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Deep Learning-Based Plant Disease Prediction Using Real-Field Image Data
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Abstract— Plant diseases remain a persistent threat to
global agricultural output, annually destroying an
estimated 20-40% of total crop yields worldwide.
Prompt and reliable identification of infection at early
stages is indispensable for guiding timely intervention
and protecting food security. Conventional diagnostic
workflows, which depend on field visits by trained
agronomists, are inherently  subjective, time-
consuming, and impractical at the scale of modern
large-area farming. To address these operational
gaps, this study proposes a fully automated deep
learning pipeline tailored for classifying plant diseases
from photographs collected under uncontrolled,
realistic field conditions. The core of the architecture
is a hybrid model that couples EfficientNet-B4 [3] with
a Convolutional Block Attention Module (CBAM) [4],
equipping the network with the capacity to localize
and emphasize abnormal leaf tissue while filtering out
irrelevant scene elements. The system is developed and
benchmarked on a purpose-built dataset of 54,306
labeled images representing 26 disease classes across
14 crop species. A structured preprocessing
workflow—encompassing Contrast Limited Adaptive
Histogram Equalization (CLAHE), mosaic-based class
balancing, and mixup regularization [10]—is
incorporated to enhance the model's tolerance to
lighting inconsistencies and skewed class distributions.
On the held-out test partition, the proposed model
attains a top-1 accuracy of 96.7%, outperforming six
well-established CNN baselines. Gradient-weighted
Class  Activation Mapping  (Grad-CAM) [11]
visualizations further confirm that the model directs its
attention toward pathologically relevant regions,
lending credibility to its predictions. These properties
collectively position the framework as a strong
foundation for lightweight, smartphone-deployable
disease advisory tools for smallholder farmers.
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L. INTRODUCTION

Global food production faces mounting pressure from a
growing human population, changing climatic conditions, and
the accelerating spread of plant pathogens. The Food and
Agriculture Organization (FAO) estimates that infectious
diseases reduce worldwide crop harvests by 20-40% every
year—a staggering figure that translates directly into food
insecurity and economic hardship for farming communities. [1]
Agriculture supports the livelihoods of over 2.5 billion people,
making the timely management of crop diseases a matter of both
humanitarian and economic urgency.

Current disease surveillance practices rely heavily on
physical field inspections performed by qualified agronomists.
These evaluations are inherently subjective, constrained by
geographic coverage, and difficult to replicate consistently
across diverse farm environments. [2] The problem is
particularly acute in developing economies, where extension
services are sparse and the majority of cultivated land is
managed by smallholder farmers with limited access to expert
guidance. This structural gap calls for diagnostic solutions that
are not only accurate but also scalable and operable without
specialized knowledge.

Recent progress in convolutional neural network (CNN)
architectures and large-scale image recognition has opened new
avenues for automated agricultural monitoring. [1,3] However, a
substantial portion of prior work on computational plant disease
detection has relied on curated, laboratory-grade benchmark
datasets—most notably PlantVillage—that do not adequately
capture the visual complexity encountered during actual field
photography. Factors including inconsistent ambient lighting,
partial leaf occlusion, cluttered backgrounds, and varying disease
progression stages all compromise the generalization of
classifiers trained on controlled imagery. [§8]

This paper tackles these challenges by introducing an end-
to-end classification framework that integrates EfficientNet-B4
with CBAM attention, trained and validated on a new,
geographically diverse real-field dataset. [3,4] The remainder of
this paper is structured as follows: Section II surveys related
literature; Section III details the proposed methodology; Section
IV presents experimental findings; Section V discusses
implications and limitations; and Section VI summarizes
conclusions and outlines future directions.
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II. RELATED WORK

Early computational approaches to plant disease
identification were built around handcrafted feature extraction
methods. Researchers combined color histograms, texture
descriptors such as Local Binary Patterns, and edge-based
morphological features as inputs to classical machine learning
classifiers. Although these pipelines demonstrated viability
under controlled imaging conditions, their performance degraded
sharply in the presence of background clutter and illumination
variability typical of outdoor farm environments.

A pivotal contribution by Mohanty et al. [2] showed that
deep CNNs could achieve classification accuracy exceeding 99%
on the PlantVillage dataset. While this result was transformative,
it came with an important caveat: models trained exclusively on
controlled laboratory images exhibited substantial accuracy
drops when deployed on real-field photographs. This domain
shift problem, extensively documented in subsequent literature,
[8] became a central motivation for the present work.

Transfer learning strategies using pretrained architectures—
including VGG [5], ResNet [6], and InceptionV3 [7]—emerged
as a practical means of reducing data requirements and
improving feature quality. Initialization from large-scale
ImageNet representations enabled efficient learning from smaller
agricultural datasets. Nevertheless, these architectures still
struggled with the high intra-class visual variability and domain
shift inherent in uncontrolled field photography. [5,6,7]

Attention mechanisms represent a promising architectural
extension for improving spatial selectivity in CNN feature maps.
The CBAM module, introduced by Woo et al., [4] provides a
lightweight mechanism for jointly recalibrating channel-level
and spatial-level feature responses. Several subsequent studies
applied attention-enhanced networks to agricultural image
analysis, [9] reporting meaningful gains in classification
precision. However, a thorough evaluation of CBAM integrated
with compound-scaled architectures on genuinely difficult real-
field plant disease data has remained absent from the literature—
a gap that this work addresses directly.

Data augmentation and domain adaptation have also been
studied as complementary strategies for bridging the gap
between controlled training conditions and field deployment.
[10] Approaches such as random erasing, CutMix, and neural
style transfer have been used to artificially expand training
distributions. Despite these advances, achieving consistent
robustness across multiple sources of environmental variability
in real-world imagery remains an unsolved challenge.

II1. PROPOSED METHODOLOGY

The proposed framework is designed as a structured, end-to-end
pipeline that spans field image acquisition, multi-stage
preprocessing, augmentation-enriched data preparation, training
of an attention-enhanced deep learning model, and
explainability-based evaluation. Each stage is engineered to
collectively optimize classification accuracy under the
challenging conditions typical of real-field agricultural
photography.

A. Dataset Description

A dedicated real-field plant disease dataset was assembled
through systematic image collection campaigns conducted across
working agricultural farms in the Indian states of Tamil Nadu,
Maharashtra, and Punjab. Photographic data was captured using
both consumer-grade smartphones and DSLR cameras across a
broad spectrum of natural lighting conditions, including clear

direct sunlight, uniformly overcast skies, and partially filtered
illumination through crop canopies. The resulting collection
contains 54,306 annotated images spanning 26 distinct disease
categories across 14 crop species. [2,8] Ground-truth disease
labels were independently verified by plant pathology experts
affiliated with state agricultural universities. Table I summarizes
the dataset composition in terms of crop species, disease classes,
and image counts.

TABLE I. REAL-FIELD PLANT DISEASE DATASET COMPOSITION

Crop Disease Classes Image Count
Species
Tomato | Early Blight, Late Blight, Leaf Mold, Septoria Leaf 12,450
Spot
Potato Early Blight, Late Blight, Healthy 7,280
Maize | Common Rust, Northern Leaf Blight, Gray Leaf Spot 6,940
Rice Blast, Brown Spot, Bacterial Blight 8,120
Apple Scab, Black Rot, Cedar Rust 5,870
Grape Black Rot, Esca, Isariopsis Leaf Spot 4,960
Cotton Bacterial Blight, Leaf Curl, Alternaria 4,310
Wheat Stem Rust, Yellow Rust 4,376
Total 26 Disease Classes 54,306

B. Data Preprocessing

Images acquired under field conditions exhibit pronounced
variability in illumination intensity, spatial resolution, object
orientation, and background composition. To systematically
normalize these sources of noise, the preprocessing pipeline
applies Contrast Limited Adaptive Histogram Equalization
(CLAHE) to locally enhance contrast in regions of low
illumination without over-amplifying noise in brighter areas. [3]
All images are uniformly rescaled to 380x380 pixels, matching
the input resolution expected by EfficientNet-B4. Channel-wise
mean subtraction and variance normalization using ImageNet
statistics  stabilizes gradient magnitudes during training.
Perceptual hash-based deduplication filters out corrupt or
redundant images prior to training.

Class imbalance—a persistent challenge in real-world
disease datasets—is mitigated through mosaic augmentation,
which composites multiple images from minority categories into
a single training sample, thereby enriching the model's exposure
to underrepresented disease appearances. Additional online
augmentation operations include random horizontal and vertical
flipping, rotations within +30°, brightness and saturation
perturbation, random region erasing, and mixup regularization
[10] with mixing coefficient a = 0.4. These operations are
applied stochastically during each training iteration, maximizing
effective sample diversity without inflating on-disk storage
requirements.

C. Model Architecture

EfficientNet-B4 [3] forms the architectural backbone of the
proposed classifier. Unlike conventional manual architecture
design, EfficientNet scales network depth, width, and input
resolution simultaneously according to a mathematically
principled compound coefficient, achieving superior accuracy-
per-parameter efficiency. The backbone is initialized using
weights pretrained on ImageNet, providing a strong initialization
for agricultural image features, and the default classification
head is replaced with a task-specific fully connected module
sized for the 26-class disease taxonomy. [3]

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/I]SREM59286 |  Page2



https://ijsrem.com/

International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 10 Issue: 04 | April - 2026

SJIF Rating: 8.659

ISSN: 2582-3930

A CBAM attention block [4] is inserted immediately after
the final convolutional stage of EfficientNet-B4. Within CBAM,
the channel attention sub-module applies global average pooling
and global max pooling in parallel across the spatial dimensions
of each feature map, feeding both outputs through a shared
multi-layer perceptron (MLP) to produce channel-wise
recalibration weights. The spatial attention sub-module then
generates a 2D localization map from the channel-pooled feature
tensors, processed via a 7x7 depthwise convolutional filter.
Together, these mechanisms suppress background noise and
amplify the feature responses of disease-relevant leaf regions,
improving discriminative localization without a substantial
increase in model complexity. [4]

The classification head consists of a global average pooling
layer followed by a dropout layer (rate = 0.3) to regularize
training, terminating in a 26-way softmax output. The loss
function combines binary cross-entropy with label smoothing (e
= 0.1) to reduce overconfidence on noisy real-field annotations.
Optimization is performed using the AdamW optimizer coupled
with a cosine annealing learning rate schedule, initialized at
1x107* and annealed to 1x107° over 60 training epochs. [3,4]

D. Grad-CAM Explainability

Model interpretability is assessed using Gradient-weighted
Class Activation Mapping (Grad-CAM). [11] This technique
computes the gradient of the predicted class score with respect to
the activation maps produced by the final convolutional layer,
subsequently performing a weighted linear combination of these
maps to produce a coarse spatial heatmap that highlights image
regions most influential in driving the classification outcome.
The resulting visualizations serve a dual purpose: they verify that
the network attends to true pathological regions rather than
incidental background elements, and they provide a visually
interpretable explanation layer that builds trust among end
users—particularly agricultural practitioners and extension
workers—who may deploy the system in advisory contexts. [11]

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

All experiments were conducted on a dedicated workstation
configured with an NVIDIA A100 GPU (40 GB VRAM), 64 GB
of system RAM, and a software environment built on PyTorch
2.1 and CUDA 12.2. The complete dataset was divided into
training (70%), validation (15%), and held-out test (15%)
partitions using stratified random sampling to preserve class-
frequency ratios across all three subsets. All baseline
architectures were trained under identical hyperparameter
configurations to ensure fair and reproducible comparisons.
Training was performed with a batch size of 32, and an early-
stopping criterion with a patience of 10 validation epochs was
applied to prevent overfitting. [3,6]

B. Comparative Performance Analysis

Table II presents a systematic comparison of the proposed
model against six widely-referenced CNN baselines on the real-
field test partition. The proposed EfficientNet-B4 + CBAM
configuration achieves a top-1 accuracy of 96.7%, surpassing all
baselines by a statistically meaningful margin. [5,6,7,13,14]
Most notably, the incorporation of CBAM yields a 1.6
percentage-point improvement over the standalone EfficientNet-
B4, confirming that attention-guided feature suppression
provides a tangible benefit when classifying visually complex
real-world disease imagery. [4]

TABLE 1I. PERFORMANCE COMPARISON OF DEEP LEARNING
MODELS ON REAL-FIELD TEST SET

Model Accuracy | Precision Recall F1-Score
VGG-16 88.3% 87.1% 86.9% 87.0%
ResNet-50 91.4% 90.8% 90.5% 90.6%
InceptionV3 92.7% 92.1% 91.8% 91.9%
MobileNetV3 90.2% 89.4% 88.9% 89.1%
DenseNet-121 93.5% 93.0% 92.7% 92.8%
EfficientNet-B4 95.1% 94.7% 94.3% 94.5%
Proposed 96.7% 96.2% 95.9% 96.0%
(EfficientNet-B4 +
CBAM)

C. Crop-Wise Performance

Table III provides per-crop classification metrics for the
proposed model. Wheat achieves the highest accuracy (97.5%), a
result attributable to the visually distinctive surface texture of
rust infection on this crop. Maize records the lowest accuracy
(95.8%), reflecting the visual similarity between Common Rust
and Gray Leaf Spot symptoms under variable lighting.
Importantly, all eight crop categories exceed 95.5% accuracy,
demonstrating that the proposed framework generalizes reliably
across diverse botanical and disease-specific feature spaces—a
critical criterion for deployment in multi-crop farming
environments. [2,8]

TABLE 1II. CROP-WISE PERFORMANCE OF THE PROPOSED

MODEL

Crop Accuracy Precision Recall F1-Score
Tomato 97.2% 96.8% 96.5% 96.7%
Potato 96.9% 96.4% 96.1% 96.2%
Maize 95.8% 95.3% 95.0% 95.1%

Rice 97.0% 96.6% 96.3% 96.4%
Apple 96.4% 96.0% 95.7% 95.8%
Grape 95.6% 95.1% 94.8% 94.9%
Cotton 96.1% 95.7% 95.4% 95.5%
Wheat 97.5% 97.1% 96.8% 96.9%

D. Ablation Study

An ablation study was designed to isolate and quantify the
contribution of each architectural and preprocessing component
to the final performance. Removing CBAM from the complete
model causes top-1 accuracy to fall from 96.7% to 95.1%, [4]
confirming that attention-guided feature refinement plays a
meaningful role in suppressing the background interference that
frequently appears in real-field imagery. Omitting the mixup
regularization strategy reduces accuracy to 94.3%, [10]
underscoring the importance of this technique for managing class
imbalance. Substituting CLAHE with standard global histogram
normalization degrades accuracy further to 93.9%, [3]
demonstrating that adaptive local contrast enhancement is
essential for handling the illumination variability inherent in
field photography.

E. Grad-CAM Visualization Analysis

Qualitative analysis of Grad-CAM saliency maps
demonstrates that the proposed model consistently produces
high-activation responses precisely over pathologically affected
tissue—including necrotic lesions, chlorotic zones, and
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discolored infection patches—across all evaluated crop-disease
combinations. [11] By contrast, the baseline architectures
lacking attention modules frequently generate activation maps
that coincide with uninformative scene elements such as soil
patches, exposed stems, and leaf vein networks. This background
leakage degrades classification reliability under real-field
conditions. The consistency between Grad-CAM localization
and ground-truth lesion areas corroborates the quantitative
accuracy gains and provides an interpretability guarantee that is
essential for practical deployment in agricultural decision-
support systems. [11,12]

V. DISCUSSION

The experimental evidence presented in this study
consistently supports the conclusion that the proposed
EfficientNet-B4 + CBAM framework surpasses all evaluated
CNN baselines for plant disease classification under real-world
field conditions. [3,4] The performance advantage is most
pronounced for disease categories characterized by high intra-
class visual variability—particularly Tomato Late Blight, where
infection appearance shifts substantially across disease
progression stages, and Grape Esca, which produces
heterogeneous lesion morphologies. In these challenging cases,
the channel and spatial attention mechanisms provided by
CBAM offer targeted discriminative support that alternative
architectures lack. [4,9]

Consistent with prior domain shift analyses, [8] all
evaluated models experience a measurable reduction in accuracy
when transitioning from controlled benchmark conditions to
real-field test imagery. The proposed system curtails this
degradation through a combination of adaptive preprocessing,
aggressive data augmentation, and attention-guided feature
weighting, ultimately achieving 96.7% accuracy on the real-field
test set—a meaningful advance over previously published results
on comparable datasets.

From a deployment perspective, EfficientNet-B4 offers a
favorable computational profile compared to deeper alternatives
such as ResNet-152 [6] or VGG-19 [5] that achieve similar
accuracy at substantially higher parameter counts. [3] Mobile
inference benchmarks indicate an approximate latency of 47
milliseconds per image on a mid-range mobile processor,
satisfying the response-time requirements of real-time field
advisory applications.

Several limitations of the current study warrant
acknowledgment. The model produces binary disease
presence/absence classifications and does not currently quantify
disease severity or estimate progression stage—information that
would substantially enhance the granularity and clinical utility of
agronomic recommendations. [12] Furthermore, while the
dataset encompasses three major Indian states, it does not
represent all crop-growing regions or cultivar variants globally,
which may constrain generalizability in agronomically distinct
environments.

VI. CONCLUSION AND FUTURE WORK

This paper presented a deep learning-based plant disease
classification framework that couples EfficientNet-B4 [3] with a
Convolutional Block Attention Module (CBAM) [4], developed
and rigorously evaluated on a purpose-built real-field dataset
comprising 54,306 images across 14 crop species and 26 disease
categories. The proposed model achieves a top-1 accuracy of
96.7% on the held-out real-field test set, outperforming six
established CNN baselines while sustaining robust performance
across all crop-disease combinations. Grad-CAM saliency
analysis [11] confirms that the model learns -clinically
interpretable representations, directing its attention reliably

toward disease-relevant leaf tissue rather than extraneous
background regions. The computational efficiency of the
framework further supports its viability for integration into
smartphone-based field advisory applications.

Future research directions include extending the framework
to multi-task learning settings that simultaneously predict disease
category and infection severity level, enabling more actionable
management guidance. [12] Federated learning paradigms [1]
represent a promising avenue for enabling privacy-preserving
on-device model fine-tuning using locally collected farm data.
Incorporating complementary sensing modalities—such as
hyperspectral imaging and IoT-based environmental sensor
streams—may further improve detection accuracy under
complex and dynamically evolving field conditions. [9]
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