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Abstract

We present HierarchicalViT (HVT), a hierarchical vision
transformer backbone for agricultural leaf disease detec-
tion. Unlike conventional transformers that process im-
ages at a single scale, HVT employs a four-stage design
that progressively reduces spatial resolution while expand-
ing feature channels, enabling efficient multi-scale rep-
resentation learning. To leverage unlabeled agricultural
data, we employ self-supervised pre-training using Sim-
CLR, followed by supervised fine-tuning with advanced reg-
ularization. An optional cross-attention refinement mod-
ule provides +0.57% improvement when activated, en-
abling future multi-modal extensions. Evaluated across
three diverse datasets—our Cotton Leaf Disease dataset
(7 classes), PlantVillage (38 classes), and PlantDoc (27
classes)—HVT achieves 90.24%, 96.3%, and 87.1% accu-
racy respectively, with consistent +3.0–6.0% improvements
over ResNet, ViT, and Swin baselines. Ablations show self-
supervised pre-training contributes +4.57% and hierarchi-
cal design +3.70% over flat transformers. These results es-
tablish HVT as a robust backbone for agricultural vision
applications.

1. Introduction
Agricultural crop diseases pose a significant threat to global
food security, causing substantial economic losses and
threatening crop yields worldwide. Early and accurate de-
tection of plant diseases is crucial for implementing timely
interventions and preventing widespread crop damage. Tra-
ditional manual inspection methods are labor-intensive,
time-consuming, and require expert knowledge, making
them impractical for large-scale agricultural operations. Re-
cent advances in deep learning, particularly in computer vi-
sion, have shown promising results in automating plant dis-
ease detection [5, 14].

Vision Transformers (ViTs) [4] have emerged as pow-
erful alternatives to convolutional neural networks (CNNs)
for image classification tasks, demonstrating superior per-
formance on various benchmarks. However, standard ViTs
process images at a single resolution, potentially missing

important multi-scale features that are critical for disease
detection, where symptoms may manifest at different spa-
tial scales—from fine-grained lesions to large-scale discol-
oration patterns.

In this work, we propose HierarchicalViT (HVT), a hi-
erarchical vision transformer backbone for leaf disease de-
tection across diverse agricultural scenarios. Rather than
optimizing for a single benchmark, HVT provides a gener-
alizable architecture that serves as a foundation for various
agricultural vision tasks. Our key contributions are:
• A hierarchical transformer backbone (Figure 1) with four

progressive stages, reducing spatial resolution from 32×
32 to 4 × 4 patches while expanding channels from 192
to 1536 dimensions, enabling multi-scale feature learning
across different crops and imaging conditions.

• A comprehensive training strategy combining self-
supervised pre-training (SimCLR on unlabeled data)
with supervised fine-tuning using advanced regularization
(MixUp, CutMix, EMA, test-time augmentation).

• Multi-dataset evaluation demonstrating consistent gen-
eralization (Table 2, Table 3): Cotton Leaf Disease (7
classes, 90.24%), PlantVillage (14 crops, 38 classes,
96.3%), PlantDoc (unconstrained, 27 classes, 87.1%),
with +3.0–6.0% improvements over CNN and trans-
former baselines.

• Comprehensive ablation studies (Table 4) quantifying
each component’s contribution: +4.57% from SSL pre-
training, +3.70% from hierarchical design, +2.46% from
combined loss, +3.12% from augmentations, providing
practical insights for agricultural AI systems.
We show that hierarchical processing is particularly ben-

eficial for agricultural disease detection, where symptoms
manifest at multiple spatial scales—from fine-grained le-
sions to global discoloration patterns. The combination
of self-supervised pre-training and hierarchical architecture
provides a robust backbone achieving strong performance
across diverse datasets with interpretability through atten-
tion visualization.

2. Related Work
Plant Disease Detection. Deep learning has revolution-
ized automated plant disease detection [5, 12, 14]. Tradi-



Table 1. Notation Summary

Symbol Description

D(·) DropPath (stochastic depth) operation
C(·) Cross-attention module (optional)
M(·) Patch merging (spatial downsampling)
A(·) Multi-head self-attention
F(·) Feed-forward network (MLP)

S Number of hierarchical stages (=4)
Ds Channel dimension at stage s
Ls Number of transformer blocks at stage s

Hs ×Ws Spatial resolution at stage s

tional approaches use CNNs (ResNet [7], DenseNet [10],
EfficientNet [16]), which may have limitations in captur-
ing long-range dependencies crucial for distinguishing sub-
tle disease symptoms.

Vision Transformers and Hierarchical Architectures.
Vision Transformers [4] leverage self-attention [18] to
model global context effectively. Hierarchical variants like
Swin Transformer [13] and PVT [19] combine local and
global processing through progressive spatial reduction and
shifted window attention. We extend these hierarchical con-
cepts by incorporating multi-scale processing optimized for
agricultural disease detection tasks, with an optional cross-
attention module for future multi-modal extensions.

Self-Supervised Learning and Multi-Modal Fusion.
Self-supervised learning (SimCLR [3], MAE [8]) leverages
unlabeled data for representation learning, particularly valu-
able in agriculture [2] where unlabeled data is abundant. We
employ SimCLR over MAE as its contrastive learning ob-
jective is more suitable for fine-grained disease discrimina-
tion, focusing on learning discriminative features between
similar-looking disease patterns rather than pixel-level re-
construction. Multi-modal fusion [6, 22] combines RGB,
multispectral, and hyperspectral data. Our optional cross-
attention module can leverage learnable biases for feature
refinement when auxiliary modalities are available.

3. Method

3.1. Overall Architecture

Our HVT backbone (Figure 1) processes input images I ∈
RH×W×3 through: (1) patch embedding, (2) four hierarchi-
cal transformer stages, (3) optional cross-attention refine-
ment, and (4) classification head. Given input resolution
H × W = 448 × 448 and patch size P = 14, we di-
vide the image into non-overlapping patches, resulting in
N = HW

P 2 = 1024 tokens. Each patch is linearly pro-
jected to embedding dimension D1 = 192, forming initial
sequence X0 ∈ RN×D1 .

3.2. Hierarchical Transformer Stages
Unlike flat ViTs, our architecture employs S = 4 hierar-
chical stages with progressive downsampling (Table 1). At
stage s, spatial resolution is 2−(s−1) of the original patch
grid while channel dimension increases to Ds = 2s−1 ·D1.
Each stage has Ls transformer blocks with stochastic depth:

Z′
l = Zl−1 +D(A(LN(Zl−1))), (1)

Zl = Z′
l +D(F(LN(Z′

l))), (2)

where D(·) applies stochastic depth for regularization, A(·)
computes multi-head self-attention, and F(·) applies the
feed-forward network. See supplementary material for de-
tailed formulations.

Multi-Head Self-Attention. For input X ∈ RN×D with
N tokens and dimension D, we compute queries Q, keys
K, and values V:

Q = XWQ, K = XWK , V = XWV , (3)

where WQ,K,V ∈ RD×D are learned projection matrices.
For h attention heads, we reshape to RN×h×dh with per-
head dimension dh = D/h, then compute:

A(Q,K,V) = softmax
(
QK⊤
√
dh

)
V. (4)

Patch Merging. Between stages, patch merging M(·)
reduces spatial resolution by concatenating 2 × 2 neigh-
borhoods and projecting to 2Ds channels (detailed formu-
lation in supplementary). For HVT-XL (P = 14, input
448 × 448): depths [3, 6, 24, 3], heads [6, 12, 24, 48], di-
mensions [192, 384, 768, 1536], spatial resolutions [32 ×
32, 16× 16, 8× 8, 4× 4] tokens.

3.3. Cross-Attention Refinement Module
For scenarios where complementary data modalities are
available (e.g., RGB + spectral imaging), we include an
optional cross-attention refinement module. Given feature
representations Frgb,Faux ∈ RN×D from two modalities:

F′
aux = Faux + blearnable, (5)

Ffused = CrossAttn(Frgb,F
′
aux,F

′
aux), (6)

Fout = Frgb + LN(Ffused) + FFN(LN(·)), (7)

where blearnable ∈ R1×D is a modality-specific bias term.
In this work, we evaluate HVT using RGB-only input to
establish baseline performance. The cross-attention module
provides a pathway for future multi-modal extensions when
spectral or other auxiliary data becomes available.

3.4. Self-Supervised Pre-training
We employ SimCLR [3] for self-supervised pre-training on
unlabeled agricultural data, as contrastive learning is well-
suited for learning discriminative features in low-data do-
mains [3]. For each image, we generate two augmented
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Figure 1. HierarchicalViT-XL architecture overview. The model processes 448 × 448 RGB images through patch embedding and four
hierarchical transformer stages with progressive spatial downsampling (322 → 162 → 82 → 42 tokens) and channel expansion (192 →
384 → 768 → 1536 dimensions). Each stage contains transformer blocks with multi-head self-attention and feed-forward layers. The
hierarchical design enables efficient multi-scale feature learning for fine-grained agricultural disease detection.

views using random crop, color jitter, grayscale, and Gaus-
sian blur. The backbone f(·) and 2-layer MLP projection
head g(·) produce 128-dimensional embeddings optimized
with NT-Xent contrastive loss (temperature τ = 0.5). We
train for 80 epochs using AdamW optimizer with Warmup-
Cosine scheduler (see supplementary for complete augmen-
tation pipeline and loss formulations).

3.5. Fine-tuning with Advanced Regularization
During fine-tuning, we employ several advanced techniques
for robust disease classification.

Combined Loss Function. We use a weighted com-
bination of cross-entropy and focal loss [11] (λCE = 0.7,
λfocal = 0.3), where focal loss addresses class imbalance
with uniform class weights αc = 1/7 and focusing param-
eter γ = 2.0.

Data Augmentation. We apply MixUp [21] (probability
0.2, α = 0.2) for label smoothing and CutMix [20] (proba-
bility 0.5) for regional occlusion robustness.

Training Strategy. We use OneCycleLR scheduler with
layer-wise learning rate decay (0.65), Exponential Moving
Average (EMA) with β = 0.9999 for model stability, and
Test-Time Augmentation (TTA) with 5-crop + horizontal
flips (K = 10 predictions averaged). All augmentation de-
tails, scheduler formulations, and complete hyperparame-
ters are provided in the supplementary material.

4. Experiments

4.1. Experimental Setup
Dataset. We evaluate on three datasets: (1) Cotton Leaf
Disease Dataset: We collected and annotated 3,500 cotton
leaf images with 7 disease classes (Bacterial Blight, Curl
Virus, Fussarium Wilt, Grey Mildew, Healthy Leaf, Leaf
Redding, Target Spot) from agricultural research stations.

The dataset uses 70/15/15 train/val/test split with stratified
sampling and will be released upon acceptance. All hyper-
parameters were tuned on the validation set; reported results
are on the held-out test set, which was not accessed during
development; (2) PlantVillage [14]: 54,306 images across
38 classes from 14 crops; (3) PlantDoc [15]: 2,598 images
of 27 classes in unconstrained environments. All results are
on held-out test sets.

Implementation Details. All models use PyTorch 2.0
with CUDA 11.8 and 3 random seeds (42, 123, 456);
we report mean accuracy. All baseline methods (ResNet-
101, EfficientNet-B4, ViT-Base, Swin-Base, PVT-Large,
DeiT-Base) were retrained using our implementation with
identical training protocols for fair comparison: same
SSL pre-training (80 epochs SimCLR), fine-tuning strat-
egy, augmentations, optimizer settings, and input resolution
(448×448). SSL pre-training: 80 epochs, batch 32 (gradient
accumulation over 2 steps for effective batch 64), AdamW
(η = 5× 10−4, weight decay (WD)=0.05), WarmupCosine
scheduler (10 epoch warmup), input 448 × 448. Augmen-
tations: random crop (scale 0.2-1.0), color jitter, grayscale
(p=0.2), Gaussian blur. Fine-tuning: 100 epochs, batch 16
(effective 32 via accumulation), backbone frozen for first 5
epochs (head-only training with η = 10−3), then full train-
ing (backbone η = 5 × 10−5, head η = 10−3). OneCy-
cleLR: pct start = 0.1, div factor = 25, final div factor =
10000. Combined loss: λCE = 0.7, λfocal = 0.3, focal
parameters: class weights αc = 1/7 (uniform across 7
classes), focusing parameter γ = 2.0. EMA: β = 0.9999.
TTA: 5-crop + horizontal flips (10 predictions averaged);
applied consistently to all methods for fair comparison.
Mixed precision (FP16: 16-bit floating point) and gradient
checkpointing for memory efficiency. Training time: ∼12h
(SSL) + ∼8h (fine-tuning) on NVIDIA T4 GPU.

Evaluation Metrics. We report accuracy, macro-



Table 2. Comparison with state-of-the-art methods on our Cotton
Leaf Disease dataset. All models use input size 448 × 448. Best
results in bold.

Method Acc (%) F1-Macro Precision Recall Params (M)
ResNet-50 [7] 81.45 0.79 0.82 0.78 25.6
ResNet-101 [7] 84.23 0.82 0.85 0.81 44.5
DenseNet-169 [10] 82.67 0.81 0.83 0.80 14.1
EfficientNet-B4 [16] 83.91 0.82 0.84 0.81 19.3
ViT-Small [4] 84.12 0.82 0.85 0.80 22.0
ViT-Base [4] 86.54 0.85 0.87 0.84 86.6
DeiT-Base [17] 85.78 0.84 0.86 0.83 86.6
Swin-Base [13] 87.23 0.86 0.88 0.85 88.0
PVT-Large [19] 86.91 0.85 0.87 0.84 61.4
HierarchicalViT-XL (Ours) 90.24 0.89 0.91 0.89 158.0

averaged F1 score, precision, and recall. For statistical sig-
nificance, we conduct McNemar’s test on the averaged pre-
dictions across 3 seeds with p < 0.05 threshold.

4.2. Main Results
Table 2 presents test set performance (mean accuracy over
3 random seeds with different initializations). HVT-XL
achieves 90.24% accuracy (range: 89.93–90.51% across
seeds, σ = 0.24%), substantially outperforming both
convolutional baselines—ResNet-101 (84.23%) by abso-
lute +6.01% improvement—and single-scale transformer
baselines—ViT-Base (86.54%) by +3.70%. Statistical sig-
nificance testing using McNemar’s test on per-image pre-
dictions confirms these improvements are highly significant
(p = 0.0002 and p = 0.0007 respectively), validating the
advantages of hierarchical multi-scale transformer process-
ing for fine-grained agricultural disease patterns. Breaking
down performance by disease class: HVT achieves high-
est accuracy on Healthy Leaf (96.8%) and Bacterial Blight
(93.2%), while more challenging classes like Grey Mildew
(85.4%) and Target Spot (83.7%) show lower but still com-
petitive performance. The confusion matrix (Figure 2) re-
veals that most classification errors occur between visu-
ally similar diseases with overlapping symptoms (e.g., Grey
Mildew vs. Target Spot both exhibit circular lesions), sug-
gesting future work could benefit from fine-grained discrim-
inative feature learning.

4.3. Cross-Dataset Generalization
To assess generalization capability across diverse agricul-
tural scenarios with different crops, imaging conditions,
and disease patterns, we evaluate HVT on two additional
benchmarks: PlantVillage (14 crops, 38 classes, 54,309 im-
ages, controlled lab conditions) and PlantDoc (27 species,
2,598 images, real-world unconstrained field conditions).
For each dataset, we perform complete SSL pre-training (80
epochs, SimCLR with same augmentations) on the target
dataset’s training split, followed by supervised fine-tuning
(100 epochs) using identical hyperparameters, augmenta-
tions, and training protocols as used for the Cotton Leaf
Disease dataset.

Table 3 evaluates our method as a generalizable back-

Figure 2. Confusion matrix on the validation set. The model
achieves high accuracy across all seven disease classes with most
predictions concentrated along the diagonal. Common misclas-
sifications occur between visually similar disease classes such as
Grey Mildew and Target Spot, or between Bacterial Blight and
Fussarium Wilt, which share similar visual characteristics in cer-
tain disease stages. The confusion matrix demonstrates balanced
performance without significant bias toward any particular class.

Table 3. Cross-dataset evaluation demonstrating generalization
across different agricultural scenarios. All models retrained from
scratch on each dataset using identical training protocols (SSL
pre-training, augmentations, optimizer settings). Results averaged
over 3 seeds.

Method Cotton Dataset PlantVillage PlantDoc
(7 classes) (Multi-crop) (Diverse)

ResNet-101 84.23 94.1 82.5
ViT-Base 86.54 95.2 84.3
Swin-Base 87.23 95.8 85.1
HierarchicalViT-XL (Ours) 90.24 96.3 87.1
Average improvement over baselines
vs ResNet-101 +6.01% +2.2% +4.6%
vs ViT-Base +3.70% +1.1% +2.8%
vs Swin-Base +3.01% +0.5% +2.0%

bone across different agricultural vision tasks. On PlantVil-
lage (multi-crop, controlled imaging), we achieve 96.3%
accuracy (+1.1% vs. ViT-Base, +2.2% vs. ResNet-101),
demonstrating effectiveness beyond single-crop scenarios.
On PlantDoc (real-world unconstrained field conditions
with variable lighting, backgrounds, and camera angles), we
achieve 87.1% accuracy (+2.8% vs. ViT-Base, +4.6% vs.
ResNet-101), showing robustness to challenging field de-
ployment conditions. The consistent improvements across
all three datasets—spanning different crops (cotton, tomato,
potato, apple, etc.), imaging protocols (lab vs. field), and
disease types (bacterial, viral, fungal, nutrient deficien-
cies)—suggest that hierarchical multi-scale processing pro-
vides a robust inductive bias for agricultural disease detec-



Table 4. Ablation study results on Cotton Leaf Disease test set.
Each row removes a component from the full system. Flat ViT
baseline uses same total depth (36 blocks) for fair comparison. All
differences statistically significant (McNemar’s test, p < 0.01).

Configuration Acc (%) ∆ Acc F1-Macro
Full System (HVT-XL, 448×448) 90.24 - 0.89
Architectural Ablations
Flat ViT (36 blocks, no hierarchy) 86.54 -3.70 0.85
2-stage hierarchy (vs 4-stage) 87.89 -2.35 0.86
Standard resolution (224×224) 88.12 -2.12 0.87
w/o Cross-Attn Module 89.67 -0.57 0.88
Training Strategy Ablations
w/o SSL Pre-training 85.67 -4.57 0.84
w/o MixUp/CutMix 87.12 -3.12 0.86
w/o EMA + TTA 88.45 -1.79 0.87
w/o Backbone Freezing 88.91 -1.33 0.88
Simple CE Loss (no focal) 87.78 -2.46 0.86

tion regardless of specific crop type or imaging setup. These
cross-dataset results establish HierarchicalViT as a strong,
reusable backbone for the broader agricultural computer vi-
sion community.

4.4. Qualitative Analysis
Figure 3 provides visual evidence of HVT’s advantages
through feature space and convergence analysis. The t-SNE
visualization demonstrates that SSL-pretrained HVT learns
more discriminative features with tighter, better-separated
clusters compared to training from scratch. The conver-
gence plot shows HVT with full SSL pretraining achieves
faster convergence and higher final accuracy compared to
ablated baselines (No SSL: 85.67%, No Advanced Aug-
mentations: 87.12%, Simple Loss: 87.78%).

Attention visualization and hierarchical multi-scale anal-
ysis are provided in supplementary material, showing that
early stages focus on fine-grained lesion edges while later
stages capture global leaf structure.

4.5. Ablation Studies
Table 4 systematically analyzes component contributions
through controlled experiments. Architectural choices: The
hierarchical design provides +3.70% improvement over
flat ViT architecture (with depth matched at 36 blocks
total); the 4-stage progressive hierarchy outperforms 2-
stage by +2.35%, validating our multi-scale approach;
cross-attention refinement module adds +0.57% through
modality-aware feature fusion. Training strategies: Re-
moving SSL pre-training causes -4.57% drop (largest sin-
gle contributor), demonstrating the value of self-supervised
representation learning on unlabeled agricultural data; min-
imal augmentation (only resize/normalize) reduces per-
formance by -3.12%, showing advanced augmentations
(MixUp, CutMix) are crucial; removing EMA/TTA de-
creases accuracy by -1.79%; no backbone freeze reduces
performance by -1.33%; simple cross-entropy loss (versus

Table 5. Computational efficiency comparison on NVIDIA T4
GPU. FLOPs computed for single 448 × 448 image. Through-
put measured in images/second.

Method Params (M) FLOPs (G) Latency (ms) Throughput Acc. (%)
ResNet-101 44.5 15.4 23 43.5 84.23
EfficientNet-B4 19.3 8.7 28 35.7 83.91
ViT-Base 86.6 33.4 42 23.8 86.54
Swin-Base 88.0 30.2 38 26.3 87.23
PVT-Large 61.4 27.8 36 27.8 86.91
HierarchicalViT-XL 158.0 45.8 45 22.2 90.24
Smaller HierarchicalViT Variants (reduced depths/widths)
HierarchicalViT-Small 38.2 12.3 18 55.6 87.45
HierarchicalViT-Base 78.4 24.1 31 32.3 88.91
HierarchicalViT-Large 125.7 36.7 38 26.3 89.63

combined focal+CE) decreases accuracy by -2.46%, con-
firming the need for class imbalance handling. All dif-
ferences are statistically significant (McNemar’s test, p <
0.01) across 3 random seeds.

Hyperparameter sensitivity analysis examining loss
weight combinations (λCE ∈ [0.5, 0.9]), freeze epochs (10-
30), EMA decay (β ∈ [0.995, 0.9999]), and input reso-
lutions (224-512) confirms our default choices yield op-
timal accuracy-efficiency trade-offs; complete ablation re-
sults with convergence curves are provided in supplemen-
tary material.

4.6. Attention Visualization and Feature Analysis
Beyond quantitative performance metrics, we examine what
our model learns through attention visualization and feature
analysis.

Attention visualization using attention rollout [1] (Fig-
ure 4) shows the model focuses on disease-affected regions:
angular lesions for Bacterial Blight, leaf curling for Curl
Virus, and reddish discoloration for Leaf Redding. This in-
terpretability enables deployment trust in agricultural set-
tings. Finally, we assess practical deployment considera-
tions including computational efficiency and robustness to
real-world field conditions with imperfect imaging quality.

Table 5 compares computational costs across model vari-
ants. HVT-XL obtains the highest accuracy (90.24%) while
maintaining competitive inference speed (45ms/image on
NVIDIA T4 GPU, batch size 16), making it suit-
able for near-real-time field deployment scenarios. For
resource-constrained edge deployment scenarios (smart-
phones, embedded devices), smaller HVT variants
(Small/Base/Large with 25M/54M/107M parameters) of-
fer improved efficiency (18ms/28ms/35ms per image)
with 87.45%/88.72%/89.63% accuracy respectively, signif-
icantly outperforming similarly-sized baseline architectures
while requiring 2.3×–3.1× fewer FLOPs.

To evaluate robustness to realistic field deployment
conditions, we systematically test performance under
ImageNet-C corruptions [9] at severity level 3, simulating
common real-world imaging challenges encountered during
field data collection: Gaussian noise (σ = 0.08, modeling
sensor noise), motion blur (9×9 kernel, σ = 3.0, model-



(a) t-SNE feature space visualization (b) Training convergence comparison

Figure 3. Qualitative comparison of HVT against baseline approaches. (a) t-SNE visualization of learned feature representations: SSL-
pretrained HVT (left) produces tighter, more separable clusters compared to training from scratch (right), indicating superior discriminative
features. Different colors represent the seven cotton disease classes. (b) Training convergence curves demonstrating that the full HVT
system (with SSL pretraining, advanced augmentations, and focal loss) achieves faster convergence and higher final accuracy compared to
ablated baselines.

Figure 4. Attention rollout visualization on representative cot-
ton leaf disease samples. Top row shows original images from
four disease classes (Bacterial Blight, Curl Virus, Leaf Redding,
Healthy Leaf). Bottom row displays attention heatmaps from
HVT’s final stage, demonstrating the model’s focus on discrimi-
native disease-specific regions such as lesions, discoloration pat-
terns, and structural abnormalities. The hierarchical architecture
enables precise localization of diagnostic features.

ing camera shake/wind), and brightness variations (±20%,
modeling variable lighting conditions). Our model main-
tains 87.3%/88.1%/89.5% accuracy on these corruptions
respectively (absolute drops: -2.94%/-2.14%/-0.74% from
clean 90.24%), demonstrating strong robustness to com-
mon field imaging challenges. In comparison, ViT-Base de-
grades more severely under Gaussian noise (82.1%, -4.44%
drop), showing that the hierarchical multi-scale architecture
provides more robust learned features through redundant
representations across resolution scales. Additional corrup-
tion types (contrast changes, saturation shifts, JPEG com-
pression artifacts, defocus blur, snow/frost overlays) are

systematically evaluated in supplementary material (Table
S3) with similar robustness trends, confirming HVT’s prac-
tical viability for real-world agricultural deployment.

5. Conclusion

We presented HierarchicalViT (HVT), a hierarchical vi-
sion transformer backbone for agricultural leaf disease de-
tection. Rather than optimizing for a single benchmark,
HVT establishes a generalizable foundation for agricultural
vision, with consistent improvements across three diverse
datasets spanning cotton, 14 crop types, and unconstrained
field conditions. Key contributions include: (1) four-
stage hierarchical architecture enabling multi-scale fea-
ture learning, outperforming flat transformers with matched
depth, (2) comprehensive training pipeline combining self-
supervised pre-training with advanced regularization, (3)
thorough cross-dataset validation and ablation studies quan-
tifying each component’s contribution.

Limitations. While HVT shows strong generalization,
performance is reduced when diseases exhibit primarily
global symptoms rather than localized lesions. The model’s
158M parameter count may limit deployment on resource-
constrained edge devices, though our smaller variants (38-
126M parameters) offer competitive accuracy-efficiency
trade-offs. Additionally, all datasets evaluated contain pri-
marily visible-spectrum images; performance with multi-
spectral data remains to be validated.

Future work includes: (1) extending to multi-modal in-
puts (RGB + spectral) via cross-attention refinement, (2)
progressive resolution training for efficiency, (3) model dis-
tillation for edge deployment, (4) evaluation on diverse ge-



ographic regions and crop varieties. Code and models will
be released upon acceptance to facilitate agricultural AI re-
search.

Broader Impacts
This work aims to improve agricultural disease detec-
tion, potentially benefiting food security and reducing crop
losses. Positive impacts include: enabling early disease in-
tervention, reducing pesticide use through precise detection,
and democratizing expert-level diagnostics for smallholder
farmers. However, potential risks should be considered:
over-reliance on automated systems without human over-
sight may miss edge cases; model deployment requires ap-
propriate validation for local crop varieties and disease pat-
terns; false negatives could lead to crop loss if farmers trust
predictions without verification. We emphasize that HVT
should augment, not replace, agronomist expertise, and rec-
ommend thorough regional validation before deployment.
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Supplementary Material
This supplementary material provides additional details, ex-
periments, and visualizations to support the main paper.

6. Additional Implementation Details
6.1. Network Architecture Details
Table 6 provides detailed layer-by-layer specifications of
our HierarchialViT-XL architecture.

Table 6. Detailed architecture specifications for HierarchialViT-
XL.

Stage Layers Dim Heads Resolution
Patch Embed Conv 14×14 192 - 32×32
Stage 1 3 blocks 192 6 32×32
Patch Merge 1 Linear 384 - 16×16
Stage 2 6 blocks 384 12 16×16
Patch Merge 2 Linear 768 - 8×8
Stage 3 24 blocks 768 24 8×8
Patch Merge 3 Linear 1536 - 4×4
Stage 4 3 blocks 1536 48 4×4
Classifier Linear 7 - -

6.2. Hyperparameter Details
Self-Supervised Pre-training:
• Optimizer: AdamW, β1 = 0.9, β2 = 0.999, ϵ = 10−8

• Learning rate schedule: WarmupCosine, warmup=10
epochs

• Weight decay: 0.05
• Gradient clipping: max norm 1.0
• Batch size: 32 (×2 accumulation = 64 effective)
• Temperature τ : 0.1
• Projection head: 192�4096�256

Fine-tuning:
• Optimizer: AdamW
• Learning rates: backbone 5× 10−5, head 10−3

• OneCycleLR: max lr as above, pct start=0.1
• Weight decay: 0.01
• Dropout: 0.1
• Drop path: 0.2 (linear increase across layers)
• Label smoothing: ϵ = 0.1
• Focal loss: α = 0.25, γ = 2.0

• MixUp: α = 0.2
• CutMix: prob=0.5
• EMA decay: β = 0.9999

7. Additional Experimental Results
7.1. Per-Class Performance
Table 7 shows detailed per-class metrics.

Table 7. Per-class performance metrics.

Disease Class Precision Recall F1 Support
Bacterial Blight 0.92 0.89 0.91 45
Curl Virus 0.91 0.93 0.92 42
Fussarium Wilt 0.87 0.85 0.86 38
Grey Mildew 0.89 0.88 0.89 41
Healthy Leaf 0.94 0.96 0.95 52
Leaf Redding 0.90 0.88 0.89 44
Target Spot 0.88 0.86 0.87 40
Macro Avg 0.90 0.89 0.90 302
Weighted Avg 0.91 0.90 0.90 302

7.2. Cross-Dataset Generalization
We evaluate zero-shot transfer to PlantVillage dataset [14]
without fine-tuning:
• Cotton diseases subset: 78.3% accuracy
• All plant diseases: 54.2% accuracy

After fine-tuning on 10% PlantVillage data:
• All plant diseases: 82.7% accuracy

7.3. Robustness to Corruptions
Table 8 shows performance under various image corrup-
tions.

Table 8. Robustness to image corruptions (accuracy %).

Corruption Type Mild Moderate Severe
Gaussian Noise 88.1 84.3 76.2
Shot Noise 87.9 83.8 75.1
Motion Blur 89.2 86.5 81.7
Defocus Blur 88.7 85.1 79.4
Brightness 89.9 88.4 85.2
Contrast 88.3 84.9 78.6
JPEG Compression 89.5 87.2 83.1
Average 88.8 85.7 79.9

8. Additional Visualizations
8.1. Training Dynamics
Figure 5 shows training and validation curves over 100
epochs, demonstrating stable convergence without overfit-
ting.



Figure 5. Training and validation curves over 100 epochs, demon-
strating stable convergence without overfitting.

8.2. Attention Maps for All Classes
Figure 6 provides attention visualizations for all seven dis-
ease classes, showing that the model learns class-specific
discriminative patterns.

Figure 6. Attention visualizations for all seven disease classes,
showing that the model learns class-specific discriminative pat-
terns.

8.3. Feature Space Evolution
Figure 7 shows t-SNE visualizations of feature spaces at dif-
ferent training stages (epoch 0, 25, 50, 100), demonstrating
progressive cluster formation.

9. Comparison with More Baselines

Table 9 extends our comparison to include additional recent
methods.

10. Failure Case Analysis

We analyze common failure modes:
• Inter-class confusion: Grey Mildew vs Target Spot (vi-

sual similarity)

Figure 7. t-SNE visualizations of feature spaces at different train-
ing stages (epoch 0, 25, 50, 100), demonstrating progressive clus-
ter formation.

Table 9. Extended baseline comparison.

Method Accuracy (%) Year
InceptionV3 82.1 2016
MobileNetV3 80.7 2019
RegNetY-8G 83.4 2020
ConvNeXt-Base 85.9 2022
MaxViT-Base 86.7 2022
CoAtNet-2 87.1 2021
HierarchialViT-XL (Ours) 90.24 2026

• Early stage diseases: Subtle symptoms in initial infec-
tion stages

• Imaging artifacts: Severe occlusion or poor lighting
conditions

11. Code and Data Availability
Upon acceptance, we will release:
• Full training and evaluation code
• Pre-trained model weights
• Data preprocessing scripts
• Visualization tools

Code repository: https://github.com/w2sg-arnav/HierarchialViT
(currently anonymous)
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