained using images from the PlantVillage dataset and tested
using images from the field, highlighting the significance of having images with a domain match in order to
achieve a high accuracy on testing tasks. The CutMix augmentation strategy resulted in an accuracy
improvement during validation of 1.4% due to forcing the model to combine evidence from various parts
of a leaf, as opposed to only the diagnostic spots. The findings here are in line with the other difficulties
encountered in shifting the accuracy of measurements from laboratory to field deployment, mentioned in.

4.7. Severity Assessment and Practical Utility

Overall, the severity grading head was able to attained macro F1 exceeding 94.6% across three
severity levels Table 4 resulting in disease identity estimation and severity estimation being performed
adequately without interfering with each other. This is of practical significance, [31] showed that high
throughput phenotyping, in terms of both disease occurrence and disease severity, allows optimal dose
calibration of pesticide application resulting in a 30-45% reduction in chemical use during field tests. With
its dual-head design, CropHybrid-Net directly helps with this use case by giving diagnostic information
during a single forward pass.

4.8. Deployment Considerations and Limitations

CropHybrid-Net meets the mounted implement based detection systems latency requirements with
a latency of 39.3ms per image (25.4 FPS on RTX 3090). But the 74.2 million number of parameters is very
large and will need knowledge distillation or structured pruning to be deployed on resource constrained
edge devices like the NVIDIA Jetson Nano and the Raspberry Pi 4. [32] pointed out that challenges include
model compression and integrating IoT within commercial field system for transitioning AI based
agricultural diagnostics from research to practice. Additional research is to be conducted concerning the
distillation of the model parameters of a teacher student to a sub-10M parameter student model while
keeping over 95% accuracy. GBP further conditions are four crops and 12 disease classes for CropDisease-
12; expanding to more taxonomies/georeferencing crops, with commercially important diseases, namely
groundnut, soybean and sugarcane is still in progress.

5. CONCLUSION

In this paper, a novel automated multi-class crop disease detection and severity estimation ensemble
architecture, namely CropHybrid-Net, using CNN and transformer networks is proposed and compared
with the other state-of-the-art models using newly introduced CropDisease-12 benchmark dataset. The
proposed model achieves 97.8% accuracy and 97.3% macro F1 on a 12-class, 4-crop dataset, which is 3.3-
9.4% better than six baseline models. The disease identification and severity classification were done in
one forward pass, with dual-head design, which will take 39.3 ms and make it feasible for practical use in
precision agriculture workflows. A literature review that examined 62 papers (2015-2024) placed the
work in the context of the larger deep learning context of plant diseases.

CropDisease-12 is constructed from controlled PlantVillage images alongside with actual field
photographs from Vidarbha agro-climatic region and serves as a publicly available state-of-the-art
benchmark to fill this gap between the laboratory and field, as identified by previous studies, between
generalization and practical application. We also expect that next-generation smart crop disease
management platforms will rely on multi-task, multi-crop, transformer-based art works like CropHybrid-
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Net as their computational core as precision agriculture droids take the next few steps with fully
autonomous crop monitoring.
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