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v complemented by per-class analysis through aggregated out-of-fold
Corn leaf disease predictions. Class weights were applied to the CrossEntropyLoss function as
Imbalanced dataset a fixed experimental control for class imbalance, with the primary objective

being the benchmarking of the two architectures rather than the comparison of
imbalance-handling strategies. The experimental results revealed that
EfficientNet-BO0 consistently outperformed MobileNetV3, achieving a Macro-
F10f0.9778 and an accuracy of 0.9796 with lower variance across folds. Error
analysis through the OOF confusion matrix and a misclassification gallery
confirmed that persistent errors predominantly occurred between Gray Leaf
Spot and Healthy classes, particularly on early-symptom images captured
under inconsistent lighting conditions.

Transfer learning
Computer vision
Deep learning

This is an open access article under the CC BY-SA license.

0

Corresponding Author:

Anindita Septiarini,

Department of Informatics,

Faculty of Engineering, Universitas Mulawarman,

Kuaro Street, Gunung Kelua, Samarinda Ulu, Samarinda, East Kalimantan 75117, Indonesia
Email: anindita@unmul.ac.id

https://doi.org/10.52465/joscex.v7i2.30

1. INTRODUCTION

Indonesia ranks among the largest corn producers in Southeast Asia. According to Statistics Indonesia,
national dry-shelled corn production reached 15.14 million tons from 2.55 million hectares of harvested area
in 2024, reflecting a 2.47% year-on-year increase [1]. Despite this upward trend, productivity remains
threatened by foliar diseases, including leaf blight, rust, and downy mildew that can reduce yields by 50 to
100% in susceptible varieties [2], [3]. Conventional disease identification relies on manual field inspection, a
process that is inherently subjective, inconsistent, and heavily dependent on the observer's expertise [4], [5].
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These limitations highlight the urgent need for automated classification systems that are faster, more objective,
and reproducible.

Deep learning, particularly Convolutional Neural Networks, has emerged as a powerful approach for
plant disease image classification [6], [7]. Transfer learning further accelerates this process by leveraging
pretrained weights from large-scale datasets such as ImageNet, enabling strong feature extraction even on
moderately sized domain-specific datasets [8], [9]. Among the available architectures, MobileNetV3 and
EfficientNet-BO stand out for their balance between accuracy and computational efficiency, making them
suitable candidates for deployment on resource-constrained devices [10], [11]. Several prior studies have
explored these and other architectures for corn leaf disease detection. A modified MobileNetV3 with attention
modules achieved 98.23% accuracy on corn leaf data [12], while an enhanced EfficientNet-B0 incorporating
CBAM and multi-scale fusion reached 98.32% accuracy [13]. Real-time maize disease detection using
YOLOVS8n reported 99.04% accuracy [14]. In related agricultural domains, a comparative study of YOLOvVS
and YOLOVS on rice leaf disease datasets demonstrated the superiority of YOLOvS with mAP50 of 0.924 [15],
and a benchmarking study of four transfer learning architectures on imbalanced skin cancer data using Focal
Loss and Stratified Group-KFold cross-validation identified ConvNeXt-Tiny as the most stable model [16]. In
the medical imaging domain, the integration of DenseNet-169 with CBAM for tuberculosis classification
achieved 99.43% accuracy [17]; nevertheless, a common limitation across these studies is their reliance on
single-split evaluation with accuracy as the primary metric, which reduces reliability when underlying data is
imbalanced [18], [19].

Despite these advances, two research gaps remain. First, a direct head-to-head comparison between
vanilla MobileNetV3 and EfficientNet-B0O on multi-class corn leaf disease data under rigorous cross-validation
protocols has not been reported. Second, systematic error analysis that connects confusion matrix patterns to
the visual characteristics of misclassified images is still rarely explored in the corn disease domain.

This study addresses these gaps using the Seasonal Corn Leaf Disease Dataset from Mendeley Data
2025, comprising 2,943 images distributed across five classes: Healthy with 1,038 images, Bacterial Leaf
Streak with 190, Common Rust with 129, Gray Leaf Spot with 1,497, and MCMYV with 89 [2]. The extreme
imbalance, Gray Leaf Spot alone accounts for over half the dataset while MCMV contributes only 3% —
necessitates the adoption of Macro-F1 as the primary metric, which treats all classes equally regardless of their
sample size [18], [20]. Stratified 5-Fold Cross-Validation ensures proportional class representation in every
fold and reduces split-dependent bias [21], [22].

Specifically, this study offers three contributions: a head-to-head comparison of MobileNetV3 and
EfficientNet-BO0 under Stratified 5-Fold cross validation with a fixed seed for reproducibility; the adoption of
Macro-F1 with mean and standard deviation reporting across folds to assess both performance level and
consistency; and an error analysis grounded in aggregated OOF confusion matrices and a visual
misclassification gallery that traces prediction errors back to data-level characteristics. This evaluation
framework, in which class weighting serves as a fixed control rather than a subject of comparison, aligns with
recent benchmarking practices in transfer learning [16] and plant disease detection studies emphasizing
precision, recall, F1, and confusion matrix analysis [14], [15], [23].

2. METHOD

This section describes the complete experimental pipeline from data acquisition through model
evaluation. The overall workflow is illustrated in Figure 1. After preprocessing, Stratified 5-Fold Cross-
Validation splits the data while preserving class proportions in each fold. Both models are trained per fold, and
the resulting validation predictions are concatenated into a single out-of-fold set so that every sample is
evaluated exactly once in a held-out context [22].
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Figure 1. Workflow of corn leaf disease classification

Dataset
The Seasonal Corn Leaf Disease Dataset was collected from several agricultural fields in Gurudaspur,

Natore, Rajshahi, Bangladesh, and published through the Mendeley Data repository in 2025 [2]. It contains
2,943 images distributed across five categories as shown in Table 1.

Table 1. Class distribution in the dataset

Class Amount  Proportion
Healthy 1.038 3527%
Bacterial Leaf Streak 190 6,46%
Common Rust 129 4,38%
Gray Leaf Spot 1.497 50,87%
MCMV 89 3,02%
Total 2.943 100%

Gray Leaf Spot dominates more than half the dataset while MCMYV contributes only 89 images. This
skewness motivates both the adoption of Macro-F1 as the primary metric and the application of class weights
in the loss function [18], [20]. Representative raw samples from each class are shown in Figure 2. Several
classes share overlapping symptom characteristics that make visual separation challenging, particularly at early
stages [7], [14]. These similarities are discussed further in the error analysis section.

a. Healthy b. Bacterial Leal Streak € Common Rust d. Gray Leal Spot e MCMV

Figure 2. Raw image samples per class

Preprocessing and Augmentation

All images were resized to 224x224 pixels and normalized using ImageNet statistics [8], [24]. Three
augmentation techniques were applied exclusively to the training subset: RandomHorizontalFlip with
probability 0.5, RandomRotation within a 15-degree range, and ColorJitter with brightness and contrast
variation of 0.15 each [25]. Validation data underwent only resizing and normalization. Rotation was bounded
at 15 degrees to prevent unrealistic distortion of lesion morphology, and jitter parameters were kept low to
simulate natural field lighting variation [7].

Architectures and Transfer Learning

Two architectures pretrained on ImageNet were selected for direct comparison: MobileNetV3-Large
and EfficientNet-B0, with their final classification layers replaced to produce five-class outputs. Both models
have roughly comparable parameter counts, approximately 5.4 million for MobileNetV3 and 5.3 million for
EfficientNet-BO0, yet they differ fundamentally in design philosophy. MobileNetV3 relies on inverted residual
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blocks combined with Squeeze-and-Excitation mechanisms and h-swish activation to minimize computational
cost, an approach that has proven effective in various plant disease studies [10], [26]. EfficientNet-B0, by
contrast, employs compound scaling to simultaneously balance network depth, width, and resolution, yielding
richer feature representations without excessive parameter growth, and has been adopted in image-based
detection systems across multiple domains [11], [27]. Both architectures were chosen because they remain
competitive in plant disease image classification despite their relatively small footprint [12], [13], [28]. The
detailed layer-by-layer structures of both architectures as configured in this study are illustrated in Figure 3(a)
for MobileNetV3-Large and Figure 3(b) for EfficientNet-B0.

MobileNetV3-Large

Input
224 x 224 x 3

Conv2d 3X3, =2 -+ 112x112%16

InvRes x1 | RE, No SE | 112x112x16

InvRes x2 | RE, No SE | 56X56x24

InvRes x3 | RE, SE | 28x28x40

InvRes x4 | H-Swish | 14x14x80-112

InvRes x3 | H-Swish, SE | 14x14x160

Conv2d 1x1, H-Swish - 7x7x960

Global Average Pooling = 1x1x960

Conv2d 1x1 — 1280, H-Swish

Dropout (p=0.2)

Linear - 5 Classes (Custom Head)

Softmax - 5 Probabilities

(a)

EfficientNet-BO

Input
224 x 224 x 3

Conv2d 3x3,5=2 + 112x112x32

MBConv1, k3 x1 | SE, Swish | 112x112x16

MBConv6, k3 x2 | SE, Swish | 56x56x24

MBCoNV6, k5 X2 | SE, Swish | 28x28x40

MBConv6, k3 %3 | SE, Swish | 14x14x80

MBConv, k5 x3 | SE, Swish | 14x14x112

MBConv6, k5 x4 | SE, Swish | 7x7x192

MBConv6, k3 x1 | SE, Swish | 7x7x320

Conv2d 1x1 — 1280, Swish

Global Average Pooling — 1x1x1280

Dropout + Linear — 5 Classes

Softmax - 5 Probabilities

(b)

Figure 3. Model architectures: (a) MobileNetV3-Large, (b) EfficientNet-B0O

As shown in Figure 3(a), MobileNetV3-Large begins with a standard 3x3 convolution with stride 2
that reduces the spatial resolution by half, followed by a series of inverted residual blocks organized into seven
stages. The earlier stages employ the RE activation function without Squeeze-and-Excitation, while the deeper
stages transition to H-Swish activation with SE modules enabled to enhance channel-wise feature recalibration.
A 1x1 convolution expands the feature maps to 960 channels before global average pooling compresses the
spatial dimensions. The original classifier was replaced with a custom head consisting of a 1x1 convolution
projecting to 1,280 dimensions, a dropout layer with rate 0.2, and a fully connected layer producing five class
outputs.

As shown in Figure 3(b), EfficientNet-BO similarly starts with a 3x3 convolution with stride 2 but
outputs 32 channels. The backbone consists of seven stages of Mobile Inverted Bottleneck Convolution blocks
with expansion ratio 6, alternating between 3x3 and 5x5 kernel sizes. All MBConv blocks incorporate SE
modules and Swish activation throughout the entire network, unlike MobileNetV3 which selectively enables
these components. A 1x1 convolution expands the final features to 1,280 channels followed by global average
pooling. The custom classification head consists of a dropout layer and a linear layer mapping to five output
classes.
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Both architectures share a comparable total parameter count of approximately 5.3 to 5.4 million, yet
their structural differences in activation functions, SE module placement, and scaling strategy lead to distinct
feature extraction behaviors that are reflected in the experimental results presented in Section 3.

Evaluation Protocol: Stratified S5-Fold Cross-Validation and OOF

Evaluation employed Stratified 5-Fold Cross-Validation with shuffling and a fixed seed of 42.
Stratification ensures that each fold maintains approximately the same class proportions — critical for
imbalanced datasets where a non-stratified fold might exclude minority classes entirely — while five folds
were selected to balance estimation stability and computational cost, retaining approximately 17—-18 samples
per minority class in each validation fold [21], [22]. After all five folds complete training, validation predictions
are aggregated into a single OOF prediction set, from which confusion matrices and all per-class metrics are
computed [29].

Loss Function and Class Imbalance Handling

To prevent the model from defaulting to majority-class predictions during training, class weights were
applied exclusively to the CrossEntropyLoss function using an inverse-frequency scheme, while validation
folds retained their natural class distribution to reflect real-world evaluation conditions. The weight for each
class is calculated as shown in Equation (1) [19], [30]:

W =— (1)

- K-n¢

Where N denotes the total number of training samples in the current fold, K is the total number of
classes (five in this study), and n, is the number of training samples belonging to class c. The resulting weight
w, is inversely proportional to class frequency, meaning minority classes receive larger weights and thus
contribute more to the loss during training.

1

N
L=—3) wy log(iy) @
i=

In Equation (2), wy,; is the weight assigned to the true class of sample i, and p; ,; is the predicted
probability that the model assigns to that correct class. A lower predicted probability for the correct class yields
a higher loss, and the class weight amplifies this penalty for underrepresented classes.

Training Configuration

Training used the AdamW optimizer with a weight decay of 1x10~* and followed a two-stage scheme.
In the first stage spanning three epochs, the backbone was frozen and only the classification head was trained
at a learning rate of 1x1073, allowing the new head to stabilize without disrupting pretrained features [8]. In the
second stage running for a maximum of ten epochs, the entire backbone was unfrozen for full fine-tuning at a
reduced learning rate of 3x107*. All experiments used a batch size of 32 with 224x224 input resolution and
mixed-precision training via AMP FP16. Early stopping monitored validation Macro-F1 with patience of three
epochs [31]. The global random seed was fixed at 42.

Evaluation Metrics

Macro-F1 was selected as the primary metric because it assigns equal weight to all classes regardless
of sample size, unlike accuracy which inherently favors the majority class [18], [20]. Per-class precision and
recall are defined as shown in Equation (3) and Equation (4):

TPc

Precision, = ——— (3)
TP+FP,
TP,
Recall, = < 4)
TP+FN

These are combined via harmonic mean into per-class F1 as shown in Equation (5):

2-Precision-Recall
Fle =" )

Precisionc+Recall¢

Macro-F1 is then the unweighted average across all classes as formulated in Equation (6):
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Macro-F1 = =K, F 1, (6)

Weighted-F1 is additionally reported as a supplementary metric for completeness [32].

K
Accuracy = % @)

In Equation (7), YX_; TP. denotes the total number of correctly classified samples across all classes, and N is
the total number of samples. Although accuracy provides an intuitive overall summary of model performance,
it tends to be inflated by correct predictions on the majority class in imbalanced settings, making it an unreliable
standalone metric for datasets with skewed class distributions [18], [32]. For this reason, accuracy is retained
as a supplementary metric alongside Macro-F1 rather than as the basis for model selection.

3.  RESULTS AND DISCUSSIONS
Augmentation Results

(&) anigmnal {0) Mip {c) rotste +12°

Figure 4. Examples of augmentation results
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Representative augmentation results applied to the training subset are displayed in Figure 4. The
transformations were deliberately kept mild to preserve the diagnostic features of each disease class while
introducing sufficient variability to reduce overfitting.

Main Cross-Validation Results

EfficientNet-B0 achieved a Macro-F1 of 0.9778 with a standard deviation of 0.0085 and an accuracy
of 0.9796 with a standard deviation of 0.0051, while MobileNetV3 obtained a Macro-F1 of 0.9671 with a
standard deviation of 0.0215 and an accuracy of 0.9721 with a standard deviation of 0.0130. The gap in mean
Macro-F1 is modest, but the more revealing difference lies in variance. EfficientNet-B0 exhibited substantially
lower standard deviation across folds, indicating consistent performance regardless of how minority-class
samples were distributed among folds [18], [22].

Architecturally, this advantage likely stems from its compound scaling strategy that jointly optimizes
depth, width, and resolution [27], producing more diverse features compared to MobileNetV3 which prioritizes
computational efficiency through depthwise separable convolutions [26]. A similar pattern was observed by
Aufar et al. [16], where architectures with higher representational capacity demonstrated superior stability on
imbalanced datasets.

Per-Class Results from OOF Aggregated Predictions

Per-class performance computed from the aggregated OOF predictions is presented in Table 3. On
MobileNetV3, the best F1 scores were observed on the two largest classes while MCMYV recorded the lowest
F1 among all five categories. Despite class weights and stratification, depthwise separable convolutions in
MobileNetV3 are inherently constrained in building discriminative representations for visually ambiguous
categories, and with only 89 MCMYV training images, limited sample diversity compounded this architectural
limitation [19], [26], [30].

Table 3. Per-class performance from OOF aggregated predictions

Class — Support MobileNetV3 P R F1 EfficientNet-B0 P R F1
Bact. Leaf Streak — 190 0.9734 0.9632  0.9683 0.9742 0.9947 = 0.9844
Common Rust — 129 1.0000 0.9535 ' 0.9762 0.9556 1.0000 @ 0.9773
Gray Leaf Spot — 1,497 0.9804 0.9686 = 0.9745 0.9925 0.9713 | 0.9818
Healthy — 1,038 0.9622 0.9807 09714 0.9696 0.9846 = 0.9771

MCMV — 89 0.9158 0.9775 | 0.9457 0.9368 1.0000 | 0.9674
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Macro Avg 0.9672 0.9776
Weighted Avg 0.9722 0.9796

EfficientNet-BO showed a more uniform improvement, particularly on classes that lagged under
MobileNetV3. Perfect recall was achieved on Common Rust and MCMV, meaning every sample from these
classes was correctly identified. However, precision on Common Rust decreased compared to MobileNetV3,
indicating a trade-off where some samples from other classes were incorrectly assigned to Common Rust [23],
[32]. The gap between Macro Avg F1 and Weighted Avg F1 was notably smaller on EfficientNet-BO0,
confirming more equitable treatment of minority classes [20].

OOF Confusion Matrix and Error Patterns

Normalized OOF confusion matrices for both models are displayed in Figure 5. On MobileNetV3,
off-diagonal cells reveal consistent confusion between Common Rust and Gray Leaf Spot, Gray Leaf Spot and
Healthy, and Bacterial Leaf Streak and Gray Leaf Spot. All three pairs involve classes sharing lesion symptoms
on the leaf surface, making visual separation difficult under suboptimal imaging conditions.

mobilenetv3_oof - CM (normalized) 1.0

efficientnetb0_oof - CM (normalized)

Bacterial Leaf Streak Bacterial Leaf Streak

Common_rust Common_rust

Gray_leaf_spot Gray_leaf spot

Healthy Healthy

Maize Chlorotic Mottle Virus Maize Chloratic Mottle Virus

M s o
& & & & i 0.0 2 S o4 & & 0.0

«© X

Figure 5. Normalized OOF confusion matrices: a. MobileNetV3, b. EfficientNet-B0

On EfficientNet-B0, off-diagonal cells shrank considerably, with the largest remaining confusion
confined to the Gray Leaf Spot to Healthy pair. This reduction demonstrates that EfficientNet-B0 captures finer
inter-class distinctions more effectively [7]. The persistence of this particular error is explained by the visual
nature of early-stage symptoms: incipient Gray Leaf Spot lesions are small, faint, and low in contrast against
the green leaf background, making them nearly indistinguishable from healthy tissue [7].

Training Dynamics

Training loss and validation Macro-F1 curves for representative folds are displayed in Figure 6. Both
models exhibited a characteristic warmup-finetune pattern: rapid loss decrease and Macro-F1 climb during the
frozen-backbone phase, followed by a temporary dip at the transition when the backbone was unfrozen due to
gradient shock [8], [31]. After this transient phase, both models plateaued above 0.97. Loss decreased
monotonically without upward rebound, indicating that overfitting was not a significant concern [31].
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Figure 6. Training curves: a. validation Macro-F1 EfficientNet-BO fold 1, b. validation Macro-F1
MobileNetV3 fold 4, c. training loss EfficientNet-B0 fold 1, d. training loss MobileNetV3 fold 4

Visual Error Analysis
To understand why models erred on specific class pairs, misclassified images from the dominant Gray
Leaf Spot to Healthy pair are presented in Figure 7. Three recurring patterns were identified:

Misclassified Gallery (OOF) | Dominant pair: Gray leaf spot - Healthy

T: Gray leaf spot

T. Gray leaf spot T: Gray leaf spot
P: Healthy

P: Healthy P: Healthy

T: Gray leaf spot
P: Heaithy

T: Gray leaf spot
P: Healthy
kil T: Gray leaf spot

T: Gray leaf spot
P: Healthy

P: Healthy

Figure 7. Misclassification gallery: Gray Leaf Spot samples predicted as healthy

Early-stage symptoms with small faint lesions leaving overall leaf appearance dominated by green
coloration; overexposure causing whitish spots to blend with natural light reflections; and leaves not filling the
frame with distracting backgrounds. These findings confirm that prediction errors stem partly from data
characteristics rather than solely from architectural limitations. Improvements in image acquisition protocols
could meaningfully reduce this error type [7], [25].

Comparison with Previous Studies

A comparison with related work is presented in Table 4. This comparison highlights the differences
in evaluation protocols, architectures, and metrics adopted across recent studies in the plant disease
classification domain.

Table 4. Comparison with previous studies

Study Object Architecture Metric Result Evaluation
[28] Rice leaf, 6 classes MObquetV3 s Macro-F1 95.80% vs 93.02%  Single split
’ EfficientNet-BO ’ ’

[12] Corn leaf Modified MobileNetV3 F1-score 98.26% Single split
[13] Corn leaf Improved EfficientNet-BO Accuracy 98.32% Single split
[14] Corn leaf YOLOv8n Accuracy 99.04% Single split
[15] Rice leaf YOLOVS mAP50 92.4% Multi-split
This study  Corn leaf, 5 classes EfficientNet-BO Macro-F1 97.78% 5-Fold CV
This study  Corn leaf, 5 classes MobileNetV3 Macro-F1 96.71% 5-Fold CV

The results remain competitive despite employing a more rigorous 5-Fold CV protocol compared to
single-split designs commonly used in prior studies [18], [22]. Notably, the head-to-head outcome between
MobileNetV3 and EfficientNet-B0 is not universal across domains, on rice leaf disease, MobileNetV3 was
found to outperform EfficientNet-B0, whereas the reverse holds in this study, suggesting that architectural
superiority is task-dependent [9], [28]. Studies reporting above 98% employed architecturally modified models
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with attention modules and multi-scale fusion on different datasets [12], [13], while this study deliberately used
vanilla architectures to establish pure baseline performance. The evaluation approach aligns with recent
benchmarking practices in transfer learning and the emphasis on F1 and confusion matrix analysis in related
fields [15], [16], [23].

4. CONCLUSION

This study benchmarked MobileNetV3 and EfficientNet-BO for five-class corn leaf disease
classification on an imbalanced dataset of 2,943 images using Stratified 5-Fold Cross-Validation with Macro-
F1 as the primary metric. EfficientNet-B0 achieved a Macro-F1 of 0.9778 (¢ = 0.0085) and accuracy of 0.9796
(o =0.0051), outperforming MobileNetV3 which obtained a Macro-F1 of 0.9671 (¢ = 0.0215) and accuracy
0f0.9721 (6 =0.0130), with the notably lower variance of EfficientNet-B0 indicating more consistent behavior
across folds. This advantage was consistently observed in both the aggregate metrics and the per-class OOF
evaluation. Class weights proved effective in supporting minority-class recognition, although errors persisted
on class pairs sharing visual symptom overlap, most notably Gray Leaf Spot misclassified as Healthy on early-
symptom images. Comparison with prior studies demonstrated that these findings remain competitive despite
the more stringent evaluation protocol employed. Limitations include the absence of external validation on
datasets from different geographic locations or growing seasons, the lack of visual interpretability techniques
such as Grad-CAM, and the use of only three basic augmentation transforms. Future work should explore
cross-dataset validation, integrate Grad-CAM for model transparency, and evaluate mobile deployment
feasibility to support real-time corn leaf disease detection in the field.
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