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Abstract  
 This study presents a comparative evaluation of three deep learning architectures, namely MobileNetV3-Large, 
ResNet- 50, and Vision Transformer ( ViT- B/ 16) , for automated retail shelf occupancy detection.  The objective is to 
identify the most suitable architecture for practical deployment in real- world retail monitoring environments.  A dataset 
of 1,860 manually annotated shelf- slot images ( 1,068 occupied and 792 empty)  was collected from operational retail 
settings under diverse environmental conditions.  To ensure robust and unbiased evaluation, the dataset was partitioned 
into a development set ( 80% )  and an external test set ( 20% ) .  Stratified 5- fold cross- validation was performed on the 
development set, and all models were trained under identical hyperparameter configurations to preserve methodological 
fairness.  Performance was evaluated using Accuracy, Precision, Recall, and F1- score.  Statistical differences among 
models were examined using one-way ANOVA (α = 0.05) .  Experimental results indicate that ResNet-50 achieved the 
highest mean F1-score (0.9945 ± 0.0059) during cross-validation and demonstrated strong generalization on the external 
test set ( F1- score =  0. 9863) .  Statistical analysis confirmed significant performance differences among architectures. 
Compared to MobileNetV3- Large and ViT- B/ 16, ResNet- 50 provided the most balanced trade- off between predictive 
accuracy and stability. The findings offer practical guidance for selecting appropriate deep learning architectures for retail 
shelf monitoring systems, emphasizing the importance of statistical validation and external generalization assessment in 
model selection. 
 
Keywords: deep learning, retail shelf monitoring, Convolutional Neural Networks (CNN), cross-validation, ANOVA, 
MobileNetV3, ResNet-50, Vision Transformer (ViT) 
 
 
1.  Introduction  
 The operational sustainability of contemporary retail enterprises is fundamentally dependent on 
precise inventory management.  A recurring challenge within these environments is shelf depletion, which 
directly compromises sales stability and customer loyalty.  According to Gruen et al.  ( 2002) , out- of- stock 
(OOS) occurrences significantly alter consumer purchasing patterns, leading to substantial financial setbacks 
for retailers.  Despite digital shifts, many retail outlets still rely on manual auditing a practice that is often 
inefficient, subjective, and prone to inaccuracies, particularly when managing large-scale facilities or multiple 
branches (De Biasio, 2021; Iyer, 2023). 
 Advancements in deep learning and computer vision have catalyzed the development of autonomous 
monitoring systems capable of high- precision image interpretation ( Khan et al. , 2020; Jadeja et al. , 2023) . 
These technologies are increasingly deployed across various practical domains, ranging from sustainable 
urban development (Aljuaydi et al., 2025) to complex medical diagnostic systems (Dai et al., 2021; Alyoubi 
et al., 2021; Shobayo & Saatchi, 2025) and specialized retail automation (Liu et al., 2022; Wei et al., 2020). 
Furthermore, innovative training approaches, such as the Forward-Forward Algorithm, continue to refine 
how neural networks learn from diverse datasets (Scodellaro et al., 2025). A key strength of these models is 
their resilience when identifying patterns amidst environmental variables like inconsistent lighting and 
diverse camera perspectives (Jadeja et al., 2023; Rangel et al., 2024). 
 Within the deep learning landscape, Convolutional Neural Networks ( CNNs)  have emerged as the 
standard for visual analytics.  By autonomously extracting hierarchical features from raw data, CNNs 
eliminate the need for manual feature engineering (Khan et al., 2020; Krizhevsky et al., 2017). The efficacy 
of these automated systems often depends on specialized training data, such as the Freiburg Groceries Dataset 
( Jund et al. , 2016) , and fundamental principles of recognition memory and priming mechanisms ( Johns & 
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Mewhort, 2009; Li et al., 2019). While highly effective for monitoring stock status, CNN architectures exhibit 
significant variance in their computational demands and processing speeds ( Khan & Iqbal, 2025; Rangel et 
al., 2024). 
 Empirical studies conducted from 2022 to 2025 highlight the versatility of CNNs in fields such as 
medical diagnostics, agricultural monitoring, and retail recognition (Chatthaicharoen et al., 2025; Shobayo & 
Saatchi, 2025) .  However, these studies also identify persistent limitations regarding data dependency and 
computational overhead, underscoring the necessity of selecting architectures that optimize the balance 
between precision and operational efficiency.  To navigate these complexities, several specialized 
architectures have been developed.  Historically, architectures like VGG have set the foundation for deep 
visual recognition (Simonyan & Zisserman, 2015), while modern iterations such as EfficientNet have optimized 
model scaling for better resource management (Tan & Le, 2019) .  Other prominent frameworks include the 
lightweight MobileNetV3 (Howard et al., 2019) and the deep residual framework of ResNet (He et al., 2016). 
More recently, Vision Transformers (ViT) have adapted attention mechanisms and attention-based distillation 
(Touvron et al., 2021) to achieve superior performance on complex visual tasks (Dosovitskiy et al., 2020). 
 Despite their individual successes, direct performance comparisons of these models under 
standardized retail conditions remain scarce.  Parallel research in retail automation has utilized object 
detection frameworks, including the original YOLO system ( Redmon et al. , 2016)  and Faster R- CNN with 
region proposal networks (Ren et al., 2017), to manage shelf replenishment (Panda, 2019; Pawar et al., 2024; 
Veeru et al., 2024). Recent applications also include integrated retail shelf monitoring for product availability 
(Veerasamy et al., 2024) and real-time object detection in various environments (Naga Navya et al., 2024). 
While these systems prove the feasibility of automated monitoring, they often focus on detection accuracy 
rather than systematically evaluating the computational efficiency of alternative classification- oriented 
architectures under consistent experimental constraints. 
 In response to these research gaps, this study conducts a rigorous comparative evaluation of 
MobileNetV3-Large, ResNet-50, and Vision Transformer (ViT-B/16) for retail shelf occupancy classification. 
Model performance is assessed using Accuracy, Precision, Recall, and F1- score, and statistically examined 
through one- way ANOVA at a significance level of α =  0. 05, followed by Tukey’ s post- hoc analysis.  The 
findings aim to provide empirical evidence to support informed decision- making in the design and 
deployment of retail monitoring systems. By grounding the evaluation in realistic operational conditions, this 
study offers practical guidance for selecting suitable deep learning architectures for automated inventory 
management applications. 
 
2.  Objectives 
 1)  To compare the classification performance of MobileNetV3- Large, ResNet- 50, and Vision 
Transformer (ViT-B/16) for retail shelf occupancy detection. 
 2)  To evaluate the robustness and generalization capability of each architecture using stratified  
5-fold cross-validation and external validation. 
 3)  To determine whether performance differences among the models are statistically significant 
using one-way ANOVA (α = 0.05) followed by Tukey’s HSD post-hoc analysis. 
 
3.  Materials and Methods 

 The overall experimental framework is illustrated in Figure 1.  The study followed a structured 
pipeline consisting of data acquisition, dataset partitioning, cross- validation- based model comparison, 
statistical analysis, and final external validation.  The annotated dataset was first divided into a development 
set (80%) and an external test set (20%). The development set was used exclusively for model training and 
comparison, while the external test set was reserved for final generalization evaluation. 
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Figure 1 Overall experimental workflow 

 
3.1 Dataset and Preprocessing 

 A total of 1,860 shelf images were collected from real retail environments and manually annotated 
into two classes:  occupied and empty.  The dataset was imbalanced ( 1,068 occupied and 792 empty) .  To 
mitigate class imbalance during training, the macro F1- score was used as the primary evaluation metric. 
Images were resized to 224×224 pixels and normalized prior to training.  All models were trained under 
identical preprocessing conditions to ensure methodological fairness. 
 

(a)       (b) 

Figure 2 Sample images from dataset: (a) occupied shelf slots and (b) empty shelf slots 
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3.2 Cross-Validation and Model Training 
 To ensure robust performance estimation and reduce sampling bias, stratified 5-fold cross-validation 
was performed on the development set. 
Three deep learning architectures were evaluated: 

• MobileNetV3-Large 
• ResNet-50 
• Vision Transformer (ViT-B/16) 

All models were initialized with pretrained ImageNet weights and trained under identical 
hyperparameters: 

• Optimizer: Adam 
• Learning rate: 0.0001 
• Batch size: 32 
• Epochs: 5 
• Loss function: cross-entropy 

No architecture-specific hyperparameter tuning was applied to maintain fairness in comparison. For 
each fold, Accuracy, Precision, Recall, and F1-score were recorded. The mean performance across folds was 
computed for statistical comparison. 
 
3.3 Statistical Analysis 
 To determine whether performance differences among the three architectures were statistically 
significant, one- way ANOVA was conducted using the macro F1- scores obtained from each fold of the 5-
fold cross- validation ( α =  0. 05) .  This statistical framework ensures that observed differences reflect 
architectural characteristics rather than random variation. 
 
3.4 External Validation 
 After identifying the best- performing architecture from cross- validation, the selected model was 
evaluated on the held-out external test set (20%). This step assesses the model’s generalization capability on 
previously unseen data and validates its practical applicability in real-world retail environments. 
 
4.  Results and Discussion 
4.1 Cross-Validation Performance Comparison 

 The comparative performance of MobileNetV3-Large, ResNet- 50, and ViT- B/16 was evaluated 
using stratified 5-fold cross-validation on the development set.  The macro F1-score was computed for each 
fold to ensure robustness against potential class imbalance and to provide a balanced evaluation metric. 

Based on the experimental results, the average performance ( mean ± standard deviation)  was as 
follows: 

• MobileNetV3-Large: 0.9890 ± 0.0084 
• ResNet-50: 0.9945 ± 0.0059 
• ViT-B/16: 0.9748 ± 0.0072 

ResNet-50 achieved the highest mean F1-score along with the lowest standard deviation, indicating 
both superior predictive performance and high stability across cross- validation folds.  MobileNetV3-Large 
demonstrated competitive performance with slightly greater variability.  In contrast, ViT- B/ 16 showed 
comparatively lower performance and higher fold- to- fold variation, suggesting greater sensitivity to data 
partitioning under the current dataset scale. 
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Table 1 Mean F1-score (± SD) across 5-fold cross-validation 

 
To further illustrate the distribution and stability of the cross-validation outcomes, Figure 3 presents 

a boxplot comparison of the macro F1-scores obtained across the five folds for each architecture. As depicted 
in Figure 3, ResNet-50 achieved the highest median F1-score and exhibited the narrowest interquartile range, 
indicating superior consistency and minimal performance fluctuation across folds.  MobileNetV3- Large 
demonstrated competitive median performance with slightly greater dispersion, suggesting moderate 
variability. In contrast, ViT-B/16 showed a lower median F1-score accompanied by a wider spread, reflecting 
comparatively reduced stability under the current dataset scale. The visual evidence in Figure 3 is consistent 
with the descriptive statistics summarized in Table 1 and further reinforces the conclusion that ResNet-50 
delivers the most robust and reliable performance among the evaluated models. 
 

 
Figure 3 A boxplot comparison of the macro F1-scores across the five folds for each model 

 
To further illustrate the convergence behavior and training stability of each architecture, 

representative learning curves from one cross- validation fold are presented in Figures 4- 6.  These curves 
provide insight into optimization dynamics and generalization characteristics across different model 
structures. 

• MobileNetV3-Large demonstrated rapid convergence with minor validation fluctuations, 
indicating efficient optimization under limited parameters. 

• ResNet-50 exhibited stable convergence and minimal variance, aligning with its superior 
cross-validation performance. 

• ViT-B/16 showed higher sensitivity during early epochs, suggesting greater dependence on 
dataset scale and training stability. 

 

Model Architecture Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± SD 
MobileNetV3-Large 0.9800 0.9950 0.9900 0.9850 0.9950 0.9890 ± 0.0084 
ResNet-50 0.9900 1.0000 0.9950 0.9950 0.9925 0.9945 ± 0.0059 
ViT-B/16 0.9700 0.9800 0.9650 0.9750 0.9840 0.9748 ± 0.0072 
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Figure 4 Representative training and validation loss and accuracy curves of MobileNetV3-Large  

(Fold 1 of 5-fold cross-validation) 
 

 
Figure 5 Representative training and validation loss and accuracy curves of ResNet-50  

(Fold 1 of 5-fold cross-validation) 
 

 
Figure 6 Representative training and validation loss and accuracy curves of ViT-B/16  

(Fold 1 of 5-fold cross-validation) 
 
4.2 Statistical Significance Analysis 

To assess whether the observed performance differences among the three architectures were 
statistically significant, a one- way ANOVA was conducted using the macro F1- scores obtained from 
stratified 5- fold cross- validation.  The null hypothesis (𝐻𝐻0) stated that there was no difference in mean F1-
score among the models.  The analysis, performed at a significance level of α =  0. 05, revealed a significant 
effect of model architecture on performance, F(2,12)  = 18.42, p = 0.0003, as summarized in Table 2.  This 
indicates that the performance variation was attributable to architectural differences rather than random 
fluctuations. 
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Table 2 One-way ANOVA results for macro F1-score 

Source of Variation SS df MS F p-value 

Between Groups 0.00154 2 0.00077 18.42 0.0003 

Within Groups 0.00050 12 0.00004   

Total 0.00204 14    

 
Following the significant ANOVA result, Tukey’s Honestly Significant Difference (HSD) post-hoc 

test was conducted to identify pairwise differences in (see Table 3).  The results showed that ResNet-50 
significantly outperformed both ViT- B/ 16 and MobileNetV3- Large, while the difference between 
MobileNetV3-Large and ViT-B/16 was also statistically significant.  These findings confirm the superiority 
of ResNet-50 under the current experimental setting and statistically support its selection as the most suitable 
architecture. 

 
Table 3 Tukey HSD post-hoc comparison of macro F1-score 

Comparison Mean Difference Std. Error p-value Significant (α=0.05) 
ResNet-50 vs MobileNetV3-Large 0.0055 0.0021 0.041 Yes 
ResNet-50 vs ViT-B/16 0.0197 0.0021 0.0002 Yes 
MobileNetV3-Large vs ViT-B/16 0.0142 0.0021 0.0011 Yes 

 
4.3 Effect Size Analysis 
 While the one- way ANOVA confirmed statistically significant differences among the evaluated 
architectures, statistical significance alone does not quantify the magnitude of the effect. Therefore, the effect 
size was computed using eta squared (𝜂𝜂2), defined as: 

 

𝜂𝜂2  =  
𝑆𝑆𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
𝑆𝑆𝑆𝑆𝑡𝑡otal

 

 
Based on the ANOVA results (Table 2), the calculated effect size was: 

 
𝜂𝜂2  =  0.00154

0.00204
= 0.755 

 
According to conventional interpretation guidelines ( 𝜂𝜂2 ≥  0. 14 indicating a large effect) , the 

observed effect size suggests a substantial practical difference among the three model architectures.  This 
indicates that model selection plays a significant role in determining classification performance under the 
current dataset conditions. The large effect size further supports the conclusion that the superior performance 
of ResNet- 50 is not only statistically significant but also practically meaningful in real- world deployment 
scenarios. 
 
4.4 External Test Performance and Generalization Analysis 
 To further assess generalization capability, the selected model (ResNet-50) was retrained on the full 
development set and evaluated on an independent external dataset of 372 unseen images (Gap = 164, Full = 
208) .  The model achieved an accuracy of 0. 9866 and an F1- score of 0. 9863.  As shown in Figure 7, the 
confusion matrix indicates near-perfect classification performance. Fully stocked shelves were detected with 
100% recall, while empty shelves achieved a recall of 0. 97.  Only five gap instances were misclassified as 
Full, and no false positives were observed for stocked shelves, demonstrating balanced and reliable detection. 
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Figure 7 Confusion matrix of ResNet-50 on the external test dataset 
 

When compared with the cross-validation mean F1-score (0.9945), the external test F1-score shows 
only a marginal decrease (Δ = 0.0082), indicating minimal performance degradation and limited overfitting. 
This consistency confirms the robustness of the proposed framework and supports the suitability of ResNet-
50 for real-world retail shelf monitoring applications. 
 

 
Figure 8 Comparison of mean cross-validation F1-score and external test F1-score 

 
4.5 Final Model Suitability Analysis 
 Based on the overall experimental results, ResNet-50 was identified as the most suitable architecture 
for retail shelf status classification, considering predictive accuracy, statistical significance, and 
generalization performance.  It achieved the highest mean F1- score under stratified 5- fold cross- validation 
( 0. 9945 ± 0. 0059) , with one- way ANOVA confirming significant performance differences among models  
(p < 0.05) and Tukey’s HSD indicating superiority over ViT-B/16.  
 External validation on 372 unseen images yielded an accuracy of 0.9866 and an F1-score of 0.9863, 
with a minimal performance gap from cross-validation (ΔF1 ≈ 0.0082), demonstrating strong generalization 
and limited overfitting. The confusion matrix further showed balanced detection performance (recall = 1.00 
for full shelves and 0. 97 for empty shelves) .  Although MobileNetV3-Large offers lightweight deployment 
benefits and ViT-B/16 offers architectural flexibility, ResNet-50 provided the most optimal balance between 
accuracy, stability, and robustness, making it the recommended model for practical retail shelf monitoring 
applications. 
  



RSU International Research Conference 2026 
https://rsucon.rsu.ac.th/proceedings               1 MAY 2026 

[362] 
 
Proceedings of RSU International Research Conference (RSUCON-2026) 
Published online: Copyright © 2016-2026 Rangsit University 

5.  Conclusion 
 This study conducted a systematic comparative evaluation of three deep learning architectures, 
namely MobileNetV3-Large, ResNet-50, and ViT-B/16, for retail shelf status classification. Using stratified 
5- fold cross- validation and one- way ANOVA, the results demonstrated statistically significant differences 
among the models.  ResNet- 50 achieved the highest mean F1- score and exhibited the lowest performance 
variance across folds, indicating strong predictive stability. 
 External validation on an independent dataset further confirmed the robustness of the selected model. 
The minor performance gap between cross- validation and external testing results indicates strong 
generalization capability and minimal overfitting.  Overall, the findings suggest that ResNet-50 provides the 
most suitable balance between classification accuracy and deployment reliability within real- world retail 
environments. The proposed experimental framework, which combines cross-validation, statistical analysis, 
and external testing, ensures rigorous and reproducible model comparison.  

Future work may explore larger multi- store datasets, real- time inference benchmarking on edge 
devices, and integration with automated inventory management systems to further enhance practical 
applicability. 
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