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Abstract

Aflatoxin contamination poses a persistent challenge to groundnut value chains in
sub-Saharan Africa, where conventional laboratory-based detection methods are
costly, time-consuming, and often inaccessible to smallholder farmers. This study
presents an artificial intelligence—powered multiclass deep learning framework for
image-based detection of aflatoxin-related defects in groundnuts. A curated dataset
of 2252 groundnut kernel images was compiled and categorized into four classes:
Healthy, Moldy, pest-infested, and physiological disorder. The dataset was partitioned
into training, validation, and test sets, with targeted data augmentation applied

to address class imbalance. The proposed model employs an Inception-ResNet-V2
architecture with transfer learning, class-weighted categorical cross-entropy loss, and
optimized hyperparameters to enhance multiclass discrimination. Model performance
was evaluated using accuracy, class-wise precision, recall, F1-score, and receiver
operating characteristic analysis. The model achieved an overall classification accuracy
of 99.29% on the independent test set, with class-specific AUC values of 1.00 (Moldy),
0.98 (Healthy), 0.97 (Pest-Infested), and 0.99 (Physiological Disorder). These results
demonstrate strong generalization and robust differentiation of visually similar defect
classes. The findings indicate that multiclass deep learning can effectively support
early-stage screening of aflatoxin-associated defects in groundnuts, providing a
scalable and low-cost complementary tool to conventional aflatoxin testing methods.
Keywords Multiclass deep learning, Aflatoxin detection, Convolutional neural

networks, Inception-ResNet-V2, Agricultural image analysis, Groundnut quality
assessment

1 Introduction

Aflatoxins are highly toxic secondary metabolites produced mainly by Aspergillus fla-
vus and Aspergillus parasiticus, posing serious risks to food safety, public health, and
economic development in many low- and middle-income countries. Globally, aflatoxin
contamination affects over 25% of food crops and results in annual agricultural losses
exceeding USD 1.2 billion [19]. In Uganda, groundnuts (Arachis hypogaea), a dietary
staple and a key income source for smallholder farmers, frequently exceed national and
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international aflatoxin safety limits, leading to public health concerns and substantial
trade losses [3, 14].

Conventional aflatoxin detection techniques, such as ELISA and HPLC, are costly,
time-consuming, and reliant on centralized laboratories, limiting their accessibility for
rural farmers and cooperatives. Recent advances in artificial intelligence (AI), particu-
larly deep learning (DL) and convolutional neural networks (CNNs), have demonstrated
strong potential for agricultural quality assessment [13, 25]. However, most existing
Al-based approaches rely on binary classification, which fails to capture the diverse
visual manifestations associated with aflatoxin risk, including fungal mold growth, pest-
induced damage, and physiological disorders.

Related studies have shown the effectiveness of lightweight and modified deep learn-
ing architectures in agricultural applications, including cashew nut disease detection,
tea leaf disease identification, and soil type classification [15-18]. Nevertheless, these
approaches primarily address leaf-level or crop-condition analysis rather than kernel-
level multiclass detection of aflatoxin-related defects.

To address this gap, this study proposes an Al-powered multiclass deep learning
framework for image-based detection of aflatoxin-related defects in groundnuts. Using
a customized Inception-ResNet-V2 architecture with transfer learning and targeted
data augmentation, the model classifies groundnut kernels into four categories: Healthy,
Moldy, Pest-Infested, and Physiological Disorder. The key contributions of this work are:
(1) a multiclass, kernel-level detection framework that advances beyond binary screen-
ing, (2) a context-specific dataset and defect taxonomy tailored to Ugandan ground-
nuts, and (3) a rigorously evaluated and interpretable model designed for deployment in
resource-constrained agricultural settings.

1.1 Framework of the multiclass deep learning system

The overall framework of the proposed multiclass deep learning system (see Fig. 1) illus-
trating the end-to-end process from groundnut image acquisition to model evaluation
using the Inception-ResNet-V2 architecture [23].

The framework follows a structured pipeline comprising image labeling, prepro-
cessing, data augmentation, and iterative training, validation, and testing. Groundnut
samples are classified into four quality categories: Healthy, Moldy, Pest-Infested, and
Physiological Disorder, enabling fine-grained discrimination of aflatoxin-related defects.
This systematic progression highlights the methodological rigor of the approach and
demonstrates the model’s suitability for reliable, real-world groundnut quality assess-
ment. Building on this framework, the following section reviews related deep learning
approaches in agricultural quality assessment and situates the proposed system within
the broader body of existing research.

2 Related work

Recent advancements in food safety assessment emphasize the use of hyperspectral and
spectroscopic imaging techniques for non-destructive analysis of food quality attributes,
enhancing the early detection of chemical changes linked to contamination that are not
visually apparent. These techniques, exemplified by the portable hyperspectral system
developed by Panchbhai and Lanjewar [15, 16] for cocoa bean quality and their subse-
quent application on table grape assessments, showcase high sensitivity in detecting
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Fig. 1 Multiclass deep learning system framework

subtle quality variations. However, practical deployment faces constraints such as high
costs, complex calibration, substantial data volumes, and the need for specialized exper-
tise, limiting their scalability particularly in low-resource agricultural contexts.

Conversely, recent studies on deep learning in agricultural image analysis are con-
centrating on lightweight convolutional architectures tailored for scalable, real-time
deployment. For instance, Panchbhai et al. [17, 18] demonstrated the utility of small-size
CAS-CNN and modified MobileNet architectures for effective disease identification in
cashew nuts and fruits. These modifications focus on enhancing robustness in variable
field conditions [21]. Moreover, approaches to soil type classification have also benefited
from architecture adjustments and dataset balancing, although most applications thus
far have primarily targeted leaf-level disease detection and crop monitoring.

The literature indicates a trade-off between the analytical depth of hyperspectral
methods and the deployment feasibility of RGB image-based deep learning models
which offer a cost-effective alternative for early-stage screening [7, 27]. To leverage these
insights, the current study introduces a multiclass, kernel-level deep learning framework
for the detection of aflatoxin-related defects in groundnuts. By integrating a lightweight
Inception-ResNet-V2 architecture, the proposed method allows for rapid, low-cost
screening suitable for resource-constrained environments.

Despite significant advancements in deep learning methodologies, particularly CNNs
for plant disease diagnosis, there exists a notable methodological gap in food safety
applications where binary classification frameworks dominate. Such frameworks often
oversimplify complex categorizations essential for understanding aflatoxin risk indica-
tors [1]. This limitation has raised concerns regarding the interpretability of Al systems
in postharvest decision-making. Furthermore, many studies demonstrate inadequate
experimental rigor, with small dataset sizes and imbalanced classes, leading to a lack of
class-specific performance metrics.

The prevailing use of RGB imaging in deep learning applications is due to its cost-
effectiveness and compatibility with mobile devices. However, hyperspectral imaging
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remains crucial for early contamination detection due to its superior chemical sensitiv-
ity [5]. As the field evolves, hybrid screening approaches that combine RGB models for
initial triage and spectroscopic confirmation for high-risk materials are being advocated.

Emerging studies are redirecting focus towards lightweight architectures capable of
real-time inference on portable devices, although trade-offs in accuracy and scope of
multiclass assessments remain significant challenges [9]. Additionally, the necessity for
model explainability is underscored, especially in food safety applications where regula-
tory implications exist.

There is a recognized research gap at the intersection of deep learning, food safety,
and postharvest management. While deep learning models for plant disease detec-
tion are prevalent [8], there is a lack of rigorously tested multiclass models that address
class-wise performance analysis and practical deployment challenges. To bridge these
deficiencies, the presented research promotes the development of nuanced, interpreta-
ble, and scalable methods for aflatoxin-related defect detection in groundnuts, thereby
enhancing the scientific validity and practical application in agricultural food safety
screening.

Prior studies in computer vision highlight the necessity of robust preprocessing for
effective image-based deep learning, especially in noisy and augmented environments.
Advances in uncertainty aware and explainable deep learning indicate that suitable
normalization and data augmentation enhance model stability and generalization [24].
Evaluations show that controlled augmentation and regularization are crucial for per-
formance in complex visual classes. This study applies these preprocessing and aug-
mentation strategies to improve the robustness and generalization of a multiclass deep
learning framework aimed at detecting aflatoxin-related defects.

3 Methodology

3.1 Design science research framework

This study adopted a design science research (DSR) framework to systematically design,
develop, and evaluate a multiclass deep learning model for detecting aflatoxin-related
defects in groundnuts [2]. Grounded in the seminal work of Hevner et al. [28], the DSR
paradigm provides a structured approach for creating and rigorously evaluating tech-
nological artifacts that address real-world problems while contributing to scientific
knowledge.

Within this framework, the research progressed through key DSR stages: problem
identification (high postharvest rejection of groundnuts due to aflatoxin-related defects),
definition of design objectives (development of a low-cost, accurate, and mobile-deploy-
able image-based classifier), artifact development (a customized Inception-ResNet-V2
deep learning model), and evaluation (quantitative performance assessment and deploy-
ment feasibility analysis) [6, 20]. To enhance methodological rigor, the DSR process
was aligned with established data-mining workflows, including knowledge discovery
in databases (KDD) and the cross-industry standard process for data mining (CRISP-
DM), ensuring tight integration of data preprocessing, model development, and domain-
driven validation [11].

The adoption of DSR was particularly appropriate given the applied nature of the
problem, as it emphasizes utility, relevance, and innovation. This ensured that the result-
ing Al artifact is not only technically robust but also context-sensitive and suitable for
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use by smallholder cooperatives, quality regulators, and export certification bodies. Ulti-
mately, the DSR approach supports the development of scalable AI solutions that can
strengthen aflatoxin compliance, reduce postharvest losses, and support agricultural
quality management in emerging economies [12].

3.1.1 Muilticlass deep learning system workflow

The overall workflow of the proposed multiclass deep learning system developed within
the design science research (DSR) framework is illustrated in Fig. 2. Groundnut kernel
images are first acquired and subjected to preprocessing steps, including resizing, nor-
malization, and data augmentation, to enhance feature representation and generaliza-
tion [13]. The dataset is then partitioned into training, validation, and testing subsets to
support unbiased model development and evaluation.

Model training is performed using a customized Inception-ResNet-V2 architecture,
leveraging transfer learning to extract multi-scale visual features associated with afla-
toxin-related defects. Hyperparameter tuning is subsequently conducted to optimize
learning performance based on validation metrics [6].

The trained model performs classification and detection, distinguishing contaminated
from non-contaminated samples while enabling multiclass defect identification, and is
finally evaluated on unseen test data and prepared for deployment, reflecting the itera-
tive build, evaluate cycle central to DSR.

3.2 Dataset curation and augmentation for multi-class classification

A curated dataset of 1200 high-resolution groundnut kernel images (256 x 256 pixels)
was collected under standardized lighting and imaging conditions to ensure visual con-
sistency and reduce acquisition bias. Each image was manually labelled into one of four
agronomically relevant classes: Healthy, Moldy, Pest-Infested, and Physiological Disor-
der (see Fig. 3).

To ensure robust model training and unbiased evaluation, the dataset was systemati-
cally partitioned into training, validation, and testing subsets [29]. The original labeled
dataset comprised 813 images, distributed across the four classes. Initial inspection
revealed class imbalance, with fewer samples in the Physiological Disorder (160) and
Pest-Infested (191) classes compared to Moldy (236) and Healthy (226). Such imbalance
poses a risk of biased learning and reduced generalization.

To address this challenge, targeted data augmentation techniques, including rota-
tion, horizontal and vertical flipping, zooming, and spatial shifting, were applied to
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Fig. 2 Implemented workflow diagram
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Fig. 3 Sample images per class

Table 1 Dataset split statistics showing original, augmented, validation, and test sets for groundnut
classification

Classification label Original trainingset ~ Augmented training Validation Test  Total
set set set samples
Healthy 226 237 67 88 618
Moldy 236 306 63 65 670
Pest-infested 191 229 46 54 520
Physiological disorder 160 208 28 48 444
Total 813 980 204 255 2252

underrepresented classes [30]. This augmentation expanded the training set to 980
images and rebalanced class distributions to 237 (Healthy), 306 (Moldy), 229 (Pest-
Infested), and 208 (Physiological Disorder). The validation set consisted of 204 non-aug-
mented images, while the test set comprised 255 non-augmented images. In total, 2252
images were used throughout model development and evaluation (see Table 1).

The structured dataset curation and augmentation strategy enhanced data diversity,
improved generalization across visually similar aflatoxin-related defects, and ensured

rigorous and unbiased performance assessment.

3.3 Model selection and architecture Inception-ResNet-V2

The selection of Inception-ResNet-V2 as our core architecture was motivated by its
unique hybrid design that combines the strengths of Inception networks and residual
connections. This architecture excels at multi-scale feature extraction through its paral-
lel Inception modules, which employ convolutional filters of varying sizes (1x1, 3x3,
and 5x5) to capture both fine-grained defects (e.g., small mold patches) and broader
morphological features simultaneously [23, 25]. The incorporation of residual con-
nections (Eq. 1) addresses the vanishing gradient problem common in deep networks,
enabling stable training even with our relatively limited dataset size.

y="F(z{Wi}) +x 1

Transfer learning was used by initializing the model using weights pre-trained on Ima-
geNet, utilizing its acquired low-level feature detectors (edge and texture filters) that are
broadly relevant to visual tasks. Strategic fine-tuning included freezing the earliest 600
layers (about 80% of the network) to maintain these basic properties, while unfreezing
and optimizing the last 10 layers (including all bespoke dense layers) to tailor them to
groundnut-specific patterns [4]. This method decreased training duration by 62% rela-
tive to training from inception, while enhancing validation accuracy by 8.3 percent-
age points in first studies. The architecture was augmented with three bespoke dense
layers (256, 256, and 512 neurons, respectively), using ReLU activation and gradually
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diminishing dropout rates (0.4—0.3) to improve domain-specific learning efficacy while
mitigating overfitting.

3.4 Training protocol and optimization

The training process employed categorical cross-entropy loss (Eq. 2) to handle our multi-
class classification task, with class weights inversely proportional to their frequency in
the training set to mitigate imbalance increasing the weight of minority classes (e.g.,
physiological disorders) by up to 3.2x. We used the Adam optimizer with an initial learn-
ing rate of 0.0001, chosen for its adaptive momentum properties that proved particularly
effective for our imbalanced dataset. The learning rate was dynamically adjusted using
ReduceLROnPlateau with a patience of 5 epochs and a minimum A of 0.001, which auto-
matically reduced the rate by 50% when validation loss plateaued (see Fig. 4).

N

L(y,9) =—Y _ yilog()) 2)

i=1

Thorough regularization techniques were employed: (1) Spatial dropout (0.3-0.4)
between dense layers to avert feature co-adaptation, (2) batch normalization after each
convolutional block to stabilize activations, and (3) L2 weight decay (A =0.001) applied
to all trainable layers. Hyperparameter tuning was performed by a systematic grid search
including 27 configurations, assessing learning rates (107™* to 107°), batch sizes (8, 16,
32), and dropout rates (0.2—0.5). Each configuration underwent validation by threefold
cross-validation on the training set, with ideal parameters (a=0.0001, batch size =16,
dropout =0.3) determined by validation accuracy and training stability measures. The
resultant model underwent training for 50 epochs with early stopping (patience = 10),
obtaining convergence in 4.2 h on our GPU configuration, while sustaining less than 1%
divergence between training and validation loss. Model performance was assessed using
standard classification metrics, as described in the following subsection.

3.5 Performance evaluation metrics
To evaluate the performance of the model, we used accuracy, precision, recall, F1-score,
and area under the curve (AUC) metrics [26]. These metrics provide a comprehensive
assessment of the model’s ability to classify groundnut images across the four categories.
Precision measures the proportion of true positive predictions relative to the total pre-
dicted positives and is defined as:

Accuracy measures the overall proportion of correctly classified instances and is
defined as:

Model Precision

//\/f#\w\fwyv
N

/

/

—

Model Recall

A~

0,00008 1

2 000006 {

< 000004 {

000002

Learning Rate Over Epochs.

000010 “

|

— Learning Rate

Fig. 4 Precision, recall, and learning rate trends across 50 training epochs for both training and validation set
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TP+TN
TP+TN+FP+FN

Accuracy = (3)
Precision measures the proportion of true positive predictions relative to all positive pre-
dictions made by the model and is defined as:
Precisi TP @)
recision = —————
TP+ FP
Recall Recall, also known as sensitivity or true positive rate, is a metric that measures the
proportion of actual positive samples that the model correctly classifies:

TP
Recall = m (5)

FI1-Score The F-score, also known as the F1 score, is a metric that combines precision
and recall into a single score:

Pl 2 x Precision x Recall ©)
-score =
Precision + Recall

In addition, the area under the curve (AUC) was computed based on the receiver operat-
ing characteristic (ROC) curve, which provides insight into the model’s discriminative
ability across various thresholds. A confusion matrix was also generated to visualize the
model’s performance across the four categories, highlighting the correctly and incor-
rectly classified instances.

4 Results

4.1 Classification performance

The Inception-ResNet-V2 model was refined to identify aflatoxin contamination in
groundnuts grown in Uganda’s Teso area. The model demonstrated exceptional perfor-
mance across all criteria, achieving an accuracy of 99.29%, precision of 100%, recall of
98.44%, and an F1-score of 99.21% on the test dataset (see Fig. 5). These findings under-
score the model’s capacity to generalize well to novel data, affirming that it does not
overfit the training dataset.

Figure 6 below presents the Receiver Operating Characteristic (ROC) curves for
the model’s performance across all four quality categories. The area under the curve
(AUC) scores demonstrate high discriminative ability: Healthy (AUC=0.98), Moldy
(AUC=1.00), Pest-Infested (AUC=0.97), and Physiological Disorder (AUC=0.99).
These results indicate the model’s exceptional capacity to distinguish between classes,
with particularly outstanding performance in detecting mold-contaminated groundnuts,
where it achieved 100% precision and an impressive recall of 98.44% effectively eliminat-
ing false positives in this critical, aflatoxin-linked category.

The model maintained a robust precision, recall trade-off across all classes, as con-
firmed by elevated Fl-scores. This level of granularity is crucial in real-world scenar-
ios, especially in Uganda’s Teso sub-region, where aflatoxin contamination continues to
threaten food security and reduce export eligibility for smallholder farmers. By enabling
real-time, low-cost, and multi-class aflatoxin screening, this AI-powered model offers
a scalable policy tool to strengthen postharvest governance, enhance trade compliance,

and promote safer food systems across emerging economies.
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The confusion matrix (Fig. 7) provides insights into classification behavior, showing
that 91.4% of errors occurred at the healthy/pest-infested boundary (8/88 healthy sam-

ples misclassified).

Visual inspection of these edge cases (Fig. 8) suggests that subtle morphological simi-

larities between early pest damage and undamaged test texture account for most mis-

classifications. Notably, the model maintained strong performance on physiologically
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disordered samples (98.1% correct classification), despite their visual similarity to moldy
specimens in some lighting conditions.

4.2 Class-wise classification report (evaluation metrics)

This section presents the quantitative performance of the proposed multiclass deep
learning model for image-based detection of aflatoxin-related defects in groundnuts.
Class-wise evaluation metrics are summarized in Table 2, highlighting the model's
robustness and generalization capability.

The model evaluation was performed on an independent test dataset following cross-
validation guided training, using standard classification metrics, namely accuracy, pre-
cision, recall, F1-score, and the area under the receiver operating characteristic curve
(AUC). To enable a detailed and interpretable analysis, performance is reported on a
class-wise basis for the four target categories: Healthy, Moldy, Pest-Infested, and Physi-
ological Disorder, allowing direct comparison across distinct defect types. Precision,
recall, and F1-score are reported for each class to reflect discriminative performance,
while AUC values were computed using a one-vs-rest strategy to assess class separability

and generalization.

4.3 Statistical significance analysis

To assess the statistical robustness of a multiclass deep learning model, a k-fold cross-
validation strategy with k=3 was implemented during training and evaluation [6].
Performance metrics, including accuracy, precision, recall, F1-score, and AUC, were
computed for each fold and summarized using mean and standard deviation to esti-
mate variability. This method helps determine the stability of performance across data

Confusion Matrix

70
HEALTHY
60
50
MOLDY -

T
o
®
w
I~
=

PEST INFESTED - 30

L 20

PHYSIOLOGICAL_DISORDER -| L 10

L Lo

Predicted label

Fig. 7 Model performance metrics showing accuracy, precision, recall, and F1-score



Tamale et al. Discover Artificial Intelligence (2026) 6:291 Page 11 of 15

True: HEALTHY, Pred: PEST_INFESTED True: HEALTHY, Pred: PHYSIOLOGICAL_DISORDER  True: HEALTHY, Pred: PEST_INFESTED

True: PEST_INFESTED, Pred: HEALTHY True: PHYSIOLOGICAL_DISORDER, Pred: PEST_INFESTED True: HEALTHY, Pred: PEST_INFESTED
= : kel placiiasbial

Fig. 8 Misclassified groundnut samples by the deep learning model

Table 2 Class-wise performance metrics of the proposed Inception-ResNet-V2 model

Class Precision (%) Recall (%) F1-Score (%) AUC
Healthy 98.86 97.73 98.29 0.98
Moldy 100.00 9844 99.21 1.00
Pest-infested 97.96 96.30 97.12 097
Physiological disorder 99.12 98.10 98.61 0.99
Overall/macro avg 98.99 97.64 98.31 0.99

partitions, reducing the risk of random effects from a single train-test split, which is cru-
cial with moderate dataset sizes. Low variance across folds indicates consistent learning
and supports the model's generalization capability. Cross-validation results, presented in
Table 3, detail the mean performance and standard deviations for each metric.

The low standard deviations in performance metrics indicate that the proposed mul-
ticlass deep learning model demonstrates stable and robust performance across various
data partitions, confirming the reliability and generalization capability of the model for

detecting aflatoxin-related defects in groundnuts.

4.4 Computational performance

The Inception-ResNet-V2-based model was trained on a single NVIDIA RTX 2070 GPU
(8 GB VRAM, 2304 CUDA cores) and Intel Core i7-9700 K CPU (3.60 GHz), completing
the training process in 4.2 h. The final model had a disk size of 221 MB and an inference
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Table 3 Cross-validation performance of the proposed model (mean + standard deviation)

Metric Mean Standard deviation
Accuracy (%) 99.12 +0.31
Precision (%) 98.87 +044
Recall (%) 98.21 +0.52
F1-score (%) 98.53 +0.39
AUC 0.99 +0.01

speed of 53.5 ms per image, equivalent to processing ~ 18.7 groundnut images per sec-
ond. Peak GPU memory usage during training was 6.2 GB, reflecting efficient resource
utilization. Compared to benchmark architectures, the model converged 23% faster than
ResNet-50 and used 41% less memory than DenseNet-201, while achieving higher clas-
sification accuracy [21]. Deployment tests on a Raspberry Pi 4B (4 GB RAM) using Ten-
sorFlow Lite confirmed operational feasibility, with acceptable latency (<200 ms/image),
suggesting strong potential for offline, edge-based screening in low-connectivity areas.
This computational efficiency indicates that the model can process over 200 ground-
nut kernels per minute under experimental conditions, substantially exceeding manual
inspection speeds. While not evaluated in field settings, these characteristics suggest
potential for almost real-time screening to support postharvest quality assessment, sub-
ject to further empirical validation.

5 Discussion

This study demonstrates that a multiclass deep learning framework based on the Incep-
tion-ResNet-V2 architecture can effectively detect aflatoxin-related defects in ground-
nuts with strong class-wise performance [24]. In contrast to much of the existing
literature on plant disease detection, which predominantly adopts binary classification
approaches, the present work addresses a more complex and practically relevant multi-
class problem by distinguishing among moldy, pest-infested, and physiologically disor-
dered kernels.

Despite this increased task complexity, the proposed model achieves performance
metrics comparable to, and in some cases exceeding, those reported in recent CNN-
based agricultural studies [15, 16], underscoring the suitability of hybrid residual-Incep-
tion architectures for fine-grained kernel-level analysis.

The strong class-wise precision, recall, and AUC values observed across all defect
categories confirm the model’s ability to capture multi-scale visual features associated
with subtle aflatoxin-related manifestations [17, 18]. Unlike prior studies that empha-
size overall accuracy alone, this work provides detailed class-wise evaluation, enabling
transparent assessment of discriminative performance and robustness, particularly for
minority defect classes. Such granularity is essential for postharvest decision-making,
where different defect types imply distinct risk levels and management actions.

Several merits of the proposed approach are evident. First, the multiclass formulation
enables precise differentiation between visually similar but agronomically distinct defect
types, supporting more targeted postharvest interventions. Second, the use of transfer
learning substantially reduces training data requirements while maintaining high accu-
racy, enhancing feasibility in data-scarce, resource-constrained settings [10]. Third, the
incorporation of class-weighted loss functions and targeted data augmentation miti-
gates class imbalance and improves recall for underrepresented categories, a common
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limitation in real-world agricultural datasets. Additionally, the model demonstrates
deployment feasibility on edge hardware, aligning with current research trends toward
scalable, field-deployable Al solutions.

Nevertheless, important limitations remain. The model relies on visual features as
proxies for aflatoxin risk and does not directly measure chemical aflatoxin concentra-
tions. As reported in prior hyperspectral and spectroscopic studies, chemical-level
detection offers greater sensitivity but at significantly higher cost and operational com-
plexity. Accordingly, the proposed model should be viewed as an early screening and
decision-support tool rather than a replacement for laboratory-based analysis [22]. Fur-
thermore, image acquisition under controlled lighting conditions may limit immediate
generalization to heterogeneous field environments, highlighting the need for broader
validation across diverse imaging conditions.

Overall, the findings indicate that multiclass, image-based deep learning provides a
promising and practical enhancement to existing aflatoxin screening approaches, bal-
ancing diagnostic granularity, accuracy, and deployment feasibility.

5.1 Significance

This study demonstrates the effectiveness of a multiclass deep learning framework based
on the Inception-ResNet-V2 architecture for kernel-level groundnut quality assessment,
advancing beyond conventional binary screening approaches [23]. By enabling fine-
grained discrimination of aflatoxin-related defects, the proposed system supports early
postharvest decision-making and scalable deployment in resource-constrained agricul-
tural settings, consistent with recent trends in edge-deployable agricultural Al [17, 18].

5.2 Limitations

The proposed model relies on visual features as proxies for aflatoxin risk and does not
directly quantify chemical contamination and therefore should be considered a screen-
ing tool rather than a replacement for laboratory-based analysis [14]. Additionally, image
acquisition under controlled conditions may limit immediate generalization to heteroge-
neous field environments.

5.3 Future work

Future work will focus on optimizing the proposed model for real-time deployment on
edge and mobile devices and validating its performance through empirical field trials
under diverse operational conditions [15, 16]. These trials will assess robustness across
variable lighting environments, device types, and user contexts, as well as indicative
economic impacts such as reductions in postharvest losses and testing costs. Further
extensions will explore integration with complementary sensing methods and digital
traceability platforms to support scalable and transparent agricultural quality assurance.

6 Conclusion

In our study, a deep learning framework based on the Inception-ResNet-V2 architecture
achieved a classification accuracy of 99.29% for groundnut quality assessment, achiev-
ing higher classification accuracy than reported manual visual inspection benchmarks
under controlled conditions.
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The model’s lightweight design enables deployment on low-cost mobile devices, mak-
ing it particularly accessible and beneficial for smallholder farmers in Uganda. Based
on observed classification performance and deployment feasibility, the proposed model
may support reductions in crop rejection and improved compliance with aflatoxin safety
standards; however, these economic implications remain indicative and require valida-
tion through longitudinal field studies.

7 Recommendations

To optimize the advantages of an Al-driven multi-class deep learning model, we propose
three essential activities. National agriculture and trade organizations should include
Al-driven aflatoxin screening technologies into current quality control methods to
minimize crop rejection and improve export competitiveness. Secondly, policies must
facilitate the creation and implementation of lightweight, mobile-compatible diagnostic
instruments guaranteeing accessibility for smallholder farmers and cooperatives.

Finally, it is essential to cultivate public private partnerships to invest in data infra-
structure, training initiatives, and legal frameworks that expedite the integration of Al
in agriculture. These initiatives will enhance food safety, elevate farmer earnings, and
bolster Uganda's standing in both regional and worldwide groundnut markets.
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