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Abstrak: Otomasi ritel menghadirkan berbagai tantangan dalam aplikasi visi komputer,
khususnya pada pengenalan produk fine-grained, di mana satu merek sering kali hadir dalam
beberapa varian ukuran atau gramasi dengan desain kemasan yang hampir identik dan tersusun
rapat di rak toko. Penelitian ini menganalisis kinerja dasar dari dua paradigma deteksi objek yang
banyak diadopsi: YOLOv12 satu tahap dan Faster R-CNN dua tahap. Kedua arsitektur dievaluasi
menggunakan dataset ritel khusus yang terdiri dari 408 gambar dengan 47 kelas, yang dikurasi
untuk menekankan pengenalan varian ukuran pada kondisi rak nyata. Dengan konfigurasi
pelatihan dan inferensi standar, hasil eksperimen menunjukkan bahwa dalam keluarga YOLOv12,
varian extra-large (YOLOv12x) mencapai skor mAP50:95 sebesar 0,762 dengan False Negative
Rate (FNR) 14,16%, sedangkan varian terkecil nano (YOLOv12n) mencatat mAP50:95 sebesar
0,544 dengan FNR 30,02%. Untuk paradigma dua tahap, Faster R-CNN dengan backbone
ResNet50 dan ResNet50v2 masing-masing mencapai mAP50:95 sebesar 0,698 dan 0,709, dengan
nilai FNR terkait 36,72% dan 34,78%. Hasil ini menunjukkan bahwa pengenalan produk ritel fine-
grained masih merupakan tugas yang menantang, terutama pada kemasan yang sangat mirip
dengan perbedaan ukuran yang relatif kecil. Temuan ini memberikan tolok ukur empiris untuk
pengembangan sistem deteksi hibrida atau sistem yang ditingkatkan di masa mendatang.

Kata Kunci: Produk Retail Fine-Grained, Deteksi Objek, YOLOv12, Faster R-CNN,
Perbandingan Model.

Abstract: Retail automation presents various challenges in computer vision applications,
particularly in fine-grained product recognition, where a single brand often appears in multiple
size or grammage variants with nearly identical packaging designs and is densely arranged on store
shelves. This study analyzes the baseline performance of two widely adopted object detection
paradigms: the single-stage YOLOv12 and the two-stage Faster R-CNN. Both architectures are
evaluated on a custom retail dataset comprising 408 images with 47 classes, curated to emphasize
size-variant recognition under real-world shelf conditions. Using standard training and inference
configurations, the experimental results show that within the YOLOv12 family, the extra-large
variant (YOLOv12x) achieves a mAP50:95 score of 0.762 with a False Negative Rate (FNR) of
14.16%, while the smallest nano variant (YOLOv12n) records a mAP50:95 of 0.544 with an FNR
of 30.02%. For the two-stage paradigm, Faster R-CNN with ResNet50 and ResNet50v2 backbones
achieves mAP50:95 scores of 0.698 and 0.709, with corresponding FNR values of 36.72% and
34.78%, respectively. These results indicate that fine-grained retail product recognition remains a
challenging task, particularly for visually similar packaging designs with different size variants.
The findings provide an empirical baseline for future hybrid or enhanced detection systems.

Keywords: Fine-Grained Retail Product, Object Detection, YOLOv12, Faster R-CNN, Model
Comparison
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INTRODUCTION

The global retail landscape is currently undergoing a structural metamorphosis toward
digital automation to enhance operational efficiency and consumer shopping experiences

Detection Of Visually Similar Retail Products With Size Variants. .. 146



https://doi.org/10.47668/edusaintek.v12i4.2031
https://doi.org/10.47668/edusaintek.v12i4.2031
mailto:triwahyuningsari03@gmail.com

Jurnal Pendidikan, Sains dan Teknologi Vo/ 73, No 07, 2026

(Grewal et al., 2017). In response to significant challenges such as inefficient queue
management and poor demand forecasting, retailers are increasingly integrating artificial
intelligence and computer vision technologies (Hossam et al., 2024). These technologies are
central to the realization of smart retail systems, which include automated checkout and real -
time stock tracking, as they are considered more reliable and time-saving than manual
operations (Wei et al., 2020). The fundamental objective of these systems is to achieve high-
fidelity recognition of thousands of stock-keeping units (SKUs) to ensure seamless retail
execution (Wang et al., 2022).

However, unlike general object detection, the retail environment presents a specific
fine-grained challenge (Baz et al., 2016). Many product classes are visually almost identical in
terms of shape, color, and texture, which often leads to significant classification errors (Baz et
al., 2016). This issue is particularly evident in products from the same brand that share identical
packaging designs but differ only in minute details such as sizes (Srivastava & Kumar, 2021).
For instance, liquid products like bottled water may have identical visual appearances across
different volume variants, making them extremely difficult to distinguish. Furthermore, retail
product classification is highly complex because these similar items are often densely packed
on shelves, resulting in extremely low inter-class variance (Srivastava, 2020).

To meet the strict latency requirements of smart retail applications, single-stage
detectors such as the You Only Look Once (YOLO) architecture have become the industry
standard due to their superior inference speed and efficiency (Fudholi et al., 2024). Recent
studies in the retail sector have consistently utilized the YOLO framework to address complex
scenarios involving small-scaled products and on-shelf availability (Fudholi et al., 2024).
Furthermore, the evolution of this architecture has led to more robust variants, such as
YOLOv11, which incorporates advanced feature extraction to handle multi-scale targets and
dense occlusion in automated supermarkets (Hou & Huang, 2025). To maintain high accuracy
in densely packed environments, hybrid approaches combining YOLO with other networks
have also been proposed to leverage both global context and precise localization (Yazdanjouei
et al., 2025). Building upon these architectural milestones, this study implements the latest
iteration, YOLOV12, as the core detector. YOLOv12 introduces significant improvements over
its predecessors by integrating attention-centric mechanisms, specifically Area Attention and
Residual Efficient Layer Aggregation Networks (R-ELAN), which theoretically enhance the
model's discriminative capability in fine-grained tasks (Tian et al., 2026).

Conversely, distinct from the single-stage paradigm, two-stage detectors represented
by Faster R-CNN have long been established as the gold standard for tasks requiring high-
precision localization (Ren etal., 2016). Unlike YOLO which predicts bounding boxes directly,
Faster R-CNN employs a Region Proposal Network (RPN) to generate candidate regions
before classification. Literature suggests that this two-stage learning framework is essential for
fine-grained tasks to effectively localize discriminative regions where visual differences are
subtle (He et al., 2017). This structural advantage keeps Faster R-CNN relevant in modern
industrial applications despite the speed of newer models (Rane, 2023). Moreover, recent
developments have led to significantly enhanced versions of this architecture. Specifically, this
study utilizes an improved Faster R-CNN iteration with a ResNet-50-FPN backbone, which
incorporates modern training recipes and architectural refinements, such as updated box heads
and improved FPN structures proposed by Li et al. (2021) in their benchmarking of vision
transformer transfer learning. Empirical evidence from the retail sector confirms its continued
efficacy; it has been successfully implemented to enable smart checkout systems that eliminate
manual scanning (Shailaja, 2020). Furthermore, a recent 2024 study on self-checkout cashiers
explicitly utilizes Faster R-CNN to recognize grocery products in real-time, prioritizing its
robust recognition capabilities over speed (Lauro et al., 2024).
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In recent object detection tasks, a wide range of architectures have been proposed,
including SSD, RetinaNet, EfficientDet, and transformer-based detectors. Nevertheless,
YOLO and Faster R-CNN remain two of the most widely adopted and well-established
detection frameworks in deployment. YOLO represents the dominant single-stage paradigm
due to its real-time performance and deployment efficiency, while Faster R-CNN is widely
regarded as a strong representative of the two-stage paradigm with proven localization
accuracy. While each paradigm offers distinct advantages, their inherent trade-offs - speed
versus localization precision - become critical in fine-grained retail scenarios where subtle
visual differences must be distinguished under real-time constraints. Therefore, selecting both
YOLOvV12 (as the latest single-stage architecture) and Faster R-CNN (as a robust two-stage
baseline) allows this study to systematically compare the two dominant detection paradigms
and provide a balanced empirical baseline for recognizing visually similar retail product size
variants.

Despite the extensive implementation of object detection in retail, research specifically
targeting the distinction of fine-grained products especially with size variants remains limited.
The challenge becomes significantly more complex when products share identical packaging
designs across different volumes. Srivastava & Kumar (2021) emphasize this difficulty, noting
that deciphering such size-based variants using standard computer vision algorithms is often
deemed impractical due to extreme visual similarities. Addressing this gap, this study conducts
an analysis of YOLOv12 and Faster R-CNN to evaluate their performance in recognizing fine-
grained retail products with highly similar designs but different size attributes. The objective
is to provide empirical evidence on the strengths and limitations of both detection paradigms
in this challenging retail scenario and to establish a reference on similar recognition tasks.

METHOD

This study employs a structured experimental workflow designed to evaluate the performance
of the YOLOv12 and Faster R-CNN architecture for fine-grained retail product detection. The
methodology follows a sequential process consisting of four main stages. The overall workflow
is visualized in Figure 1.

Data Data Model

Collection Preprocessing Training Evaluation

Figure 1. Research methodology overview

Data Collection

The dataset used in this research was constructed from observations in Indonesian retail stores,
specifically targeting products with visually similar packaging designs and different size or
grammage variants. The data collection focused on consumer products commonly found in
Indonesian local supermarkets. Images were captured through field observations to reflect
diverse shelf arrangements and lighting conditions encountered in practical retail
environments.
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KEMASAN LEBIH HEMAT

Figure 2. Data example shows size variants of Dancow 1+ Madu with similar designs
The data was collected and curated by the researchers themselves. The dataset is not publicly
available due to confidentiality restrictions. The dataset consists of 408 images containing a
total of 2,614 annotated object instances across 47 fine-grained classes, which are further
grouped into 13 major product families. Bounding boxes were drawn tightly around each
product package, including the grammage label when visible, to ensure that size-related
discriminative cues are captured. The detail of the dataset is shown in Table 1.

Table 1. List of product classes

Product Family Class Name Instances

DANCOW 1+ Madu DANCOW 1+ Madu 1kg 52
DANCOW 1+ Madu 72
7509
DANCOW 1+ Madu 99
350g
DANCOW 1+ Madu 105
1209

DANCOW 1+ Vanilla DANCOW 1+ Van 1kg 49

DANCOW 1+ Van 750g 105
DANCOW 1+ Van 350g 107
DANCOW 1+ Van 120g 42

DANCOW 3+ Madu DANCOW 3+ Madu 1kg 85
DANCOW 3+ Madu 67
7509
DANCOW 3+ Madu 85
3509

DANCOW 3+ Vanilla DANCOW 3+ Van 1kg 90

DANCOW 3+ Van750g 74
DANCOW 3+ Van 350 92

DANCOW 5+ Madu DANCOW 5+ Madu 1kg 39
DANCOW 5+ Madu 94
7509
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DANCOW 5+ Madu 144
3509
LACTOGEN 1 Happynutri LACTOGEN 1 34
Happynutri 1kg
LACTOGEN 1 31
Happynutri 735g
LACTOGEN 1 38
Happynutri 350g
LACTOGEN 1 34
Happynutri 180g
LACTOGEN 2 Happynutri LACTOGEN 2 26
Happynutri 1kg
LACTOGEN 2 34
Happynutri 735g
LACTOGEN 2 55
Happynutri 3509
LACTOGEN 2 35
Happynutri 180g
LACTOGENPRO0-6 mo LACTOGEN PRO 0-6 54
mo 1kg
LACTOGEN PRO 0-6 69
mo 735¢
LACTOGEN PRO 0-6 47
mo 3509
LACTOGEN PRO 0-6 56
mo 180g
LACTOGEN PRO 6-12mo LACTOGEN PRO 6-12 57
mo 1kg
LACTOGEN PRO 6-12 43
mo 735g
LACTOGEN PRO 6-12 44
mo 3509
LACTOGEN PRO 6-12 17
mo 180g
LACTOGROW 3 LACTOGROW 3 Honey 29
Happynutri Honey 1kg
LACTOGROW 3 Honey 36
7359
LACTOGROW 3 Honey 36
350g
LACTOGROW 3 Honey 26
145¢g
LACTOGROW 3 LACTOGROW 3 Van 14
Happynutri Vanilla 1kg
LACTOGROW 3 Van 17
735¢g
LACTOGROW 3 Van 29

3509
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LACTOGROW PRO 1+ LACTOGROW PRO 1+ 14

Honey Honey 1kg
LACTOGROW PRO 1+ 25
Honey 735g
LACTOGROW PRO 1+ 84
Honey 350g
LACTOGROW PRO 1+ 36
Honey 145¢g
LACTOGROW PRO 1+ LACTOGROW PRO 1+ 23
Vanilla Van 1kg
LACTOGROW PRO 1+ 25
Van 7359
LACTOGROW PRO 1+ 32
Van 3509

Data Preprocessing

To ensure data integrity and compatibility with both detection architectures, a structured
preprocessing pipeline was applied. All images were manually annotated using bounding box
annotations through the Roboflow platform. Each product instance was labeled according to
its category, which includes brand, product variant, and size or grammage information. Since
YOLO and Faster R-CNN require different annotation formats, the annotated dataset was
exported into two separate label representations. For YOLO training, the annotations were
converted into text-based (txt) format files containing normalized bounding box coordinates.
For Faster R-CNN training, the annotations were exported in JSON format following standard
object detection annotation structures. This dual-format preparation ensures that both detection
frameworks can be trained using identical image content while preserving their respective
annotation requirements.

To prevent data leakage, a group-based splitting strategy was employed (Rumala, 2023).
Images were grouped based on their specific shelf scenes, ensuring that all images from a single
shelf arrangement were confined entirely to either the training or testing partition. This
approach follows the definition of data leakage where visually similar contexts appearing
across training and testing sets can lead to overly optimistic evaluation results (Ramos et al.,
2025). As a result, the model is evaluated on its ability to generalize to unseen scenes rather
than memorizing background features.

Based on this strategy, the dataset was partitioned into a training set comprising 273 images
(66.91%) with 1,579 bounding boxes, and a testing set comprising 135 images (33.09%) with
1,035 bounding boxes.

Model Training

The model training stage adopted a benchmarking of two distinct architectures: YOLOv12 and
Faster R-CNN. This study evaluates the performance of various model configurations. To
ensure robust generalization and prevent overfitting, early stopping was applied across all
experiments (Hussein & Shareef, 2024). All YOLOv12 nano (n), small (s), medium (m), large
(I, and extra-large (x) variants were trained using the default training presets provided by the
Ultralytics framework, following the practice in the Ultralytics documentation (Jocher et al.,
2023). The training configuration is summarized in Table 2.
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Table 2. YOLOvV12 configuration
Hyperparameter Value

Training Epochs 100

Early stop patience 20

Batch size 16

Image size 640
Optimizer auto
LR scheduler auto
Warmup auto

Conversely, Faster R-CNN was evaluated using two backbone architectures, ResNet50 and
ResNet50v2. The overall training setup was mostly set automatically and also follows some
parts from the reference training strategy described by Wu et al. (2019). Stochastic gradient
descent (SGD) is employed as the primary optimizer together with a step-based learning rate
scheduler. While several parameters were adapted to accommodate GPU memory constraints
and dataset scale, the training configuration remains consistent with the recommended Faster
R-CNN training protocol. The training duration was extended to 150 epochs to ensure
sufficient convergence under limited data conditions. The detailed training configuration is
provided in Table 3.
Table 3. Faster R-CNN configuration
Hyperparameter Value

Training Epochs 150

Early stop patience 25

Batch size 2
Image size auto
Optimizer SGD
LR scheduler StepLR
Learning rate 0.0005
Momentum 0.9

Weight decay 0.0005

Evaluation

The performance of the trained models was evaluated to benchmark the discriminative
capabilities of the single-stage against the two-stage architecture performance. Detection
performance is assessed using Mean Average Precision (mAP), specifically mAP50:95,
following the standard COCO Primary Challenge protocol, and is complemented by global
precision and recall to reflect practical detection behavior. In addition to detection
performance, fine-grained classification errors are analyzed using class-wise confusion
matrices to examine inter-variant misclassification patterns among visually similar product
grammage categories. The confusion matrices are constructed by matching each ground-truth
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object to the predicted bounding box with the highest Intersection-over-Union (loU), where
predictions are matched to ground-truth annotations based on loU with a threshold of 0.5.
Based on the resulting confusion matrices, classification failures are quantified using the False
Negative Rate (FNR), also referred to as the Miss Rate (MR). Following the formulation from
Jiang et al. (2025), the miss rate is defined as the ratio between the number of false negatives
and the total number of actual positive instances. In this study, false negatives correspond to
ground-truth objects that are either misclassified or not detected, and FNR is computed directly
from the confusion matrix as the proportion of missed instances over the total number of
ground-truth annotations.

RESULTS AND DISCUSSIONS

Experimental Results

In this section, we present a comparative performance analysis of the YOLOv12 architecture

(n, s, m, I, and x variants) and the Faster R-CNN architecture with ResNet50 v1 and

ResNet50v2 backbones. All models were evaluated on a dedicated test set consisting of 135

retail shelf images containing visually similar product variants. The comprehensive

guantitative results, including mAP50:95, precision, and recall, are summarized in Table 4.
Table 4. Model performance comparison on fine-grained retail dataset

Architecture  Model Variant mAP50:95PrecisionRecall
YOLOv12 Nano (n) 0.544 0.5433 0.6966
Small (s) 0.692 0.6544 0.7903
Medium (m)  0.760 0.6928 0.8454
Large (1) 0.747 0.7084 0.8522
Extra-large (x) 0.762 0.7118 0.8638
Faster R-CNNResNet50 (v1) 0.698 0.3377 0.9121
ResNet50v2 (v2)0.709 0.3568 0.8918

The confusion matrices of the YOLOv12 variants (n, s, m, I, and x) are presented in Figures 3-
7, while the Faster R-CNN models with ResNet50 v1 and ResNet50 v2 backbones are shown

in Figure 8 and Figure 9.
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The False Negative Rate (FNR) of YOLO and Faster R-CNN models is computed from the
previous confusion matrices with loU threshold of 0.5. The FNR results of each model are

shown in the following Table 5.

Detection Of Visually Similar Retail Products With Size Variants...

154



Jurnal Pendidikan, Sains dan Teknologi Vo/ 73, No 07, 2026

Table 5. False Negative Rate of each model
Architecture Model Variant FNR

YOLOv12 Nano (n) 30.02%
Small (s) 18.71%
Medium (m) 15.87%
Large (I) 14.80%

Extra-large (x) 14.16%
Faster R-CNNResNet50 (v1) 36.72%
ResNet50v2 (v2)34.78%

Discussions

The experimental results demonstrate clear differences in detection performance across the
evaluated model architecture. Among all configurations, the YOLOv12 family shows a
consistent scaling trend, where increasing model capacity leads to higher detection accuracy.
The YOLOv12n variant achieves a mAP50:95 of 0.544, while the YOLOv12x variant reaches
0.762, corresponding to an absolute improvement of 21.8 percentage points. In comparison,
the Faster R-CNN models achieve mAP50:95 values of 0.698 for the ResNet50 v1 backbone
and 0.709 for the ResNet50 v2 backbone, indicating that single-stage detectors with larger
model capacity provide a balance between accuracy and efficiency for dense retail product
recognition.

Beyond aggregate detection accuracy, the confusion matrix analysis and miss rate evaluation
provide further insights into model robustness. The False Negative Rate (FNR) decreases
consistently with increasing YOLOv12 model capacity, from 30.02% for YOLOv12n to
14.16% for YOLOvV12x. In contrast, the Faster R-CNN models exhibit higher miss rates, with
FNR values of 36.72% and 34.78% for the ResNet50 v1 and v2 backbones, respectively.
Nevertheless, the confusion matrix and miss rate evaluation indicate that fine-grained retail
product recognition remains a challenging task, particularly for visually similar size variants.
The observed misclassification patterns are likely influenced by a combination of factors,
including class imbalance, limited training samples for specific grammage categories, and the
inherent visual similarity of packaging designs that differ primarily in scale or minor textual
cues.

A closer examination of the confusion matrices reveals that certain classes with very few
training samples, such as LACTOGROW PRO 1+ Honey 1kg (only 14 instances), experienced
near-total detection failure in smaller models, illustrating the impact of data imbalance. While
larger YOLOV12 variants mitigated such extreme failures, the persistent confusion between
adjacent grammage sizes (e.g., 735g vs 350¢) suggests that increasing model capacity alone is
insufficient. Regarding the two-stage detectors, the incremental mAP improvement from
ResNet50 v1 to v2 (1.1%) is accompanied by a reduction in FNR (from 36.72% to 34.78%)
and a slight gain in precision (0.3377 to 0.3568), indicating consistent but modest benefits.
Finally, due to computational constraints, all models were trained once with fixed random
seeds; therefore, the observed performance trends should be interpreted as observational rather
than statistically validated. These limitations should be addressed in future work through
multiple training runs and confidence interval reporting.
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CONCLUSION

This study presents a benchmark evaluation of single-stage YOLOv12 and two-stage
Faster R-CNN architectures for fine-grained retail product recognition. Within the YOLOv12
family, the experimental results demonstrate a performance scaling trend, where increasing
model capacity leads to improved detection accuracy. The YOLOv12x variant achieves the
highest performance with a mAP50:95 of 0.762, corresponding to an absolute improvement of
21.8 percentage points over the YOLOv12n variant. This trend is further supported by the miss
rate analysis, where the False Negative Rate (FNR) decreases from 30.02% for YOLOv12n to
14.16% for YOLOv12x.

For the two-stage paradigm, the Faster R-CNN models with ResNet50 v1 and
ResNet50v2 backbones exhibit consistent detection performance, with mAP50:95 values of
0.698 and 0.709, respectively. The corresponding miss rates of 36.72% (R50) and 34.78%
(R50v2) indicate that the architectural refinements introduced in the v2 backbone provide
incremental improvements under the training configuration in this study.

Moreover, the results indicate that fine-grained retail product recognition remains a
challenging task. The observed model performance is likely influenced by dataset
characteristics, including class imbalance and limited training samples for certain product
variants, as well as the strong visual similarity between packaging designs. These observations
suggest that increasing model capacity alone may not be sufficient to fully resolve fine-grained
visual ambiguities under the current environment. The complementary strengths observed—
YOLOv12x's efficiency and accuracy versus Faster R-CNN's stable recall—suggest that hybrid
designs could benefit from combining both paradigms, e.g., using a two-stage detector as a
verifier for ambiguous predictions.

Future research directions include expanding the dataset to provide more balanced and
diverse training samples, exploring improved data augmentation and class rebalancing
strategies. In addition, further optimization of preprocessing, modelling and post-processing
configurations may improve detection robustness and reliability in real-world retail
environments.
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