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Abstract: This study investigates an EfficientNetBO-based transfer-learning
approach for low-latency image classification on computing platforms with
limited resources. The approach is evaluated on a four-class maize leaf disease
dataset containing Blight, Common Rust, Gray Leaf Spot, and Healthy samples.
The experimental protocol includes stratified dataset partitioning, training-time
image augmentation, class-weighted optimization, and a two-stage training
strategy in which the pretrained backbone is first frozen and then partially fine-
tuned. Model performance is assessed using accuracy, macro-F1, balanced
accuracy, ablation experiments, robustness tests, and deployment-related
indicators. On the held-out test set, the model achieved 96.34% accuracy and a
macro-F1 score of 0.95. Robustness evaluation under brightness changes,
contrast shifts, Gaussian noise, and blur showed only limited performance
degradation. The final model required approximately 28 MB of storage and
achieved an inference time of about 3 ms per image. These results suggest that
a compact transfer-learning model can support accurate and computationally
efficient image classification in environments where memory, processing
capacity, and response time are constrained.
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1. INTRODUCTION

Recent advances in artificial intelligence have enabled intelligent systems to
perform complex visual recognition tasks in real time, including image classification,
object recognition, and automated detection across different application domains [1-3].
However, strong predictive accuracy alone is not sufficient for practical use. In mobile,
embedded, and edge-based settings, an image-classification model must operate within
limited memory and processing budgets, remain stable under input variability, and
support fast inference on constrained hardware [4-6].

Deep learning has improved visual recognition accuracy, but large network designs
can be difficult to use in real-time or mobile settings because they require considerable
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computation. For this reason, a lightweight transfer-learning setup can reuse visual
features learned from large image datasets and adapt them to the target task with lower
training cost [7-9].

For applied visual recognition systems, evaluation should also consider system-
level factors such as robustness to input variability, class imbalance, model size, and
inference latency. Agricultural image classification offers a useful validation setting
because images may vary due to illumination, background complexity, sensor
differences, blur, noise, and heterogeneous visual patterns [10-12].

This study develops an EfficientNetB0-based transfer-learning pipeline intended for
fast image recognition on devices with limited computational resources. The
experimental validation focuses on maize-leaf imagery, where the target labels
correspond to three disease conditions, Common Rust, Gray Leaf Spot, and Blight,
together with a Healthy class [13]. The workflow brings together stratified dataset
partitioning, training-time augmentation, class-weighted learning, two-phase
optimization, ablation experiments, robustness evaluation, and deployment-focused
measurements.

This study makes three main contributions. First, it designs a compact transfer-
learning workflow for low-latency image classification. Second, it uses ablation
experiments to measure the influence of augmentation, class weighting, and fine-tuning.
Third, it examines practical deployment through robustness tests, network size, and per-
image processing time.

The remainder of the paper reviews related work, describes the experimental
methodology, presents the classification, robustness, and deployment results, and
discusses limitations and future research directions.

2. RELATED WORK

Deep neural models are widely used in visual recognition because they can extract
low-level patterns and progressively combine them into higher-level image features.
Convolutional architectures and their variants have been successfully applied across
different intelligent recognition domains, including food image classification, multi-
label visual recommendation, detection-oriented information systems, and large-scale
image recognition [1-3, 14, 15]. These advances established deep neural networks as a
core technology for modern image classification systems.

Recent work in visual recognition has increasingly focused on model designs that
can operate with limited computational resources. In edge and mobile vision settings,
the model must fit within restricted memory and compute budgets while still producing
predictions quickly [4]. Architectures designed for efficient vision, including MobileNet,
MobileNetV2, and EfficientNet, reduce computational demand while retaining
competitive recognition accuracy, which makes them suitable candidates for mobile and
real-time visual applications [5, 6, 7]. In parallel, efficient DNN processing, model
compression, and quantization have been widely studied as strategies for reducing model
size and accelerating inference on constrained hardware [16-18].

Transfer learning is another important strategy for efficient model development,
particularly when domain-specific datasets are limited or moderately imbalanced. In this
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setting, a model can start from previously learned image features instead of learning all
representations from the target dataset alone [8, 9]. In addition, data augmentation and
class-imbalance handling are commonly used to improve generalization and balanced
learning in image classification tasks [19-22]. These methods are particularly relevant
for deployment-oriented pipelines, where performance stability must be maintained
across different input conditions.

Practical deployment also requires evaluation beyond standard accuracy metrics.
For deployment-oriented image classification, the evaluation should also examine how
predictions change when images are affected by blur, noise, contrast shifts, or lighting
variation [23]. Agricultural image classification provides a practical validation domain
because real-world images often contain variability in lighting, background, sensor
quality, disease appearance, and acquisition conditions [10-12, 24-26]. This makes it
suitable for evaluating whether lightweight transfer learning pipelines remain accurate,
robust, and efficient under conditions relevant to resource-aware intelligent systems.

Compared with studies that primarily emphasize classification accuracy, the present
work combines ablation analysis, robustness testing, and deployment-oriented metrics
within a compact transfer learning framework. In this way, the agricultural validation
task is used not only to measure classification accuracy, but also to examine whether the
proposed pipeline remains practical under deployment-related constraints.

3. EXPERIMENTAL METHODOLOGY
3.1. Dataset, Preprocessing and Experimental Setup

The experiments use the Kaggle Corn or Maize Leaf Disease Dataset [13], which
contains 4,188 RGB leaf images distributed across four labels: Blight (1,146 images),
Common Rust (1,306 images), Gray Leaf Spot (574 images), and Healthy (1,162
images). The dataset is moderately imbalanced, with Gray Leaf Spot as the minority
class.

All images are provided in JPEG format and organized in class-wise directories.
During data loading, image paths are automatically indexed and mapped to numeric
labels based on alphabetical class ordering. The resulting mapping is stored to ensure
consistent label interpretation across training and inference.

Images were divided into training, validation, and test subsets with a 70:15:15 ratio,
and the split was stratified so that each subset retained the original class proportions. The
implementation was carried out in TensorFlow/Keras, and the random seed was fixed at
42 so that the dataset partitions and training runs could be reproduced consistently.

Before being passed to the network, each image is scaled to 224 x 224 pixels, the
spatial resolution expected by EfficientNetBO0, and then transformed with the ImageNet-
specific preprocessing routine used by the backbone.

During data loading, augmentation is restricted to the training subset and includes
horizontal flips, rotations of up to +8%, zoom changes of up to +10%, and contrast
adjustments of up to £10%. This increases visual diversity during model fitting, while
the validation and test subsets are kept unchanged for independent evaluation. Examples
of the augmentation process are presented in Figure 1.
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Figure 1. Training-time augmentation example for a maize leaf image: original input,
transformed image after rotation, zoom, and contrast changes, and the corresponding pixel-
wise difference map.

3.2. Class Imbalance Handling

To address class imbalance, class weights are computed using an inverse-frequency
scheme:

N
Wi = )

In this expression, N is the size of the training subset, K is the total number of target
categories, and n; is the number of training images assigned to category i.

These weights are incorporated into the categorical cross-entropy loss to improve
balanced learning across classes.

3.3. Model Architecture and Training Strategy

EfficientNetBO initialized with ImageNet weights is used as the base network [7,
14], and its original top classification layers are excluded. The remaining backbone
serves as the feature-extraction component, allowing the model to reuse pretrained image
representations within a transfer-learning setup [8, 9].

The custom output head contains a global-average-pooling layer, a dropout layer
with rate 0.25, and a four-unit softmax layer for maize-leaf category prediction. This
design keeps the model compact while allowing adaptation to the target classification
task.

The optimization procedure was organized as a two-phase transfer-learning process.
During the initial phase, the EfficientNetB0 feature extractor was kept non-trainable,
while the newly added classification layers were optimized with Adam at a learning rate
of 1 x 107 for 12 epochs. After this adaptation step, training continued by enabling
updates in the final 30 layers of the backbone and lowering the learning rate to 1 x 10~
for a further 10 epochs.

Model optimization relies on categorical cross-entropy as the objective function.
Training stability was supported through early stopping, adaptive reduction of the
learning rate after validation plateaus, and checkpoint saving of the best-performing
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model. A batch size of 32 was used in every training configuration. The overall

architecture and training strategy are illustrated in Figure 2.

Model Architecture and Training Strategy
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Figure 2. Model architecture overview

3.4. Evaluation Metrics and Performance Assessment

The held-out test subset was assessed with several metrics rather than accuracy
alone. Because the class distribution is uneven, the evaluation also reports macro-F1 and

balanced accuracy to reflect performance across individual maize-leaf categories.

A four-class confusion matrix was used to inspect the distribution of correct and
incorrect predictions. Rows correspond to the reference maize-leaf labels, columns
correspond to model outputs, and off-diagonal entries reveal which disease categories
are mistaken for one another. The same counts support the calculation of precision,

recall, and F1-score for each class.

Accuracy measures the overall proportion of correctly classified samples:
TP+TN
TP+TN+FP+FN

Precision, recall, and F1-score are computed as:
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Macro-F1 is reported to give equal weight to each maize-leaf category:
Macro — F1 = 3K, F1, (6)

where K is the number of classes.
Balanced accuracy is calculated by averaging the recall values obtained for the
individual classes:

Balanced Accuracy = %Zle Recall; )

Test-set results are reported for the checkpoint that reached the best validation
accuracy during training.

3.5. Component Contribution Analysis

An ablation study is conducted to evaluate the contribution of key components. Four
configurations are tested under identical settings:

Baseline: augmentation + class weighting + fine-tuning

NoAug: without augmentation

NoCW: without class weighting

NoFT: without fine-tuning

All ablation variants are compared on the held-out test partition, with accuracy,
macro-F1, and balanced accuracy reported to capture both overall and class-balanced
behavior.

3.6. Robustness Analysis

The robustness experiment uses the trained model without additional fitting and
applies predefined image corruptions to the test subset. The tested conditions include
brightness changes, contrast modification, Gaussian noise, and blur.

For every corrupted version of the test subset, accuracy, macro-F1, and balanced
accuracy are recalculated to measure the effect of each input change. The perturbation
settings are kept fixed so that the conditions can be compared consistently.

3.7. System-Level Design and Deployment Considerations

The proposed framework is designed as a deployment-oriented image-classification
pipeline rather than only as a predictive model. The workflow includes image input,
preprocessing, feature extraction through a pretrained EfficientNetBO backbone,
lightweight classification, and output visualization through a prototype interface.

From a system-level perspective, the framework considers computational
efficiency, latency, scalability, and robustness. The EfficientNetBO backbone keeps the
network footprint modest, and latency was measured on a per-image basis to evaluate
whether the pipeline can respond within practical time constraints. The modular pipeline
can be adapted to other image-classification tasks by modifying the dataset and output
layer. Robustness is evaluated through controlled perturbations such as noise, blur, and
illumination variation. A Gradio prototype is used to test predictions interactively and to
illustrate how the pipeline could be evaluated before use on constrained devices.
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4. EXPERIMENTAL RESULTS AND ANALYSIS
4.1. Overall Classification Performance

On the held-out test partition, the EfficientNetB0-based classifier obtained 96.34%
accuracy with a loss of 0.114. This outcome shows that the trained model transfers well
to images excluded from model fitting, even though the dataset contains moderate class
imbalance and visually similar disease symptoms. A macro-F1 value of 0.95 indicates
that the classifier maintains strong performance at the class level, including for Gray
Leaf Spot, which has fewer samples than the other categories. Similarly, the balanced
accuracy of 0.95 demonstrates consistent recall across all four disease categories.
Overall, the agreement between macro-F1 and balanced accuracy suggests that the
classifier preserves reliable recognition across all maize-leaf categories, including the
smaller Gray Leaf Spot class.

4.2. Per-Class Performance Analysis

For each maize-leaf category, the predicted class labels were compared with the
corresponding test annotations, and precision, recall, and F1-score were then
calculated. The class-level results are reported in Table 1.

The class-level scores show reliable recognition across the four categories. In the
evaluated test split, the Healthy category is classified without errors, which indicates that
non-symptomatic leaves are clearly separated from diseased samples. This behavior is
important for screening use cases, where false warnings should be minimized.

Common Rust is recognized with very few errors, and Blight also retains high
precision and recall. Gray Leaf Spot is the most difficult category, with recall decreasing
to 0.85, mainly because some samples resemble Blight lesions in the confusion matrix.
Even so, its Fl-score of 0.88 shows that the minority class remains detectably
represented despite the imbalance in the dataset.

Table 1. Class-wise precision, recall, and F1-score for the held-out test subset

Class Precision Recall F1-score
Blight 0.93 0.95 0.94
Common Rust 0.98 0.99 0.98
Gray Leaf Spot 0.92 0.85 0.88
Healthy 1 1 1

4.3. Class-Level Error Analysis

Figure 4 shows the class-level prediction pattern. Most samples fall on the diagonal
of the matrix, while the few errors are concentrated between Blight and Gray Leaf Spot,
whose lesions can look similar.

In the evaluated test split, no confusion occurred between Healthy and diseased
leaves, supporting the classifier’s reliability for screening purposes. The remaining
errors were concentrated between visually similar disease classes, particularly Blight and
Gray Leaf Spot, indicating localized rather than random uncertainty.
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Figure 4. Confusion matrix for the four-class maize leaf classification task
4.4. Ablation Study Results

Table 2 reports on the effect of removing individual elements from the training
pipeline. The largest performance loss is observed for the NOFT configuration,
indicating that updating the upper EfficientNetBO layers is the key factor behind the
domain adaptation achieved in this experiment. In contrast, excluding augmentation or
class weighting changes the results only slightly, suggesting that these components
mainly provide secondary stabilization for the present dataset.

Table 2. Ablation study results across pipeline configurations

Variant Accuracy Macro-F1 Balanced Accuracy
NoCW 0.9634 0.9528 0.9468
NoAug 0.9618 0.9522 0.9486
Baseline 0.9603 0.9489 0.9453
NoFT 0.9269 0.9004 0.8893

From a practical standpoint, these findings indicate that partial backbone fine-tuning
is the dominant factor enabling domain adaptation, whereas augmentation and class
weighting act as secondary stabilizing components under the present dataset
characteristics.

4.5. Robustness Analysis

Field-like image variation was simulated by introducing predefined corruptions into
the test images, and the resulting performance changes are reported in Table 3.

Table 3. Performance under synthetic image corruptions

Condition Accuracy Macro-F1 Balanced Accuracy
Clean 0.955 0.943 0.938
Brightness 0.955 0.943 0.938
Contrast 0.952 0.939 0.935
Gaussian Noise 0.955 0.943 0.938
Blur 0.944 0.927 0.919
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The model remains highly stable under brightness variation and Gaussian noise,
with negligible performance degradation. Contrast adjustments produce only minor
impact. Blur causes the largest decline, which is consistent with the removal of fine
lesion details that help separate visually similar disease classes. Even under the corrupted
inputs, macro-F1 stays higher than 0.92, suggesting that the classifier relies on stable
disease-related patterns rather than isolated pixel-level cues.

4.6. Deployment and Qualitative Evaluation

Beyond quantitative metrics, qualitative evaluation was performed using the
Gradio-based deployment prototype. Figure 5 presents an example prediction.

redicted class

Blight

Top probabilities

Blight: 0.9686
Gray_Leaf_Spot: 0.0182
Common_Rust: 0.0126
Healthy: 0.0006

Flag

Clear Submit

Figure 5. Example prediction from the Gradio-based deployment interface showing the
predicted class and corresponding softmax probabilities for a maize leaf image.

For the illustrated maize leaf image, the model predicts Blight with a probability of
0.9686, while alternative classes receive substantially lower probabilities. The separation
between the predicted class probability and the remaining class probabilities indicates
confident model output in the prototype setting.

Deployment metrics further indicate practical feasibility: Model size: 27.75 MB;
Latency: 3.02 ms per image; Throughput: 331 images per second. These characteristics
support real-time inference capability, making the system suitable for integration into
mobile-assisted or web-based agricultural advisory tools.

5. DISCUSSION

The proposed EfficientNetBO-based transfer learning framework achieved strong
and balanced performance, indicating effective multi-class image recognition under
moderate class imbalance. The ablation results show that partial backbone fine-tuning is
the main contributor to performance gains, while augmentation and class weighting
provide additional stabilization.

Robustness testing under brightness, contrast, noise, and blur perturbations showed
stable behavior, suggesting that the model captures meaningful visual features rather
than relying only on fragile image artifacts. At the system level, the model footprint of
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about 28 MB and the per-image inference time of approximately 3 ms indicate that the
framework can meet the memory and latency requirements of edge and mobile
computing platforms.

Despite these results, the study has limitations. The framework was validated on a
single agricultural image dataset, and synthetic perturbations cannot fully represent real-
world variability. Future work should evaluate the pipeline on additional datasets, real
edge or mobile hardware, and more diverse image-classification tasks.

6. CONCLUSIONS AND FUTURE WORK

This study evaluated an EfficientNetB0-based pipeline for fast visual recognition
on constrained computing platforms. In the four-class maize-leaf experiment, the model
reached 96.34% test accuracy and a macro-F1 value of 0.95. The same trained model
also retained consistent predictions across test images modified with noise, blur,
contrast, and illumination changes.

The results indicate that compact transfer-learning pipelines can retain high
classification accuracy while improving robustness and inference efficiency. The
proposed framework provides a reproducible basis for intelligent, resource-aware visual
recognition systems, with future work directed toward broader multi-domain and
hardware-level validation.
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