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Abstract—Automated detection of diseases in plants from leaf 
images is a growing need in the context of modern precision 
agriculture, where disease detection at early stages can help 
prevent significant loss in crops. However, existing deep learning- 
based solutions are mostly designed to detect a particular type 
of crop or a set of diseases, which makes them less applicable in 
real-world scenarios where multiple crops are involved.” In this 
paper, the authors propose a framework called EfficientCropNet, 
which uses a two-stage fine-tuned transfer learning model based 
on EfficientNetB3 for the simultaneous detection of 13 different 
disease and health states in three important crops: Apple, Corn, 
and Tomato. In the proposed framework, the authors use a 
robust multi-source consolidation of PlantVillage and FieldPlant 
datasets, along with class-balanced sampling with a maximum of 
2,000 images for a single class, and multiple augmentations for 
a training set comprising 27,239 images.In the training process, 
the network utilizes a two-stage training strategy, where in Stage 
1, the network focuses on training the custom classification head 
with the backbone network frozen, and in Stage 2, the last two 
groups of EfficientNetB3 convolutional blocks are unfrozen for 
domain-specific fine-tuning. The performance of the proposed 
EfficientCropNet has been evaluated on a validation set of 
4,535 images, where the network has achieved an accuracy 
of 99.78%, a macro F1-score of 0.99, and weighted-average 
precision and recall of 1.00, indicating the performance of the 
proposed network is comparable to the state-of-the-art single- 
crop ensemble approaches, with the advantage of the simpler 
single backbone deployment architecture of the proposed network 
for precision agriculture 

Index Terms—plant disease detection, EfficientNetB3, transfer 
learning, fine-tuning, multi-crop classification, deep learning, 
precision agriculture, convolutional neural networks 

 

I. INTRODUCTION 

Agriculture continues to be the mainstay of food security 

for humankind, with billions of people worldwide relying on 

it for their livelihoods. In spite of significant advancements 

in agricultural technology, plant diseases still cause significant 

economic loss. According to the Food and Agriculture Organi- 

zation (FAO) of the United Nations, 20-40crops are annually 

lost due to diseases caused by fungi, bacteria, viruses, and 

other pests [1]. High-value crops, especially tomatoes, maize, 

and apples, are particularly at risk, with tomato late blight 

capable of causing complete loss in a matter of days, apple 

scab causing consistent loss in apple orchards, and corn rust 

causing loss in maize-growing regions of the world. 

Existing methods for identifying diseases involve manual 

observation of crops by a qualified agronomist, which is 

a laborious process that is not only difficult to implement 

on a larger scale but also highly subjective in nature [20]. 

Recent developments in the field of deep learning, particularly 

convolutional neural networks (CNNs) [2], provide an exciting 

solution that enables the development of highly efficient auto- 

mated systems that can classify diseases based on images of 

leaves with a very high degree of accuracy. Transfer learning 

(TL) has emerged as the most popular method for image 

classification in the domain of agriculture, which enables 

the utilization of pre-trained models developed on large-scale 

generic datasets such as ImageNet for a variety of domain- 

specific tasks with minimal training data. 

Of all the available TL backbones, EfficientNet [4] is a 

notable model that adopts a composite scale method, which 

not only increases network depth and width but also input res- 

olution, achieving state-of-the-art accuracy with much fewer 

parameters. However, most plant disease detection systems 

that have been developed are only designed for a very narrow 

scope. Most of them only test on a particular crop, e.g., only 

tomatoes [9], [13]. In a real-world situation, a plant disease 

detection system for farming workers and mobile application 

users needs a model that is able to detect diseases on multiple 

crops simultaneously 

In order to overcome these drawbacks, this paper contributes 
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the following: 

• This paper proposes EfficientCropNet, a unified two-stage 

finetuning framework based on EfficientNetB3 for simul- 

taneous classification of 13 disease and health classes 

from Apple, Corn, and Tomato crops. 

• This paper proposes a class-balanced, curated multi- 

source dataset using PlantVillage and FieldPlant datasets 

and applying domain-specific augmentation for better 

generalization across laboratory and field settings. 

• This paper proposes a two-stage training framework, in 

which we selectively unfreeze the deepest convolutional 

blocks at a reduced learning rate for achieving an accu- 

racy of 99.78% overall accuracy. 

• We demonstrate that a single-backbone approach achieves 

accuracy competitive with multi-model ensemble meth- 

ods while offering a substantially simpler inference 

pipeline. 

The paper is organized as follows. Section II reviews 

related work. Section III describes the proposed methodology. 

Section IV details the dataset. Section V presents the experi- 

mental setup. Section VI reports results. Section VIII provides 

discussion. Section IX concludes with future directions. 

II. RELATED WORK 

A. CNN-Based Plant Disease Detection 

Existing DL-based disease detection systems implemented 

early were mostly based on custom CNN architectures. Baser 

et al. [9] proposed a system called TomConv, which attains 

98.19tomato crop by employing a simple CNN architecture. 

Arafath et al. [10] show the potential for CNN-based disease 

detection by attaining 99tomato, potato, and pepper crops 

by employing batch normalization and dropout layers. These 

works do not consider the multi-crop scenario. 

B. Transfer Learning Approaches 

The authors of [11] used VGGNet-based transfer learning 

to classify bell pepper bacterial spots and obtained a high 

precision of 97% and 96% using VGG16 and VGG19 models, 

respectively. Fatima et al. [16] utilized GoogleNet-based TL 

and obtained a high precision of 99.79% in three categories 

of diseases affecting the leaves of apples. Arshad et al. [12] 

proposed a model called PLDPNet by utilizing a combination 

of features from VGG19 and InceptionV3 models along with 

a vision transformer. The authors obtained a high accuracy 

of 98.66% on potato diseases. Sunil et al. [13] proposed a 

multilevel feature fusion network (MFFN) that uses channel, 

spatial, and pixel attention in conjunction with ResNet50. The 

authors obtained a high 99.88% in tomato data. 

C. Ensemble and Hybrid Models 

Khalid and Talukder proposed a Deep Multistacking In- 

tegrated (DMI) model, which utilizes a combination of five 

fine-tuned TL models (Xception, ResNet50V2, InceptionV3, 

DenseNet121, NASNetMobile) and an XGBoost classifier. The 

proposed DMI model recorded up to 99.86% accuracy on three 

PlantVillage-derived benchmark datasets. The result indicates 

the benefits of aggregation-based prediction from multiple 

models. Roy et al. proposed a PCA-DeepNet model combined 

with a GAN-based augmentation and a faster R-CNN localiza- 

tion method, achieving a high accuracy of 99.60% on a tomato 

dataset. Although this is a high accuracy, it should be noted 

that the proposed ensemble method requires handling multiple 

models and has a higher computational cost. 

D. Multi-Crop Classification 

Indira and Mallika [17] used AlexNet and MobileNet for 

classifying diseases for six different crops based on the 

PlantVillage and Kaggle datasets, reporting a maximum ac- 

curacy of 97.33% for MobileNet on 26 classes. However, the 

evaluation of this method is based on accuracy for individual 

crops, not a complete unified evaluation for a multiclass 

dataset. Ji et al. [18] proposed a novel ensemble method called 

UnitedModel for grape disease detection, which reported an 

accuracy of 98.57% on the PlantVillage test dataset. This 

work is an extension of the above studies, where a model is 

developed for 13 classes of a dataset with three different crop 

species, utilizing a principled two-stage fine-tuning method. 

E. EfficientNet in Agricultural Vision 

Tan and Le [4] showed that models of the EfficientNet 

family outperform ResNet, VGG, and Inception families in 

terms of accuracy parameter tradeoff for image classification 

on ImageNet. Research papers have exploited different models 

of EfficientNet for different agricultural applications, which 

showed promising results even for small datasets. However, 

a two-stage fine-tuning method for simultaneous classifica- 

tion of different images of three different plant species across 

different crops and diseases is novel. 

III. PROPOSED METHODOLOGY 

Fig. ?? illustrates the complete EfficientCropNet pipeline, 

consisting of five major stages: (1) multi-source data collection 

and label unification, (2) class-balanced sampling, (3) image 

preprocessing and augmentation, (4) two-stage EfficientNetB3 

fine-tuning, and (5) model evaluation and inference. 

A. Multi-Source Label Unification 

A critical design step is the construction of a unified 13-class 

label space covering three crops from heterogeneous source 

datasets. PlantVillage uses verbose class names (e.g., Apple 

Apple scab) while FieldPlant employs natural language la- 

bels (e.g., Corn Gray leaf spot). A deterministic label- 

mapping dictionary translates all source labels to the unified 

class set listed in Table I. Images from both sources are 

organized into class-named directories under a single root 

directory, producing a merged corpus before balancing is 

applied. 

B. Class Balancing 

The problem of class imbal- ances is a common issue for 

aggregated agricultural datasets. The risk of bias during model 

training towards classes with a large number of available 
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Fig. 1. EfficientCropNet end-to-end architecture pipeline. Multi-source data 
from PlantVillage and FieldPlant are unified into 13 classes, balanced, 
augmented, and passed through a two-stage EfficientNetB3 fine-tuning process 
followed by evaluation. 

 

 

examples is present. We address this by implementing a max- 

imum cap balancing strategy. We randomly select a number 

block comprises a series of depthwise separable con- volu- 

tions, squeeze and excitation (SE) units, and stochastic depth 

regularization. The pre-trained weights from the ini- tialization 

on the ImageNet dataset provide a rich set of hierarchical 

features, from edge and texture features in the early blocks to 

high-level features in the later blocks, which are useful for leaf 

disease classification tasks. A customized classification head 

is appended with the global average pooling (GAP) layer: 

A custom classification head is appended to the global 

average pooling (GAP) output of the backbone: 

yˆ = Softmax(W2 · Dropout0.5(ReLU(W1 · GAP(B(x))))) 
(1) 

where B(x) is the backbone feature map, GAP(·) reduces 

spatial dimensions to 1 × 1 × 1536, W1 ∈ R1536×256 and 

W2 ∈ R256×13 are trainable weights, and Dropout with rate 
0.5 provides regularization between the two dense layers. 

E. Two-Stage Fine-Tuning Strategy 

1) Stage 1 – Classification Head Training: The backbone 

layers are frozen during this phase (i.e., trainable = False). The 

∼0.4M-parameter custom head is trained for 15 epochs using 

of examples equal to N max =2,000 for classes with a number the Adam optimizer with the initial learning rate η1 = 10−3 

of available examples greater than Nmax. We do this without 

replacement. We set a random seed to 42 for reproducibility. 

Minority classes with fewer than Nmax examples are included 

in their entirety. The final number of examples for each class 

is shown in Table I. 

C. Image Preprocessing and Augmentation 

Images are resized to a resolution of 224 x 224 pixels to 

match the native input resolution for EfficientNetB3. Pixel 

intensity values are normalized using a special function de- 

veloped for the EfficientNet family of models. The function 

applies channel-wise subtraction of the mean values and 

standard scaling using ImageNet dataset statistics 

During training, the following online augmentation 

operations are applied stochastically via Keras 

ImageDataGenerator: 

• Random rotation: ±25◦ (Stage 1); ±20◦ (Stage 2) 

• Width and height shift: up to ±10% of image dimen- 
sions 

• Zoom range: random zoom up to 20% (Stage 1); 15% 

(Stage 2) 

• Horizontal flip: random mirroring along the vertical axis 

No augmentation is applied to the validation generator, which 

uses only the preprocessing normalization step. 

D. EfficientNetB3 Architecture 

EfficientNetB3 is derived from a Neural Architecture Search 

(NAS) procedure with compound coefficient ϕ = 1.4, simul- 

taneously scaling depth (d = 1.4), width (w = 1.2), and 

resolution (r = 1.3) relative to the EfficientNetB0 baseline [4]. 

The network architecture comprises seven significant groups 

of MBConv blocks (Block1, Block2, ..., Block7), where each 

and categorical cross entropy loss. 

This stage of training quickly adapts the classification head 

to the target 13-class label space, while the entire learned 

feature representations of the backbone are retained. 

2) Stage 2 – Selective Backbone Fine-Tuning: The Stage 

1 model is reloaded, and the last two convolutional block 

groups (Block6 and Block7) of the EfficientNetB3 backbone 

are selectively unfrozen (trainable = True). All the previous 

layers are kept frozen in order to maintain the low-level 

and mid-level ImageNet representations learned from the pre- 

trained model. Stage 2 training is conducted for 8 epochs 

with a decreased learning rate η2 = 10−4 in order to prevent 

destructive gradient updates for the pre-trained weights. Three 

performance metrics are used: Top-1 accuracy, Top-2 accuracy, 

Top-3 accuracy. 

The rationale behind this two-stage strategy is based on 

the principle of gradual unfreezing, where stabilizing the 

classification head before unfreezing the deeper layers to 

the domain gradients leads to faster convergence and better 

generalization than the alternatives of end-to-end fine-tuning 

from scratch and head-only training throughout. 

IV. DATASET DESCRIPTION 

A. Data Sources 

The unified dataset draws from two publicly available 

sources: 

PlantVillage [12]: A popular dataset with over 54,000 leaf 

images, spread over 38 classes, captured in a lab environment 

with controlled lighting conditions. We sample a subset of this 

data for the classes Apple (scab, cedar apple rust, healthy), 

Corn (cercospora/gray leaf spot, common rust, northern leaf 

blight, healthy), and Tomato (bacterial spot, early blight, late 

blight, mosaic virus, yellow leaf curl virus, healthy). 
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FieldPlant [13]: A Field-collected crop image dataset in 

YOLO format under natural outdoor lighting conditions for 

Corn and Tomato classes. Inclusion of FieldPlant images 

introduces diversity to the domains and reduces the ”lab-to- 

field” generalization gap for PlantVillage-based systems. 

B. Unified Class Definition 

 
TABLE I 

UNIFIED CLASS DISTRIBUTION AFTER BALANCING 

stack consisted of Python 3.9, TensorFlow 2.10, Keras (inte- 

grated), scikit-learn 1.2, NumPy 1.24, and Seaborn 0.12 for 

visualization. The dataset acquisition step employed Kaggle 

Hub for automated downloading and PyYAML for YOLO 

annotation parsing. 

B. Hyperparameter Configuration 

Table II summarizes the complete hyperparameter configu- 

ration used in both training stages. 

TABLE II 
HYPERPARAMETER CONFIGURATION FOR BOTH TRAINING STAGES 

 

Parameter Stage 1 Stage 2 

Input resolution 224×224 224×224 
Batch size 16 16 

Epochs 15 8 

Optimizer Adam Adam 

Learning rate 1 × 10−3 1 × 10−4 
Loss function Cat. cross-entropy Cat. cross-entropy 

Backbone frozen layers All All except Block6, Block7 

Trainable parameters ∼0.4M ∼4.2M 

Dropout rate 0.5 0.5 

Dense head units 256 256 

Augmentation Rotation, shift, Rotation, shift, 

 zoom, flip zoom, flip 

 

C. Dataset Split 

The merged corpus is partitioned into training (80%) and 

validation (20%) subsets. The training generator contains 

22,704 images; the validation generator contains 4,535 im- 

ages. Class-stratified sampling ensures balanced representation 

across both splits. 

 

 
Fig. 2. Sample leaf images from the unified 13-class dataset. Top row 
(L-R): Apple scab, Apple rust, Apple healthy, Corn gray leaf spot, 
Corn rust, Corn leaf blight, Corn healthy. Bottom row: Tomato bacterial, 
Tomato early blight, Tomato late blight, Tomato mosaic virus, 
Tomato yellow virus, Tomato healthy. 

   

 

 

V. MODEL TRAINING SETUP 

A. Hardware and Software Environment 

All experiments were performed on an Intel Core i7 work- 

station with an NVIDIA GPU (8 GB VRAM). The software 

VI. EXPERIMENTAL RESULTS 

A. Overall Classification Performance 

Table III presents the per-class precision, recall, and F1- 

score on the held-out validation set of 4,535 images. Effi- 

cientCropNet achieves perfect or near-perfect scores across 

almost all 13 classes. 

 
TABLE III 

PER-CLASS CLASSIFICATION REPORT (VALIDATION SET, n = 4,535) 

 
Class P R F1 Supp. 

Apple healthy 1.00 1.00 1.00 766 

Apple rust 0.99 1.00 0.99 371 

Apple scab 1.00 0.99 1.00 467 

Corn gray leaf spot 0.90 1.00 0.95 88 

Corn healthy 1.00 1.00 1.00 202 

Corn leaf blight 1.00 0.97 0.99 377 

Corn rust 1.00 0.99 1.00 199 

Tomato bacterial 1.00 0.99 1.00 340 

Tomato early blight 1.00 1.00 1.00 231 

Tomato healthy 1.00 1.00 1.00 257 

Tomato late blight 1.00 1.00 1.00 305 

Tomato mosaic virus 0.98 1.00 0.99 62 

Tomato yellow virus 1.00 1.00 1.00 870 

Accuracy 99.78% 4535 

Macro avg 0.99 1.00 0.99 4535 

Weighted avg 1.00 1.00 1.00 4535 

 

The model attains 100% precision and recall for the majority 

of classes. The notable exception is Corn gray leaf spot, for 

which we obtain a precision of 0.90, driven by relatively low 

support (88 validation samples, as it is the class with the lowest 

number of training images, i.e., 440). The recall, however, is 

Unified Class Crop Images 

Apple healthy Apple 2,000 

Apple rust Apple 1,856 

Apple scab Apple 2,000 

Corn gray leaf spot Corn 440 

Corn healthy Corn 1,013 

Corn leaf blight Corn 1,888 

Corn rust Corn 999 

Tomato bacterial Tomato 1,703 

Tomato early blight Tomato 1,157 

Tomato healthy Tomato 1,287 

Tomato late blight Tomato 1,527 

Tomato mosaic virus Tomato 312 

Tomato yellow virus Tomato 1,522 

Total — 17,704 
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perfect at 1.00, showing all true instances of gray leaf spot are 

detected, albeit with a small number of false positives from 

neighboring corn disease classes. 

B. Confusion Matrix Analysis 

Fig. 3 resents the confusion matrix for the 13-class vali- 

dation set. The strong diagonal dominance indicates that the 

accuracy for each class is almost perfect. The only noticeable 

error cluster off the diagonal is for Corn gray leaf spot, 

where a few instances are classified as Corn leaf blight. This 

is not unexpected, given the visual similarity between the two 

diseases, which manifest as lesions on the leaves with necrotic 

centers, and the training set size for this class was not large. 

 

 
Fig. 3. Confusion matrix on the 4,535-image validation set. Rows are true 
labels; columns are predicted labels. Strong diagonal values confirm near- 
perfect per-class accuracy. The only notable off-diagonal activity is between 
Corn gray leaf spot and Corn leaf blight. 

     

 

 

C. Per-Class Accuracy 

Fig. 4 illustrates per-class accuracy derived from the con- 

fusion matrix diagonal. All 13 classes achieve accuracy above 

0.90, with 11 classes at or above 0.99. The lowest accuracy 

class (Corn_gray_leaf_spot, 0.90) still far exceeds con- 

ventional CNN baselines [15] on within-crop benchmarks. 

D. Training Convergence 

Stage 1 training over 15 epochs brought validation accuracy 

from approximately 72% at epoch 1 to ∼97% by epoch 15, 
demonstrating smooth convergence under learning rate 10−3. 
Stage 2 fine-tuning over 8 further epochs raised the validation 

accuracy from 97% to 99.78%, with the reduced learning rate 

of 10−4 ensuring stable updates within the unfrozen Block6 

and Block7 layers. Fig. 5 shows the combined training and 

validation accuracy and loss curves. 

 

 

 
Fig. 4. Per-class accuracy on the validation set for all 13 unified disease and 
health categories. All classes exceed 0.90 accuracy; 11 of 13 classes exceed 
0.99. 

 

Fig. 5. Training and validation accuracy (top) and categorical cross-entropy 

loss (bottom) for Stage 1 (epochs 1–15, η=10−3) and Stage 2 (epochs 16– 

23, η=10−4). The two-stage strategy produces smooth convergence without 
overfitting. 

 

 

 

E. Top-kk Accuracy 

 

Stage 2 tracking of Top-2 and Top-3 metrics confirms strong 

model calibration. The model achieves Top-2 accuracy of 

99.96% and Top-3 accuracy of 100% on the full validation set. 

A representative inference on a single Apple_scab sample 

yields: Top-1 = Apple scab (0.7541), Top-2 = Apple rust 

(0.1857), Top-3 = Apple healthy (0.0601), demonstrating that 

model uncertainty is concentrated within the correct crop 

species rather than across crop boundaries—a desirable prop- 

erty for multi-crop deployment. 
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VII. COMPARATIVE ANALYSIS 

Table IV compares EfficientCropNet with some represen- 

tative state-of-the-art methods in the recent literature. Note 

that for fair comparison, we should mention that most of the 

methods in the literature have been evaluated on a single crop 

type, while we have considered three crop species at once with 

a unified 13-class model. 

 
TABLE IV 

COMPARISON WITH STATE-OF-THE-ART PLANT DISEASE DETECTION 

METHODS 
 

Method Crop / Dataset Acc. (%) Cls. 

TomConv [15] 

FC-SNDPN [24] 

MFFN [28] 

PCA+DeepNet [29] 

PLDPNet [27] 

YOLOv5 [30] 

GoogleNet TL [31] 

DMI (Ours Ref.) [23] 

DMI (Ours Ref.) [23] 

DMI (Ours Ref.) [23] 

MobileNet [32] 

Tomato, PV 

Tomato, PV 

Tomato, PV 

Tomato, PV 

Potato, PV 

Potato, PV 

Apple, PV 

TDDS, PV 

PPDS, PV 

AGDS, PV 

6 crops, PV 

98.19 

97.59 

99.88 

99.60 

98.66 

99.75 

99.79 

99.78 

99.86 

99.82 

97.33 

10 

10 

10 

10 

3 

3 

4 

10 

5 

8 

26 

EfficientCropNet (Ours) Apple+Corn 

+Tomato 

99.78 13 

 

On the one hand, EfficientCropNet obtains an accuracy 

comparable to or even higher than that of the best individual 

crop-specific models, while on the other, it also achieves this 

within a broader scope of multi-crops compared to the state-of- 

the-art. When compared to the multistacking ensemble method 

based on the DMI ensemble method [7], which needs five 

different TL models and an XGBoost model for the meta- 

classification, EfficientCropNet only needs a single Efficient- 

NetB3 model, thus providing a much simpler inference flow. 

In comparison with the multi-crop classification method based 

on MobileNet [17], our method improves accuracy by 2.45% 

(99.78% vs. 97.33%) over a unified 13-class label space. 

VIII. DISCUSSION 

A. Effectiveness of Two-Stage Fine-Tuning 

This two-stage approach was seen as being crucial to the 

high accuracy of the model on the multi-source, multi-crop 

dataset. In Stage 1, the custom classification head is stabilized 

before domain gradients are introduced. In Stage 2, the high- 

level features of Block6 and Block7 are refined, capturing 

features such as leaf texture, lesion color, and vein patterns, 

while low-level ImageNet features are preserved in earlier 

blocks. The approximately 2.8 percentage point gain from 

Stage 1 (∼97%) to Stage 2 (99.78%) validates this design 
choice and suggests that selective unfreezing is preferable 
to either full fine-tuning or head-only training for multi-crop 
disease classification. 

B. Class Imbalance and Minority Classes 

The hardest class to learn is Corn gray leaf spot with a 

mere 88 validation samples. Still, the class has a recall rate 

of 1.00 and an F1-score of 0.95, implying that the data 

augmentation pipeline coupled with the high inductive bias of 

EfficientNetB3 enables the learning of discriminative features 

with a small amount of data. The price for this is a slightly 

increased false positive rate (precision: 0.90), implying that 

some Cornleafblight images are misclassified as gray leaf 

spot. Further research should focus on using GAN-based data 

oversampling for underrepresented classes. 

C. Cross-Crop Prediction Boundaries 

From the confusion matrix, we observe that errors in 

prediction occur almost exclusively within-crop rather than 

between-crop. This means that the model does not mix and 

match apple disease with tomato and corn disease. This is 

an indicator that EfficientNetB3 successfully learns visual 

features for each crop within the unified label space. This 

cross-crop discrimination capability validates the framework 

for unified multi-crop deployment without model switching. 

D. Inference Efficiency 

Significantly, a single backbone approach offers deployment 

benefits over the use of ensembles. The EfficientNetB3 model 

has 12M parameters and takes around 3 seconds for a single 

224 x 224 image on the CPU or less than 50 ms on a 

modern GPU. In contrast, the DMI model [7], which relies 

on an ensemble approach, involves a series of sequential 

forward passes through five different networks and a final 

meta-classifier, making the overall inference time much longer 

compared to the proposed approach. 

E. Limitations 

However, there are some limitations that need to be ad- 

dressed. First, the PlantVillage dataset is mostly laboratory- 

based, which was captured under laboratory lighting condi- 

tions. This could affect the robustness of the model. Secondly, 

the model is based on only three crop classes, which could 

be extended to include rice, wheat, grape, and potato crops. 

Thirdly, grading of the diseases is not considered within each 

class. 

IX. CONCLUSION 

In this paper, we proposed a novel unified two-stage fine- 

tuned transfer learning framework, namely EfficientCropNet, 

based on EfficientNetB3 for the simultaneous classification 

of 13 plant diseases and health states for Apple, Corn, and 

Tomato crops. Using the data from PlantVillage and FieldPlant 

datasets, class-balanced sampling, and a two-stage training 

process where only the deepest convolutional blocks are fine- 

tuned with a lower learning rate, EfficientCropNet was shown 

to have an overall accuracy of 99.78%, macro F1-score of 

0.99, and Top-3 accuracy of 100% on a validation set of 

4,535 images. This framework achieves comparable accuracy 

with existing specialized single-crop ensemble methods, as 

well as the benefits of a single backbone model with easier 

deployability. These results prove that a well-tuned single 

EfficientNetB3 model can be a viable solution for scalable 
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multi-crop plant disease detection, which can be applied in 

real-world precision agriculture tools, mobile diagnosis tools, 

and automated monitoring systems. 

A. Future Work 

The following research directions are identified for future 

investigation: 

• Dataset expansion: Extending the unified class space to 

include rice, wheat, grape, and potato crops to cover the 

majority of global staple production. 

• Domain adaptation: Incorporating self-supervised pre- 

training and domain adaptation techniques to bridge the 

laboratory-to-field gap. 

• GAN augmentation: Employing conditional GANs to 

synthesize additional minority-class samples and reduce 

class imbalance for underrepresented conditions. 

• Severity grading: Adding an ordinal regression branch 

to estimate disease severity alongside disease category. 

• Attention integration: Incorporating spatial attention 

modules or vision transformer blocks to explicitly focus 

model attention on lesion regions. 

• Mobile deployment: Quantizing and distilling the model 

into TensorFlow Lite format for real-time on-device in- 

ference by field workers. 
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