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ABSTRACT

Article information:

Accurate rice variety classification is essential for quality control, seed au-
thentication, and agricultural supply chain management. Although deep
learning methods have achieved high classification accuracy, most existing
studies overlook domain shifts, deployment efficiency, and model inter-
pretability. This paper proposes a latency-aware cross-domain rice variety
classification framework that integrates proxy-domain grouping, GroupK-
Fold evaluation, pretrained CNN feature extractors, PCA-based dimen-
sionality reduction, classical machine learning classifiers, and explainabil-
ity analysis. A sensitivity analysis was conducted to determine the opti-
mal proxy-domain configuration and feature dimensionality. Experimen-
tal results across four publicly available rice datasets showed that K = 5
provided the most suitable proxy-domain structure for domain-aware val-
idation, while PCA with 150 components retained approximately 99.08%
of the original variance and achieved the best cross-domain performance.
Among the evaluated backbones, ResNet50 with partial fine-tuning con-
sistently produced the strongest robustness under domain shifts, whereas
EfficientNetBO frequently achieved the highest official test performance.
The proposed framework attained weighted F1-scores of up to 0.999 on
the official test sets, with 95% bootstrap confidence intervals confirming
result reliability. Latency benchmarking across CPU, GPU, and Tensor-
Flow Lite environments revealed that TensorFlow Lite reduced inference
latency from approximately 150-280 ms to 5-8 ms per image, supporting
efficient edge deployment. Furthermore, Pareto frontier analysis identified
MobileNetV3Small as a highly competitive deployment-oriented backbone,
while Grad-CAM analysis indicated that most remaining classification er-
rors were associated with visually similar rice varieties. Overall, the pro-
posed framework provides a robust, efficient, and interpretable solution for
rice variety classification under realistic domain-shift conditions.
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1. INTRODUCTION

Rice (Oryza sativa L.) is one of the most widely
cultivated and consumed staple crops worldwide, sup-
porting food security and economic development in
many regions [1]. Automated rice variety classifica-
tion has garnered significant attention due to its po-
tential to improve quality assessment, supply chain
traceability, and seed verification. Traditional clas-
sification methods based on manual inspection are
labor-intensive and prone to subjective errors, moti-
vating the adoption of computer vision and machine
learning approaches for scalable, non-destructive, and
accurate classification.

Early works in rice classification utilized hand-
crafted image features such as texture, shape, and
color histograms with conventional machine learning
algorithms, demonstrating reasonable performance
but limited scalability [2]. With the advent of deep
learning, Convolutional Neural Networks (CNNs)
emerged as a dominant paradigm, capable of learn-
ing discriminative features directly from raw images.
A foundational study by [2] employed CNN architec-
tures to classify rice grains with high accuracy, un-
derscoring the effectiveness of deep networks in cap-
turing fine-grained visual patterns among rice vari-
eties [2], [3]. However, many classical deep learning
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approaches still presume that training and test data

are sampled from the same distribution, which often

does not hold in real-world scenarios involving diverse
imaging conditions.

Recent developments have explored much larger
and more complex rice image datasets. For example,
[1] proposed an integrated deep learning framework
evaluated on a dataset of 46,500 images across 62 rice
varieties, including CNNs, transformer-based archi-
tectures, and ensemble methods. The study reported
that pretrained Vision Transformer (ViT) models
coupled with ensemble learning achieved strong per-
formance and enabled real-time deployment through
web and mobile applications. Despite this progress,
many existing studies primarily optimize for accuracy
without explicitly addressing domain shifts caused by
variabilities in lighting, camera sensors, or environ-
mental conditions—scenarios common in agricultural
field deployment.

Another emerging research direction involves in-
corporating interpretability and lightweight inference
into rice classification systems. [4] demonstrated the
integration of explainability techniques such as Local
Interpretable Model-agnostic Explanations (LIME)
and SHapley Additive exPlanations (SHAP) into
rice grain classification models, highlighting the im-
portance of understanding model decision processes.
Meanwhile, more recent works like [5] explored novel
diffusion-based convolutional architectures to clas-
sify rice seed varieties captured under varying GPS-
influenced lighting and backgrounds, emphasizing ro-
bustness to realistic data variations.

Despite these advancements, three key limitations
remain in the literature:

1. Most studies do not rigorously evaluate mod-
els under cross-domain conditions where visual
properties differ between training and test dis-
tributions. This undermines real-world general-
izability.

2. Many high-performing architectures incur high
computational costs, limiting deployment feasi-
bility on resource-constrained platforms such as
mobile or edge devices.

3. There is a lack of integrated methodologies that
simultaneously account for accuracy, domain ro-
bustness, computational efficiency, and explain-
ability within a reproducible framework.

To address these gaps, this work proposes a
Latency-Aware Cross-Domain Rice Variety Classifi-
cation framework that integrates:

1. Proxy-domain grouping based on lightweight im-
age statistics to simulate domain shifts without
requiring explicit metadata,

2. Pretrained CNN feature extractors combined
with PCA and classical classifiers under a Group-
KFold cross-domain evaluation protocol,

3. Systematic latency measurement to enable accu-
racy—efliciency trade-off analysis via Pareto fron-
tiers,

4. Explainability via Grad-CAM, facilitating quali-
tative insights into model decisions and common
misclassifications.

This integrated approach not only advances the
state of the art in rice variety classification but also
provides a reproducible evaluation protocol suitable
for deployment-aware research in agricultural vision.

2. RELATED WORK

Automated rice variety classification has attracted
increasing attention with the rapid adoption of deep
learning methods, driven by their superior ability
to learn discriminative representations from raw vi-
sual data. Earlier studies primarily relied on hand-
crafted features—such as texture descriptors, color
histograms, and morphological attributes—combined
with classical classifiers, including Support Vector
Machines (SVM) and Random Forests. Although
these approaches achieved reasonable accuracy under
controlled conditions, their limited representational
capacity and sensitivity to acquisition variability hin-
dered generalization across datasets.

The advent of deep Convolutional Neural Net-
works (CNNs) has significantly advanced rice va-
riety classification by enabling end-to-end feature
learning. [6] conducted a large-scale comparative
study evaluating VGG, ResNet, and Inception ar-
chitectures on a dataset exceeding 75,000 rice im-
ages, demonstrating that deeper CNNs consistently
outperform traditional pipelines and shallow models
in fine-grained rice recognition tasks. Similar con-
clusions were drawn by several recent works that
employed transfer learning with ImageNet-pretrained
backbones, confirming that pretrained CNNs can ef-
fectively capture subtle inter-class variations among
visually similar rice grains [1], [7].

Beyond accuracy-oriented studies, recent research
has begun to emphasize computational efficiency, mo-
tivated by the need to deploy rice classification sys-
tems on mobile and edge devices. [8] systemati-
cally investigated lightweight CNN architectures and
showed that MobileNet-family models can substan-
tially reduce computational cost while maintaining
competitive accuracy across multiple rice varieties.
Complementary findings were reported by [8] who
demonstrated that quantized neural networks achieve
favorable accuracy—efficiency trade-offs for rice vari-
ety classification, further highlighting the importance
of latency-aware model design in real-world agricul-
tural applications. These studies collectively suggest
that model efficiency should be treated as a primary
evaluation criterion rather than a secondary opti-
mization goal.

More recently, transformer-based models have
been introduced into rice classification pipelines. [1]
explored Vision Transformers (ViTs) and ensemble
strategies on a large-scale rice dataset comprising 62
varieties, reporting strong classification performance
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and successful deployment in mobile applications.
However, transformer-based approaches often incur
higher inference latency and computational overhead,
limiting their suitability for resource-constrained en-
vironments. Moreover, most transformer-based rice
classification studies still rely on random train—test
splits, leaving their robustness under domain shifts
largely unexplored.

The issue of domain shift and generalization has
been widely recognized in the broader computer vi-
sion community, particularly in agricultural imaging,
where variations in illumination, background, sensor
type, and capture conditions are common. Recent
works outside the rice domain have demonstrated
that random data splits can significantly overesti-
mate real-world performance, advocating for group-
aware or domain-aware evaluation protocols such as
GroupKFold and cross-domain validation [9], [10]. In
the context of rice variety classification, [1] explic-
itly noted the lack of standardized protocols to assess
robustness under dataset shifts, identifying this gap
as a critical limitation in current research. Never-
theless, domain-aware evaluation remains underrep-
resented in rice-specific studies.

Another emerging research direction is explain-
able artificial intelligence (XAI), which aims to im-
prove transparency and trust in deep learning models.
[4] integrated LIME and SHAP into CNN-based rice
grain classification, providing insights into how spe-
cific grain features influence model decisions. While
this work represents an important step toward inter-
pretability, explainability is typically treated as an
auxiliary analysis rather than being systematically
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linked with robustness and efficiency considerations.
In parallel, Grad-CAM has been widely adopted in
agricultural vision tasks—such as crop disease de-
tection and seed classification—to visualize discrimi-
native regions and analyze misclassification patterns
[11], [12], yet its application to rice variety classifica-
tion under cross-domain settings remains limited.

A recent comparative study by [13] systemati-
cally evaluated handcrafted feature-based pipelines
(e.g., HOG, LBP, and color descriptors) against
deep CNN architectures, including AlexNet, VGG,
GoogLeNet, ResNet, and DenseNet, for rice variety
classification. The results consistently showed that
deep learning—based features significantly outperform
handcrafted representations in capturing fine-grained
morphological differences among rice grains.

However, the study primarily focused on accu-
racy under random data splits and did not assess
robustness to domain shifts arising from variations
in acquisition conditions. In addition, computa-
tional efficiency was analyzed only in terms of model
complexity rather than explicit inference latency,
and no explainability mechanisms were incorporated.
These limitations further motivate the need for uni-
fied frameworks that jointly consider domain-aware
evaluation, latency-aware analysis, and explainable
decision-making, as proposed in this work.

In summary, existing literature confirms the effec-
tiveness of deep learning for rice variety classification
but reveals several unresolved challenges:

1. Most studies rely on random splits, which may
not reflect real-world deployment conditions with
domain shifts.

Table 1: Comparison of state-of-the-art rice variety classification methods with respect to efficiency, domain-

aware evaluation, and explainability.

Latenc . o
Study Dataset /|y roqel / Method Efﬁcieri,c;r Domain-Aware | Explainability | - yp oo 14 iation
fVarieties . Evaluation (XAI)
Analysis
6] >75k images / VGG, ResNet, « « « No robustness or
5 varieties Inception CNNs efficiency evaluation
Medium-
scale / Transfer learning ) Lo
[7] multiple CNNs X X X Accuracy-oriented only
varieties
0 Large-scale / CNN, ViT, y « « Domain robustness not
62 varieties Ensembles assessed.
3] Medium- MobileNet-based Y « « No cross-domain
scale CNNs evaluation
8] Medium- Quantized CNN v y y Quantization only, no
scale robustness analysis
4] S.rnallf CNN + LIME + « « v XA.I is not linked to
medium scale SHAP efficiency or robustness
e Handcrafted Accuracy-focused; no
Medium- featur domain-awar
scale / eatures vs. omain-aware
[13] multinle CNNs (AlexNet, X X X evaluation, latency
Varietri)es VGG, ResN)et, analysis, or
DenseNet explainability
This work [14 — 17] CNN feature
extractors + ML v v v a
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2. Only a small number of works explicitly measure
inference latency or analyze accuracy—efficiency
trade-offs.

3. Explainability techniques are often applied post
hoc and are rarely combined with rigorous eval-
uation protocols.

Motivated by these gaps, our work proposes a uni-
fied framework that integrates proxy-domain group-
ing for cross-domain evaluation, latency-aware fea-
ture extraction with Pareto frontier analysis, and
Grad-CAM-based explainability, thereby advancing
the state of the art toward more realistic, efficient,
and trustworthy rice variety classification systems.
Summary of recent state-of-the-art studies on rice va-
riety classification, highlighting the evaluation pro-
tocols, computational efficiency considerations, and
explainability mechanisms as shown in Table 1.

3. METHODOLOGY

This study proposes a Latency-Aware Cross-
Domain Rice Variety Classification framework that
explicitly addresses three critical challenges in agri-
cultural image analysis: (i) generalization un-
der domain shift, (ii) computational efficiency for
deployment-constrained environments, and (iii) in-
terpretability of model decisions. Unlike conven-
tional end-to-end deep learning pipelines that pri-
oritize accuracy under random data splits, the pro-
posed methodology integrates proxy-domain model-
ing, feature-based transfer learning, rigorous cross-
domain evaluation, and explainable Al into a uni-

Owverall pipeline of the proposed latency-aware cross-domain rice variety classification framework.

fied and reproducible experimental pipeline. Over-
all pipeline of the proposed latency-aware cross-
domain rice variety classification framework, integrat-
ing proxy-domain grouping, feature-based transfer
learning, classical machine learning classifiers, multi-
objective accuracy—latency analysis, and Grad-CAM-
based explainability as shown in Fig.1.

3.1 Problem Definition and Learning Objec-
tive

Let D = {(z4,:)}Y, denote a dataset of rice grain
images, where x; € REXW*3 represents an RGB im-
age and y; € {0.1...,C —1} is the corresponding rice
variety label. The objective is to learn a classifier
fiREXWX3 5 £0.1...,C — 1} that maximizes pre-
dictive accuracy while remaining robust to domain-
induced distribution shifts and minimizing inference
latency. In contrast to standard empirical risk min-
imization under i.i.d. assumptions, this work explic-
itly considers the case where training and testing sam-
ples may originate from different latent domains.

3.2 Dataset and Experimental Configuration

Experiments were conducted using four publicly
available rice variety image datasets representing
different acquisition conditions, geographic origins,
and varietal compositions. The primary benchmark
dataset was Aruzz22-5K, which contains RGB images
of multiple rice varieties organized in a class-wise di-
rectory structure [14]. To further evaluate the gen-
eralizability of the proposed framework, three addi-
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tional datasets were incorporated: the Rice Image
Dataset (Koklu), the Japanese Rice Dataset, and the
Rice Varieties in Bangladesh dataset. These datasets
provide substantial diversity in terms of imaging con-
ditions, number of rice varieties, sample size, and re-
gional characteristics, thereby enabling a more rig-
orous assessment of cross-dataset robustness and de-
ployment feasibility.

To evaluate the generalizability of the proposed
framework across different acquisition conditions, ad-
ditional experiments were conducted on three pub-
licly available rice variety datasets, namely the Rice
Image Dataset, Japanese Rice Dataset, and Rice Va-
rieties in Bangladesh as showed in Table 2. These
datasets differ substantially in terms of imaging con-
ditions, rice varieties, sample size, and geographic
origin, thereby providing a more rigorous assessment
of cross-dataset robustness and deployment feasibil-
ity. By incorporating datasets collected from differ-
ent countries and acquisition environments, the study
alms to assess whether the proposed latency-aware
evaluation framework remains effective beyond a sin-
gle benchmark dataset.

The four datasets were intentionally selected to
represent diverse classification complexities, rang-
ing from three-class (Japanese Rice) and five-class
(Koklu Rice Varieties) benchmarks to more challeng-
ing twenty-class (Aruzz22-5K) and thirty-eight-class
(Bangladesh Rice) classification scenarios.

Table 2: Characteristics of the rice datasets used in

this study.
Dataset Classes | Images | Source
Aruzz22-5K 20 42,000 14
Bangladesh Rice 38 19,000 16
Japanese Rice 3 3,210 [17]
Koklu Rice Varieties 5 75,000 [15]

For each dataset, the original training and testing
partitions were preserved whenever available. Proxy
domains were generated exclusively from the train-
ing portion using K-Means clustering on lightweight
image statistics, while the official test partitions re-
mained untouched for final evaluation because the of-
ficial test partitions follow the original dataset splits
provided by the dataset creators, no proxy-domain
constraints were imposed during test set construc-
tion. Consequently, samples in the official test sets
may partially share latent acquisition characteristics
with the training data. Therefore, official test eval-
uation and proxy-domain GroupKFold validation as-
sess different aspects of model performance: dataset-
level generalization and domain robustness, respec-
tively.. This design ensures that cross-domain valida-
tion and official testing measure complementary as-
pects of model performance, namely domain robust-
ness and dataset-level generalization.

To ensure experimental reproducibility and fair
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comparison across model configurations, all experi-
ments employ fixed random seeds for NumPy and
TensorFlow. Images are uniformly resized to 224
X 224 pixels, a resolution commonly adopted by
pretrained convolutional neural network backbones
such as EfficientNetB0O, MobileNetV3Small, and
ResNet50. The same preprocessing pipeline, fea-
ture extraction procedure, dimensionality reduction
strategy, and classifier evaluation protocol were con-
sistently applied across all datasets to facilitate fair
cross-dataset comparison.

3.3 Image Preprocessing

Each image undergoes a minimal yet standardized
preprocessing pipeline consisting of JPEG decoding,
resizing, and conversion to floating-point representa-
tion. No aggressive data augmentation is applied.
This design choice is deliberate: the study aims to
evaluate intrinsic model robustness to domain vari-
ability, rather than relying on augmentation strate-
gies that may artificially inflate generalization per-
formance.

Importantly, image file paths are preserved
throughout the data pipeline. This enables down-
stream operations such as proxy-domain grouping,
cross-domain splitting, and targeted explainability
analysis, which would not be feasible if only image
tensors were retained.

3.4 Proxy-Domain Grouping for Cross-Domain
Robustness

In real-world agricultural imaging scenarios, ex-
plicit domain metadata—such as camera type, illu-
mination conditions, acquisition location, or sensor
characteristics—is often unavailable. Consequently,
conventional random train—test splits may overesti-
mate real-world performance when distribution shifts
are present [9], [10]. To address this limitation,
the proposed framework introduces a proxy-domain
grouping mechanism that approximates latent acqui-
sition conditions using lightweight image statistics,
following recent advances in domain generalization
and group-aware evaluation [10], [18].

For each image, a reduced-resolution representa-
tion (128 x 128) is used to extract a compact set of
statistical descriptors, including the mean and stan-
dard deviation of luminance and RGB color channels.
Luminance is computed as:

L =0.299R + 0.587G + 0.114B (1)

This formulation follows standard perceptual color
models and has been widely used to characterize
illumination-related variability in agricultural im-
agery [19].

The resulting feature vectors are clustered using
K-Means, where each cluster represents a proxy do-
main. Each image z; is assigned a domain identifier
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gi €4{0,..., K — 1}, which serves as a surrogate rep-
resentation of latent acquisition conditions. Similar
clustering-based approaches have been employed in
unsupervised domain discovery and robustness eval-
uation when explicit domain annotations are unavail-
able [18], [20].

To determine the number of proxy domains, a
sensitivity analysis was performed by varying the
number of clusters from (K=3) to (K=8). Cluster-
ing quality was evaluated using silhouette coefficient
and inertia, while validation feasibility was assessed
based on the requirements of the GroupKFold proto-
col. Configurations with fewer than five clusters were
excluded because they could not consistently sup-
port domain-aware cross-validation across datasets.
Among the eligible configurations, (K=5) provided
competitive silhouette scores, sufficient domain diver-
sity, and stable validation folds. The complete sensi-
tivity analysis is presented in Section 4.1.

The generated proxy-domain labels were subse-
quently used in GroupKFold evaluation to assess
model robustness under domain shifts without requir-
ing explicit acquisition metadata. This strategy pro-
vides a more realistic estimate of model generalization
for publicly available agricultural datasets where do-
main information is rarely documented [9], [10], [21].

3.5 PCA-Based Dimensionality Reduction
and Component Sensitivity Analysis

Although deep feature embeddings are highly ex-
pressive, their high dimensionality often introduces
feature redundancy and increases the computational
burden of downstream classifiers, particularly in
large-scale or latency-sensitive applications. Previ-
ous studies in computer vision and agricultural im-
age analysis have demonstrated that dimensionality
reduction can effectively compress deep representa-
tions while preserving most of their discriminative
information [22], [23].

To address this issue, Principal Component Anal-
ysis (PCA) is employed to transform the origi-
nal 256-dimensional deep embeddings into a lower-
dimensional feature space. PCA is a widely used
unsupervised dimensionality reduction technique that
projects data onto orthogonal directions of maximum
variance, thereby reducing feature redundancy and
suppressing noise [24]. In deep feature learning, PCA
has been shown to improve computational efficiency
while maintaining competitive classification perfor-
mance across various visual recognition tasks [25].

Rather than selecting the number of principal com-
ponents arbitrarily, a sensitivity analysis was con-
ducted using six candidate configurations consisting
of 50, 100, 150, 200, 217, and 256 components. For
each configuration, cross-domain classification perfor-
mance and variance retention were evaluated. As
reported in Section 4.2, the 150-component config-
uration achieved the highest cross-domain weighted

Fl-score while retaining approximately 99.08% of the
variance contained in the original feature space. In-
creasing the dimensionality beyond 150 components
resulted in only marginal improvements in variance
retention and did not consistently improve classifica-
tion performance, indicating the presence of redun-
dant information in higher-dimensional representa-
tions. Consequently, 150 principal components were
selected as the default configuration for all subsequent
experiments.

To prevent information leakage, PCA was fitted
exclusively on the training data and subsequently ap-
plied to the validation and test sets. This protocol fol-
lows established machine learning best practices for
ensuring unbiased evaluation and reproducibility [26].
The resulting reduced feature representation pre-
serves most of the discriminative information of the
original embeddings while substantially reducing the
computational complexity of the downstream classifi-
cation stage. Similar combinations of deep CNN fea-
tures and PCA have been successfully applied in agri-
cultural vision tasks, including plant disease recogni-
tion and seed classification, where improvements in
computational efficiency were achieved without sig-
nificant performance degradation [19], [27].

3.6 Deep Feature Extraction and Fine-Tuning
Strategies

This study adopts a transfer learning framework in
which ImageNet-pretrained convolutional neural net-
works (CNNs) are used to extract discriminative vi-
sual representations from rice images. Feature-based
transfer learning has been shown to provide strong
generalization performance while reducing training
cost and computational requirements, particularly in
agricultural vision applications with limited labeled
data [19], [28].

Three widely used pretrained CNN backbones are
evaluated: EfficientNetB0, MobileNetV3Small, and
ResNet50. EfficientNetB0O employs compound scaling
to jointly optimize network depth, width, and resolu-
tion, providing a favorable accuracy—efficiency trade-
off [29]. MobileNetV3Small is a lightweight architec-
ture specifically designed for mobile and edge deploy-
ment through depthwise separable convolutions and
neural architecture search [31]. ResNet50 serves as a
strong baseline architecture due to its residual learn-
ing mechanism, which enables effective optimization
of deep networks and has been extensively validated
across diverse computer vision tasks [30].

For each backbone, convolutional feature maps are
aggregated using Global Average Pooling (GAP) and
subsequently projected into a 256-dimensional em-
bedding space through a fully connected layer with
Gaussian Error Linear Unit (GELU) activation. This
embedding representation is used as the input for the
PCA and machine learning classification stages de-
scribed in the subsequent sections [31]. Formally, the
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feature extractor defines a mapping as:

2 = fo(i)eR*™ (2)

where x; denotes the input rice image and fy(.) rep-
resents the pretrained CNN backbone followed by the
embedding head.

To investigate the effect of backbone adaptation,
three fine-tuning strategies are considered. In the
Frozen strategy, all backbone layers remain fixed
and only the embedding and classification layers are
trained. In the Partial Fine-Tuning strategy, approx-
imately 70% of the earlier backbone layers are frozen
while the remaining 30% of the deeper layers are up-
dated during training, enabling limited adaptation
to rice morphology while preserving most pretrained
representations. In the Full Fine-Tuning strategy, all
backbone parameters are updated using the target
dataset. These strategies represent increasing levels
of adaptation complexity and computational cost and
conducted to refine and optimise model performance
across varied datasets [32].

The resulting embeddings are subsequently pro-
cessed using PCA-based dimensionality reduction
and classified using lightweight machine learning
models. The effectiveness of the frozen, partial fine-
tuning, and full fine-tuning strategies is empirically
evaluated in Section 4.3.1 to assess their impact on
cross-domain robustness, official test performance,
and deployment efficiency.

3.7 Latency-Aware Inference Benchmarking

A key contribution of this work is the explicit
quantification of inference latency, which is frequently
omitted in rice variety classification studies despite
being a critical factor for real-world deployment. In
practical agricultural applications, inference is often
executed on resource-constrained platforms, where
system responsiveness depends not only on predic-
tive performance but also on computational efficiency.
Consequently, recent edge Al studies recommend
evaluating models under realistic deployment condi-
tions using repeated measurements, batch size = 1,
and platform-specific runtimes [33].

In this framework, latency is measured using wall-
clock time during inference, capturing both neural
computation and runtime overheads. Let (T') denote
the total elapsed inference time required to process
(N) images. The average per-image latency is com-
puted as:

T
timg = N (3)

where t;,,4 represents the mean inference latency per
image. This definition follows established bench-
marking practices in edge AI, where the objective
is to estimate the effective runtime experienced by
deployed systems rather than relying solely on theo-
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retical measures such as parameter counts or FLOPs
[33].

Latency benchmarking was conducted in Google
Colaboratory running Linux 6.6.1224 (x86-64) with
52.96 GB system RAM. GPU-accelerated experi-
ments were executed using an NVIDIA L4 GPU with
23,034 MiB of dedicated memory. TensorFlow 2.20.0
was used as the primary deep learning framework for
CPU and GPU benchmarking, while TensorFlow Lite
was employed to evaluate edge-oriented deployment
scenarios. Latency measurements were conducted us-
ing batch size = 1. Ten warm-up runs were discarded
prior to benchmarking to eliminate initialization over-
head, and performance statistics were subsequently
computed from 100 repeated inference runs. The
evaluation was performed across three deployment
environments: TensorFlow CPU, TensorFlow GPU,
and TensorFlow Lite, representing conventional desk-
top execution and edge-oriented deployment scenar-
ios.

Table 3: Numeric and methodological comparison
ith related BreakHis studies.

Component Specification
E;Ei;t,trlzl Google Colaboratory
Operating Linux 6.6.122+ (x86.64)
System
GPU NVIDIA L4 (23,034 MiB VRAM)
System RAM 52.96 GB
Framework TensorFlow 2.20.0
Edge Runtime TensorFlow Lite
Batch Size 1
Warm-up Runs 10
Measured Runs 100
Device Types CPU, GPU, Edge Proxy

Latency is treated as a primary evaluation cri-
terion and is incorporated into the model selection
process through accuracy-latency trade-off analysis.
This design follows recent efficiency-aware machine
learning research, which emphasizes that deployment-
ready models should be evaluated under multiple ob-
jectives, balancing predictive performance and com-
putational cost rather than optimizing accuracy alone
[33]. The resulting latency measurements are further
analyzed using Pareto-style comparisons and cross-
platform benchmarking, as presented in Sections 4.4
and 4.4.1.

3.8 Hybrid Classification using Classical Ma-
chine Learning Models

On top of the PCA-reduced deep feature rep-
resentations, this study evaluates multiple classical
machine learning classifiers, including Support Vec-
tor Machines (SVM), Logistic Regression (LR), k-
Nearest Neighbors (kNN), Random Forests (RF),
Extra Trees (ET), and Multi-Layer Perceptrons
(MLP). For classifiers that are sensitive to feature
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scale—such as SVM, Logistic Regression, kNN, and
MLP—feature standardization is applied using Stan-
dardScaler to ensure stable optimization and fair
comparison across models.

This hybrid deep—classical learning paradigm has
been widely adopted in recent computer vision and
agricultural image analysis research due to its favor-
able trade-off between accuracy, computational effi-
ciency, and robustness. Rather than training deep
networks end-to-end, deep CNNs are leveraged purely
as fixed feature extractors, while classical classifiers
are employed for the final decision stage. This decou-
pling significantly reduces training time and mitigates
overfitting, particularly when labeled data are limited
or domain variability is high [34].

Recent studies have demonstrated that classical
machine learning classifiers operating on deep fea-
ture embeddings can achieve performance compara-
ble to—and in some cases surpass—end-to-end deep
classifiers in fine-grained visual recognition tasks. For
example, [35] showed that Support Vector Machines
and Random Forests trained on CNN-extracted fea-
tures achieved strong generalization and competitive
accuracy in agricultural image classification, while
significantly reducing training complexity compared
to fully trainable deep networks. Similarly, [19] re-
ported that ensemble-based classifiers, including Ran-
dom Forests and Extra Trees, exhibit increased ro-
bustness to feature noise and inter-class similarity
when applied to deep representations, particularly in
plant and seed classification scenarios.

Moreover, hybrid deep—classical pipelines enable
systematic benchmarking across classifiers with dif-
ferent inductive biases, facilitating deeper insights
into how decision boundaries interact with learned
feature spaces. This capability is especially impor-
tant in cross-domain evaluation settings, where clas-
sifier robustness plays a key role in mitigating perfor-
mance degradation under distribution shifts. Recent
domain generalization studies have emphasized that
feature-based classifiers often provide more stable be-
havior than end-to-end deep models when evaluated
under unseen domains [36]. In addition, Multi-Layer
Perceptrons (MLPs) trained on compact deep embed-
dings have been shown to offer a practical compromise
between linear models and fully deep architectures,
delivering non-linear decision capacity with relatively
low computational overhead and faster convergence
[37].

Overall, the use of classical machine learning clas-
sifiers on top of PCA-compressed deep features pro-
vides a computationally efficient, interpretable, and
deployment-friendly classification framework, align-
ing well with the latency-aware and cross-domain ob-
jectives of the proposed methodology.

3.9 Cross-Domain Evaluation Protocol

Model robustness is evaluated using GroupKFold
cross-validation, in which data splits are constructed
based on proxy-domain labels rather than random
sampling. This protocol ensures that validation sam-
ples originate from unseen domains relative to the
training data, thereby providing a more realistic as-
sessment of generalization performance under domain
shift. Recent studies in domain generalization have
shown that random train—test splits tend to overes-
timate real-world performance, whereas group-aware
evaluation protocols better reflect deployment sce-
narios involving heterogeneous acquisition conditions
[38], [39]

GroupKFold-based evaluation has been increas-
ingly adopted in computer vision research to assess
robustness against latent domain variations when ex-
plicit domain annotations are unavailable [40]. In
agricultural imaging, where variations in illumina-
tion, background, and sensor characteristics are com-
mon, such domain-aware evaluation is particularly
critical [19].

Performance is quantified using classification ac-
curacy and weighted F1l-score, which jointly capture
overall correctness and class imbalance effects. The
configuration achieving the best cross-domain perfor-
mance is retrained on the full training set and sub-
sequently evaluated on a held-out test set, following
best practices for unbiased model selection and eval-
uation [26].

3.10 Statistical Reliability via Bootstrap Con-
fidence Intervals

To account for sampling variability and improve
the statistical reliability of the reported results, boot-
strap resampling is applied to the official test pre-
dictions using 1000 iterations. Bootstrap-based con-
fidence intervals provide a non-parametric estimate
of uncertainty by repeatedly sampling the prediction
outcomes with replacement and approximating the
empirical distribution of the evaluation metrics[41].

Specifically, 95% confidence intervals are estimated
for the official test performance metrics using the
bootstrap distribution obtained from 1000 resampling
iterations. This procedure enables uncertainty quan-
tification without relying on strong distributional as-
sumptions and is particularly suitable for classifica-
tion problems with moderate sample sizes or poten-
tially imbalanced class distributions [42].

Bootstrap confidence intervals complement the
point estimates reported throughout this study by
providing an indication of result stability and statis-
tical reliability. Consequently, the official test results
are reported together with their corresponding 95%
confidence intervals, allowing a more transparent as-
sessment of model performance and facilitating fairer
comparisons between competing configurations.
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3.11 Multi-Objective Analysis using Pareto
Frontier

Rather than optimizing accuracy in isolation, this
study jointly analyzes classification accuracy and in-
ference latency using a Pareto frontier. Each model
configuration is represented as a point in the accu-
racy—latency space, and non-dominated solutions de-
fine the Pareto-optimal set. This formulation enables
principled selection of models that balance predictive
performance with computational efficiency.

Recent works in efficient deep learning emphasize
that Pareto-based analysis provides a more realistic
assessment of model suitability for deployment, es-
pecially in resource-constrained environments such as
mobile and edge devices [29], [43]. By framing rice va-
riety classification as a multi-objective optimization
problem, the proposed analysis moves beyond single-
metric benchmarks and aligns model selection with
real-world constraints.

3.12 Explainability Analysis Using Grad-
CAM on Hard Misclassification Pairs

To enhance interpretability and trustworthiness,
Gradient-weighted Class Activation Mapping (Grad-
CAM) is applied to the convolutional backbone of
the best-performing model. Instead of visualizing ar-
bitrary samples, the analysis focuses on hard pairs,
defined as class pairs with the highest confusion fre-
quency in the test set.
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Targeted explainability is more informative than
random visualization, as it highlights discrimina-
tive regions that contribute directly to model failure
modes [11]. Grad-CAM heatmaps are overlaid on the
original images to reveal salient visual patterns influ-
encing misclassification. This strategy has been suc-
cessfully applied in recent agricultural vision studies
to diagnose classification errors and support deploy-
ment in safety-critical decision-making contexts [44],
[45].

4. RESULT AND DISCUSSION
4.1 Proxy-Domain Sensitivity Analysis

To establish a principled basis for proxy-domain
construction, a sensitivity analysis was conducted by
varying the number of K-Means clusters from K = 3
to K = 8. The resulting silhouette scores and iner-
tia values for all evaluated datasets are summarized in
Table 4, while the corresponding clustering trends are
illustrated in Figure 2. Because the proposed frame-
work relies on GroupKFold cross-domain validation,
only configurations producing at least five proxy do-
mains were considered eligible for subsequent exper-
iments.

The results indicate that clustering quality varies
across datasets. For the Aruzz22-5K dataset, the
highest silhouette score was obtained at K = 4
(0.333); however, this configuration was not eligi-
ble for GroupKFold validation because it generated

Table 4: K-Means Sensitivity Analysis for Proxy-Domain Selection.

K Dataset Silhouette Score Inertia Eligible for GroupKFold
3 | Aruzz22-5K 0.314 7189.023 No
4 | Aruzz22-5K 0.333 5539.575 No
5 | Aruzz22-5K 0.320 4504.045 Yes
6 | Aruzz22-5K 0.307 3889.912 Yes
7 | Aruzz22-5K 0.304 3432.065 Yes
8 | Aruzz22-5K 0.301 3104.472 Yes
3 | Bangladesh 0.398 4602.898 No
4 | Bangladesh 0.365 3486.468 No
5 | Bangladesh 0.388 2772.597 Yes
6 | Bangladesh 0.376 2309.010 Yes
7 | Bangladesh 0.382 1942.037 Yes
8 | Bangladesh 0.376 1717.896 Yes
3 Japanese 0.307 7729.810 No
4 Japanese 0.292 6175.633 No
5 Japanese 0.281 5257.624 Yes
6 Japanese 0.275 4565.329 Yes
7 Japanese 0.268 4059.766 Yes
8 Japanese 0.264 3712.874 Yes
3 Koklu 0.587 1400.125 No
4 Koklu 0.550 943.980 No
5 Koklu 0.492 710.397 Yes
6 Koklu 0.468 513.395 Yes
7 Koklu 0.451 407.571 Yes
8 Koklu 0.442 341.857 Yes
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Fig.2: Proxzy-Domain Sensitivity Analysis for (a) Silhouette Score vs. K and (b) Inertia vs. K .

fewer than five proxy domains. Among the eligible
configurations, K = 5 achieved the highest silhouette
score (0.320), making it the most appropriate choice
for subsequent experiments. A similar pattern was
observed for the Bangladesh dataset, where K = 3
achieved the highest overall silhouette score (0.398),
but K = 5 yielded the highest score among the eligible
configurations (0.388). For the Japanese and Koklu
datasets, silhouette scores gradually decreased as K
increased, indicating that finer domain partitioning
reduced cluster compactness and separation.

The inertia analysis revealed a consistent decrease
as the number of clusters increased, which is expected
because additional clusters reduce within-cluster vari-
ance. However, the rate of inertia reduction be-
came progressively smaller beyond K = 5 across all
datasets, suggesting an elbow-like behavior. This
trend indicates that increasing the number of clusters
beyond five provides only marginal improvements in
partition compactness while simultaneously reducing
clustering stability, as reflected by the declining sil-
houette scores.

Although the optimal clustering structure differed
across datasets, a unified value of K = 5 was adopted
to ensure methodological consistency throughout the
study. While lower values of K occasionally produced
higher silhouette scores, these configurations were in-
compatible with the GroupKFold protocol because
they generated an insufficient number of proxy do-
mains for robust cross-domain validation. Among
the eligible configurations, K = 5 consistently yielded
competitive silhouette scores while maintaining suffi-
cient domain diversity to support meaningful domain-

aware evaluation. Furthermore, increasing K beyond
five generally resulted in lower silhouette scores with
only modest reductions in inertia, indicating dimin-
ishing returns in clustering quality.

Based on these observations, K = 5 was selected
as the default configuration for proxy-domain gener-
ation throughout the remainder of this study. This
choice represents a practical compromise between
cluster separability, domain diversity, and valida-
tion feasibility. The resulting proxy domains pro-
vide a principled foundation for the subsequent cross-
domain robustness experiments and ensure that the
evaluation protocol reflects realistic domain shifts
across diverse rice image datasets.

Table 5: PCA ablation.

PCA Variance Mean Mean
Components Retained | Accuracy | Weighted
(%) +Std | F1+ Std
50 93.173 033‘;4* Oﬁéf
100 97.515 Ogéé?)i 0-332;
150 99.076 Oﬁgggi Oﬁggsﬂ:
200 99.758 ngggi Ogéé;
217 99.881 0'09_?(2)1i Ogéélﬂ:
256 100.000 Oéﬁgf 0-09_35;:
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4.2 PCA Component Sensitivity Analysis

To investigate the impact of feature dimensionality
reduction, an ablation study was conducted by vary-
ing the number of retained principal components from
50 to 256. The resulting variance retention ratios and
cross-domain validation performance are summarized
in Table 5. As expected, increasing the number of re-
tained components progressively preserved more in-
formation from the original 256-dimensional feature
embeddings, with variance retention increasing from
93.17% at 50 components to 100% at 256 components.

The results reveal that classification performance
does not increase monotonically with dimensional-
ity.  The highest weighted Fl-score (0.956) was
achieved using 150 principal components while re-
taining 99.08% of the original variance. Lower-
dimensional configurations such as 50 and 100 compo-
nents achieved weighted F1-scores of 0.941 and 0.949,
respectively, indicating that substantial dimensional-
ity reduction can be achieved with only moderate per-
formance degradation. However, the 150-component
configuration consistently provided the best balance
between information retention and classification per-
formance.

Interestingly, increasing the dimensionality beyond
150 components did not improve cross-domain gener-
alization. Although configurations with 200, 217, and
256 components retained between 99.76% and 100%
of the original variance, their weighted F1-scores de-
creased to 0.941, 0.941, and 0.938, respectively. This
finding suggests that the additional components pri-
marily capture residual variance that contributes lit-
tle to discriminative class information and may in-
troduce redundancy that slightly degrades general-
ization performance.

Based on these results, PCA with 150 components
was selected as the default configuration for all sub-
sequent experiments. This configuration preserves
approximately 99.08% of the original variance while
achieving the highest weighted Fl-score, indicating
an effective trade-off between feature compression,
computational efficiency, and classification perfor-
mance. Compared with the original 256-dimensional
embeddings, the selected configuration reduces di-
mensionality by approximately 41% without sacrific-
ing predictive capability.

Overall, the PCA sensitivity analysis demonstrates
that the proposed framework is robust to moderate
variations in feature dimensionality and that retain-
ing approximately 99% of the original variance is suf-
ficient to achieve optimal cross-domain performance.
These findings provide empirical justification for the
adoption of PCA as an integral component of the pro-
posed latency-aware rice variety classification frame-
work.
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4.3 Cross-Domain GroupKFold Performance

The cross-domain evaluation was conducted us-
ing the optimal proxy-domain configuration identi-
fied through the K-Means sensitivity analysis and the
PCA representation selected in Section 4.2. Table
6 summarizes the best-performing configuration for
each backbone across the four rice datasets, reporting
both cross-domain robustness and official test perfor-
mance.

The results reveal substantial variability across
datasets, reflecting differences in class cardinality,
visual similarity, and acquisition conditions. Over-
all, the Koklu dataset exhibited the strongest per-
formance, with all backbone architectures achiev-
ing near-perfect results. EfficientNetB0 achieved
the highest cross-domain weighted F1-score (0.992 +
SD), while MobileNetV3Small achieved the highest
official test performance (F1 = 0.999). The small per-
formance differences among backbones suggest that
the five rice varieties contained in this dataset are
highly separable, even under the proposed domain-
aware evaluation protocol.

For the Japanese dataset, all backbones demon-
strated strong performance under both cross-domain
and official test evaluation. ResNet50 achieved the
highest cross-domain weighted Fl-score (0.979 =+
SD), whereas EfficientNetB0 achieved the highest offi-
cial test weighted Fl-score (0.914). The consistently
strong results across all architectures indicate that
compact deep representations are sufficient to dis-
criminate among the three rice varieties despite varia-
tions introduced by the proxy-domain grouping strat-
egy.

The Aruzz22-5K dataset posed a more challeng-
ing classification problem due to the presence of
twenty rice varieties and stronger inter-class simi-
larity. ResNetb0 with partial fine-tuning achieved
the highest cross-domain weighted F1-score (0.917 +
SD), substantially outperforming EfficientNetB0 and
MobileNetV3Small. However, the official test perfor-
mance was more balanced across backbones, with Ef-
ficientNetBO and ResNet50 producing comparable re-
sults. These findings suggest that partial fine-tuning
improves robustness to domain shifts while preserving
discriminative morphological information relevant to
rice variety recognition.

The Bangladesh dataset remained the most chal-
lenging benchmark due to its large number of rice
varieties and high visual similarity among classes.
Interestingly, ResNet50 achieved the highest cross-
domain weighted F1-score (0.869 + SD), whereas Effi-
cientNet B0 achieved the highest official test weighted
F1-score (0.757). This discrepancy indicates that ro-
bustness under unseen domains does not necessarily
translate into superior performance under the original
dataset distribution. The result further highlights the
importance of evaluating both cross-domain robust-
ness and conventional test performance when select-
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ing deployment-ready models.

From a backbone perspective, no single archi-
tecture consistently dominated across all datasets.
ResNetb0 generally provided the strongest robustness
under domain shifts, particularly on the Aruzz22-5K,
Bangladesh, and Japanese datasets. In contrast, Ef-
ficientNetBO frequently achieved the highest official
test performance, while MobileNetV3Small remained
competitive despite its substantially lower computa-
tional cost. These observations suggest that model
selection should consider not only predictive perfor-
mance but also deployment constraints and robust-
ness requirements.

An important observation is the discrepancy be-
tween cross-domain and official test performance. For
example, the Bangladesh dataset achieved a cross-
domain weighted F1l-score of 0.869 using ResNet50,
whereas the corresponding official test weighted F1-
score was only 0.721. Conversely, the Koklu dataset
produced highly consistent results across both eval-
uation protocols. These findings indicate that the
impact of domain shift varies considerably across
datasets and support the use of proxy-domain Group-
KFold validation as a complementary assessment
of model robustness beyond conventional train—test
splits.

Overall, the proposed framework demonstrated
strong performance across datasets with diverse ac-
quisition conditions, geographical origins, and lev-
els of classification complexity. The combination
of proxy-domain validation, deep feature extrac-
tion, PCA-based dimensionality reduction, backbone
adaptation, and lightweight machine learning classi-
fiers provides a robust and deployment-oriented so-
lution for rice variety classification under realistic
domain-shift scenarios.

4.3.1 Fine-Tuning Analysis

To investigate the impact of adapting pretrained
representations to rice morphology, three fine-tuning
strategies were evaluated: frozen feature extraction,
partial fine-tuning, and full fine-tuning. The result-
ing cross-domain performance, official test perfor-
mance, and inference latency are summarized in Ta-
ble 7. Table 6 reports the best configuration within
the backbone-comparison experiment, whereas Table
7 reports the best-performing configuration obtained
from the dedicated fine-tuning analysis.

The results indicate that the effectiveness of fine-
tuning depends on both dataset complexity and eval-
uation protocol. Across all evaluated datasets, partial
fine-tuning consistently produced the strongest cross-
domain performance. For the Aruzz22-5K dataset,
partial fine-tuning combined with ResNet50 and
Random Forest achieved the highest cross-domain
weighted F1-score of 0.991 and the highest official test
weighted F1-score of 0.932. In contrast, frozen feature
extraction achieved a lower cross-domain weighted

F1-score of 0.870, while full fine-tuning substantially
reduced performance to 0.706. These findings sug-
gest that moderate adaptation of pretrained repre-
sentations enables the model to better capture rice-
specific morphological characteristics while preserv-
ing the generalization capability learned from large-
scale pretraining.

A similar trend was observed for the Japanese
Rice Dataset. Partial fine-tuning with ResNet50
and Naive Bayes achieved the highest cross-domain
weighted F1-score of 0.983 and the highest official test
weighted Fl-score of 0.893. Frozen feature extrac-
tion using MobileNetV3Small and Logistic Regression
produced competitive performance (cross-domain F1
= 0.898; test F1 = 0.886), whereas full fine-tuning
again resulted in lower performance (cross-domain F1
= 0.873; test F1 = 0.818). These results further sup-
port the effectiveness of partial fine-tuning for adapt-
ing pretrained features to rice morphology without
sacrificing robustness.

For the Bangladesh dataset, partial fine-tuning
achieved the highest cross-domain weighted F1-score
of 0.921 using ResNet50 and Naive Bayes. However,
the highest official test weighted F1-score (0.729) was
obtained by frozen EfficientNetB0O combined with Lo-
gistic Regression. This discrepancy suggests that
partial fine-tuning improved robustness under un-
seen proxy domains, whereas frozen feature extrac-
tion remained slightly more effective under the orig-
inal dataset distribution. The substantial perfor-
mance gap between partial and full fine-tuning is
also noteworthy, with full fine-tuning achieving only
0.365 cross-domain weighted F1-score and 0.569 test
weighted F1-score.

The Koklu dataset exhibited a different behavior.
Frozen EfficientNetB0 combined with Random Forest
achieved the highest official test weighted F1-score of
0.996 and a cross-domain weighted F1-score of 0.996,
slightly outperforming partial fine-tuning (test F1 =
0.995; cross-domain F1 = 0.992). Since the perfor-
mance difference was negligible, this result indicates
that the pretrained ImageNet representations already
capture highly discriminative features for the five rice
varieties contained in the Koklu dataset, limiting the
potential benefits of additional fine-tuning.

An important observation is that full fine-
tuning consistently produced the weakest perfor-
mance across all datasets. Although full fine-tuning
occasionally yielded lower inference latency than the
frozen and partial strategies, the reduction in clas-
sification performance was substantial. For exam-
ple, on the Aruzz22-5K dataset, full fine-tuning re-
duced the official test weighted F1-score from 0.932
to 0.780, while on the Bangladesh dataset the score
decreased from 0.729 to 0.569. Similar degrada-
tions were observed for the Japanese and Koklu
datasets. These findings suggest that fully adapting
all backbone parameters may encourage overfitting
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to dataset-specific characteristics, thereby reducing
both cross-domain robustness and overall generaliza-
tion performance.

Overall, the fine-tuning analysis demonstrates that
moderate adaptation of pretrained CNN representa-
tions provides the most effective balance between ro-
bustness and predictive performance. Partial fine-
tuning emerged as the most reliable strategy for cross-
domain generalization, whereas frozen feature extrac-
tion remained a strong baseline for datasets with
highly separable visual characteristics. These find-
ings directly address the impact of backbone adapta-
tion on rice morphology recognition and support the
adoption of partial fine-tuning for deployment scenar-
ios where robustness to unseen domains is a primary
concern.

4.4 Official Test and Latency Analysis

The official test evaluation was conducted using
the best-performing configuration identified for each
dataset after the cross-domain validation, PCA sen-
sitivity analysis, and fine-tuning experiments. The
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resulting classification performance and inference la-
tency are summarized in Table 8. In contrast to the
more conservative proxy-domain GroupKFold evalu-
ation, the official test results reflect performance un-
der the original dataset partitions and therefore pro-
vide an estimate of predictive capability under the
datasets’ native distributions.

Among the evaluated datasets, the highest clas-
sification performance was obtained on the Koklu
dataset. MobileNetV3Small combined with frozen
feature extraction and Random Forest achieved an
accuracy and weighted Fl-score of 0.996 while re-
quiring only 175.1 ms per image. This finding in-
dicates that the five rice varieties contained in the
Koklu dataset exhibit highly distinctive visual char-
acteristics that can be effectively represented us-
ing lightweight pretrained deep features. For the
Japanese Rice Dataset, ResNet50 with partial fine-
tuning and Naive Bayes achieved the highest weighted
F1l-score of 0.893 with a latency of 237.1 ms. Simi-
larly, the Aruzz22-5Kdataset achieved a weighted F1-
score of 0.932 using ResNet50 with partial fine-tuning
and Random Forest, demonstrating that the frame-

Table 6: Best Cross-Domain and Official Test Performance Across Backbones and Datasets.

Dataset Backbone Strategy | Classifier KZE:?E;S Cr((ﬁseiioiasull)f 1 Acrfzi;cy rl;fit
Aruzz22-5K EfficientNetB0 Frozen SVC 0.993 0.688 + 0.084 0.955 0.955
Aruzz22-5K | MobileNetV3Small | Frozen SVC 0.993 0.676 £+ 0.083 0.945 0.945
Aruzz22-5K ResNet50 Partial SVC 0.975 0.917 + 0.043 0.947 0.947
Bangladesh EfficientNet BO Frozen SVC 0.992 0.576 £ 0.180 0.758 0.757
Bangladesh | MobileNetV3Small | Frozen SVC 0.993 0.521 + 0.172 0.741 0.742
Bangladesh ResNet50 Partial SvVC 0.963 0.869 + 0.059 0.719 0.721

Japanese EfficientNetBO Partial SVC 0.955 0.899 + 0.033 0.914 0.914

Japanese | MobileNetV3Small | Frozen %‘g: 0.995 0.870 & 0.050 0.896 | 0.896

. Extra
Japanese ResNet50 Partial Trees 0.957 0.979 + 0.006 0.902 0.902
Koklu EfficientNetB0 | Frozen | 081t 0.999 | 0.992 + 0.009 | 0998 | 0.998
Regression
. Logistic
Koklu MobileNetV3Small | Frozen . 0.999 0.981 + 0.030 0.999 0.999
Regression
Koklu ResNet50 Frozen SVC 1.000 0.978 + 0.024 0.993 0.993

Table 7: Effect of Fine-Tuning Strategies
Inference Latency Across Rice Datasets.

on Cross-Domain Performance, Official Test Performance, and

Dataset Strategy Backbone Models CV fl-score mean | Total Latency (ms)
Aruzz22-5K frozen EfficientNet B0 Naive Bayes 0.870 282.423
Aruzz22-5K full ResNet50 Naive Bayes 0.706 236.86
Aruzz22-5K | partial ResNet50 Random Forest 0.991 258.712
Bangladesh frozen EfficientNetBO0 Logistic Regression 0.65 287.472
Bangladesh full MobileNetV3Small MLPClassifier 0.365 155.239
Bangladesh | partial ResNet50 Naive Bayes 0.921 234.78

Japanese frozen | MobileNetV3Small | Logistic Regression 0.898 155.361

Japanese full ResNet50 Logistic Regression 0.873 236.651

Japanese partial ResNet50 Naive Bayes 0.983 237.104

Koklu frozen EfficientNetB0 Random Forest 0.996 307.698
Koklu full ResNet50 Decision Tree 0.985 238.325
Koklu partial EfficientNetB0 Random Forest 0.992 307.998
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work remains highly effective even when distinguish-
ing among twenty rice varieties.

The most challenging dataset was Rice Vari-
eties in Bangladesh, which contains thirty-eight rice
classes. The best-performing configuration achieved a
weighted F1-score of 0.729 using EfficientNetBO com-
bined with Logistic Regression. Although lower than
the results obtained on the other datasets, this per-
formance remains encouraging given the substantially
larger number of visually similar categories and the
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increased difficulty of fine-grained rice variety classi-
fication.

A notable observation is the discrepancy be-
tween cross-domain validation and official test perfor-
mance. For example, the best cross-domain weighted
Fl-scores reached 0.991 on Aruzz22-5K, 0.921 on
Bangladesh, 0.983 on Japanese, and 0.996 on Koklu,
whereas the corresponding official test weighted F1-
scores were 0.932, 0.729, 0.893, and 0.996, respec-
tively. This behavior highlights the fact that the

Table 8: Comparison of Best Cross-Domain Configuration and Pareto-Optimal Configurations Across Rice

Datasets.
Dataset Configuration Type Backbone Strategy Classifier Weighted F1 | Latency (ms)
. Random
Aruzz22-5K | Best Performance ResNetb0 Partial Forest 0.932 258.712
ores
Aruzz22-5K Fastest Pareto MobileNetV3Small | Partial SvVC 0.944 155.292
. Logistic
Bangladesh Best Performance EfficientNetBO Frozen . 0.729 287.472
Regression
Bangladesh Fastest Pareto MobileNetV3Small | Frozen SvVC 0.742 152.968
Japanese Best Performance ResNet50 Partial | Naive Bayes 0.893 237.104
. Logistic
Japanese Fastest Pareto MobileNetV3Small | Frozen . 0.886 155.361
Regression
. Random
Koklu Best Performance | MobileNetV3Small | Frozen Forest 0.996 175.085
. Logistic
Koklu Fastest Pareto MobileNetV3Small | Frozen . 0.999 154.697
Regression
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Fig.3: Accuracy-Latency Pareto Frontier across the (a) Aruzz22-5K, (b) Bangladesh, (¢) Japanese, and (d)

Koklu rice datasets.
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official test partitions were not generated using the
proxy-domain grouping procedure employed during
GroupKFold validation. Instead, they follow the
original dataset splits provided by the dataset cre-
ators. Consequently, cross-domain validation and of-
ficial test evaluation assess different aspects of model
behavior. The former measures robustness under un-
seen proxy domains, whereas the latter reflects per-
formance under the original data distribution. There-
fore, lower performance under GroupKFold should be
interpreted as a more realistic estimate of deployment
robustness rather than a weakness of the proposed
framework.

In addition to predictive performance, inference la-
tency was evaluated as a deployment-oriented metric.
The results reveal a clear trade-off between classifi-
cation accuracy and computational efficiency. Mo-
bileNetV3Small consistently achieved the lowest la-
tency, requiring approximately 150-175 ms per image
across datasets. ResNet50 exhibited intermediate la-
tency, ranging from approximately 237 to 259 ms per
image, while EfficientNetB0 required the longest in-
ference time, exceeding 280 ms per image in most con-
figurations. These findings confirm that lightweight
architectures can substantially reduce computational
cost while maintaining competitive predictive perfor-
mance.

To further investigate this trade-off, Table 7 con-
trasts the best-performing configuration and the
fastest Pareto-optimal configuration for each dataset.
For the Aruzz22-5Kdataset, the best-performing
model, ResNet50 with partial fine-tuning and Ran-
dom Forest, achieved a weighted Fl-score of 0.932
with a latency of 258.7 ms. In comparison, Mo-
bileNetV3Small with partial fine-tuning and SVC
reduced latency by approximately 40% to 155.3
ms while maintaining competitive classification per-
formance. A similar trend was observed for the
Bangladesh dataset, where MobileNetV3Small re-
duced latency from 287.5 ms to approximately 153.0
ms while remaining on the Pareto frontier. For the
Japanese Rice Dataset, MobileNetV3Small achieved
a weighted F1-score of 0.886 with a latency of only
155.4 ms, compared with 237.1 ms for the highest-
performing ResNet50 configuration. On the Koklu
dataset, both the best-performing and fastest Pareto-
optimal solutions were based on MobileNetV3Small,
demonstrating that high predictive performance and
low latency can be achieved simultaneously when the
feature space is highly separable.

Figure 3 presents the accuracy—latency Pareto
frontier across all evaluated datasets. The frontier
identifies non-dominated configurations that provide
the most favorable balance between predictive per-
formance and computational efficiency. Across multi-
ple datasets, MobileNetV3Small frequently appeared
on the Pareto frontier due to its substantially lower
latency while maintaining competitive weighted F1-
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scores. In contrast, EfficientNetBO generally occu-
pied the high-performance region at the cost of in-
creased computational overhead, whereas ResNet50
often provided an intermediate compromise between
the two extremes. These results emphasize that
model selection should consider both predictive per-
formance and latency requirements, particularly for
deployment in resource-constrained environments.

Overall, the official test and latency analyses
demonstrate that the proposed framework achieves
strong classification performance across rice datasets
with varying levels of complexity while simultane-
ously supporting deployment-aware model selection.
The combination of official test evaluation, latency
benchmarking, and Pareto frontier analysis therefore
provides a comprehensive assessment of both predic-
tive effectiveness and practical applicability in real-
world rice variety classification systems.

To quantify the statistical uncertainty of the of-
ficial test performance, 1,000 bootstrap resampling
iterations were conducted. Table 9 reports the re-
sulting 95% confidence intervals for the weighted F1-
score across the evaluated backbone configurations.
The confidence intervals are generally narrow, par-
ticularly for the Koklu dataset, indicating stable pre-
dictive performance. Wider intervals are observed for
the Bangladesh dataset, reflecting the greater classi-
fication difficulty associated with its larger number of
visually similar rice varieties.

4.4.1 Cross-Platform Latency Benchmarking

Because MobileNetV3Small consistently appeared
on the Pareto frontier across multiple datasets and
achieved the lowest inference latency among the eval-
uated backbones, it was selected as the representative
deployment-oriented architecture for cross-platform
benchmarking. To investigate the effect of deploy-
ment environments on runtime efficiency, latency
measurements were conducted for the frozen, par-
tial fine-tuning, and full fine-tuning configurations us-
ing three execution environments: TensorFlow CPU,
TensorFlow GPU, and TensorFlow Lite. All mea-
surements were performed with batch size = 1 to
emulate real-world deployment conditions. Prior to
benchmarking, ten warm-up runs were discarded to
eliminate initialization overhead, and latency statis-
tics were subsequently computed from one hundred
repeated inference runs.

The results, summarized in Table 10, reveal sub-
stantial differences in inference efficiency across plat-
forms. TensorFlow Lite consistently achieved the low-
est latency regardless of the fine-tuning strategy, re-
ducing inference time from approximately 150-280
ms observed on conventional TensorFlow CPU and
GPU execution to approximately 7 ms per image.
This corresponds to a speedup of more than one or-
der of magnitude compared with standard Tensor-
Flow inference. The reduction in latency is primar-
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Table 9: Bootstrap-Based Statistical Reliability of Official Test Performance.
Dataset Backbone Strategy | Classifier | Weighted F1 95% B(oj})tstrap LEZ:EI;)C Y
Aruzz22-5K EfficientNetB0 Frozen MLP 0.919 [0.903-0.935] | 303.500
Aruzz22-5K | MobileNetVaSmall | Frozen | 081SHC 0.905 0.886-0.921] | 174.009
Regression

Aruzz22-5K ResNet50 Frozen | _l081StC 0.892 [0.874-0.910] | 235.317
Regression

Bangladesh EfficientNetB0 Frozen MLP 0.638 [0.610-0.664] | 292.353

Bangladesh | MobileNetV3Small | Frozen MLP 0.639 [0.612—0.667] | 157.455

Bangladesh ResNet50 Frozen MLP 0.598 [0.572-0.626] | 234.732

Japanese EfficientNetB0 | Frozen | L 088UC 0.866 [0.839-0.893] | 295.802
Regression

Japanese | MobileNetV3Small | Frozen | _081SUC 0.857 [0.832-0.883] | 166.301
Regression

Japanese ResNet50 Frozen LOngt%C 0.843 [0.813-0.871] | 237.837
Regression

Koklu EfficientNetB0 Frozen | | O8iStic 0.996 [0.992-0.999] | 300.431
Regression

Koklu | MobileNetV3Small | Frozen | -08iStC 0.991 (0.986-0.996] | 158.077
Regression

Koklu ResNet50 Frozen | _l081StC 0.989 [0.983-0.995] | 236.258
Regression

ily attributable to the lightweight execution engine  Table 10: Cross-Platform Latency Benchmarking

and optimization mechanisms employed by Tensor-
Flow Lite, which are specifically designed for deploy-
ment on resource-constrained devices.

Across all evaluated platforms, GPU execution
generally outperformed CPU execution, although the
magnitude of improvement varied according to the
fine-tuning strategy. Interestingly, the latency dif-
ferences among frozen, partial, and full fine-tuning
configurations were relatively small compared with
the differences introduced by the deployment plat-
form itself. This observation suggests that deploy-
ment environment selection has a greater impact on
inference efficiency than the choice of backbone adap-
tation strategy.

These findings provide additional evidence sup-
porting the deployment-oriented nature of the pro-
posed framework. While the official experiments were
conducted using conventional TensorFlow environ-
ments, the TensorFlow Lite results demonstrate that
the framework can be effectively deployed in edge-
oriented scenarios with substantially reduced infer-
ence time while maintaining the predictive perfor-
mance reported in the previous sections. Conse-
quently, MobileNetV3Small combined with Tensor-
Flow Lite represents a particularly attractive solution
for real-time rice variety classification applications
where computational resources and response time are
critical constraints.

of MobileNetV3Small Across Fine-Tuning Strategies
and Deployment Environments.

g | TsorFlow | Tonsortlon | 3
Strategy (ms)
Frozen 2?;;3; 16215'%; 7.57 + 0.95
Partial | 20 | 19N 510 4054
Fan | PUORE L IR E ) 5 k067

4.5 Explainability Analysis

To better understand the remaining classification
errors and investigate whether misclassifications oc-
cur systematically, an explainability analysis was con-
ducted using Grad-CAM visualizations on the most
frequently confused class pairs. Table 11 summarizes
the top three misclassification pairs identified from
the best-performing model for each dataset. These
hard pairs were subsequently analyzed using Grad-
CAM to examine the visual regions that contributed
most strongly to the model’s predictions.

The results indicate that the frequency and sever-
ity of misclassification varied substantially across
datasets. The Japanese Rice Dataset exhibited the
highest concentration of confusion, particularly be-
tween the Koshihikari and Akitakomachi varieties.
The most frequent error involved Koshihikari being
classified as Akitakomachi, occurring 40 times, fol-
lowed by the reverse confusion with 28 instances.
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These findings suggest that the two varieties share
highly similar visual characteristics, making them dif-
ficult to distinguish even under the best-performing
configuration.

For the Aruzz22-5K dataset, the most common
misclassification occurred between Gutisharna and
Paijam, with 14 incorrectly classified samples. In-
terestingly, the reverse confusion was also observed
among the top three hard pairs, indicating a bidi-
rectional relationship between these varieties. Ad-
ditional confusion was observed between BR29 and
BR28, which are morphologically related rice vari-
eties. These results suggest that the remaining errors
are concentrated among visually similar classes rather
than being randomly distributed across the dataset.

The Bangladesh dataset exhibited a broader dis-
tribution of misclassifications due to its larger num-
ber of classes. The most frequent confusion occurred
between BD56 and BD30, followed by Binadhan7
and Binadhan14. Despite the increased classification
complexity associated with thirty-eight rice varieties,
the number of errors within each hard pair remained
relatively small, suggesting that the proposed frame-
work successfully learned discriminative features for

699

most classes.

The Koklu dataset demonstrated the highest de-
gree of class separability. The most frequent mis-
classification, Basmati being predicted as Jasmine,
occurred only three times. All remaining hard pairs
were associated with a single error. These findings are
consistent with the near-perfect classification perfor-
mance reported in the previous section and indicate
that the learned feature representations are highly
discriminative for this dataset.

Figures 4-7 present representative Grad-CAM
visualizations generated from the best-performing
model for the four most challenging misclassifica-
tion pairs. The heatmaps reveal that the best-
performing model consistently focuses on grain shape,
texture distribution, and boundary-related character-
istics when making predictions. In several cases, the
highlighted regions overlap substantially between the
true and predicted classes, providing a plausible ex-
planation for the observed confusion. Importantly,
the Grad-CAM results suggest that the model at-
tends to meaningful morphological structures rather
than irrelevant background regions, indicating that
the learned representations remain semantically rele-

Table 11: Top-3 Most Frequent Misclassification Pairs Identified from the Best-Performing Models.

Dataset Rank True Class Predicted Class | Count
Aruzz22-5K 1 Gutisharna Paijam 14
Aruzz22-5K 2 BR29 BR28 8
Aruzz22-5K 3 Paijam Gutisharna 8
Bangladesh 1 BD56 BD30 8
Bangladesh 2 Binadhan7 Binadhan14 7
Bangladesh 3 BD30 BD49 5
Japanese 1 Koshihikari Akitakomachi 40
Japanese 2 Akitakomachi Koshihikari 28
Japanese 3 Yangdao-8 Akitakomachi 1
Koklu 1 Basmati Jasmine 3
Koklu 2 Arborio Karacadag 1
Koklu 3 Ipsala Arborio 1

aruzz
True: 8_Paijam
Original Pred: 12_Gutisharna
Fig.4: Grad-CAM wvisualization for the most frequent misclassification pair identified in the Aruzz22-5K

dataset.
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bangladesh
True: BD56
Original Pred: BD30

Fig.5: Grad-CAM wvisualization for the most frequent misclassification pair identified in the Bangladesh
dataset.

japanese
True: KOSHIHIKARI
Original Pred: AKITAKOMACHI

A

Fig.6: Grad-CAM visualization for the most frequent misclassification pair identified in the Japanese dataset

koklu
True: Basmati
Original Pred: Jasmine

Fig.7: Grad-CAM visualization for the most frequent misclassification pair identified in the Koklu dataset .
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vant even when misclassification occurs.

Overall, the explainability analysis demonstrates
that classification errors are rare and highly system-
atic, predominantly occurring between visually simi-
lar rice varieties. The combination of confusion anal-
ysis and Grad-CAM visualization therefore provides
additional evidence that the proposed framework
learns meaningful and interpretable rice morphology
representations while maintaining strong predictive
performance across diverse datasets.

4.6 Discussion and Implications

Compared to existing rice variety classification
studies, the proposed framework extends the state
of the art by jointly addressing robustness, effi-
ciency, and interpretability within a unified evalua-
tion pipeline. Previous large-scale studies based on
deep CNNs and transformer architectures primarily
focused on maximizing classification accuracy under
conventional train—test splits, without explicitly con-
sidering domain shifts, deployment constraints, or ex-
plainability [1], [6], [7]. As a result, the robustness
of these models under realistic distribution shifts re-
mains insufficiently understood.

A key contribution of this work is the introduc-
tion of proxy-domain GroupKFold evaluation. Un-
like conventional random splits, the proposed strat-
egy approximates latent acquisition domains using
lightweight image statistics and evaluates model gen-
eralization across unseen proxy domains. The sen-
sitivity analysis demonstrated that (K=5) provides
an effective balance between cluster separability, do-
main diversity, and validation feasibility. This finding
highlights the importance of domain-aware validation
in agricultural vision applications where acquisition
metadata are rarely available.

The study also demonstrates the effectiveness of
PCA-based dimensionality reduction for deployment-
oriented classification. While deep embeddings are
highly expressive, the sensitivity analysis revealed
that retaining 150 principal components preserves
approximately 99.08% of the original variance while
achieving the strongest cross-domain performance.
Increasing dimensionality beyond this point provided
only marginal gains in variance retention and did not
consistently improve classification accuracy, indicat-
ing the presence of redundant information in higher-
dimensional representations.

From a representation-learning perspective, the
fine-tuning analysis revealed that partial fine-tuning
generally provides a better trade-off between robust-
ness and computational complexity than either fully
frozen or fully trainable backbones. In particu-
lar, ResNetb0 with partial fine-tuning consistently
achieved the strongest cross-domain performance on
the more challenging Aruzz22-5K, Bangladesh, and
Japanese datasets. These findings suggest that lim-
ited adaptation of pretrained representations is often
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sufficient to capture rice-specific morphological char-
acteristics while preserving the generalization capa-
bility learned from large-scale ImageNet pretraining.

Comparative studies evaluating handcrafted and
deep representations have consistently demonstrated
the superiority of CNN-based features over tradi-
tional color, texture, and shape descriptors [13].
However, most prior works remained accuracy-centric
and did not consider latency, domain-aware valida-
tion, or statistical reliability. Similarly, lightweight
and quantized CNN approaches explored efficiency
improvements [3], [8], whereas explainability-oriented
studies such as [4] incorporated post hoc interpreta-
tion techniques without explicitly evaluating robust-
ness under domain shifts.

In contrast, the proposed framework combines
proxy-domain validation, PCA optimization, fine-
tuning analysis, latency-aware benchmarking, and
Grad-CAM-based explainability within a single eval-
uation protocol. Cross-platform benchmarking fur-
ther demonstrated that TensorFlow Lite substan-
tially reduces inference latency compared with con-
ventional CPU and GPU execution, supporting effi-
cient edge deployment without sacrificing predictive
performance. Moreover, bootstrap confidence inter-
vals provide additional evidence regarding the stabil-
ity and reliability of the reported results.

Finally, the Grad-CAM analysis of hard misclas-
sification pairs revealed that most remaining classi-
fication errors arise from intrinsic visual similarities
among rice varieties rather than arbitrary model be-
havior. By focusing on systematically confused class
pairs, the proposed explainability strategy offers more
actionable insights than generic saliency visualiza-
tions and helps bridge the gap between predictive
performance and model trustworthiness.

Overall, the proposed framework provides a more
realistic and deployment-oriented evaluation method-
ology for rice variety classification than existing
accuracy-driven approaches. By jointly considering
robustness, efficiency, statistical reliability, and inter-
pretability, the framework offers a practical founda-
tion for developing trustworthy rice classification sys-
tems in real-world agricultural environments [1], [3],
(4], [6], [7], [8], [13].

5. CONCLUSION

This study presented a latency-aware cross-
domain rice variety classification framework that in-
tegrates proxy-domain grouping, GroupKFold valida-
tion, PCA-based dimensionality reduction, deep fea-
ture extraction, fine-tuning strategies, latency bench-
marking, and explainability analysis within a uni-
fied evaluation pipeline. Unlike conventional rice
classification studies that rely primarily on random
train—test splits, the proposed framework explicitly
evaluates robustness under domain shifts while si-
multaneously considering deployment efficiency and
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model interpretability.

The proxy-domain sensitivity analysis demon-
strated that K = 5 provides an effective balance
between cluster separability, domain diversity, and
GroupKFold feasibility. Likewise, the PCA sensitiv-
ity analysis showed that retaining 150 principal com-
ponents preserves approximately 99.08% of the origi-
nal variance while achieving the highest cross-domain
weighted Fl-score, reducing feature dimensionality
by approximately 41% relative to the original embed-
dings.

Experimental results across four rice datasets re-
vealed that no single backbone consistently dom-
inates all evaluation scenarios.  ResNetb0 com-
bined with partial fine-tuning generally provided the
strongest cross-domain robustness, particularly on
the Aruzz22-5K, Bangladesh, and Japanese datasets,
whereas EfficientNetB0 frequently achieved the high-
est official test performance. MobileNetV3Small con-
sistently offered the most favorable accuracy—latency
trade-off and frequently appeared on the Pareto fron-
tier, making it particularly attractive for deployment-
constrained environments.

Cross-platform latency benchmarking further
demonstrated that TensorFlow Lite substantially im-
proves deployment efficiency, reducing inference la-
tency to approximately 5-8 ms per image while pre-
serving predictive performance. In addition, boot-
strap confidence intervals confirmed the statistical re-
liability of the reported results, and Grad-CAM anal-
ysis showed that most remaining classification errors
arise from intrinsic visual similarities among rice va-
rieties rather than arbitrary model behavior.

Overall, the proposed framework provides a re-
producible and deployment-oriented methodology for
rice variety classification that jointly considers ro-
bustness, efficiency, and explainability. Future work
may extend the framework to larger multi-country
rice datasets, incorporate explicit domain adaptation
techniques, and evaluate deployment on real mobile
and edge devices under field conditions.
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