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Abstract (10pt) 
 

On-Shelf Availability (OSA) is a critical aspect of retail operations that affects customer satisfaction and potential 
sales. Computer vision–based systems have emerged as a promising solution to monitor product availability on 
store shelves. However, their implementation faces the challenge of limited labeled data, which requires time-
consuming manual annotation with precise bounding boxes. This study proposes a semi-supervised learning 
approach based on pseudo-labeling using the YOLOv11n architecture to address the scarcity of labeled data. We 
utilized a dataset of 918 retail product images with 174 classes, divided into four proportions of labeled data (20%, 
40%, 60%, and 80%). The research stages included training a teacher model, generating pseudo-labels with a 
confidence threshold of 0.5, and training a student model using a combination of labeled and pseudo-labeled data. 
Experimental results show that this approach effectively improves detection performance. With 60% labeled data, 
the model achieved an mAP50 of 0.931 and an mAP50-95 of 0.864, along with high-quality pseudo-labels (F1-
Score 0.727; IoU 0.819). This significant improvement indicates that pseudo-labels can enrich data variation 
without introducing excessive noise. The study demonstrates that semi-supervised learning can reduce dependence 
on large labeled datasets while offering a practical and efficient solution for OSA detection systems in retail 
environments.  
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1. INTRODUCTION 

On-Shelf Availability (OSA) is a critical aspect 
of retail store operations, as it directly impacts 
customer satisfaction and sales potential. In this 
context, computer vision-based systems, particularly 
object detection from shelf images, have emerged as 
promising solutions for monitoring product 
availability, identifying shelf gaps, and supervising 
product placement on store shelves [1][2]. However, 
the implementation of such systems faces the 
challenge of requiring large amounts of accurately 
annotated training data. Unlike image classification, 
object detection not only focuses on recognizing object 
categories but also predicts the location of each object 
through the use of bounding boxes [3], Therefore, it 
requires precise annotations in the form of bounding 
boxes for each object, which must be performed 
manually and is time-consuming [4]. This challenge 

becomes increasingly complex in retail store 
scenarios, which typically involve packaging 
variations, visual similarities between products, and 
diverse lighting conditions and camera angles [5]. 
Furthermore, the requirement to include detailed 
product attributes such as brand, flavor, size, and type 
further increases the cost and complexity of the 
labeling process [6]. 

To address the challenges of limited labeled data 
and high annotation costs in object detection tasks, 
semi-supervised learning (SSL) approaches have 
gained significant attention in recent years [5]. SSL 
offers an efficient solution by leveraging a 
combination of a small portion of labeled data for 
model training [7]. This strategy enables improved 
model efficiency without heavy dependence on 
extensive data labeling processes [8][9][10]. One 
widely used SSL technique is pseudo-labeling, where 
an initial model trained in a supervised manner is used 
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to generate pseudo-labels on unlabeled data [11]. This 
technique is particularly relevant in retail contexts, 
which typically involve images with densely packed 
objects and high visual similarity between products. In 
such scenarios, semi-supervised object detection 
(SSOD) methods become an appropriate approach, as 
they can maximize the utilization of unlabeled data to 
enhance object detection performance [12]. 

A previous study on OSA [13] developed and 
evaluated several YOLO (You Only Look Once) 
model variants, namely YOLOv5n, YOLOv6-nano, 
YOLOv7-tiny, and YOLOv8n, for detecting product 
availability on retail store shelves (on-shelf 
availability/OSA). This study employed a fully-
supervised learning approach with a total of 7,697 
images and 125 product classes. Experimental results 
demonstrated that the YOLOv8n model delivered the 
best performance with an mAP50 score of 0.933 and 
an inference time of 13.4 ms, making it suitable for 
real-time implementation on resource-constrained 
devices. However, the approach used was entirely 
dependent on labeled data, without utilizing unlabeled 
data or semi-supervised strategies, rendering it less 
efficient for real-world scenarios with limited labels. 

Reasearch by Chauhan [12] applied a noisy 
student training approach for dense object detection in 
retail shelf images using the GFL (Generalized Focal 
Loss) model with a ResNet-50 backbone. They trained 
the model on 9,000 labeled images (PD9K) and 
progressively added 10K, 20K, up to 200K unlabeled 
images from the Retail Video Frames (RVF) dataset. 
Evaluation was conducted on the SKU110K dataset 
with high product density. The results showed that 
model accuracy improved from an mAP of 0.389 
(baseline) to 0.403 after adding 200K pseudo-labels. 
They also proposed a pseudo-label filtering technique 
based on confidence thresholding and nms-inter to 
reduce false positives. Nevertheless, this study did not 
explore the use of YOLO architectures. 

Study [14] compared three deep learning 
approaches—RetinaNet, YOLOv3, and YOLOv4—
for monitoring on-shelf availability (OSA) in retail 
shelf images. The dataset used was WebMarket, 
consisting of 3,153 high-resolution shelf images 
captured from 18 different store shelves using three 
digital cameras. Of the entire dataset, 300 images were 
manually labeled using LabelImg and classified into 
five classes: three product categories (Beverage, 
Breakfast, Food) and two shelf conditions (Empty 
Shelf, Almost Empty Shelf). Experiments were 
conducted on varying proportions of labeled data 
(20%–80%) using a semi-supervised learning (SSL) 
approach with pseudo-labeling methods. The 
YOLOv4 model with CSPDarkNet53 backbone 
achieved the best performance in the full-supervised 
scenario, with an mAP of 0.9187, F1-score of 0.91, 
and recall of 0.96. In the SSL scenario, the SOSA 
approach still demonstrated competitive results, 
particularly when using 60–80% labeled data. 
However, accuracy gradually declined when the 

proportion of labeled data was reduced to 40% and 
20%, with the "Almost Empty Shelf" class being the 
most affected. 

Research conducted by Dipendra [15] focused on 
automating the on-shelf availability inspection 
process, which was previously performed manually. 
They used a custom dataset containing 1,000 product 
shelf images that underwent data cleaning processes to 
improve training data quality. Two main object 
detection architectures were employed: the 
EfficientDet family and YOLOv5. The best results for 
the EfficientDet family were obtained from the 
EfficientDet-D1 model, with 57.0% precision, 63.8% 
recall, and 60.2% F1-score. Meanwhile, the 
YOLOv5n6 model demonstrated superior 
performance with 76.3% precision, 63.8% recall, and 
71.3% F1-score, making it a more effective choice for 
retail product detection. 

Research [16] developed an object detection 
model capable of running in real-time on mobile 
devices to monitor on-shelf availability (OSA) of retail 
products, specifically powdered milk. The dataset 
consisted of 4,637 images comprising 106 product 
classes, collected using smartphone cameras. The 
study employed YOLOv4-tiny due to its advantages in 
small model size, inference speed, and computational 
efficiency. The model was trained through six stages: 
data collection, preprocessing, annotation, training, 
evaluation, and testing. Experimental results showed 
that the model achieved an mAP of 92.14% and an 
inference time of 600–700 ms on Android devices. 
This demonstrates that YOLOv4-tiny is capable of 
detecting retail products in real-time on mobile 
devices, although there remains room for 
development, such as improving image resolution and 
exploring lighter model architectures. 

Unlike previous studies, this research integrates 
a pseudo-labeling-based semi-supervised learning 
approach with the latest YOLOv11 architecture. The 
selection of YOLOv11 in this study is based on its 
advantages as the newest version of the YOLO 
architecture, offering significant improvements in 
accuracy, processing speed, and parameter efficiency. 
YOLOv11 demonstrates strong adaptability for 
various Computer Vision tasks such as object 
detection and instance segmentation, making it highly 
suitable for retail product detection. Furthermore, its 
efficiency makes it ideal for deployment across 
different platforms, including edge computing and 
cloud-based systems [17]. Although semi-supervised 
and pseudo-labeling approaches have shown great 
potential in enhancing object detection efficiency 
within the retail sector, most previous studies remain 
limited to earlier YOLO architectures or other 
detection models. 

Therefore, this research aims to apply a semi-
supervised pseudo-labeling approach to YOLOv11 
and evaluate its performance across various 
proportions of labeled data (20%, 40%, 60%, and 
80%). This study also compares pseudo-labeling 
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results with ground truth to assess the quality of 
generated pseudo-labels. It is expected that this 
approach will contribute to the development of more 
efficient, adaptive, and practically deployable OSA 
detection systems for real-world applications. 

2. RESEARCH METHOD 

This research was conducted through five stages 
to implement a pseudo-labeling-based semi-
supervised learning approach on the YOLOv11 
architecture for retail product object detection tasks. 
These stages include data collection and preparation, 
teacher model training, pseudo-labeling, student 
model training, and evaluation of model performance 
and pseudo-label quality. The research workflow is 
presented in Figure 1. 

 

 
Figure 1. Research Methodology 

 

2.1 Data Collection and Preparation 

The initial stage of this research involves the 
collection and preparation of the dataset to be used for 
training and testing the object detection model. The 
dataset employed is a custom-built dataset collected 
manually from retail environments such as grocery 
store shelves and minimarkets, with variations in 
viewing angles, lighting conditions, and product 
arrangements to represent real-world conditions as 
shown in Figure 2. 

 

 
Figure 2. Example of data 

 
The dataset consists of 918 images, divided into 

724 images for the training set, 92 images for the 

validation set, and 92 images for the test set. These 
images contain various retail products with a total of 
174 classes and are labeled in YOLO format (.txt) as 
follows: class, x_center, y_center, width, height, as 
shown in Figure 3, using a labeling tool [18]. 

 

 
Figure 3. Data label format 

 
 

2.2 Teacher Model Training 
The initial supervised training stage serves as the 

foundation for the pseudo-labeling process. In this 
stage, manually annotated data with several 
proportions (20%, 40%, 60%, and 80%) are used to 
train a teacher model, which is later utilized to 
generate pseudo-labels for unlabeled data. The training 
employs the YOLOv11n model pretrained on the 
COCO dataset as initialization, enabling the 
application of transfer learning to accelerate 
convergence and enhance detection performance. The 
model is trained to recognize 174 retail product classes 
through a supervised learning process using manual 
bounding box annotations. The selection of the nano 
version (YOLOv11n) is based on the objective of 
evaluating the model’s performance starting from the 
smallest variant of YOLOv11. With 181 layers, 
2,678,022 parameters, 2,678,006 gradients, and a 
computational requirement of 6.9 GFLOPs, 
YOLOv11n offers an optimal balance between model 
complexity and detection efficiency, making it an ideal 
choice for the initial experiments in this study [19]. As 
an additional variation of testing, a Teacher Model 
training (Pseudo-Label Data), also referred to in this 
study as the pseudo model, was conducted. This model 
is the result of supervised training that was retrained 
using only pseudo-labeled data. 

 
2.3 Pseudo-labeling 

After the supervised training stage is completed, 
the trained teacher model is used to perform inference 
on unlabeled data to generate pseudo-labels for the 
next training phase. This process begins with object 
detection on unlabeled images, where the model 
predicts object locations and classes based on 
knowledge learned from previously labeled data. Next, 
a confidence filtering step is applied with a confidence 
threshold of 0.5, ensuring that only high-confidence 
predictions are retained to maintain the quality of the 
generated pseudo-labels. The resulting predictions are 
then converted into YOLO annotation format (.txt) to 
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maintain consistency with the structure of the labeled 
dataset. These pseudo-labels are subsequently used 
directly alongside the labeled data in the next semi-
supervised training stage. This approach reflects the 
core principle of semi-supervised learning, which 
leverages the teacher model’s capability to effectively 
expand the training dataset, enabling the model to 
learn from a combination of labeled and unlabeled data 
to enhance overall detection performance [20]. 

 
2.4 Student Model Training 

After pseudo-labels are generated on unlabeled 
data, the subsequent stage involves retraining the 
model by combining manually labeled data and 
pseudo-labeled data. This process is referred to as 
semi-supervised training, which aims to optimally 
utilize the entire training dataset, including both 
human-annotated and teacher model-generated labels. 
In this research, three student training experiments 
were conducted with the following variations: 

 Pretrained Model YOLOv11n: Training 
using the base pretrained YOLOv11n model 

 Teacher Model (Labeled Data): Model 
resulting from supervised training on 
manually labeled data 

 Pseudo Model: Model resulting from 
supervised training using only pseudo-
labeled data. 

All three experiments were executed across each 
proportion of labeled data (20%, 40%, 60%, and 80%), 
enabling performance analysis of the model with 
respect to variations in the amount of labeled data 
within the semi-supervised learning framework 

 
2.5 Evaluation 

The final stage of this research involves 
evaluating the performance of the student model 
resulting from semi-supervised training. The 
evaluation aims to measure the model's capability to 
accurately detect objects on test data and assess the 
extent to which pseudo-labels contribute to improved 
detection performance. The evaluation process is 
conducted using 92 manually annotated test images, 
allowing for objective comparison of test results. 
Additionally, an assessment of the quality of pseudo-
labels generated by the teacher model is performed. 
The evaluation encompasses: 

 Visual evaluation of pseudo-labels: 
Comparing pseudo-labels with ground truth 
directly on images to examine the alignment 
of bounding boxes and class assignments. 

 Metric-based evaluation: Calculating metric 
scores using ground truth as the reference 
standard, enabling determination of how 
closely pseudo-labels approximate the 
quality of manual labels. 

The evaluation metrics employed include 
Precision, Recall, mAP@0.5, mAP@0.5:0.95, F1-
Score, IoU, and Inference time. By utilizing a 
combination of model performance evaluation and 

pseudo-label quality assessment, this research is 
expected to provide a comprehensive understanding of 
the effectiveness of the semi-supervised approach 
compared to supervised training, while simultaneously 
assessing the actual contribution of pseudo-labels to 
improved object detection performance. 
 

3. RESULT AND DISCUSSION 

All experiments were executed on the Kaggle 
Notebook platform utilizing NVIDIA T4 GPU (2× 
accelerators) as the primary processing device. The 
programming environment comprised several main 
libraries, including Ultralytics version 8.3.189 for 
YOLOv11 model management, Torch version 2.8.0, 
and Torchvision version 0.19.0. Model training was 
conducted with the following parameter 
configurations: 100 epochs, image size of 640×640 
pixels, batch size of 16, and AdamW as the optimizer. 
The obtained results encompass model performance 
across various training scenarios, along with 
comparative performance analysis between models 
and data proportions used. The discussion focuses on 
interpreting evaluation results to assess the 
effectiveness of the semi-supervised learning 
approach in enhancing object detection performance 
for retail products. 

 

Table 1. Teacher Model Using Manual Labels 
Mode

l 
Precisio

n 
Recal

l 
mAP5

0 
mAP50

-95 
Inferenc
e Time 

20% 0.464 0.689 0.621 0.565 3.1ms 
40% 0.734 0.825 0.852 0.787 15.0ms 
60% 0.801 0.886 0.898 0.830 2.6ms 
80% 0.870 0.915 0.953 0.885 4.6ms 

 
Table 1 shows the results of training the teacher 

model using manually labeled data. It can be seen that 
increasing the proportion of labeled data has a positive 
impact on improving model performance. With 20% 
labeled data, the mAP50-95 value only reaches 0.565, 
whereas with 80% labeled data it increases 
significantly to 0.885. This confirms that the amount 
of labeled annotation data greatly affects the quality of 
model detection. 

 
Table 2. Pseudo-Label Quality Metrics 

Mod
el 

Jumla
h 

Gamb
ar 

Jumla
h TP 

Jumla
h FP 

Jumla
h FN 

F1-
Scor

e 

IoU 

20% 
587 2374 1013 2751 0.36

7 
0.57

5 

40% 
440 2904 892 1080 0.69

4 
0.84

2 

60% 
294 2050 539 399 0.72

7 
0.81

9 

80% 
247 1055 314 115 0.61

6 
0.68

0 

 
Table 2 presents the evaluation of pseudo-label 

quality generated by the teacher model by comparing 
it against ground truth across various proportions of 
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labeled data. Overall, there is an observable 
improvement in pseudo-label quality up to the 60% 
proportion, but it decreases at 80%. 

With 20% labeled data, the number of TPs at 
2,374 and FN reaching 2,751 indicates that many 
objects failed to be detected, resulting in a low F1-
Score of 0.367 and IoU of only 0.575. When the 
proportion of labeled data increases to 40%, there is a 
significant improvement in pseudo-label quality. The 
F1-Score rises to 0.694 with IoU reaching 0.842. The 
increased number of TPs and decreased numbers of FP 
and FN indicate that the model is increasingly capable 
of recognizing and labeling objects properly. 

At 60% labeled data, the pseudo-labels achieve 
the highest performance with an F1-Score of 0.727 and 
IoU of 0.819. However, at 80% labeled data, the 
performance actually decreases slightly with an F1-
Score of 0.616 and IoU of 0.680. This decline may be 
caused by the model having learned from sufficient 
manual data, such that there are objects that were not 
labeled in the ground truth labels but the model 
assigned labels to them, resulting in false positives 
being counted, even though they are visually correct. 

 
Table 3. Teacher Model Using Pseudo Labels 

Mode
l 

Precisio
n 

Recal
l 

mAP5
0 

mAP50
-95 

Inferenc
e Time 

20% 0.439 0.452 0.480 0.440 3.2ms 
40% 0.734 0.731 0.799 0.738 2.9ms 
60% 0.564 0.652 0.682 0.627 4.5ms 
80% 0.366 0.467 0.391 0.355 3.0ms 

 
Table 3 shows the results of training the teacher 

model using pseudo-label data without involving 
manually labeled data. The pseudo-label teacher 
model demonstrates the best performance at a 40% 
data proportion with an mAP50 value of 0.799. 
However, increasing the pseudo-label proportion up to 
80% actually decreases performance significantly. 
This is caused by the increasing inaccuracy of pseudo-
labels generated by the teacher model, thus causing 
noise in the training process. 

 
Table 4. Training Student Model 20% 

Model Precisio
n 

Recal
l 

mAP5
0 

mAP50
-95 

Inferenc
e Time 

Pre 
Traine

d 

0.582 0.767 0.759 0.702 3.4ms 

Teache
r 

Model 

0.581 0.755 0.752 0.695 3.1ms 

Pseudo 
Model 

0.595 0.736 0.737 0.68 3.1ms 

 
Table 4 displays the training results of the student 

model at a 20% labeled data proportion. Overall, the 
performance of all three models is still relatively low 
due to the limited amount of labeled data used in the 
training process. The student model trained using the 
pre-trained model obtained an mAP50 value of 0.759 
and mAP50-95 of 0.702, slightly higher compared to 
the student model trained using the teacher model. 
Additionally, the student model trained using the 

pseudo model achieved the lowest values, which is 
attributed to the poor quality of pseudo-labels 
generated at the 20% data proportion. The relatively 
low overall performance across all models indicates 
that at this proportion, the models still struggle to 
detect objects stably due to insufficient data variation. 

 
Table 5. Training Student Model 40% 

Model Precisio
n 

Recal
l 

mAP5
0 

mAP50
-95 

Inferenc
e Time 

Pre 
Traine

d 

0.798 0.817 0.863 0.801 3.5ms 

Teache
r 

Model 

0.760 0.843 0.866 0.806 7.7ms 

Pseudo 
Model 

0.778 0.862 0.886 0.826 3.2ms 

 
Table 5 shows the training results of the student 

model with a 40% labeled data proportion. It can be 
seen that all models experienced significant 
performance improvements compared to the 20% 
experiment. This improvement demonstrates that 
increasing the proportion of labeled data has a positive 
impact on the model's ability to perform object 
detection. 

In this experiment, the student model trained 
using the pseudo model shows the best performance, 
with an mAP50 value of 0.886 and mAP50-95 of 
0.826. The recall value of 0.862 also indicates that the 
model is capable of detecting most objects present in 
the test images. This performance is slightly higher 
compared to the other two models. This indicates that 
pseudo-labels can contribute to improving the model's 
generalization capability. 

 

Table 6. Training Student Model 60% 
Model Precisio

n 
Recal

l 
mAP5

0 
mAP50

-95 
Inferenc
e Time 

Pre 
Traine

d 

0.808 0.881 0.907 0.843 3.0ms 

Teache
r 

Model 

0.863 0.878 0.918 0.854 2.8ms 

Pseudo 
Model 

0.868 0.892 0.931 0.864 3.5ms 

 
Table 6 presents the training results of the student 

model with a 60% labeled data proportion. In this 
experiment, all models show performance 
improvements compared to the 40% proportion. The 
mAP50 and mAP50-95 values across all models are 
above 0.84, which indicates a fairly mature object 
detection capability. Among the three models tested, 
the pseudo model again demonstrates the best results 
with an mAP50 value of 0.931 and mAP50-95 of 
0.864. This model also has the highest precision at 
0.868 and recall of 0.892. This performance 
improvement shows that at the 60% labeled data 
proportion, pseudo-labels still provide a positive 
contribution to the model's learning process. 
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Table 7. Training Student Model 80% 
Model Precisio

n 
Recal

l 
mAP5

0 
mAP50

-95 
Inferenc
e Time 

Pre 
Traine

d 

0.903 0.898 0.945 0.877 3.3ms 

Teache
r 

Model 

0.915 0.929 0.954 0.890 3.0ms 

Pseudo 
Model 

0.856 0.918 0.941 0.871 2.7ms 

 
Table 7 shows the training results of the student 

model with an 80% labeled data proportion. At this 
stage, all models achieve high performance with 
mAP50-95 values above 0.87, indicating that the 
models are capable of performing object detection 
with a very good level of accuracy. The teacher model 
obtains the best results with an mAP50 value of 0.954 
and mAP50-95 of 0.890, as well as the highest 
precision at 0.915. Meanwhile, the pseudo model still 
shows competitive performance with an mAP50-95 of 
0.871 and recall of 0.918. This demonstrates that the 
larger the proportion of manually labeled data, the 
better the model's ability to recognize objects with 
precision and consistency. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 4. Visual pseudo-label  20%,  
ground truth : green (left), pseudo-label : red (right)  

In the visual evaluation, 3 samples per 
experiment were taken to examine the pseudo-label 
results compared to the ground truth labels. In the 20% 
experiment, it can be seen in image (a) that the pseudo-
labels are able to label some objects, but not all of them 
match the ground truth labels. For example, for 
Lactogrow objects, several boxes can be labeled but 
some are not detected. However, for Dancow boxes, 
the model can generate pseudo-labels for every object. 
Even for Batita objects, the model can label them, 
which were not labeled in the ground truth, although 
the results are visually correct, thus increasing the false 
positive count. 

In image (b), the model cannot label most 
objects, which may be caused by the model only 
learning from relatively limited data. In image (c), the 
model can generate pseudo-labels quite well, which is 
also because the objects in that image are not too 
varied, making it easier for the model to provide 
pseudo-labels compared to image (b). 

 

 
(a) 

 
(b) 

 
(c) 

Figure 5. Visual pseudo-label 40%  
ground truth : green (left), pseudo-label : red (right) 

 
In the 40% experiment, there is a visible 

improvement from the previous one. In image (a), the 
model can now label almost all Lactogrow objects. For 
Batita objects, it can only provide 1 label out of 4 
objects, while for Dancow objects it can provide 3 out 
of 4 objects. In image (b), the model performs very 
well and can label all objects. Then in image (c), the 
ground truth only provides one label, whereas the 
pseudo-labels successfully add more labels. Although 
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this may count as false positives when compared to the 
ground truth labels, it can add object variation. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 6 Visual pseudo-label 60%,  
ground truth : green (left), pseudo-label : red (right) 

 
In the 60% experiment, it can be seen in image 

(a) that the model can provide labels for all objects that 
were labeled in the ground truth, although Batita 
objects still count as false positives. However, this can 
add variation to the dataset objects. In image (b), the 
model can label objects well, consistent with what was 
manually labeled, indicating an improvement in 
pseudo-label quality as the proportion of labeled 
dataset increases. In image (c), the model can label 
objects but not all of them. This may be caused by the 
image having a fairly high level of density and 
variation, so the model still experiences difficulty in 
maintaining labeling consistency. 

 

 
(a)  

 
(b) 

 

  
(c) 

Figure 7 Visual pseudo-label 80%,  
ground truth : green (left), pseudo-label : red (right) 

 
In the 80% experiment, it can be seen in image 

(a) that all objects labeled in the ground truth are 
successfully replicated by the pseudo-labels. 
Additionally, the Batita milk class is also successfully 
labeled in the pseudo-labels, although not all are 
detected. Next, in image (b), the model can provide 
accurate annotations for all objects, which is possible 
because the objects in the image are very clear and the 
model has learned from sufficient data. In image (c), 
the model is able to label all objects that were labeled 
in the ground truth, but there are additional objects that 
were not labeled in the ground truth. This condition 
again creates false positive cases, caused by the 
limitations of manual annotation. Overall, the model 
shows improvement in detection quality along with the 
increase in dataset size. 

 

 
(a) Teacher Model 

 
(b) Pseudo Model 

40
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(c) Pretrained Model 

Figure 8. Testing Student Model 20% 

 
The testing results of the student model in the 

20% experiment still fail to perform detection well, 
especially for the Vidoran, SGM, and Morinaga 
classes, whereas for the Lactogrow, Batita, and Datita 
classes, detection is possible although not all objects 
can be detected yet. This may be caused by limited 
object samples, and this is also consistent with the 
metric results where recall tends to be low, indicating 
that many objects are not successfully detected 

 

 
(a) Teacher Model 

 
(b) Pseudo Model 

 
(c) Pretrained Model 

Figure 9. Testing Student Model 40% 

 
The testing results in the 40% experiment show 

performance improvement along with the addition of 
labeled data, such as in the Vidoran and SGM classes 
which are starting to be detected, although there are 
still some that cannot be detected yet. Detection in the 
Batita, Datita, and Lactogrow classes is already quite 
good. However, the model still cannot detect the 
Morinaga class. Overall, it produces a trend of 
performance improvement across all models. 

 

 
(a) Teacher Model 

 
(b) Pseudo Model 
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(c) Pretrained Model 

Figure 10. Testing Student Model 60% 

 
There is a performance improvement in the 60% 

experiment. The model is now able to detect almost all 
classes, especially the student model trained using the 
model that has learned from pseudo data. Out of all 
objects, only two objects are not detected. Although 
there are two false negatives, it shows the best 
performance among the other models, which is also 
consistent with the metric results shown. 

 

 
(a) Teacher Model 

 
(b) Pseudo Model 

 
(c) Pretrained Model 

Figure 11. Testing Student Model 80% 

 
Then in the 80% experiment, there is not much 

visible improvement compared to the 60% experiment 
visually, as it still fails to detect all objects, especially 
in the Morinaga class, which may be caused by limited 
class samples. Although it performs quite well with 
other classes, the best performance is delivered by the 
student model trained using the pre-trained YOLOv11 
model that has not yet learned from previous data. 

Overall, the experimental results show that the 
semi-supervised learning approach utilizing pseudo-
labels is capable of improving object detection 
performance in the retail product domain, especially at 
medium labeled data proportions such as 40% and 
60%. The pseudo-labels generated by the teacher 
model are proven to provide a positive contribution to 
the student model's learning with significant increases 
in mAP and recall values. However, at proportions of 
labeled data that are too small or too large, model 
performance tends to decline due to limited 
information or the emergence of noise in the pseudo-
labels. Thus, the balance between the amount of 
labeled data and pseudo-labels becomes an important 
factor in achieving optimal performance in the 
application of semi-supervised object detection. 
 

4. CONCLUSION 

This study successfully implemented a semi-
supervised learning approach based on pseudo-
labeling using the YOLOv11n architecture for On-
Shelf Availability (OSA) detection of retail products. 
The experimental results demonstrate that this 
approach effectively improves detection performance 
even with limited labeled data. Although the highest 
overall performance was achieved with 80% labeled 
data, the 60% proportion was already able to reach an 
mAP50 of 0.931 and an mAP50-95 of 0.864, 
indicating a significant improvement with higher 
labeling efficiency. The 60% proportion also produced 
high-quality pseudo-labels (F1-Score 0.727; IoU 
0.819), enriching data variation without introducing 
excessive noise. Therefore, this approach has proven 
effective in reducing dependence on large labeled 
datasets while offering a practical and efficient 4
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solution for OSA detection systems in retail 
environments, as well as opening opportunities for 
further research on optimizing pseudo-labeling 
strategies and exploring the latest YOLO 
architectures. 
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