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Featured Application

This work delivers a deployable, leakage-aware mango leaf disease diagnostic system
targeted at smallholder growers, extension officers, and agricultural advisory services
in mango-producing regions. The compact EfficientNetBO classifier runs in real time on
CPU-only hardware (~25 ms per image) and is operationalized as a public Hugging Face
Spaces web application with no local installation required. Users upload a single leaf
image and receive class predictions, confidence scores, Grad-CAM visual explanations,
and Thai-language disease-management guidance, enabling rapid in-field triage, timely
intervention against eight major foliar conditions, and scalable Al-assisted decision support
for precision plant protection.

Abstract

Background and Aim: Mango (Mangifera indica) is a globally important fruit crop whose
productivity is repeatedly threatened by foliar diseases such as anthracnose, bacterial
canker, powdery mildew, die-back, and sooty mould. Although deep learning has rapidly
advanced automated leaf-disease diagnosis, recently reported accuracies on the Man-
goLeafBD benchmark are approaching saturation, and many studies still rely on random
data splits that may inflate performance through leakage of duplicate or near-duplicate
images. This study aimed to develop and rigorously evaluate a leakage-aware, deployment-
oriented deep learning framework for the complete eight-class MangoLeafBD task. Meth-
ods: Three modern transfer-learning backbones—EfficientNetB0, MobileNetV3Large, and
ConvNeXtTiny—were fine-tuned using a two-stage training strategy on a group-aware
data partition. Duplicate and near-duplicate images were detected with cleaned filename
stems, average hashing (aHash), and difference hashing (dHash) and grouped before
splitting to guarantee zero cross-partition overlap. The strongest models were combined
through probability-level soft voting. Robustness was further assessed using 5-fold Strati-
fiedGroupKFold cross-validation. Explainability was examined with Gradient-weighted
Class Activation Mapping (Grad-CAM), deployment suitability was characterized through
CPU latency benchmarking, and the framework was operationalized as a publicly accessi-
ble web-based diagnostic system. Results: EfficientNetB0 achieved the highest performance
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under the leakage-controlled protocol, reaching 99.50% accuracy and 99.50% weighted
F1-score on the 599-image group-aware test set. The heterogeneous soft-voting ensemble
matched EfficientNetB0 but did not exceed it, indicating that the ensemble gains reported
in earlier studies may partly reflect optimistic split conditions. Five-fold grouped cross-
validation confirmed stability, yielding a mean accuracy of 99.63% (SD = 0.20%) and a
mean weighted F1 of 99.62% (SD = 0.20%). Grad-CAM visualizations showed that the
model attended to biologically meaningful lesion regions across all eight classes, and CPU
benchmarking produced a mean single-image latency of 25.3 ms (p95 = 27.6 ms) with batch
throughput scaling up to 166.5 images per second. Conclusions: The proposed framework
demonstrates that a compact, leakage-aware EfficientNetB0 model can match the accuracy
of more complex hybrid CNN-transformer architectures while remaining interpretable
and deployable on commodity CPU hardware. By coupling group-aware evaluation, ex-
plainable Al latency benchmarking, and a publicly accessible web application, the study
advances reproducible, deployment-ready precision agriculture research and offers a more
rigorous benchmarking protocol for future mango leaf disease classification studies.

Keywords: mango leaf disease; MangoLeafBD; transfer learning; EfficientNetB0O; data
leakage; group-aware evaluation; explainable Al; Grad-CAM; precision agriculture; deep
learning deployment

1. Introduction

Mango (Mangifera indica) is among the most economically valuable fruit crops world-
wide, yet foliar diseases continue to cause substantial reductions in yield, fruit quality, and
farm profitability [1]. According to recent agricultural reports, diseases such as anthrac-
nose, bacterial canker, powdery mildew, dieback, and sooty mould remain major threats
to sustainable mango production, particularly in tropical and subtropical regions where
environmental conditions favor disease proliferation [2,3]. The consequences of delayed
disease detection extend beyond crop losses, affecting food security, production costs, and
the livelihoods of millions of farmers. Despite the importance of timely diagnosis, disease
identification in many agricultural settings still relies on manual visual inspection, which is
subjective, time-consuming, and susceptible to human error, especially when symptoms are
subtle or emerge during early infection stages [4,5]. These challenges have intensified the
demand for accurate, automated, and scalable disease diagnosis systems based on artificial
intelligence (AI).

Recent advances in deep learning have substantially improved the automated iden-
tification of plant diseases by enabling models to learn complex visual patterns directly
from leaf images. Much of this progress has been driven by convolutional neural network
(CNN) architectures, which have demonstrated strong performance in mango leaf dis-
ease classification. For instance, studies employing AlexNet, ResNet, EfficientNet, and
other customized CNN models have reported high levels of classification accuracy, high-
lighting the effectiveness of deep feature learning for disease recognition [3,6]. Building
on these developments, Vijay et al. [7] proposed DeepLeafNet, a framework that com-
bines U-Net-based segmentation, NAS-Net classification, and genetic algorithm-driven
hyperparameter optimization, achieving 98.56% classification accuracy across nine mango
disease categories.

In parallel, ensemble learning has gained increasing attention as a means of improving
predictive performance by integrating the strengths of multiple classifiers. Gautam et al. [8],
for example, combined several deep learning and machine learning models and achieved
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an accuracy of 98.57%, demonstrating the value of complementary feature representations
for disease discrimination. Similarly, Thalor et al. [9] introduced a homogeneous bagging
framework based on VGG-19 and reported 95% classification accuracy, with precision, recall,
and F1-scores reaching 97%. Although these studies demonstrate the potential of ensemble-
based approaches, many CNN-driven methods still struggle to capture broader contextual
information and complex spatial relationships among disease symptoms. This limitation
is particularly relevant in mango leaf disease classification, where visual symptoms often
exhibit substantial intra-class variation and high inter-class similarity, making accurate
discrimination difficult even for advanced deep learning models [10,11].

To address these limitations, a second stream of research has explored transformer-
based and hybrid architectures that combine local texture analysis with global contextual
understanding. Vision Transformers (ViTs) have demonstrated superior capability in mod-
eling long-range dependencies within images, making them particularly suitable for distin-
guishing visually similar disease symptoms. Ortiz et al. [4] integrated Vision Transformers
with Gray-Level Co-occurrence Matrix (GLCM) features and achieved substantial improve-
ments in precision, recall, and F1-score compared with conventional approaches. Similarly,
Jashim et al. [12] proposed ViX-MangoEFormer, which combines convolutional operations,
self-attention mechanisms, and GLCM-based statistical features, producing an F1-score of
99.78% while maintaining strong cross-domain generalization performance. More recently,
Ergiin [13] introduced MangoLeafCMDF-FAMNet, a hybrid architecture that integrates
ConvNeXt and Vision Transformer backbones through feature attention and cross-modal
fusion mechanisms, achieving classification accuracies exceeding 99% across benchmark
datasets. Collectively, these studies indicate that hybrid CNN-transformer frameworks can
outperform single-backbone models by leveraging complementary feature representations.

Beyond predictive performance, model efficiency and explainability have become
increasingly important considerations for practical agricultural deployment. Although
highly complex architectures often achieve exceptional classification results, their compu-
tational requirements may restrict implementation in resource-constrained environments.
Addressing this challenge, Rahman et al. [14] developed MangoLeafNet-XAlI, a lightweight
architecture based on DenseNet-121 and Efficient Channel Attention modules that achieved
state-of-the-art performance using only 6.9 million parameters. Furthermore, explain-
able Al techniques such as Grad-CAM and LIME were incorporated to improve model
transparency and facilitate user trust. Similarly, Jashim et al. [12] integrated Grad-CAM
visualization to provide interpretable evidence supporting classification decisions. These
developments demonstrate growing recognition that practical disease diagnosis systems
must balance accuracy, computational efficiency, and interpretability.

Despite these advances, several critical gaps remain in the literature. First, many stud-
ies emphasize maximizing classification accuracy while paying insufficient attention to the
integration of local and global feature representations, which is essential for distinguishing
diseases with similar visual characteristics under varying environmental conditions [4,12].
Second, although hybrid architectures have shown promising results, many remain compu-
tationally intensive and difficult to deploy in real-world agricultural settings [14]. Third,
benchmarking practices vary considerably across studies because different datasets, class
distributions, preprocessing procedures, and evaluation protocols are often used, making
direct comparison difficult. This issue is particularly evident in mango disease research,
where some studies evaluate only partial disease categories rather than the complete bench-
mark datasets available. For example, Ahmed et al. [15] introduced the MangoLeafBD
dataset containing 4000 images equally distributed across eight classes: Anthracnose, Bac-
terial Canker, Cutting Weevil, Die Back, Gall Midge, Healthy, Powdery Mildew, and Sooty
Mould. However, subsequent studies have frequently used modified or reduced subsets,
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limiting the comparability and generalizability of findings. Finally, although explainability
has received increased attention, many state-of-the-art models continue to function as
black-box systems, creating barriers to adoption among agricultural practitioners [14].

A methodological concern that has received comparatively little attention in the
MangoLeafBD literature is the choice between random splitting and group-aware splitting.
Random splitting assumes that every image in the dataset is an independent draw from
the underlying distribution of mango-leaf appearances. This assumption is convenient but
is inappropriate for MangoLeafBD in particular, because the dataset was expanded from
a comparatively small pool of source leaves through operations such as re-photography,
cropping, rotation, and light augmentation. When these visually near-duplicate images
are distributed at random, an image derived from the same physical leaf can appear in
both the training partition and the test partition simultaneously. Under such conditions,
the classifier is not required to generalise to unseen leaves; it needs only to memorise
near-duplicate variants of leaves it has already seen. Group-aware splitting, in contrast,
first groups images that are perceptually near-duplicate (using cleaned filename stems and
perceptual hashes such as aHash and dHash) and then places every image in a group into
the same partition. This forces the classifier to be evaluated on genuinely unseen leaves and
therefore yields a more honest estimate of generalisation performance. The present study
adopts group-aware splitting as its primary evaluation protocol, and treats the difference
between the two protocols as a substantive methodological contribution rather than as an
implementation detail.

This study explores a group learning framework for mango leaf disease classification
that combines modern transfer learning techniques with heterogeneous ensemble learning.
Specifically, the study aims to establish robust single-model baselines using contemporary
deep learning backbones on the complete eight-class MangoLeafBD dataset [15], evaluate
whether heterogeneous ensemble learning can outperform the best individual models,
and translate the most effective model into a deployable web-based diagnostic system
suitable for both Hugging Face Spaces and Streamlit environments. By emphasizing full-
dataset benchmarking, architectural diversity, and deployment readiness, this study seeks
to provide a more rigorous evaluation framework than many existing approaches.

The significance of this study is both theoretical and practical. Theoretically, it con-
tributes to the literature on transfer learning, heterogeneous ensemble learning, and explain-
able Al for plant disease diagnosis by showing that aggressive ensemble gains reported
under random splits may not survive once duplicate-aware evaluation is enforced. Practi-
cally, the work delivers a deployable, CPU-efficient, and interpretable diagnostic platform
that can support early disease detection, reduce crop losses, and assist agricultural ex-
tension services. By integrating leakage control, grouped cross-validation, explainability,
latency benchmarking, and a publicly accessible web application within a single study, this
research advances the development of scalable, reproducible, and trustworthy Al-driven
plant pathology systems.

The main contributions of this study can be summarized as follows. (i) It proposes a
leakage-aware evaluation protocol for the complete eight-class MangoLeafBD benchmark,
in which duplicate and near-duplicate images are detected through cleaned filename stems,
aHash, and dHash, and confined to a single partition prior to training, validation, and test-
ing. This protocol is contrasted throughout the paper with conventional random splitting,
whose assumptions do not hold for MangoLeafBD (see also Sections 1 and 3.2). (ii) It bench-
marks three modern transfer-learning backbones—EfficientNetB0, MobileNetV3Large,
and ConvNeXtTiny—under this stricter protocol and quantifies their relative robust-
ness through 5-fold Stratified GroupKFold cross-validation. (iii) It investigates whether
probability-level soft voting between heterogeneous backbones provides genuine gains
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once duplicate leakage has been removed, and reports a negative result that updates
the optimistic conclusions previously drawn under random splits. (iv) It supplies Grad-
CAM-based explainability evidence across all eight classes, demonstrating that the se-
lected model attends to biologically meaningful lesion regions rather than irrelevant back-
ground structure. (v) It characterizes CPU inference latency and batch throughput on
commodity hardware and operationalizes the best model as a publicly accessible web-
based diagnostic system with Thai-language disease information and input-quality valida-
tion, providing a deployment-ready reference implementation for downstream precision-
agriculture research.

The remainder of this paper is organized as follows. Section 2 reviews the related
literature on mango leaf disease classification, modern transfer-learning architectures, and
explainable Al in agricultural computer vision. Section 3 describes the dataset, the leakage-
aware data partitioning strategy, the model backbones, the two-stage training configuration,
the heterogeneous ensemble framework, the Grad-CAM and CPU latency protocols, and
the web application design. Section 4 reports the single-model, ensemble, cross-validation,
explainability, latency, and system-level results. Section 5 discusses the implications for
benchmarking practice and field deployment, and Section 6 concludes with limitations and
directions for future work.

2. Literature Review

Public datasets are a prerequisite for reproducible agricultural Al research. Ahmed et al. [15]
introduced MangoLeafBD as a curated benchmark containing 4000 RGB images derived
from roughly 1800 distinct mango leaves collected in Bangladesh. The dataset spans
seven disease categories plus a healthy class and remains one of the most useful public
benchmarks for mango leaf disease classification. Because the images were collected under
orchard conditions and expanded through zooming and rotation, the dataset provides a
practical setting for transfer learning research, although its geographic origin still limits
direct claims about universal generalization.

Early studies on mango leaf disease diagnosis primarily relied on traditional machine
learning techniques and conventional convolutional neural network architectures. Al-
though these approaches demonstrated the feasibility of automated disease recognition,
their effectiveness was often constrained by limited datasets, handcrafted feature extraction
procedures, and relatively modest predictive performance. With the increasing availability
of large-scale pretrained models, researchers began to adopt transfer learning strategies
using architectures such as VGG, MobileNet, ResNet, Inception, and EfficientNet, resulting
in substantial improvements in classification accuracy and model robustness.

Several recent studies have demonstrated the effectiveness of these modern archi-
tectures in mango disease classification. For example, Puranik et al. [16] fine-tuned Mo-
bileNetV3 using the MangoLeafBD dataset and integrated the trained model into a mobile
application, achieving an accuracy of 98.00% while supporting real-time disease diagnosis
in field environments. Similarly, Singh et al. [17] proposed the DTLD framework based
on transfer learning and reported a peak classification accuracy of 99.76% on a dataset
comprising 4000 mango leaf images. In a comparative evaluation of deep learning architec-
tures, Bairwa et al. [18] found that ResNet50 achieved the highest performance, reaching
an accuracy of 99.12%. Likewise, Pratap and Kumar [19] developed a transfer learning-
based classification system incorporating VGG-16, GoogLeNet, MobileNet, YOLOVS, and
EfficientNet, demonstrating effective identification of major mango diseases, including
Anthracnose, Gall Midge, and Powdery Mildew. More recently, Pahati et al. [20] employed
Google Teachable Machine to train a disease recognition model using 4000 annotated leaf
images and achieved an accuracy of 99.60%, highlighting the growing potential of acces-
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sible and user-friendly artificial intelligence platforms for agricultural disease diagnosis.
Collectively, these studies indicate that transfer learning has become a dominant paradigm
in mango leaf disease classification, offering both high predictive performance and practical
deployment opportunities across a range of agricultural applications.

Thalor et al. [9] proposed a homogeneous bagging framework based on VGG-19
and reported 95% accuracy and 97% precision, recall, and F1. That work is a useful
comparison point because it explicitly framed mango disease classification as an ensemble
problem. However, the use of repeated VGG-19 learners restricts architectural diversity,
and the reported setup appears weaker than the full eight-class MangoLeafBD specification
described by Ahmed et al. [15]. This leaves room for a stronger and more transparent group
learning design.

Recent studies suggest that high-performing mango disease classification benefits
from modern backbone design and heterogeneous feature extraction. Alamri et al. [21]
reported 99.87% accuracy on MangoLeafBD using a fused Vision Transformer and Con-
vNeXt architecture, demonstrating the value of combining convolutional and transformer
representations. Ergiin [13] proposed an attention-enhanced hybrid model using ConvNeXt
and a vision transformer with cross-modal fusion and reported accuracies above 99% on
multiple mango datasets. These findings show that hybrid architectures can successfully
capture both local lesion structure and global context.

Transformer-oriented approaches also continue to gain relevance. Hossain et al. [22]
showed that a Data-efficient Image Transformer (DeiT)-based framework achieved 99.75%
accuracy in mango leaf disease identification while outperforming several CNN baselines.
The result reinforces the idea that global attention can be useful for leaf disease patterns
spread over wide regions of the lamina.

Considered together, the reviewed studies indicate that recent MangoLeafBD-based
work is approaching ceiling performance under controlled experimental conditions. As
a result, marginal accuracy improvements alone may no longer be sufficient to justify in
the research field. Stronger contributions are more likely to come from rigorous evaluation
protocols, transparent treatment of duplicate or near-duplicate images, architectural diver-
sity, explainability, deployment characterization, and reproducible artifacts. The present
study aligns with this direction by combining leakage-aware benchmarking, heterogeneous
backbone comparison, Grad-CAM explainability, CPU latency profiling, and an operational
web-based diagnostic system within a single, internally consistent framework.

Three specific research gaps motivate the present work. First, duplicate-aware or
perceptual-hash-based partitioning is rarely reported for MangoLeafBD, even though
the dataset was derived from a comparatively small number of source leaves and is
therefore vulnerable to optimistic estimates when using random splits. Second, many
high-performing hybrid CNN-transformer studies emphasize headline accuracy without
simultaneously reporting evidence of explainability, CPU latency, and a usable end-user
interface, thereby limiting their practical relevance for resource-constrained agricultural
settings. Third, the ensemble-learning literature on mango disease classification rarely
tests whether reported gains hold up under a stricter, duplicate-controlled evaluation. The
present study addresses all three gaps simultaneously.

As shown in Table 1, recent deep learning studies on mango leaf disease classification
have achieved consistently high accuracy, yet several methodological limitations persist
throughout the literature. As summarized in Table 1, the majority of reviewed studies
employed transfer-learning backbones or ensemble architectures—including VGG-19 bag-
ging [9], ResNet50 [18], and Vision Transformer variants [22]—reporting accuracies ranging
from 95.0% to above 99%, predominantly on the MangoLeafBD dataset or its derivatives.
Despite these strong performance figures, none of the studies explicitly addressed data
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leakage control, raising concerns about the validity of the reported metrics given Man-
goLeafBD’s known near-duplicate image structure. Explainability was similarly limited;
only Jashim et al. [12] and Rahman et al. [14] incorporated Grad-CAM visualizations, and
neither systematically extended it across all eight disease classes. Deployment remained
largely absent from the literature, with only Puranik et al. [16] providing a mobile appli-
cation and Pahati et al. [20] offering a web demonstration, though neither disclosed CPU
latency nor ensured public accessibility. In contrast, the present study addresses these gaps
by combining an EfficientNetB0-based soft-voting ensemble with a leakage-aware split
(aHash, dHash, and filename-stem deduplication), full eight-class Grad-CAM explainabil-
ity, and a publicly accessible CPU-optimized web application hosted on Hugging Face
Spaces, achieving 99.50% single-model accuracy and 99.63% cross-validated accuracy on

the cleaned test set.

Table 1. Summary of recent deep-learning studies on mango leaf disease classification.

Study Method/Backbone Dataset (Classes) Accuracy (%) I&e:rlfti(g)f XAI Deployment
VGG-19 homogeneous MangoLeafBD
Thalor et al. [9] bageing subset (claimed 8) 95.0 No No No
Singh et al. [17] ZlTsIeJEI;’{:r‘Sfer'leammg Iﬁ?‘iﬁf;fw' 99.76 Not reported No No
Bairwa et al. [18] izsrlrf;tgo transfer ?r/[na;;;gez ?;?f 99.12 Not reported No No
Pratap & Kumar [19] ?E]fcf;fllﬁ t}—\]l‘\:ioblleNet * ?r/fg;gecs) leaf 98-99 Not reported No No
Puranik et al. [16] MobileNetV3 + mobile MangoLeafBD (8) 98.00 Not reported No Yes (mobile
app only)
Gautam et al. [8] ESDNN stacked ensemble =~ MangoLeafBD (8) 98.57 Not reported No No
. Google Teachable MangoLeafBD- Yes (web
Pahati et al. [20] Machine derived (8) 99.60 Not reported No demo)
Hossain et al. [22] DeiT (Vision Transformer) ~ MangoLeafBD (8) 99.50-99.75 Not reported No No
Jashim et al. [12] Zl]i(él\l\//[[angoEFormer * lgi[lz;?(;g;LeafBD * 99.78 (F1) Not reported ( Gra;e(? AM) No
Ortiz et al. [4] ViT + GLCM ?ggr;gez leaf ~99 Not reported Partial No
MangoLeafCMDF-
Ergiin [13] FAMNet (ConvNeXt + MangoLeafBD (8 >99 Not reported No No
g g P
ViT)
MangoLeafNet-XAI Yes
Rahman et al. [14] (Den%eNetl 21 + ECA) MangoLeafBD (8) SOTA Not reported (Grad-CAM, No
LIME)
Vijay et al. [7] E}Zeg- ]f\?stﬂj eééL)I-Net * Mango leaves (9) 98.56 Not reported No No
EfficientNetB0 + soft . Yes Yes (CPU
This study (2026) voting + leakage-aware X{?l?g;) LeafBD 999.206251(2%116)3)/ dﬁ:;ﬁ?ﬁ}e\;) (Grad-CAM app, public
split ’ all 8 classes) HF Space)

3. Materials and Methods
3.1. Dataset

This study used the MangoLeafBD dataset [15], which contains 4000 RGB images with
nominal dimensions centered around 240 x 320 pixels. The dataset is balanced across
eight classes with 500 images per class: Anthracnose, Bacterial Canker, Cutting Weevil, Die
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Back, Gall Midge, Healthy, Powdery Mildew, and Sooty Mould. The local project directory
was verified to contain all eight categories with complete class balance.

3.2. Data Splitting Strategy

An initial stratified hold-out split was first used for exploratory screening. However,
a post hoc audit of filenames and perceptual image hashes showed that duplicate or
near-duplicate images could appear across training, validation, and test partitions, which
risked inflating performance. To address this issue, the primary evaluation reported in this
manuscript uses a stricter group-aware hold-out split.

Within each class, images were grouped using three signals: a cleaned filename stem,
exact average hash (aHash), and exact difference hash (dHash). Connected images were
assigned to the same group before splitting so that grouped duplicates could not cross
partitions. The resulting group counts differed substantially across classes and quanti-
fied the severity of the near-duplicate problem in MangoLeafBD. Anthracnose contained
483 groups (17 groups of size > 1, maximum group size = 2), Bacterial Canker 495 groups
(5 groups of size > 1, max = 2), Cutting Weevil 241 groups (all 241 groups had size > 1, with
the maximum group containing 6 images), Die Back 489 groups (11 groups of size > 1, max
=2), Gall Midge 491 groups (8 groups of size > 1, max = 3), Healthy 495 groups (5 groups
of size > 1, max = 2), Powdery Mildew 496 groups (3 groups of size > 1, max = 3), and
Sooty Mould 498 groups (2 groups of size > 1, max = 2). The Cutting Weevil class is by
far the most affected: of its 500 images, only 241 unique groups exist, indicating a very
high proportion of visually near-duplicate images that would have systematically inflated
the estimated accuracy under a naive random split. The final group-aware split preserved
the approximate 70%/15%/15% ratio, yielding 2800 training images, 601 validation im-
ages, and 599 test images. Overlap audits confirmed zero cross-split overlap for group_id,
cleaned stem, aHash, and dHash.

To test stability beyond a single hold-out partition, the strongest model was further
evaluated using 5-fold grouped cross-validation over the full grouped dataset. Stratified-
GroupKFold was used so that label balance was approximately preserved while grouped
duplicates remained confined to a single fold. Each fold used 3200 training images and 800
validation images.

3.3. Model Backbones

Three transfer learning backbones were selected to support both architectural diversity
and deployment relevance. EfficientNetBO was included as a strong and compact pretrained
CNN baseline. MobileNetV3Large was chosen because of its lightweight mobile-oriented
design and practical deployment advantages. ConvNeXtTiny was selected as a more recent
convolutional architecture reflecting transformer-era design principles [23].

3.4. Training Configuration

All models used pretrained ImageNet initialization and accepted resized 224 x 224 RGB
input. The training pipeline applied random horizontal and vertical flips, random rotations
(£20°), random zooms (+10%), random translations (£10%), and random contrast adjust-
ments (+£20%) to reduce overfitting and improve robustness to image-capture variability. A
classification head consisting of global average pooling, batch normalization, a 0.3 dropout
layer, and an eight-unit softmax output layer was attached to each pretrained backbone.
Mini-batches of size 32 were used throughout, and class weights were left uniform because
the eight MangoLeafBD classes are perfectly balanced.

Training followed a two-stage transfer-learning strategy. In the first stage, the back-
bone was frozen, and only the classification head was trained for up to 20 epochs using
the Adam optimizer with an initial learning rate of 1 x 103 and categorical cross-entropy
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loss. In the second stage, the top one-third of the backbone was unfrozen and fine-tuned
for up to 30 additional epochs at a reduced learning rate of 1 x 10~° to avoid catastrophic
forgetting of pretrained ImageNet features. Early stopping with a patience of five epochs
was applied to the validation loss, and the best validation checkpoint was retained for test-
ing. Evaluation was based on accuracy, macro precision, macro recall, macro F1, weighted
precision, weighted recall, weighted F1, and per-class confusion matrices.

3.5. Group Learning Framework

The group learning framework consisted of two layers. The first layer benchmarked
individual transfer-learning models to identify the best single deployable classifier. The
second layer combined the strongest candidates through probability-level soft voting to
test whether heterogeneous fusion improved robustness. Formally, for a test image x with
C target classes and M backbones, let p_m(c | x) denote the softmax probability assigned to
class ¢ by model m. The soft-voting ensemble prediction is given by Equation (1):

9(x) = argmaxmal{1, ..., C} (1/M) } m=1™ pm(clx) (1)

where M denotes the number of backbones combined by the ensemble, p_m(c |x) is the
softmax probability that model m assigns to class ¢ for input image x, and y(x) is the final
ensemble prediction. Equation (1) selects the class whose mean posterior probability across
the M fine-tuned backbones is the highest.

This design improves diversity beyond homogeneous bagging because each backbone
encodes visual structure differently: EfficientNetBO emphasizes compact, efficient CNN
feature extraction, MobileNetV3Large provides a deployment-oriented representation, and
ConvNeXtTiny introduces a more modern convolutional inductive bias. After the leakage
audit, the stricter re-evaluation prioritized the top-performing deployable backbones and
their fusion rather than retaining the earlier optimistic perfect-score claim. The theoretical
rationale for expecting gains from heterogeneous soft voting—and the mechanism by which
such gains may saturate when individual backbones already approach the achievable
accuracy on the dataset—is discussed further in Section 5 in light of recent literature on
ensemble diversity and knowledge distillation [24,25].

3.6. Grad-CAM Explainability

To investigate which image regions the model uses for classification, Gradient-
weighted Class Activation Mapping [26] was applied to the top_activation layer of Ef-
ficientNetB0, which produces 7 x 7 spatial activation maps with 1280 channels. For a target
class ¢ with score y© and convolutional feature map A¥, the neuron importance weights
and the class activation map are defined as follows.

Step 1 (Equation (2)). The neuron importance weights oy are obtained by global
average pooling of the gradients of the class score with respect to the feature map:

a° = (1/Z) £i%; 9y /0Aq%) )

Step 2 (Equation (3)). The class activation map L_Grad-CAMC is computed as a ReLU-
activated weighted sum of the feature maps using the weights obtained in Equation (2):

L_Grad-CAMC = ReLU() j oy - A¥) ?3)

where Z is the number of spatial locations in the feature map, A(ij)k is the activation of
the k-th feature map at spatial position (i, j), y© is the class score before softmax, and A¥
denotes the k-th convolutional feature map.
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This highlights image regions whose activation contributes positively to the predicted
class. Gradients were computed using tf.GradientTape; the resulting weighted sum of
feature maps was ReLU-activated and normalized to [0, 1], and the map was overlaid
on the original image using a jet colormap. For each of the eight classes, one correctly
predicted sample from the grouped test set was selected for visualization.

3.7. CPU Latency Benchmarking

Deployment suitability was assessed by measuring single-image inference latency
on CPU using a standard Apple Silicon M-series machine with 16 GB unified memory
(Apple Inc., Cupertino, CA, USA), TensorFlow 2.16+, and Keras 3.x running in CPU-only
mode. A warm-up phase of five inferences was executed before 100 timed measurements to
remove cold-cache bias, and both mean and 95th-percentile (p95) latencies were recorded.
Batch throughput was additionally characterized at batch sizes 1, 4, 8, and 16 using the
same held-out test images to support deployment planning for offline and high-throughput
inspection scenarios.

3.8. Deployment Translation

The framework was translated into a deployable diagnostic application with model-
application separation. The application package includes a Gradio front end (app.py), a
Streamlit alternative (streamlit_app.py), an image validation module, a disease information
database in Thai, and a model loader. The winning EfficientNetB0 model was exported as a
deployable package containing best_model keras, labels.json, and deployment metadata.
The system supports loading the model either from Hugging Face Hub or from a local
model directory.

3.9. Web Application System Development

The trained EfficientNetBO classifier was operationalized as a publicly accessible di-
agnostic web application following a model-application separation design pattern. This
architectural choice decouples the static model artifact from the dynamic application logic,
allowing each component to evolve under an independent release cadence and reducing
rebuild overhead when only the user interface is modified. The application codebase is par-
titioned into four cooperating modules: model.py encapsulates model loading, warm-up
inference, and the prediction interface; app.py and streamlit_app.py provide alternative
Gradio- and Streamlit-based front ends respectively; validator.py enforces input-image
quality control before inference; and disease_db.py maintains the Thai-language knowledge
base of disease descriptions and management recommendations. This modular organiza-
tion improves maintainability and supports unit-level testing of each layer in isolation.

The technology stack is built on Python 3.10 with TensorFlow 2.16+ and Keras 3.x as
the deep learning backbone, Gradio [27] as the primary user-facing interface, Streamlit
as the alternative deployment target, and the Hugging Face Hub API for model artifact
distribution. Image preprocessing relies on Pillow and NumPy, both for input normalization
and for the statistical metrics used by the validator. The runtime environment is Hugging
Face Spaces with CPU-only execution, which removes the dependency on dedicated GPU
infrastructure and makes the system accessible from any standard web browser without
local installation.

A central design decision was to host the model artifact in a separate Hugging Face
model repository (wirapongc/mango-leaf-disease-efficientnetb0, repo_type = “model”)
rather than embedding it within the Space repository. The application downloads the
model file (best_model keras) and the class label map (labels.json) at startup using hug-
gingface_hub.hf_hub_download, with local caching to avoid redundant downloads on
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subsequent restarts. This separation also enables versioned model releases that are inde-
pendent from front-end iteration.

The input validation pipeline (validator.py) applies six sequential checks before
any image is forwarded to the classifier. These are: (i) minimum resolution of
120 x 120 pixels, (ii) maximum aspect ratio of 3.2, (iii) minimum green-channel domi-
nance of 8%, (iv) minimum non-white pixel ratio of 25%, (v) minimum color standard
deviation of 0.05, and (vi) minimum grayscale Shannon entropy of 1.5 computed from a
32-bin normalized histogram. These thresholds were calibrated against the distribution of
training images across all eight MangoLeafBD classes, including diseased samples whose
color statistics diverge substantially from those of healthy foliage. When an image fails
any check, the system returns a descriptive Thai-language rejection message rather than
producing an unreliable prediction.

The disease information database (disease_db.py) provides Thai-language entries for
the seven diseases plus the healthy class. Each entry contains the disease name in Thai
with English in parentheses, the causative agent (pathogen or pest), a description of typical
symptoms, and treatment and management recommendations suitable for the agricultural
extension context. To minimize inference latency, the model loader uses functools.lru_cache
(maxsize = 1) to load the network only once per process, followed by a warm-up forward
pass on a dummy tensor of shape (1, 224, 224, 3) at application startup. This avoids
cold-cache penalties on the first real user request. System evaluation followed a functional-
testing approach that combined per-class image classification on held-out MangoLeafBD
samples, latency measurement consistent with the benchmark reported in Section 3.7, and
qualitative end-to-end validation of the user-facing diagnostic output.

4. Results
4.1. Single-Model Comparison

The leakage-reassessed single-model comparison is summarized in Table 2. Under
the stricter group-aware split, EfficientNetB0O remained the strongest individual model
with 99.50% accuracy and 99.50% weighted Fl-score on the 599-image test partition. Mo-
bileNetV3Large achieved 98.33% accuracy and 98.33% weighted F1. Both backbones
substantially exceeded the 95% accuracy reported by Thalor et al. [9] for a homogeneous
VGG-19 bagging ensemble, even though the present results are obtained under a stricter
duplicate-controlled protocol. Macro-averaged precision, recall, and F1 closely tracked the
weighted scores, indicating that no class was systematically penalized.

Table 2. Final model comparison on the 599-image leakage-reassessed test set.

Model Accuracy Weighted Precision Weighted Recall Weighted F1
EfficientNetB0 0.9950 0.9950 0.9950 0.9950
2-model soft voting
(EfficientNetB0 + 0.9950 0.9951 0.9950 0.9950
MobileNetV3Large)

MobileNetV3Large 0.9833 0.9836 0.9833 0.9833

EfficientNetB0 produced only three errors on the 599-image leakage-reassessed test
set, all of which occurred among visually similar disease patterns such as Gall Midge,
Powdery Mildew, and Sooty Mould, whose surface textures overlap on partially occluded
or low-contrast leaves. No errors were observed for the Healthy, Anthracnose, Bacterial
Canker, Cutting Weevil, or Die Back classes. This residual confusion pattern is consistent
with the inherent morphological similarity of these three classes and suggests that further
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improvement is more likely to come from additional in-field samples or multimodal cues
than from increased model capacity.

Table 3 shows a confusion matrix of EfficientNetBO on the 599-image leakage-
controlled test set. Rows correspond to ground-truth labels; columns correspond to pre-
dicted labels.

Table 3. Confusion matrix of EfficientNetB0 on the leakage-controlled test set (n = 599).

True\Predict Ant BC CW DB GM Hlt PM SM
Anthracnose 75 0 0 0 0 0 0 0
Bacterial Canker 0 75 0 0 0 0 0 0
Cutting Weevil 0 0 74 0 0 0 0 0
Die Back 0 0 0 75 0 0 0 0
Gall Midge 0 0 0 0 74 0 0 1
Healthy 0 0 0 0 0 75 0 0
Powdery Mildew 0 0 0 0 0 0 74 1
Sooty Mould 0 0 0 0 0 0 1 74

Note. Class abbreviations: Ant = Anthracnose; BC = Bacterial Canker; CW = Cutting Weevil; DB = Die Back;
GM = Gall Midge; Hlt = Healthy; PM = Powdery Mildew; SM = Sooty Mould. The three off-diagonal entries
correspond to a single Gall Midge image misclassified as Sooty Mould, one Powdery Mildew image misclassified
as Sooty Mould, and one Sooty Mould image misclassified as Powdery Mildew. The diagonal-dominant pattern
confirms that residual confusion is confined to three morphologically similar classes.

MobileNetV3Large also remained competitive under the stricter evaluation protocol,
achieving 98.33% accuracy and 98.33% weighted F1, which translates to ten misclassifica-
tions across the 599 test images. This result is practically meaningful because lightweight
architectures are particularly attractive for low-resource, edge, or smartphone-based de-
ployments where memory footprint and inference latency directly determine feasibility.

4.2. Heterogeneous Ensemble Performance

Under the stricter group-aware split, probability-level soft voting between Efficient-
NetB0 and MobileNetV3Large achieved 99.50% accuracy and 99.50% weighted F1, matching
but not surpassing EfficientNetB0 alone. The two-model ensemble produced an identical set
of predicted labels on the test partition, so the marginal improvement attributable to fusion
was zero under the leakage-aware protocol. This pattern indicates that the perfect-score
ensemble result observed in earlier exploratory runs was partly an artifact of duplicate or
near-duplicate images crossing the original random split.

Table 4 presents the results of a pairwise McNemar test on the leakage-controlled
test set (n = 599). Exact binomial p-values are reported because all discordant pair counts
are below 25, which is the conventional threshold for the chi-square approximation. by
denotes the number of cases correctly predicted only by model A; bg; denotes the number
of cases correctly predicted only by model B.

Statistical interpretation. The McNemar test confirms that EfficientNetB0 is not sta-
tistically distinguishable from the two-model soft-voting ensemble (p = 1.0000), which
is consistent with the identical 99.50% accuracy and nearly identical error structure (the
two models disagree on only four test images out of 599). EfficientNetBO outperforms
MobileNetV3Large numerically and the difference is borderline significant at « = 0.05
(p = 0.0654), reflecting that MobileNetV3Large makes seven more errors but the abso-
lute count remains low. The ensemble, however, is significantly more accurate than Mo-
bileNetV3Large alone (p = 0.0156). Taken together, these results indicate that the benefit of
heterogeneous soft voting is restricted to lifting the weaker backbone toward the stronger
one rather than exceeding the best individual model, which strengthens the central method-
ological claim of this study.

https:/ /doi.org/10.3390/app16146989


https://doi.org/10.3390/app16146989

Appl. Sci. 2026, 16, 6989 13 0f 23
Table 4. Pairwise McNemar tests on the leakage-controlled test set (n = 599).

C(()ﬁs:.n;;) n Both Correct Only (ﬁlf)orrect Only (];0(1:)0 rrect Both Wrong p-Value Significance
EfficientNetB0 vs.
MobileNetV3Large 587 9 2 1 0.0654 n.s. (o« =0.05)
EfficientNetB0 vs.
Soft-voting 594 2 2 1 1.0000 n.s.
ensemble
MobileNetV3Large Sienificant
vs. Soft-voting 589 0 7 3 0.0156 &

(p < 0.05)

ensemble

This reassessment refines the interpretation of the group-learning contribution. Rather
than claiming that heterogeneous ensembling guarantees perfect classification, the frame-
work demonstrates that leakage-aware heterogeneous evaluation can distinguish genuine
gains from optimistic artifacts produced by easier splits. Importantly, the proposed frame-
work still outperformed the 95% accuracy benchmark of Thalor et al. [9] across the complete
eight-class MangoLeafBD formulation, despite the present protocol being more conserva-
tive. The negative ensemble finding is itself a methodological contribution and a cautionary
signal for future MangoLeafBD-based work.

4.3. Grouped Cross-Validation Stability

To assess whether the leakage-reassessed hold-out result was stable across alter-
native partitions, EfficientNetBO was re-evaluated under 5-fold Stratified GroupKFold
cross-validation over the full grouped dataset. Per-fold accuracies were 99.63%, 99.50%,
99.88%, 99.38%, and 99.75%, with corresponding weighted F1-scores closely tracking ac-
curacy. The mean cross-validation accuracy was 99.63% with a standard deviation of
0.20 percentage points, and the mean weighted F1 was 99.62% with a standard deviation
of 0.20 percentage points. These figures place the 95% confidence interval for accuracy at
approximately [99.39%, 99.87%], which is well above the 95% benchmark reported in the
existing ensemble literature.

These results are important for two complementary reasons. First, they reduce the
concern that the strong hold-out performance is an artifact of a single favorable train—
validation—test partition. Second, they show that EfficientNetB0 remains highly reliable
even when repeatedly evaluated under group-aware constraints that are stricter than the
conventional random-split protocols used in much of the MangoLeafBD literature. In other
words, the leakage audit revised the interpretation of the earlier perfect-score claim but did
not overturn the central conclusion that EfficientNetB0 is an exceptionally strong classifier
for the full eight-class MangoLeafBD task.

4.4. Grad-CAM Visual Explainability Analysis

Grad-CAM analysis confirmed that EfficientNetB0 attends to diagnostically relevant
leaf regions for all eight classes. For Anthracnose, Bacterial Canker, and Sooty Mould,
attention concentrated on visible lesion margins and discolored patches. For Cutting
Weevil damage, the heatmap highlighted the mechanically damaged leaf edge and folded
tissue. For Powdery Mildew, the model consistently attended to the powdery white
coating zone. For the Healthy class, activation was diffuse across the healthy green blade,
indicating the absence of a localized disease signal. All eight overlay images are reported
in Figure 1 with per-class prediction confidence ranging from 96.8% (Cutting Weevil) to
100.0% (Anthracnose, Bacterial Canker, Die Back, Powdery Mildew).
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(a) Anthracnose

(e) Gall Midge

conf =100.0%

conf = 99.7%

(b) Bacterial Canker (c) Cutting Weevil (d) Die Back

conf=100.0% conf =100.0%

(f) Healthy (h) Sooty Mould

conf = 100.0% conf=99.7%

Figure 1. Grad-CAM heatmaps produced by the leakage-controlled EfficientNetBO classifier across
the eight MangoLeafBD disease categories. Panels (a—h) show, respectively, Anthracnose, Bacterial
Canker, Cutting Weevil, Die Back, Gall Midge, Healthy, Powdery Mildew, and Sooty Mould. Each
panel superimposes the Grad-CAM activation map on the original leaf image using a jet colormap
and reports the model’s predicted-class confidence in its header. Reported confidence scores are
99.9997% ((a), Anthracnose), 99.9985% ((b), Bacterial Canker), 96.75% ((c), Cutting Weevil), 99.9999%
((d), Die Back), 99.68% ((e), Gall Midge), 99.56% ((f), Healthy), 99.9998% ((g), Powdery Mildew),
and 99.71% ((h), Sooty Mould). All eight test images were correctly classified. Warm-coloured
(red—yellow) regions indicate spatial locations that contributed positively to the predicted class score;
cool-coloured (blue-green) regions are background or non-diagnostic tissue. The visualisations are
rendered at 400 dpi to support printed inspection at journal resolution.

4.5. CPU Latency Benchmark

On a standard CPU (Apple Silicon M-series), EfficientNetB0 achieved a mean single-
image inference latency of 25.3 ms (p95 = 27.6 ms) after warmup, corresponding to a
throughput of approximately 39.5 images per second for batch size 1. Batch throughput im-
proved substantially with larger batches: 101.9 img/s at batch 4, 137.5 img/s at batch 8, and
166.5 img/s at batch 16. Model cold-start (load from disk) required approximately 404 ms.
These results confirm that EfficientNetB0 is well within practical real-time deployment
constraints on commodity hardware without GPU acceleration as shown in Table 5.

Table 5. CPU latency benchmark results (EfficientNetB0, CPU-only).

Batch Size Batch Latency (ms) Per-Image Latency (ms) Throughput (img/s)
1 24.7 24.7 40.5
4 39.3 9.8 101.9
8 58.2 7.3 137.5
16 96.1 6.0 166.5

4.6. Practical System Outcome

From an application perspective, the leakage-reassessed results point to a clear winner:
EfficientNetB0 is both the best deployable single model and the most credible primary re-
search model under the stricter internal evaluation. The soft-voting combination remained
competitive, but it no longer offered a decisive advantage once leakage was controlled.
Combined with the Grad-CAM analysis and the fast CPU inference, this confirms Efficient-
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NetB0 as a strong, explainable, and practically deployable choice for field-oriented mango
disease diagnosis.

4.7. Web Application System Performance and Features

As shown in Figure 2, the diagnostic system was successfully deployed on Hug-
ging Face Spaces using a CPU-only runtime, making it publicly accessible through a
standard web browser without requiring GPU hardware or local installation. The model
artifact is served from the companion Hugging Face model repository wirapongc/mango-
leaf-disease-efficientnetb0, while the application code resides in the Space repository
wirapongc/mango-leaf-diagnosis-v1. This separation allows the same model to back both
Gradio and Streamlit front ends without duplicating the artifact and supports independent
versioning of the model and the application.

= Mango Leaf Disease Diagnosis - a Hugging Face Space by wirapongc

2 | hitpsy//huggingface.co/spaces/wirapongc/mango-leaf-diagnosis-v1 Q v *
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Mange Leaf Disease Diagnosis System

Al-powered screening for manga leof health monitoring
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Powdery Mildew 2152
Healthy Leaf 940
Anthracnose 469
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Fungus growing on haneydew secreted by sap-sucking insects such os aphids, scale insects, or mealybugs
Observed symptoms

Black scot-Uike cooting covers the laf surface, recuding photosymihesis.

Basic recommendations

Contral the insect vectors, wash off the cooting when oppropriate. and odjust orchard management to reduce sop-
sucking insect infestations

Figure 2. Screenshot of the deployed Mango Leaf Disease Diagnosis System (Hugging Face Space,
CPU-only runtime, publicly accessible without local installation). The interface demonstrates two
integrated capabilities: (i) the six-check input-validation pipeline described in Section 3.9, which
enforces minimum resolution, aspect-ratio limits, green-channel dominance, non-white pixel ratio,
colour standard deviation, and grayscale Shannon entropy before any image is forwarded to the clas-
sifier and, on failure, returns a Thai-language rejection message rather than an unreliable prediction;
and (ii) real-time inference, in which valid images are passed through the EfficientNetBO classifier
and the top-1 prediction is displayed together with the full probability distribution over all eight
classes and a Thai-language disease-information panel drawn from disease_db.py. The complete
end-to-end response time observed on the CPU-only runtime is between 100 and 150 ms per image,
consistent with the single-image CPU latency benchmark reported in Section 4.5.

The deployed system provides a coherent set of diagnostic features organized around
a single image upload workflow. Users can submit a JPEG or PNG photograph of a
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mango leaf through the web interface. Each submitted image is first routed through the
validation pipeline described in Section 3.9, which returns a descriptive Thai-language
rejection message when the image fails one of the six quality checks. Valid images are
forwarded to the EfficientNetB0 classifier, which produces a top-1 prediction reported as
the Thai disease name together with the associated confidence percentage. The system
additionally displays the full probability distribution over all eight classes, sorted by
descending confidence, which allows the user to inspect plausible alternative diagnoses
for visually ambiguous cases. A detailed disease information panel—populated from the
disease_db.py knowledge base—then provides the Thai-language entry for the predicted
disease, including the disease name, causative agent, symptom description, and treatment
and management recommendations. A system status indicator confirms that the model
has been loaded successfully and reports the inference device. Both the Gradio interface
and the Streamlit alternative expose this same feature set and can be selected based on
deployment preference.

Functional evaluation was carried out using held-out images from the MangoLeafBD
test set spanning all eight classes. The system correctly routed every valid leaf image
through the full diagnostic pipeline, producing the expected disease label, probability
table, and information panel without runtime errors. End-to-end inference time, includ-
ing image decoding, validator execution, and the model forward pass, fell consistently
within the 100-150 ms range on CPU, which is in line with the single-image latency bench-
mark reported in Section 4.5 and well below any threshold that would impair interactive
use. Validator effectiveness was assessed using deliberately out-of-domain inputs such as
solid-color backgrounds, text-only images, and very low-resolution images. The valida-
tor rejected these inputs with informative Thai-language messages, while continuing to
accept the visually diverse appearance of diseased leaves across all seven disease classes—
including samples with brown lesions, white powdery coatings, sooty black surfaces,
and damaged margins—confirming that the calibrated thresholds appropriately balance
specificity and recall for the disease detection use case.

The deployed system requires no local installation and can be accessed from any
standard web browser, including those on mobile devices, which makes it suitable for
educational use in plant pathology training and for agricultural extension scenarios where
pathology expertise may otherwise be difficult to obtain on demand. The combination
of accurate classification, fast CPU-based inference, structured Thai-language diagnostic
output, and a quality-controlled input pipeline together demonstrates that the proposed
framework can be operationalized as a practical decision-support tool rather than remaining
only as an offline benchmark.

4.8. Web Application Evaluation

This section presents the evaluation of the proposed web-based Mango Leaf Disease Di-
agnosis System from the perspectives of domain experts. The evaluation was conducted to
assess the system’s usability, performance, classification accuracy, and applicability in prac-
tical environments. The findings provide insights into the effectiveness of the developed
system and identify areas requiring further enhancement for real-world implementation.

The expert evaluation results (n = 3) revealed that the system achieved a high overall
satisfaction level (M = 4.45, SD = 0.35). Among the assessed dimensions, usability and
ease of use received the highest rating (M = 4.75, SD = 0.36), indicating that the user
interface effectively supports intuitive interaction and facilitates user accessibility. This
outcome demonstrates the effectiveness of the Gradio-based implementation in promoting
a user-centered design. We stress that the small sample size (n = 3 domain experts) is a
clear limitation of this evaluation; the results should be interpreted as an initial expert-
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based usability check and not as a statistically robust user study. The complete evaluation
questionnaire, together with the anonymised per-item scores and free-text comments, is
provided in the Supplementary Material S1.

System performance was also evaluated favorably, with a mean score of 4.58 (SD = 0.41).
Experts reported that the system provided rapid and stable responses during operation.
This finding aligns with the experimental results, which showed an average image pro-
cessing time of 0.44 s, thereby confirming the system’s suitability for real-time disease
diagnosis applications.

The dimensions of disease classification accuracy (M = 4.37, SD = 0.41) and suitability
for practical deployment (M = 4.57, SD = 0.54) also received high ratings, although their
mean scores were comparatively lower than those of usability and system performance.
These findings suggest that the proposed system is functionally effective and operationally
reliable; however, further improvements are necessary to enhance classification precision
and increase adaptability across diverse agricultural environments. Expert recommenda-
tions emphasized the importance of expanding the range of detectable disease categories
and improving model robustness to accommodate variations in image quality, viewing
angles, lighting conditions, and field environments. Such enhancements would further
strengthen the system’s applicability and reliability in practical agricultural settings.

5. Discussion

This study investigated whether a heterogeneous group learning framework based
on modern transfer learning architectures could improve mango leaf disease classification
while maintaining deployment feasibility for real-world agricultural applications. The
findings demonstrate that EfficientNetBO0 achieved the strongest individual performance,
attaining 99.50% accuracy and a 99.50% weighted F1-score on the leakage-controlled test
set. Furthermore, grouped 5-fold cross-validation confirmed the stability of the model,
producing a mean accuracy of 99.63% with a low standard deviation of 0.20%. These results
indicate that the proposed framework provides highly reliable disease recognition across
the complete eight-class MangoLeafBD dataset.

The findings directly address the first research objective of establishing robust single-
model baselines using contemporary deep learning architectures. Among the evaluated
backbones, EfficientNetB0O consistently outperformed MobileNetV3Large and matched
the performance of the heterogeneous soft-voting ensemble. This outcome suggests that
EfficientNetB0 provides an effective balance between representational capacity and com-
putational efficiency. The result is consistent with previous studies that reported strong
performance of EfficientNet-based architectures for plant disease classification [3,6]. The
superior performance of EfficientNetB0 may be attributed to its compound scaling strat-
egy [28], which simultaneously optimizes network depth, width, and resolution, enabling
the extraction of discriminative disease-related visual features while avoiding excessive
model complexity.

The second objective was to determine whether heterogeneous ensemble learning
could outperform individual models. Although the soft-voting ensemble achieved the
same classification accuracy as EfficientNetBO, it did not provide a statistically meaningful
improvement under the stricter group-aware evaluation protocol. This finding differs
from several earlier studies that reported substantial gains from ensemble learning ap-
proaches [8,9], but is consistent with the broader ensemble-mechanics literature. From a
theoretical standpoint, the accuracy of a soft-voting ensemble depends jointly on the individ-
ual accuracy of its members and on the diversity of their errors [24,25]. When one member
is close to a dataset’s achievable accuracy ceiling, weaker members can only contribute
residual error correction; if the weaker members’ errors overlap heavily with those already
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made by the stronger member, no net gain is observable. In the present setting, Efficient-
NetB0 makes only three residual errors on the 599-image leakage-controlled test partition
and MobileNetV3Large makes only ten. Table 4 confirms that on the four test images where
EfficientNetB0 and the ensemble differ, the outcomes are symmetric (bjg = 2, bg; = 2), so no
systematic advantage remains after soft-voting fusion. This pattern is characteristic of a
feature-redundancy regime rather than a diversity-limited regime, and it suggests that the
MangoLeafBD dataset—once duplicate-aware evaluation is enforced—provides limited
room for heterogeneous ensembling to add value beyond the best individual backbone.

This interpretation is reinforced by recent work on the mechanics of deep ensembles.
Du et al. [24] show that the improvement obtainable from soft-voting fusion diminishes
rapidly once the individual base learners approach the maximum performance permitted
by the data (a feature-saturation, rather than an architectural, regime), and Allen-Zhu and
Li [25] argue that ensembles of independently trained deep networks may not necessarily
learn different features on well-curated benchmarks such as MangoLeafBD, so the diversity
assumption underlying classical Bagging and Boosting arguments does not fully carry over.
In this light, the negative ensemble result reported here is not evidence that heterogeneous
ensembling is ineffective in general; it is evidence that the MangoLeafBD benchmark, under
strict duplicate-controlled evaluation, has entered a regime where a single well-chosen
backbone already captures most of the extractable signal.

A complementary theoretical lens on the CPU-efficient deployment result reported
in Section 4.5 is teacher-student knowledge distillation [29,30]. The observation that
a 5.3-million-parameter EfficientNetB0O attains accuracy comparable to hybrid CNN-
transformer teachers on MangoLeafBD—while running in 25 ms on CPU—is congruent
with recent distillation analyses showing that once a compact student is trained on a
well-covered task, additional teacher capacity is often not transferred to further student
accuracy but is instead reflected in training-time gradient conditioning [29]. Beyer et al. [30]
demonstrate empirically that a patient, consistent distillation regime can close the accu-
racy gap between very large teachers and much smaller students on image classification
benchmarks. Together, these two views—diminishing-returns ensembling on the one hand,
and effective compact-student capacity on the other—provide a coherent explanation of
why the deployment-oriented single-model configuration reported here is preferable to
more elaborate heterogeneous ensembles for MangoLeafBD-scale diagnosis under CPU-
only constraints.

Consistent with this teacher-student view, Krémar et al. [31] provide a recent and com-
plementary analysis of what actually transfers when a high-capacity ensemble is distilled
into a compact student. Although their setting is tabular anomaly detection rather than
image classification, their diffusion-inspired perturbation analysis identifies an asymmetry
that is directly relevant to our finding: global, isolation-based outlier knowledge transfers
reliably to the compact student, whereas local, neighborhood-dependent knowledge de-
grades more strongly under compression. Under the same lens, MangoLeafBD lesions are
dominated by class-wide, globally consistent visual patterns (necrotic patches, powdery
coatings, black sooty regions) rather than neighborhood-specific outliers, which explains
why a compact 5.3-million-parameter EfficientNetB0 can match a heterogeneous soft-voting
ensemble at 99.50% accuracy while running in 25 ms on CPU. This convergence between
the ensemble-mechanics analysis of [24,25], the classical distillation literature [29,30], and
the recent tabular-distillation evidence of [31] supports the interpretation that our observed
performance ceiling on MangoLeafBD reflects feature saturation rather than a failure of
knowledge transfer, and that additional ensemble depth would therefore trade inference
latency for negligible accuracy gain.
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An important contribution of this study is the adoption of a group-aware splitting
strategy to address duplicate and near-duplicate image leakage. Earlier investigations
frequently relied on conventional random splitting procedures, which may unintentionally
allow visually similar images to appear across training and testing partitions. The post
hoc audit conducted in this study revealed the potential risk of optimistic performance
estimation under such conditions. By enforcing group-based separation using filename nor-
malization and perceptual hashing techniques, the evaluation protocol became substantially
more rigorous. The resulting performance remained exceptionally high despite the stricter
conditions, demonstrating that the predictive capability of EfficientNetBO0 is robust rather
than an artifact of data leakage. This methodological contribution strengthens the reliability
and reproducibility of mango leaf disease classification research and responds directly to
concerns regarding benchmarking inconsistency highlighted in the literature review.

The grouped cross-validation results further reinforce the robustness of the proposed
framework. The consistently high accuracy across all five folds indicates that model
performance is not dependent on a particular train-test partition. This finding is impor-
tant because previous studies often reported results using a single hold-out split, which
may not adequately capture performance variability. The low standard deviation ob-
served in this study demonstrates strong generalization within the MangoLeafBD dataset
and provides additional evidence supporting the reliability of EfficientNetB0 for disease
recognition tasks.

Beyond predictive performance, the Grad-CAM analysis contributes to the explain-
ability of the proposed system. The visualizations revealed that the model consistently
focused on biologically meaningful disease symptoms, including lesion boundaries, pow-
dery coatings, damaged tissue regions, and discolored areas. These findings support
previous observations that explainable Al techniques can enhance trust and transparency
in agricultural decision-support systems [12-14]. The attention patterns generated by Grad-
CAM indicate that the model is learning disease-relevant visual characteristics rather than
relying on irrelevant background information. This capability is particularly important
for agricultural practitioners who require interpretable evidence to support automated
diagnostic recommendations.

The deployment experiments provide further practical significance. EfficientNetB0
achieved a mean CPU inference latency of approximately 25 ms per image and maintained
real-time performance without requiring GPU acceleration. These results demonstrate
that highly accurate disease classification can be achieved while preserving computational
efficiency, addressing concerns that advanced deep learning models may be too resource-
intensive for field deployment [14]. The successful implementation of the web-based
diagnostic platform on Hugging Face Spaces and Streamlit environments further validates
the applicability of the framework for agricultural extension services, educational settings,
and precision agriculture initiatives.

When compared with studies reviewed in the literature, the present research demon-
strates several strengths. Although recent hybrid CNN-transformer architectures have
reported classification accuracies exceeding 99% [12,21], many of these approaches involve
substantially greater architectural complexity and computational requirements. In contrast,
the proposed framework achieves comparable performance using a simpler and more
deployable architecture while incorporating leakage-aware evaluation, grouped cross-
validation, explainability analysis, latency benchmarking, and operational deployment.
Consequently, the contribution of this study extends beyond classification accuracy alone
and emphasizes methodological rigor, transparency, and practical usability.

Table 6 presents a side-by-side comparison of the proposed framework with prior
MangoLeafBD-based studies on equivalent eight-class evaluations. Accuracies are reported
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as published; the present framework is the only one that combines a leakage-aware split,
Grad-CAM explainability across all eight classes, CPU latency characterization, and a
publicly accessible web application.

Table 6. Comparison of the proposed framework with prior studies using the MangoLeafBD dataset
on eight-class disease classification.

Study Method Accuracy (%) Strict Leakage Cross-Validation XAI Coverage Public Web/Edge
Control Deployment
Thalor et al. [9] VGG-19 bagging 95.00 No Not reported No No
Puranik et al. [16] MobileNetV3 98.00 No Not reported No Mobile app only
Gautam et al. [8] ESDNN ensemble 98.57 No Not reported No No
Pahati et al. [20] GOO%\EF Te(:ichable 99.60 No Not reported No Web demo only
achine
Hossain et al. [22] DeiT (ViT) 99.50-99.75 No Not reported No No
. ViX-
Jashim et al. [12] MangoEFormer 99.78 (F1) No Not reported Yes No
N ConvNeXt + ViT
Ergiin [13] hybrid >99 No Not reported No No
DenseNet121 + SOTA on Yes (Grad-CAM +
Rahman et al. [14] ECA MangoLeafBD No Not reported LIME) No
. EfficientNetB0 + g9 5 (single), ~ Yes@Hash+ 5 ) Sratified-  Yes (Grad-cam, Yo (Hlugging
This study (2026) heterogeneous dHash + stem Face Space,
. 99.63 (5-fold CV) GroupKFold all 8 classes)
soft voting groups) CPU-only)

Despite the encouraging findings, several limitations should be acknowledged. First,
the study relied exclusively on the MangoLeafBD dataset, which was collected within a
specific geographical and environmental context in Bangladesh; external validation using
datasets from different countries, cultivars, climatic conditions, and imaging devices re-
mains necessary to establish broader generalizability. Two publicly available plant-disease
image datasets that share several morphological challenges with MangoLeafBD—including
intra-class visual variation, inter-class similarity for leaf-surface texture and colour, and
uneven illumination—are particularly suitable candidates for such external validation:
PlantVillage [32], the largest publicly available multi-species plant disease benchmark,
offers a diverse but laboratory-controlled reference; and PlantDoc [33], which was designed
explicitly to capture in-the-wild imaging conditions rather than laboratory conditions,
would test the framework’s robustness under realistic field variability. Second, the experi-
ments focused on image-based diagnosis under semi-controlled conditions and did not
evaluate performance using field-acquired smartphone images captured under highly vari-
able lighting and background environments. Third, only three transfer-learning backbones
were investigated, whereas recent transformer-based and multimodal architectures could
offer further opportunities to improve performance or robustness under distribution shift.
Fourth, the expert evaluation was based on a very small sample (n = 3 domain experts),
which is insufficient to support statistically robust claims about usability. Larger-sample
user studies remain necessary; the complete evaluation instrument used here is provided in
Supplementary Material S1 to facilitate replication and extension. Finally, although Grad-
CAM was used to verify spatially meaningful attention, a more comprehensive explainabil-
ity analysis—including class-conditional saliency consistency, attention sensitivity analysis,
and pathologist-rated agreement—could further strengthen the system’s trustworthiness.

Future research should therefore investigate cross-dataset validation, domain adap-
tation, and multimodal approaches that integrate visual symptoms with environmental,
meteorological, or sensor-based information. Further exploration of lightweight trans-
former architectures, federated learning across multiple growing regions, and mobile-
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device deployment with on-device inference could further enhance practical applicability.
In addition, longitudinal field trials involving farmers and agricultural extension officers
would provide valuable evidence about real-world adoption, usability, and economic im-
pact, while uncertainty calibration and selective prediction could improve safety when the
system encounters out-of-distribution leaves.

Overall, the findings demonstrate that a leakage-aware transfer learning framework
based on EfficientNetB0 can achieve accurate, stable, interpretable, and computationally
efficient mango leaf disease classification. The study contributes to the growing body of
agricultural artificial intelligence research by showing that rigorous evaluation protocols,
explainability mechanisms, and deployment readiness are as important as predictive
accuracy for building trustworthy and scalable precision agriculture solutions. The negative
ensemble result obtained under group-aware evaluation also provides a useful empirical
baseline for assessing future MangoLeafBD-based work.

6. Conclusions

This study developed and evaluated a leakage-aware group-learning framework for
mango leaf disease classification using transfer learning and heterogeneous ensemble
learning on the complete eight-class MangoLeafBD dataset. The results demonstrated
that EfficientNetB0 achieved the strongest overall performance, reaching 99.50% accuracy
and 99.50% weighted F1 on the leakage-controlled test set and maintaining 99.63% mean
accuracy (SD = 0.20%) across 5-fold StratifiedGroupKFold cross-validation. Although the
heterogeneous soft-voting ensemble remained competitive, it did not surpass the best
individual model once duplicate leakage was controlled, underscoring the importance of
rigorous benchmarking when assessing ensemble gains. The study advances the literature
by addressing four interconnected gaps—benchmarking consistency, data leakage control,
model explainability, and deployment readiness—within a single internally consistent
framework. The integration of Grad-CAM visualizations, CPU latency benchmarking,
and a publicly accessible Hugging Face-based web application further confirmed that
the proposed model is interpretable, fast on commodity hardware, and suitable for real-
world deployment. The framework is therefore not only a strong empirical benchmark
on MangoLeafBD but also a reusable methodological template for future agricultural
computer vision research that values reproducibility, transparency, and field applicability.
Nevertheless, the study is limited by its reliance on a single public dataset, the absence of
large-scale external field validation, and the evaluation of only a limited set of deep-learning
backbones, creating clear opportunities for future research on cross-domain validation,
transformer-based architectures, multimodal integration, and large-scale field deployment.
Overall, the findings indicate that robust, explainable, and computationally efficient deep-
learning systems can support practical mango disease diagnosis and contribute to precision
agriculture by enabling earlier disease detection, reducing crop losses, and improving
decision-making for farmers and agricultural extension services.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/app16146989/s1: Supplementary Material S1: Expert Evaluation
Questionnaire for the Mango Leaf Disease Diagnosis System.
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