
American Journal of Neural Networks and Applications 

2026, Vol. 12, No. 1, pp. 25–33 

https://doi.org/10.11648/j.ajnna.20261201.13  

 

 

 

Received: 27 November 2025; Accepted: 4 January 2026; Published: 14 April 2026 

 

Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

Research Article 

The Retail Product Recognition for Intelligent Unmanned 

Vending Machines Using YOLO and Enhanced Swin 

Transformer 

Kwang-Min Kim , Kwang-Uk Han , Song-Jun Yun , Hakho Hong*  

Institute of Mathematics, State Academy of Sciences, Pyongyang, Democratic People’s Republic of Korea 

 

Abstract 

Recently, with the rapid development of deep learning in the retail industry, intelligent unmanned vending machines (UVMs) 

have become a dominant trend in retail product applications. The most advanced retail product recognition systems for intelligent 

s are based on object detection models such as Fast R-CNN or YOLO, and image classification models using CNNs like ResNet. 

However, the complexity of practical environments makes intelligent UVMs face challenges in product recognition performance 

and many studies are exploring ways to improve this performance. Recently, Vision based Transformers (ViTs) outperform the 

traditional convolutional neural networks (CNNs) like ResNet, particularly Swin Transformer has gained attention as it is well 

suited on small dataset and shows promising results compared to the other ViTs. In this paper, we propose two-stage pipeline 

consisting of product detection and recognition models. The proposed approach utilizes YOLO11 for product detection and an 

enhanced Swin Transformer for product recognition. Enhanced Swin Transformer is consisted of two main modules: multi-level 

feature fusion module and a global multi-scale attention module to improve product recognition performance of original Swin 

Transformer. This proposed approach combines both stages of product detection and recognition into a unified pipeline, 

leveraging the advantages of each method while avoiding the limitations imposed by single-stage detection models. We 

demonstrate the effectiveness of the proposed system through the several experiments. The proposed model improves True 

Acceptance Rate (TAR) by 1.2% when False Acceptance Rate (FAR) is equal to 1e-3. The proposed retail product recognition 

system using enhanced Swin Transformer demonstrates remarkable generalization capabilities and can handle boundless 

products without retraining the models. 
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1. Introduction 

UVMs in the retail industry can be classified into two types: 

traditional UVMs and intelligent UVMs. Traditional UVMs 

based on automation technology deliver only beverages and 

they have limitations that a customer cannot touch the prod-

ucts due to being locked inside the machine and products can-

not be returned when he does not want them. On the other 
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hand, intelligent UVMs allow customers to open the door, in-

spect products by checking their expiration dates and reading 

product information, and place something back if they do not 

want (we refer to intelligent UVM as UVM in what follows) 

[10, 12, 15]. 

The advanced computer vision techniques used to make 

UVMs evolved from static vision to dynamic vision, but they 

still face challenges like product package deformation, noise 

and partial occlusion from the real-world scenarios. Several 

studies have been conducted to improve their performance. 

The most advanced product recognition systems for UVMs 

are based on object detection models such as Fast R-CNN or 

YOLO, and image classification models using CNNs like Res-

Net [2, 4, 5, 11, 13]. [13] proposed a product detection based 

on Faster R-CNN object detection model with ResNet50 back-

bone. A two-stage object detection and recognition pipeline 

which composed of product detection based on Faster-RCNN 

and image encoder based on ResNet-18 for product recogni-

tion was proposed in [11]. In [2, 5] the traditional one-stage 

object detection models, YOLO series were deployed in prod-

uct detection for UVMs. [4] proposed BP-YOLO based on en-

hanced YOLOv7 object detection and BlazePose pose estima-

tion. 

On the other hand, ViTs outperform CNNs like ResNet, 

particularly Swin Transformer has become a foundational ar-

chitecture for vision tasks with its hierarchical structure and 

efficient self-attention mechanism and several studies using 

Swin Transformer have been conducted [6-9]. In [7], they pro-

posed Swin Transformer and achieved the SOTA results on 

image classification, object detection and semantic segmenta-

tion tasks. Its performance surpassed the previous ViTs and 

CNNs by large margins. [9] presented a multi-purpose algo-

rithm for simultaneous face recognition, facial expression 

recognition, age estimation, and face attribute estimation 

based on a single Swin Transformer and a Multi-Level Chan-

nel Attention (MLCA) module. The proposed method 

achieved the SOTA performances in facial expression recog-

nition and age estimation respectively. 

In this paper, we propose two-stage pipeline consisting of 

product detection and recognition models. The proposed ap-

proach utilizes YOLOv11 for product detection and an en-

hanced Swin Transformer for product recognition which con-

sists of two main modules: Multi-Level Feature Fusion 

(MLFF) [10] module and a Global Multi-Scale Attention 

(GMSA) module. MLFF is used to combine different scale 

feature maps from each stage of Swin Transformer, while the 

final output is formed by summing up the global feature output 

and the output obtained through the GMSA from the MLFF 

combination. 

The rest of this paper is organized as follows. In Section 2, 

we briefly summarize BP-YOLO and Swin Transformer. In 

Section 3, we propose an enhanced Swin Transformer with 

GMSA and develop a product recognition system for UVMs. 

Experiments in Section 4 demonstrate the effectiveness of the 

proposed methods. The main finding of this paper is con-

cluded in Section 5. 

2. Related Work 

In [4], they proposed a BP-YOLO model that incorporates 

YOLOv7 [14] for product recognition and BlazePose [1] for 

shopping behaviors recognition by introducing the 3D atten-

tion mechanism SimAM and the deformable ConvNets v2 

(DCNv2) (Figure 1). They added 3D SimAM attention mech-

anism module to the ELAN module in the Backbone layer, 

and SPPCSPC module in the Feature Pyramid Network (FPN) 

structure is replaced by SPPCSPC_SimAM module and intro-

duced DCBS to make the model more attentive to sparse spa-

tial information. 

 
Figure 1. BP-YOLO network diagram. 
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However, the product recognition based on state-of-the-art 

object detection is able to classify only a certain number of 

products, and requires a lot of efforts to annotate images and 

should be retrained to handle new products. A practical ap-

proach should be able to handle new products without retrain-

ing the model from scratch. 

To tackle the above issues, we consider product recognition 

by a two-stage pipeline consisting of product-agnostic detec-

tion and product recognition through a similarity search be-

tween feature embeddings for reference database and cropped 

images. It is crucial to develop a model that can extract dis-

criminative feature embeddings for arbitrary products. 

The Swin Transformer is a hierarchical Vision Transformer 

designed to improve efficiency, scalability, and performance 

for computer vision tasks such as image classification, object 

detection, and image segmentation. Its hierarchical approach 

allowed Swin Transformer to outperform the other ViTs and 

to address the computational inefficiency of standard ViTs. 

Swin Transformer is built by replacing the standard multi-

head self-attention (MSA) module in a Transformer block by 

the shifted window attention module composed of window 

based multi-head self-attention (W-MSA), where self-atten-

tion is computed within non-overlapping local windows to re-

duce complexity, and shifted window based multi-head self-

attention (SW-MSA) that allows information exchange be-

tween neighboring windows. This enables Swin Transformer 

to capture both local and global dependencies while signifi-

cantly reducing computational cost compared to standard 

ViTs using global MSA (Figure 2). 

 
Figure 2. The architecture of a Swin Transformer (Swin-T). 

A Swin Transformer block consists of W-MSA and SW-

MSA modules, followed by a 2-layer MLP with GELU. A 

LayerNorm (LN) layer is applied before each MSA module 

and each MLP, and a residual connection is applied after each 

module. 

Swin Transformer has a hierarchical representation with 

several Transformer blocks, and each block extracts different 

scale features. Low-level features like edges are extracted in 

shallower blocks, while high-level features like semantic de-

pendencies among objects in deeper blocks. However, it only 

considers the attention for features of one layer, but ignores 

the combination of attention in different layers. In fact, human 

can understand images by paying attention the given images 

hierarchically to combine different scales instead of consider-

ing each scale separately. Therefore, global attention by incor-

porating the feature maps of different layers can extract more 

useful information based on their relationship. 

Based on these studies, we propose the enhanced Swin 

Transformer, which combine the global feature output and the 

output obtained by global attention with the fusion of different 

scale feature maps from each stage of Swin Transformer. 

3. Proposed Approach 

3.1. Product Recognition System 

We propose a product recognition system that consists of a 

two-stage pipeline with product detection and recognition 

(Figure 3). First, YOLOv11 [3] is utilized for the product-ag-

nostic detection, which predicts bounding boxes for products. 

The image patch corresponding to each bounding box is then 

cropped and resized into 112×112. Second, the enhanced Swin 

Transformer is employed to extract feature embedding from 

this patch. Following that, we use K-NN (K-Nearest Neigh-

bors) classifier for a similarity search between a feature em-

bedding and feature embeddings computed on the reference 

database. This proposed approach combines both stages of 

product detection and recognition into a unified pipeline, lev-

eraging the advantages of each method while avoiding the 

limitations imposed by single-stage detection models. 
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Figure 3. The proposed product recognition system. 

3.2. Enhanced Swin Transformer 

As mentioned above, the shallower blocks of original Swin 

Transformer extracts low-level features like colors or edges, 

while the deeper blocks extracts high-level features like se-

mantic relationship between different objects. However, the 

attention is applied for the features of one layer and is not con-

sidered for different scale feature maps. Therefore, global at-

tention by incorporating the feature maps of different layers 

can extract more useful information and improve generaliza-

tion capability of the model. 

Based on this study, we propose the enhanced Swin Trans-

former as shown in Figure 4. The proposed enhanced Swin 

Transformer consists of Swin Transformer backbone and 

GMSA. We use an original Swin Transformer backbone pro-

posed in [7] to extract shared feature maps from different 

transformer blocks. Then the final output is obtained by com-

bining the global feature output and the output obtained 

through the global attention module. 

 
Figure 4. Diagram of the enhanced Swin Transformer. 

With the shifted window partitioning approach, consecutive 

Swin Transformer blocks are computed as 

𝑧̂𝑙 = W-MSA(LN(𝑧
𝑙−1)) + 𝑧𝑙−1,  

z𝑙 = MLP(LN(𝑧̂
𝑙)) + 𝑧̂𝑙,  

𝑧̂𝑙+1 = SW-MSA(LN(𝑧
𝑙)) + 𝑧𝑙 ,  

z𝑙+1 = MLP(LN(𝑧̂
𝑙+1)) + 𝑧̂𝑙+1,          (1) 

where z𝑙 and 𝑧̂𝑙 denote the output features of the (S)W-MSA 

module and the MLP module for block 𝑙. And we set the final 

output of the backbone as 𝑂𝑢𝑡𝑠𝑤𝑖𝑛 . 

𝑂𝑢𝑡𝑠𝑤𝑖𝑛 = 𝑧4                   (2) 

GMSA is composed of Multi-Scale Feature Fusion (MSFF) 

Module [9] and Global Attention Module (Figures 5, 6). The 

output of MSFF is obtained as follows: 

𝑓1 = 𝐶𝑜𝑛𝑣(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑧1)),  

𝑓2 = 𝐶𝑜𝑛𝑣(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑧2)),  
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𝑓3 = 𝐶𝑜𝑛𝑣(𝑧3),  

𝑓4 = 𝐶𝑜𝑛𝑣(𝑧4), 

𝑓𝑀𝑆𝐹𝐹 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑓1, 𝑓2, 𝑓3, 𝑓4),            (3) 

where 𝐶𝑜𝑛𝑣( ), 𝐴𝑣𝑔𝑃𝑜𝑜𝑙( ), 𝐶𝑜𝑛𝑐𝑎𝑡( ) are the convo-

lution layer with kernel size of 3×3 and average pooling layer, 

concatenation operation respectively. 

 
Figure 5. Multi-Scale Feature Fusion Module. 

 
Figure 6. Global Attention Module. 

Global Attention Module includes SW-MSA module, MLP 

and LN layer. A LN layer is applied before SW-MSA module 

and MLP, and a residual connection is applied after each mod-

ule. The output of GMSA is obtained as follows: 

𝑓𝐴𝑀 = SW-MSA(LN(𝑓𝑀𝑆𝐹𝐹)) + 𝑓𝑀𝑆𝐹𝐹  

𝑂𝑢𝑡𝐺𝑀𝑆𝐴 = MLP(LN(𝑓𝐴𝑀)) + 𝑓𝐴𝑀         (4) 

The proposed transformer improves the generalization ca-

pabilities by combining attentions for each scale and global 

attention for the fused feature. With combination of the global 

feature output 𝑂𝑢𝑡𝑠𝑤𝑖𝑛 and the GMSA output 𝑂𝑢𝑡𝐺𝑀𝑆𝐴, the 

final output is calculated by 

𝑂𝑢𝑡 = (1 − 𝛼) × 𝑂𝑢𝑡𝑠𝑤𝑖𝑛 + 𝛼 × 𝑂𝑢𝑡𝐺𝑀𝑆𝐴      (5) 

where α is a weight coefficient and we set it as 0.4 through 

the experiments. 

4. Experiments 

4.1. Dataset 

We construct a large-scale retail product dataset which con-

tains 489 beverage bottles and 1840 food packages for training, 

and 30 products for validation. 

There are around 30 photos for each product with diverse 
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pose variations as shown in Figure 7. In order to preprocess 

the data for training both stages of our product recognition 

system, we employ Labelme, a widely used segmentation tool 

for creating labeled images. This approach allows us to gen-

erate ground truth annotations for product detection and 

recognition tasks. 

 
Figure 7. Sample photos taken by a phone camera. 

For product-agnostic detection, we generate around 400K 

images for training and 40K images for validation by compo-

siting background images and products with diverse pose var-

iations, different scale and illumination changes as shown in 

Figure 8 to improve the model's ability to detect products. For 

product recognition, we generate a training dataset with 232K 

image patches which consists of 100 images patches for each 

product category by cropping product images with diverse 

changes. (Figure 9) We also generate a validation dataset with 

randomly chosen 20K image pairs from 30 products for vali-

dation. 

 
Figure 8. A sample image for product detection. 
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Figure 9. Sample images for product recognition. 

4.2. Experimental Setup 

The experimental environment is a personal computer with 

NVIDIA GeForce RTX 3060. We use PyTorch framework for 

training and testing the models. 

We choose YOLOv11s for the detection and use the same 

hyper-parameters as YOLOv11. For recognition, we use the 

AdamW optimizer and train the model for 30 epochs based on 

a cosine decay learning rate scheduler. The linear warm-up 

learning rate mechanism is adopted for the first 4 epochs. We 

set the batch size as 128 due to the limitation of GPU memory, 

and the base learning rate as 5×10-4, a warm-up learning rate 

as 5×10-7, a minimum learning rate as 5 × 10-6, and a weight 

decay as 0.05. We employ horizontal and vertical flip, random 

erasing for data augmnetations. 

4.3. Performance Evaluation 

Table 1 shows the performance of the product-agnostic de-

tection model on the validation dataset. We use the average 

precision (AP) metric for the intersection over union (IoU) 

thresholds set at 0.5, 0.5:0.95 is used for evaluation metric. 

The experimental result helps to obtain a comprehensive un-

derstanding of how well our detection model generalizes 

across diverse pose variations, illumination conditions, and 

object scales. 

Table 1. Performance evaluation for the product detection model. 

Metric Result (%) 

AP@[IoU=0.5] 99.486 

AP@[IoU=0.5:0.95] 96.165 

Table 2. Performance evaluation for the enhanced Swin Transformer according to different α values. 

α 
TAR@ 

[FAR=1e-4] 

TAR@ 

[FAR=1e-3] 

TAR@ 

[FAR=1e-2] 

TAR@ 

[FAR=1e-1] 

Accuracy 

(1-EER) 

0.3 86.8 94.2 97.8 99.2 98.8 

0.4 88.9 95.1 98.1 99.3 99.1 
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α 
TAR@ 

[FAR=1e-4] 

TAR@ 

[FAR=1e-3] 

TAR@ 

[FAR=1e-2] 

TAR@ 

[FAR=1e-1] 

Accuracy 

(1-EER) 

0.5 86.7 94.4 97.9 99.3 99.0 

0.6 85.4 93.5 97.7 99.1 98.5 

Table 3. Performance evaluation for the product recognition methods. 

Model 
TAR@ 

[FAR=1e-4] 

TAR@ 

[FAR=1e-3] 

TAR@ 

[FAR=1e-2] 

TAR@ 

[FAR=1e-1] 

Accuracy 

(1-EER) 

Swin Transformer 86.7 93.9 97.7 99.2 98.8 

The proposed model 88.9 95.1 98.1 99.3 99.1 

 

For product recognition, we compare our enhanced Swin 

Transformer with global multi-scale attention to the original 

Swin Transformer on a validation dataset consisting of 20K 

product image pairs. To evaluate this comparison, we use ac-

curacy (1-EER) and True Acceptance Rate (TAR) as evalua-

tion metrics, which measure the model's performance across 

various false acceptance rates (FAR). Table 2 shows the per-

formance evaluation for the enhanced Swin Transformer ac-

cording to different α values of the equation (5) and 0.4 gives 

the best results. The results in Table 3 clearly demonstrate that 

the enhanced Swin Transformer improves generalization ca-

pabilities compared to the original Swin Transformer on our 

product recognition dataset. In practice, we use a threshold 

when FAR is equal to 1e-3 for true acceptance. The proposed 

method improves TAR by 1.2% when FAR is equal to 1e-3. 

The proposed product recognition system using an en-

hanced Swin Transformer with global multi-scale attention 

demonstrates remarkable generalization capabilities and can 

handle boundless products without retraining the models. 

5. Conclusions 

In this paper, we proposed the effective product recognition 

system with two-stage pipeline consisting of Yolov11 based 

product-agnostic detection and product recognition based on 

the enhanced Swin Transformer to improve the product recog-

nition performance on UVMs. We also proposed the enhanced 

Swin Transformer which combine the global feature output 

and the output obtained by global multi-scale attention with 

the fusion of different scale feature maps from each trans-

former block. Based on the experiments, the proposed product 

recognition system proves to be highly effective and suitable 

for various real-world scenarios. We implemented the pro-

posed system on PC with RTX3060 and achieved a real-time 

speed for two cameras, but RTX3060 costs too expensive and 

is not suitable for the scenario which requires only one UVM. 

In the future, we plan to improve the product recognition per-

formance by studying further vision transformers and imple-

ment a stand-alone system on Raspberry PI with Hailo NPU 

devices. 

Abbreviations 

UVM Unmanned Vending Machine 

ViT Vision Transformer 

YOLO You Only Look Once 

GMSA Global Multi-Scale Attention 

CNN Convolutional Neural Network 

IoU Intersection of Union 
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FAR False Acceptance Rate 
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