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ABSTRACT Dense retail scenes pose unique challenges for both product detection and vacancy
identification, where items are tightly packed on shelves and spaces between products carry critical
inventory management implications. However, the existing detection frameworks, including state-of-the-
art (SOTA) YOLO models, face limitations in feature fusion, particularly when integrating multi-level
features and interpreting complex shelf arrangements. To address these challenges, we propose the RetailDet
detection architecture and establish the RPV1K retail scene dataset. Our main contributions include: 1)
A multi-attention module architecture that effectively fuses RGB and depth information for both product
and vacancy detection; 2) A novel implicit gradient regulation (IGR) mechanism is proposed to address
the redundant decision modules and feature modularization problems in traditional detection models. The
proposed IGR mechanism dynamically regulates the gradient flow, optimizing the feature fusion path
only during the training phase and not participating in calculations during the inference phase, thereby
reducing computational overhead and enhancing model generalization performance; and 3) the RPV1K
dataset, which is specifically tailored for retail detection tasks featuring product-vacancy co-occurrence
scenarios. Experimental results show RetailDet significantly outperforms existing methods on the RPV1K
dataset. Compared with YOLOv11-nano, RetailDet-nano achieves 10.6%mAP improvement while reducing
inference latency by 17.2 ms. RetailDet-large achieves 85.2% precision with 20.79 M parameters. These
innovations provide strong technical support for automatic shelf management and inventory replenishment in
smart retail environments. Project resources can be obtained from https://github.com/bilychen88/RetailDet

INDEX TERMS Smart retail, object detection, feature fusion, attention mechanism, implicit gradient
regulation, shelf management.

I. INTRODUCTION
The rapid advancement of deep learning has spurred
continuous innovation in computer vision, providing robust
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support for emerging fields such as robotics and smart
retail. In the autonomous new retail supermarket sce-
nario, the robot system based on dense target detec-
tion algorithm plays a key role in core technologies
such as automatic shelf inventory auditing and prod-
uct recognition [1]. The technological synergy thereby

178450

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 13, 2025

https://orcid.org/0009-0002-8267-086X
https://orcid.org/0009-0004-7133-868X
https://orcid.org/0000-0002-1085-5091
https://orcid.org/0000-0003-3215-3960
https://orcid.org/0009-0009-7289-5142
https://orcid.org/0000-0002-7037-3609
https://orcid.org/0000-0003-2035-0297
https://orcid.org/0000-0001-9510-3739


B. Chen et al.: RetailDet: An Efficient Fusion Attention Network for Joint Product

FIGURE 1. Comparison with other SOTA Methods series methods on the
RPV1K.

accelerates the practical deployment of unattended commer-
cial environments.

Object detection, as a fundamental task in computer
vision, demonstrates its crucial importance across diverse
application domains. In autonomous driving, it enables
real-time identification of vehicles, pedestrians, and traffic
signs [1]. In industrial settings, it facilitates production line
defect detection, while in smart cities, it supports intelligent
traffic monitoring and urban environment perception [2],
[3]. The technology extends to specialized fields such as
agricultural automation for crop counting and harvesting [4],
and aerial surveillance for crowd density estimation [5].
Notably in retail environments, object detection enables
automated shelf management and inventory control through
precise product identification and recognition [1], [6], [8].
The rapid digital transformation of the retail industry

has given rise to an unprecedented demand for intelligent
solutions in product detection, identification, and inventory
management. To meet these emerging needs, researchers and
industry organizations have developed several comprehen-
sive datasets specifically tailored for the retail environment.
These datasets include SKU-110K [7], RP2K [9], Shop-
Scale [10], the Grocery Store Dataset [11], RPC [12], and
Unitail [13]. These datasets cover a large number of densely
arranged products in various retail scenarios, providing a rich
resource for comprehensive research. However, their diverse
product categories and complex display layouts also pose
significant technical challenges for us. In autonomous retail
scenarios, detection systems face multiple challenges, such as
accurately identifying inventory gaps, quantifying replenish-
ment needs, and evaluating product layout to develop optimal
replenishment strategies [14]. Complex retail environments
present numerous unique technical challenges for object
detection tasks. Constantly changing lighting conditions alter

product appearances and affect detection stability, while
different viewing angles cause significant variations in target
object sizes. Additionally, environmental background ele-
ments such as ceilings and floors introduce noise features that
distract models from densely arranged products, increasing
the difficulty of identifying shelf products. Existing detection
methods perform poorly when addressing these retail-
specific challenges. Mainstream models including Faster
RCNN [15] and its Swin Transformer-based variants [16],
RT-DETR [17], SSD-512 [18], and multiple versions of
the YOLO series exhibit significantly decreased accuracy
and frequent false positives when handling densely arranged
products and lighting fluctuations. This stems from their
feature fusion, multi-scale feature processing, and attention
mechanisms not being adequately adapted to retail scenarios’
unique characteristics.

Recent advances in related research have inspired our
approach in four key aspects. First, the dynamic collab-
orative adversarial framework of DCADAN demonstrated
how adaptive training architectures enhanced cross-domain
feature alignment, informing our design of cross-stage
feature interaction modules for multi-scale learning in
retail [19]. Second, PhyFnoNet’s physics-informed neural
operator highlighted the effectiveness of integrating physical
constraints into neural networks, motivating our exploration
of physics-guided feature regularization to handle spatial con-
straints in shelf layouts [20]. Third, MILADNet’s multimodal
imitation learning emphasized the importance of multi-
sensor fusion, motivating our exploration of RGB-D bimodal
input to clarify spatial hierarchies in shelf scenes [21].
Fourth, AOD-Net’s lightweight attention mechanism and
Cross-Stage Partial Convolution (CSPC) structure inspired
our context-aware attention design and lightweight backbone
optimization [22]. Based on these insights, we propose
innovative solutions to address the main challenges in retail
scenarios: the extremely dense distribution of product targets
and the significant imbalance between product and vacancy
categories, as illustrated in Fig. 1. Our main contributions are
as follows:

• Weconstruct the RPV1K retail scenario-specific dataset,
which contains 1,001 high-resolution shelf images of
real retail environments, all with accurate annotations
of products and vacancy. Focusing on product-vacancy
co-occurrence scenarios, this dataset covers real retail
features such as dense arrangements, multi-view angles,
and lighting variations. It provides targeted benchmark
support for product detection and vacancy recognition
tasks in the retail field, filling the gap of existing datasets
in dual-category joint detection scenarios.

• We propose the RetailDet detection architecture
improved based on YOLOv11. Its backbone network
integrates multiple attention modules to capture contex-
tual dependencies, and the detection head optimizes the
Feature Pyramid Network (FPN) through an adaptive
attention mechanism and multi-scale feature fusion,
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significantly enhancing the model’s ability to learn
multi-scale features.

• We design the Multi-scale Unified and Detail Fusion
Pyramid Network (MUD-FPN), which enhances the
feature representation of small objects and large back-
ground area through the separation and optimization
of multi-scale features. Additionally, we innovatively
introduce the cross-stage feature cross-interaction block
(C2fCIB) without explicit output connections. This
module, via the implicit regularization and gradient
modulation mechanism (IGR), significantly improves
the detection performance of small objects while main-
taining computational efficiency. It only participates in
gradient regulation during the training phase without
increasing overhead in the inference phase.

• We develop a novel RGB-D bimodal input backbone
network, which integrates RGB and depth information
using a two-stream fusion strategy (by concatenating
channels after generating depth maps via DepthPro).
It effectively enhances the model’s ability to detect
vacancy, provides a targeted solution to the challenge
of spatial hierarchy recognition in complex retail
environments, and breaks through the limitations of
traditional single-modal input in spatial relationship
modeling.

The remainder of this paper is organized as follows:
Section II reviews related work in object detection and retail
applications; Section III presents the proposed methodology;
Section IV describes experimental results and analysis;
Finally, Section V concludes the paper with future directions.

II. RELATED WORK
A. YOLO SERIES AND SOTA METHODS
The development of the object detection field is closely
related to the evolution of the YOLO series. Since
Redmon et al. proposed the groundbreaking single-stage
detection framework YOLOv1 in 2016, the YOLO series
has been driving the progress of detection technology
through continuous innovation [14]. YOLOv2 [23] intro-
duced the anchor mechanism to optimize positioning perfor-
mance, and YOLOv3 [24] adopted a multi-scale prediction
strategy to improve detection adaptability. YOLOv4 [25]
achieved performance breakthroughs through the CSPNet
backbone network and innovative training strategies, while
YOLOv5 [26] was widely used in engineering practice
through the focus module and improved PANet feature
fusion. YOLOv6 [27] innovatively designed RepBlock and
introduced a decoupled head structure, YOLOv7 [28] pro-
posed the E-ELAN framework to enhance feature extrac-
tion capabilities, and YOLOv8 [29] further expanded the
performance boundaries through task decoupling design.
The new generation of YOLO series has shown stronger
scene adaptability. YOLOv9 [30] introduced a tiny variant
to meet the lightweight requirements, YOLOv10 [31] and
YOLOv11 [32] improved performance through feature

fusion and network structure optimization respectively, and
YOLOv12 [33] further promoted the advancement of detec-
tion technology through its innovative framework design.

In the research of special detection technologies for retail
scenarios, various innovative methods continue to emerge.
RT-DETR [17] first introduced the Transformer architecture
into the field of real-time detection. Its lightweight attention
mechanism effectively improved the feature expression capa-
bility, which was particularly suitable for processing complex
spatial relationships between products. DenseDet [34] pro-
posed a novel approach that optimized the feature extraction
process through a dense connection strategy, significantly
improving the detection reliability in dense display scenarios.
The task-aware feature alignment mechanism proposed
by RTMDet [35] specifically solved the deformation and
occlusion problems in product detection. MAE-YOLO [36]
innovatively combined the masked autoencoder pre-training
strategy with the object detection architecture, enhancing the
model’s adaptability to complex retail environments.

However, in the face of challenges such as dense placement
of commodities, frequent occlusion and illumination changes
in actual retail scenes, existing methods still have potential
for improvement in terms of balancing real-time performance
and detection reliability. Based on this, we propose the
RetailDet architecture, which improves the detection perfor-
mance in complex scenarios while maintaining efficient rea-
soning through the RGB and depth feature fusion mechanism
and the cross-stage feature interaction strategy without output
connection.

B. SMART RETAIL DETECTION
In recent years, detecting visually similar objects in dense
scenarios has achieved significant breakthroughs, showcas-
ing substantial application potential across diverse domains.
In the agricultural sector, Zhang et al. introduced an
anchor-free YOLOX variant that mitigates feature confusion
via long-range autonomous aerial vehicle (AAV) sampling,
integrating spatial attention mechanisms and multi-scale
feature aggregation strategies [4]. This method demonstrates
superior performance in handling densely distributed agricul-
tural targets, particularly in scenarioswith high visual similar-
ity and dynamic environmental conditions. For autonomous
driving systems, He et al. proposed orthogonal attention
modules to address overlapping vehicle features, enhancing
detection robustness in complex traffic scenarios [37]. Their
approach incorporates multi-dimensional feature decompo-
sition and adaptive feature alignment, improving detection
accuracy for occluded and densely packed vehicles.

In retail object detection research, Goldman et al. created
the SKU-110K dataset targeting dense retail scenarios [7].
Their approach combines a Jaccard index evaluation strategy
with an expectation-maximization merging mechanism to
tackle the challenges of crowded retail scenes. Building upon
this foundation, Peng et al. introduced the RP2K dataset,
which enhanced fine-grained product recognition through its
comprehensive category annotations [9]. This advancement
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enabled more sophisticated automated retail applications.
These retail-focused architectures have effectively addressed
retail specific challenges where traditional methods show
limitations. Such challenges include severe occlusion, vary-
ing illumination conditions, and high product similarity.
Furthermore, their solutions have advanced retail object
detection technology by effectively handling practical issues,
including reflective surfaces, complex product stacking
patterns, and perspective distortions.

In the field of retail product detection, researchers have
contributed diverse datasets and innovative detection models,
which have continuously promoted the rapid development of
this field. Klasson et al. developed a grocery store dataset
that contains more than 10,000 real scene images with fine-
grained annotations, covering 80 product categories [11].
These images are systematically captured under different
shelf layouts and viewing conditions, providing an important
basis for developing and evaluating retail detection systems.
At the same time, Chen et al. introduced the Unitail
benchmark with an innovative multimodal approach, which
greatly advanced retail automation technology [13]. They
adopted a complex matching mechanism to combine product
detection algorithms with text recognition functions. The
Unitail architecture shows remarkable adaptability in a
variety of retail environments, from traditional supermarket
shelves to modern autonomous stores. Through advanced
feature extraction techniques, it effectively addresses key
practical challenges such as product rotation, partial occlu-
sion, and brand changes. Existing datasets have common
shortcomings, including limited image clarity, incomplete
coverage of product categories, a lack of joint labels for
products and vacancies, insufficient diversity of perspectives,
and limited coverage of lighting variations. Our newly created
dataset, based on high-definition images, improves product
category coverage, supplements the aforementioned joint
labels, incorporates rich perspectives, and includes diverse
data on handling lighting variations, thus providing more
comprehensive support for enhancing model performance.

Retail vacancy detection has evolved significantly from
traditional rule-based approaches to sophisticated computer
vision systems. Early work by Papakiriakopoulos et al.
focused on heuristic-based decision support systems, estab-
lishing the basic principles for automated retail man-
agement [38]. Later developments explored vision-based
approaches combined with advanced deep learning tech-
niques to improve accuracy. Pietrini et al. created an
innovative shelf management architecture using RetinaNet,
which achieved outstanding performance in product recog-
nition through improved feature extraction and classification
methods [39]. Milella et al. advanced the field by using depth
cameras and 3D point cloud methods for shelf availability
estimation, introducing a novel perspective for spatial analy-
sis in retail environments [40]. Current challenges in practical
applications include identifying densely packed and visually
similar products, handling complex shelf architectures with

different layouts and configurations, and addressing the
class imbalance between products and vacancies. These
technological challenges underscore the demand for more
robust and adaptable detection systems.

While existing studies have made progress in retail product
detection, three critical challenges remain unaddressed:
single-category detection limitations, dense object distribu-
tion complexities, and insufficient attention concentration on
key targets where visual noise from ceiling and floor regions
often interferes with detection accuracy. To address these
challenges, we propose RetailDet, a comprehensive detection
framework that effectively handles dense product arrange-
ments, varying illumination conditions, and environmental
distractions in retail scenarios.

III. DATASET AND PROPOSED METHOD
A. RPV1K DATASET
To build a high-quality RPV1K dataset, we establish a com-
prehensive workflow covering data collection, annotation,
and review procedures. In the data collection phase, four
master’s degree holders utilize smartphones (35+ megapix-
els) to capture 1,001 shelf images across 20 supermarkets,
with balanced distribution among China (350), Southeast
Asia (350), and Europe (301). This geographically diverse
data collection comprehensively captures the product display
characteristics of supermarkets in different regions, enhanc-
ing the diversity of scenarios and authenticity of the dataset.
For the annotation process, we utilize the X-AnyLabeling
tool to annotate products and vacancies using bounding
boxes defined by their top-left and bottom-right coordinates.
We establish a review team consisting of eight members (four
PhD holders and four master’s degree holders), organized
into four pairs, each comprising one PhD holder and one
master’s degree holder. The annotation workflow begins with
initial annotation performed by four master’s degree holders,
followed by the development of a pre-annotation model for
generating initial labels and a first-round detailed review.
The data is then divided into four equal parts (250 images
per group) for pixel-level precise review of bounding boxes
by each group, ensuring that the bounding boxes accurately
encompass entire products or vacancies, particularly for side-
shot images. Subsequently, a cross-group verification process
is implemented where each group reviews the work of other
three groups. This iterative review process continues until no
further corrections are needed for product or vacancy labels.
Through our comprehensive quality control mechanism
incorporating human collaboration, cross-verification, and
iterative optimization, combined with standardized tools
and annotation protocols, we ensure the high quality and
reliability of the RPV1K dataset annotations. The acquisition
process of the RPV1K dataset is shown in Fig. 2.
As shown in Fig. 3, the RPV1K dataset consists of 1,001

images. These images are collected from a variety of retail
environments with different resolutions. In these scenes, the
objects are arranged closely, while the vacancies are not only
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FIGURE 2. Steps for generating labels for the RPV1K dataset.

FIGURE 3. The retail products and Vacancy 1,001 (RPV1K) dataset covers
6 representative shelf scenes such as beverage bottles and frozen
products. The images are taken from multiple angles, including common
viewpoints such as horizontal, upward, downward, and side views.

FIGURE 4. Statistical analysis of RPV1K (retail products and vacancies
1,001) dataset.

of different sizes and shapes, but also unevenly distributed
and relatively scattered. In addition, the occlusion of sur-
rounding objects further increases the difficulty of identifying
vacancies. Fig. 4 presents comprehensive statistical analyses
of the RPV1K dataset. Examining the category distribution
shown in Fig. 4 (a) reveals significant class imbalance:
the product class contains 68,597 instances, while the
vacancy class includes 5,687 instances, yielding a product-

to-vacancy ratio of approximately 12:1. This imbalanced
ratio authentically reflects real-world retail scenarios where
shelf vacancies naturally occur due to customer purchases.
According to Fig. 4 (b), the distribution of boxes per
image follows a right-skewed pattern, mainly concentrated
between 20 and 120 instances. Analysis of the bounding
box in Fig. 4 (c) demonstrates long-tail characteristics with
a predominance of small-area targets. The aspect ratio
distribution illustrated in Fig. 4 (d) also shows long-tail
properties, primarily ranging between 0 and 4. The spatial
distribution patterns are visualized through heatmaps in
Fig. 4 (e) and (f). These visualizations depict the spatial
density patterns across relative X and Y coordinates for both
product and vacancies, highlighting their distinct distribution
characteristics. The inter-class comparisons shown in Fig. 4
(g) and (h) reveal that while most targets are small in size, the
vacant class tends to exhibit more irregular shapes and larger
dimensions compared to the product class.

Previous retail datasets, such as SKU-110k, Grocery Store
Dataset, and Locount [41], focus solely on product detection.
In contrast, RPV1K innovatively adopts a dual-category
detection paradigm. Our dataset not only provides precise
annotations for densely distributed products but also includes
bounding box annotations and category labels for vacancies,
thus covering a wider range of real-world out-of-stock
scenarios.

B. RETAILDET ARCHITECTURE
YOLOv11 is a relatively new version in the YOLO series.
It has performed well in object detection tasks and has
received high praise. However, in retail application scenarios,
YOLOv11 still faces many severe challenges: the vacancy
and product categories are seriously unbalanced, the scale
changes significantly, and the spatial relationship is intricate.
These factors greatly limit the feature expression ability of the
model. To address these challenges, we develope RetailDet,
a specialized detection model for retail environments,
by incorporating multiple advanced algorithmmodules based
on the YOLOv11 architecture. Our model integrates both the
MUD-FPNmodule and the efficient poly kernel initialization
block (PKIB) [42] attention mechanism. Combining the
strengths of YOLOv10 and YOLOv11, our experiments on
the RPV1K dataset have demonstrated superior detection
performance. Fig. 5 illustrates the overall architecture of the
RetailDet.

178454 VOLUME 13, 2025



B. Chen et al.: RetailDet: An Efficient Fusion Attention Network for Joint Product

FIGURE 5. RetailDet architecture.

1) RGB-D BIMODAL
Traditional detection methods based on RGB images have
difficulty in effectively handling spatial hierarchical rela-
tionships and occlusion scenarios [43]. Especially in shelf
images, when products and vacancies coexist in the same
area, detection results often favor products with prominent
features, while missing vacancies due to their similar pixel
characteristics, leading to detection confusion and false
negatives. To address this challenge, we propose integrating
depth information with RGB data as the backbone network
input to enhance detection performance.

The RGB-D bimodal input process consists of two
sequential stages. In the first stage, we estimate the depth
map from the input RGB image. Fig. 6 shows the effect of
a depth map generated using DepthPro [44]. With this depth
map, we can more clearly observe the empty locations on
the shelf (circled areas in the figure), and the discrimination
between products and vacancies becomes more remarkable.
Let Irgb ∈ RH×W×3 be the input RGB color image, where
H and W denote the height and width of the image (both set
to 640 pixels), and 3 represents the RGB channels. Using the
pre-trained DepthPro model, we infer the depth information
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FIGURE 6. The effect of RGB-D bimodal input data.

from Irgb to obtain a single-channel depth grayscale map
Idepth ∈ RH×W×1. The DepthPro model is realized through
its encoder-decoder architecture, and it can be written as:

Idepth = FDepthPro(Irgb) (1)

where FDepthPro represents the mapping function learned
by the DepthPro model, which encodes the RGB image
information into a single-channel depth representation.

In the second stage, we perform channel concatenation on
the three-channel RGB color image and the single-channel
depth map, which can be written as:

IConcat = Concat(Irgb, Idepth) (2)

where IConcat ∈ R640×640×4 represents the fused feature map.
This sequential processing ensures that the depth informa-

tion is accurately estimated before concatenation, allowing
the model to effectively utilize both RGB features and depth
information. We use the pre-trained weights of DepthPro for
inference to generate the corresponding depth maps for our
dataset. Considering the practical constraints and real-time
performance requirements of edge devices, we implement
this two-stage channel fusion strategy to fuse RGB and depth
information, keeping the input size as 640× 640× 4.

2) DETAIL MODULE
In retail shelf scenarios, vacancies exhibit significant vari-
ations in both scale and appearance. Compared to product
instances, vacancies present more complex characteristics
due to their irregular shapes and contextual dependencies.
The challenge is further compounded by class imbalance
and limited vacancy samples, which constrains the model’s
feature learning capability and increases detection difficulty.
To address these challenges, we introduce multiple advanced
attention enhancement modules, as shown in Fig. 5.

As shown in Fig. 5, the poly kernel initialization
(PKI) [42], [45] module uses a parallel processingmulti-scale
depthwise separable convolution mechanism (PPMDSConv)
to handle scale changes, which can be expressed by

PKImulti = Conv1×1


∑

ki∈{3,5,7,9,11}

DWConvki (X)︸ ︷︷ ︸
PPMDSConv

⊕X


(3)

where
∑

ki∈{3,5,7,9,11}DWConvki (X) indicates parallel execu-
tion of depthwise separable convolutions with kernel sizes
3, 5, 7, 9, and 11 on the input X, ⊕X corresponds to the
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identity branch (preserving original input features), Conv1×1
integrates features after multi-branch fusion and outputs the
multi-scale fused feature PKImulti.

The context anchor attention (CAA) [42] module opti-
mizes image features by modeling long-range inter-pixel
correlations. It first compresses the spatial dimension of
the input feature X via average pooling (AvgPool), then
applies a 1 × 1 convolution (Conv1×1) to adjust the
feature channels. After that, it excavates long-range pixel
dependencies through multiple layers of 3 × 3 depthwise
separable convolutions (DWConv3×3). Subsequently, another
1 × 1 convolution and the activation function σ (such as
Sigmoid) are used to generate attention weights CAA(X).
This enhances the feature quality of key areas in the global
feature map, improving the model’s detection robustness in
complex backgrounds.The process of the CAA module can
be expressed by the following formula:

CAA(X) = σ (Conv1×1 (DWConv3×3
(DWConv3×3 (Conv1×1 (AvgPool(X))))) (4)

Assume the input feature is X, the output of the
PKI Module is PKI(X), and the output of the CAA module
is CAA(X). The formula for PKI Block is expressed as:

PKIB(X) = Conv1×1 (CAA(X)⊕ (PKI(X)⊙ CAA(X)))

(5)

Here,⊙ denotes element-wise multiplication, and⊕ denotes
residual addition. In summary, through the design of
multi-scale feature fusion and contextual attention modeling,
PKIB effectively addresses the detection instability issues
caused by scale variations and complex contextual informa-
tion in object detection.

As an upgraded version of the C2f (Convolution Block
with Two Features) architecture, the cross-stage local con-
nection (C3k2) maintains the lightweight advantages of
feature separation and fusion while introducing stackable
C3 modules to replace standard 3 × 3 convolutions. This
design enables dynamic receptive field adjustment and
enhanced multi-scale feature representation. While preserv-
ing computational efficiency, it significantly improves model
adaptability to complex scenarios, particularly benefiting
multi-scale object detection tasks where feature diversity is
crucial.

Aiming at the limitations of the original parallel spatial
attention (PSA) architecture, the parallel spatial attention
convolution block (C2PSA) achieves dual optimizations
through the strategies of multi-level PSA block stacking
and channel splitting. The progressive feature extraction
mechanism helps integrate local details and global semantic
information. The selective channel attention mechanism
reduces computational complexity while preserving shallow
feature flow integrity. These improvements enhance the
model’s context modeling ability in complex scenarios. This
design also achieves a good balance between computational
efficiency and feature expression.

3) BACKBONE MODULE
There are three key designs in RetailDet’s backbone network,
as shown in Fig. 5. Firstly, C2f is replaced with C3k2 to
achieve a dynamic receptive field, and PSA is upgraded
to C2PSA for optimizing multi-scale context modeling.
Secondly, the spatial pyramid pooling-fast (SPPF) module
is embedded to facilitate multi-scale feature extraction and
improve shelf product detection accuracy. Thirdly, PKIBs
are deployed at the P3 and P5 feature layers. At P3,
PKIB enhances small object features through multi-scale
convolutions andCAA.AtP5, it integrates global information
using large receptive field convolutions and strengthens
complex scenario modeling through CAA.

The P4 layer possesses unique attributes as it naturally
fuses local information from shallow layers and global
information from deep layers. In MUD-FPN, P4 layer
features are fused with those from P3 and P5 layers,
strengthening its feature representation ability. Therefore,
adding PKIB at P4 is not beneficial and may lead to feature
redundancy, increased feature fusion complexity, and more
complicated gradient calculations, affecting gradient update
stability and weight value learning. Given input feature
IConcat ∈ R640×640×4 after RGB-D concatenation, this
backbone architecture derives three output paths.

First Output Path (outputtingO5 via node N5). The input
IConcat first undergoes the ConvP1 convolution operation, with
the kernel size (k), stride (s), and padding (p) set as k = 3,
s = 2, p = 1, yielding F0 ∈ R320×320×64.

Subsequently, F0 is fed into ConvP2 (configured as k = 3,
s = 2, p = 1) to generate F1 ∈ R160×160×128. Next,
F1 is processed by the C3k2True module. Notably, for the
C3k2 module (regardless of mode = True or False), it only
modifies the channel number while keeping the (H ) and
(W ) unchanged. Thus, F2 ∈ R160×160×256 is obtained.
Subsequently, F2 undergoes convolution via ConvP3 (k = 3,
s = 2, p = 1) to produce F3 ∈ R80×80×256. After processing
by PKIB, F4 ∈ R80×80×256 is output. Finally, F4 passes
through C3k2True, and the output O5 is defined as:

O5 = C3k2True(F4) ∈ R80×80×512 (6)

where Fi denotes the feature map transmitted from node Ni
in the network.

Second Output Path (through node N7, output O7).
O5 is first input into the selective channel down-sampling
(SCDown) module of node N6 (with kernel size k = 3,
stride s = 2, and padding p = 1), resulting in a tensor
of dimension R40×40×512. Then, this result is passed to the
C3k2True module for processing, which preserves the spatial
dimensions H and W . The output O7 is defined as:

O7 = C3k2True(SCDown(O5)) ∈ R40×40×512 (7)

The SCDown module is a key component for multi-scale
feature extraction and spatial dimension compression. The
downsampling operation with a stride of 2 reduces feature
map resolution and expands the receptive field. This oper-
ation enhances contextual awareness of large-scale targets
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while reducing computational overhead. The stacked three
convolutional layers enable efficient hierarchical feature
extraction. The SiLU activation function introduces nonlinear
transformations to enhance network expressiveness. With
512 channels maintained for both input and output, the
module seamlessly connects to C2PSA feature processing.
This channel configuration enables efficient feature fusion
and supports MUD-FPN multi-scale feature extraction.
The design balances computational efficiency and feature
extraction capabilities, making it suitable for product and
vacancy detection in retail scenarios.

This design achieves a balance between computational
efficiency and feature extraction capabilities, making
it optimal for product and vacancy detection in retail
scenarios.

Third Output Path (through node N12, output O12).
O7 passes through the SCDownmodule (k = 3, s = 2, p = 1)
to obtain feature map F8 ∈ R20×20×1024. Subsequently,
the feature is processed through C2fCIB, PKIB, and SPPF
modules (none of which alter the feature map height and
width). Finally, the C2PSA module processes F11 to produce
output O12.

O12 = C2PSA(F11) ∈ R20×20×1024 (8)

where X represents the feature input, and the definitions of
the key components are as follows:

Conv(X) = Conv2D(X, k = 3, s = 2, p = 1) (9)

C3k2mode(X) =

{
C3k2(X), if mode = True
C3k2(X)+ X, if mode = False

(10)

SCDown(X) = DWConv(Conv(X)) (11)

This multi-scale feature hierarchy {O5,O7,O12} provides
robust representations at high (80 × 80 × 512), medium
(40 × 40 × 512), and low (20 × 20 × 1024) resolutions,
effectively supporting subsequent detection tasks. Among
them, DWConv belongs to depthwise separable convolutions.
Introducing this module into the detection head can greatly
reduce computational complexity and significantly decrease
the parameter quantity.

4) MUD-FPN MODULE
The traditional FPN structures typically employ three main
feature levels where P3, P4, and P5 correspond to spatial
resolutions of 1

8 ,
1
16 , and

1
32 of the input image, specifically

80×80, 40×40, and 20×20. Modern detection models, with
YOLO series being a prime example, have made significant
progress in handling dense small object scenarios. However,
their conventional FPN structures still show limitations in
retail scenes where significant scale differences and complex
distributions are present.

Specifically, there is severe imbalance between product
and vacancy targets. Object scales span significantly from
small to large, accompanied by complex spatial patterns
of high density and discrete distribution. Furthermore,

FIGURE 7. Connection patterns of the N24 module: IGR and conventional
structures. (a) Original YOLOv11 neck structure; (b) IGR structure adopted
by RetailDet (C2fCIB attention mechanism module not shown in output);
(c) Structure with N24 retained and explicit output connections;
(d) Structure with N24 removed.

there are inherent feature similarities between the two
object categories, and the similarity exhibits strong spatial
dependence, presenting an extreme distribution from highly
similar to clearly distinguishable local areas.The 80 ×
80 highest-resolution feature map of conventional FPN fails
to provide fine-grained feature representation for accurately
distinguishing small-scale targets with similar features.
In highly dense areas, low-resolution feature maps easily
cause feature confusion and information loss, affecting detec-
tion accuracy. The larger-scale feature maps P4 and P5 lose
excessive spatial details, while the highest-resolution feature
map P3 lacks a sufficient receptive field to capture target
contextual information, significantly decreasing cross-scale
object detection performance.

To address these challenges, we propose the MUD-FPN
architecture, which steadily improves model performance
while reducing model parameters. Specifically, we adopt the
FPN feature hierarchical extraction approach fromYOLOv10
and incorporate the cross-scale feature fusion design from
YOLOv11. We replace the C2f in YOLOv10’s Neck with
C3k2 to enhance the model’s feature extraction capability.
Unlike traditional FPN that builds multi-scale feature repre-
sentations through top-down feature fusion, we extend feature
map resolution to higher dimensions (160 × 160, 80 × 80,
40 × 40) through progressive upsampling to enhance spatial
details and receptive fields. This is achieved by embedding
Upsample and C3k2 modules at nodes N18, N20, and N23
in YOLOv10’s Neck. This design utilizes C3k2 modules to
optimize post-upsampling feature quality, effectively recon-
structing details lost during downsampling while enhancing
feature representation and suppressing interpolation artifacts
from simple upsampling. The dual-peak design combines
FPN’s basic feature extraction with high-resolution feature
enhancement, enabling MUD-FPN to maintain multi-scale
object detection capabilities while significantly improving
dense small object detection, effectively addressing the
challenge of non-uniform scale object detection.

Notably, we introduce an implicit gradient regulator.
We use the output of node N23 as input to N24, while N24 has
no output connection. N24 is a C2fCIB attention mechanism
module that has no explicit output connections in the model
structure, thus not affecting the detection head output during
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Algorithm 1 RetailDet Architecture
Require: RGB image and Depth image
Ensure: Multi-scale feature maps P3, P4, P5

Stage 1: Backbone module
1: RGB-D channel fusion, ▷ 640 × 640 × 4 ← 640 × 640 ×

3 and 640× 640× 1
2: Fin ← Concat(RGB,Depth)
3: for each input tensor in backbone do
4: O5 ← C3K2(PKIB(Conv(C3K2(Conv(Conv(Fin))))))
5: O7 ← C3K2(SCDown(O5))
6: O12 ← C2PSA(SPPF(PKIB(C2fCIB(SCDown(O7)))))
7: end for

Stage 2: MUD-FPN module
8: N15 = C2fCIB(Concat(Upsampling(O12),O7))
9: N16 = Upsampling(N15)
10: N19 = Conv(C3K2(Concat(N16,O5)))
11: N20 = Concat(N15,N19)
12: N22 = SCDown(C2fCIB(N20))

Stage 3: Head module
13: P3 ← C3K2(Upsample(C3K2(Concat(O5,N16))))
14: P4 ← C3K2(Upsample(Concat(N15,N19)
15: P5 ← C3K2(Upsample(Concat(O12,N22)))
16: return P3, P4, P5

inference, but functions as an implicit gradient regulator
influencing gradient loss updates during training.

To validate our design, we conducted a series of structural
comparison experiments, as shown in Fig.7. Fig.7 (a) shows
the Neck structure of the YOLOv11 model, where N22
directly outputs to the detection head. Through ablation
experiments comparing Fig.7 (a) and (c), we verify the
necessity of replacing N22 with N24; comparison experiments
between Fig.7 (c) and (d) demonstrate N24’s impact on model
performance; finally, comparison experiments between Fig.7
(b) and (c) validate the effectiveness of the IGR design.
Experimental results show thatN24 with IGR design structure
plays a crucial role in balancing performance and efficiency.

We summarize the core algorithmic process of RetailDet
architecture as pseudocode, as shown in Algorithm 1.

C. COMPREHENSIVE LOSS FUNCTION DESIGN
Following the RGB-D bimodal architecture design, we pro-
pose a comprehensive loss function based on YOLOv11 to
optimize model performance for retail product and vacancy
detection. The loss function addresses both classification
accuracy and localization precision through three comple-
mentary components.

1) IOU
IoU (Intersection over Union) [46], [47], also referred to as
the Jaccard index, serves as a fundamental metric in object
detection. It is used to quantify the degree of overlap between
a predicted bounding box and a ground-truth bounding box.
Mathematically, the IoU is calculated as the ratio of the
intersection area of the two boxes to their union area. Let the
predicted bounding box be

Bpred = (xp1 , y
p
1, x

p
2 , y

p
2) (12)

and the ground-truth bounding box be

Bgt = (xg1 , y
g
1, x

g
2 , y

g
2) (13)

where (x1, y1) and (x2, y2) represent the top-left and bottom-
right coordinates of the boxes respectively.

The intersection area Ainter can be calculated as follows:

xleft = max(xp1 , x
g
1 ), ytop = max(yp1, y

g
1),

xright = min(xp2 , x
g
2 ), ybottom = min(yp2, y

g
2) (14)

If xright > xleft and ybottom > ytop, then

Ainter = (xright − xleft )× (ybottom − ytop) (15)

otherwise Ainter = 0.
The area of the predicted box is

Apred = (xp2 − x
p
1 )× (yp2 − y

p
1) (16)

and the area of the ground-truth box is

Agt = (xg2 − x
g
1 )× (yg2 − y

g
1) (17)

The union area is defined as:

Aunion = Apred + Agt − Ainter (18)

The IoU formula is given by

IoU =
Ainter
Aunion

(19)

The value of IoU ranges from 0 to 1. A value of 0 indicates
that there is no overlap between the two boxes, while a value
of 1 implies that the predicted box and the ground-truth box
are exactly the same. In practical object detection scenarios,
if the IoU between a predicted detection and a ground-truth
box exceeds a pre-defined threshold (commonly 0.5 or 0.75),
the detection is usually considered correct.

2) CLASSIFICATION LOSS
The classification loss measures the accuracy of the model’s
prediction of the object categories, using the Binary Cross
Entropy (BCE) loss function [48]. Let ŷij be the model’s
predicted score for the j-th category of the i-th sample, and
yij be the corresponding ground-truth label. The classification
loss LCls is

LCls =
1

Npos

Npos∑
i=1

C∑
j=1

−[yij log(σ (ŷij))

+ (1− yij) log(1− σ (ŷij))]

(20)

where Npos is the number of positive samples, C is the total
number of categories, and σ (x) = 1

1+e−x is the Sigmoid
activation function.

3) BOUNDING BOX REGRESSION LOSS
To achieve precise object localization, particularly important
for densely packed retail shelves, we combine two comple-
mentary components: the Complete Intersection over Union
(CIoU) loss and the Distribution Focal Loss (DFL) [49], [50].
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a: CIoU LOSS
The CIoU loss takes into account the overlapping area, the
distance between the centers, and the aspect ratio consistency
between the predicted box and the ground-truth box. Let b̂i
be the i-th predicted box and bi be the corresponding ground-
truth box. The CIoU loss LCIoU (or LBbox) is

LCIoU = LBbox = 1− CIoU(b̂i, bi) (21)

where CIoU(b̂i, bi) is the CIoU value of the i-th predicted box
and the ground-truth box.

b: DFL LOSS
The DFL loss further optimizes the accuracy of bounding box
prediction by modeling the distribution of box coordinates.
Let d̂i be the distribution of the i-th predicted box and di be
the corresponding target distribution. The DFL loss is

LDFL =
1

Npos

Npos∑
i=1

4∑
k=1

[
CE(d̂ki , tkl ) · w

k
l + CE(d̂ki , tkr ) · w

k
r

]
(22)

where k represents the four directions (left, top, right, bottom)
of the bounding box, tkl and t

k
r are the left and right boundaries

of the target distribution respectively, wkl and wkr are the
corresponding weights, and CE(x, y) = −

∑
j yj log(xj) is the

cross-entropy (CE) loss.

4) TOTAL LOSS
To balance the contribution of each component, we combine
these losses with equal weights. The total loss Ltotal is

Ltotal = λCls · LCls + λCIoU · LCIoU + λDFL · LDFL (23)

Among them, λCls is set to 0.5, λCIoU is set to 7.5, and λDFL is
set to 1.5 to ensure balanced optimization of classification and
regression accuracy. For YOLOv8 and higher models, as well
as RetailDet, we use the comprehensive loss function Ltotal .

D. PERFORMANCE ASSESSMENT INDICATORS
Precision is a measure of the accuracy of positive predictions
made by the classifier. It is the ratio of true positive
predictions to the total number of positive predictions made.
Precision is especially important when the cost of a false
positive is high. It can be defined as:

Precision =
TP

TP+ FP
(24)

True positives (TP) are the number of samples correctly
identified as the positive class, while true negatives (TN) are
the number of samples correctly identified as the negative
class. False positives (FP) represent the misclassification of
negative class samples as positive, and false negatives (FN)
occur when positive class samples are not correctly identified.

Recall (also known as sensitivity) measures the ability of a
classifier to find all relevant samples, calculated as the ratio
of the number of true positive samples to the total number of

actual positive samples. Recall is particularly important when
it is necessary to minimize false negatives. The higher the
recall, the lower the probability that the model will miss a
true positive sample, which is defined as:

Recall =
TP

TP+ FN
(25)

F1 score (F1) is a single metric that combines both
precision and recall to measure the overall performance of
a classifier. It is the harmonic mean of precision and recall,
giving equal weight to both metrics. F1 is particularly useful
when the class distribution is imbalanced, and there is a
need to balance between precision and recall. The F1 can be
calculated as:

F1 =
2 · Precision · Recall
Precision+ Recall

(26)

Average Precision (AP) is a basic metric used in object
detection to evaluate the performance of single-class detec-
tion. It is calculated as the area under the precision-recall
curve (AUC-PR), which quantifies the overall performance
of the detector at different confidence thresholds. The
calculation process involves determining the true positives of
each predicted bounding box based on its IoUwith the ground
truth box, and then calculating the maximum precision value
at different recall levels. The AP score is derived from
the average of these precision values. An effective detector
should maintain both high precision and high recall, which is
reflected in a higher AP value, defined as:

AP =
∑
n

(rn+1 − rn) · max
{i|ri≥rn+1}

pi (27)

where rn and rn+1 are adjacent recall values, and pi represents
the maximum precision value for recall values greater than or
equal to rn+1.

Mean Average Precision (mAP) extends AP to multi-class
detection scenarios by averaging the AP scores of all classes.
It provides a single numeric metric to evaluate the overall
performance of a detector across different object categories.
For each class, the AP value is calculated independently
following the same procedure as the single-class AP, and
then the values are averaged to obtain the mAP. This metric
is particularly useful when comparing different detection
models. A higher mAP value indicates a better overall
detection performance across all classes. It is defined as:

mAP =
1
N

N∑
i=1

APi (28)

where N is the total number of classes and APi represents the
Average Precision for the i-th class.

IV. EXPERIMENTAL ANALYSIS
A. EXPERIMENTAL PARAMETER SETTINGS
In the experiments of RetailDet, we select YOLOv11 as
the baseline model to achieve an optimal balance between
precision and efficiency. Themodel is trained using the Adam
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optimizer [52] for 700 epochs, with a weight decay of 1e-4,
an initial learning rate of 1e-3, and a final learning rate of 1e-
4, implementing a warm-up strategy. For data augmentation,
we employ a composite strategy comprising Mosaic aug-
mentation, geometric transformations (including translation
and scaling), horizontal flipping, RandAugment (with color
jittering, contrast/brightness adjustments), random erasing,
and full-image cropping. Following the initial training set-
tings of DenseDet and RTMDet, we maintain the input image
resolution at 640× 640 to ensure consistency across models.
All models are trained on an AMD Ryzen Threadripper PRO
S97WX CPU and 3 NVIDIA A6000 GPUs. We evaluate our
model using the mean metrics of the COCO format [53],
including mAP50 (IoU = 0.50), mAP75 (IoU = 0.75), mAP
(IoU = .50:.05:.95), Precision, Recall, and F1, to assess the
detection capability under different scenarios.

B. EXPERIMENTAL RESULTS
1) COMPARATIVE EXPERIMENTAL RESULTS
Table 1 shows the performance comparison of YOLO
models of various scales and current SOTA object detec-
tion models on the RPV1K dataset. RetailDet achieves
SOTA performance of the same generation at all scales
(including nano, small, medium, and large). RetailDet
(medium) achieves 66.3% in terms of mean average precision
(mAP), surpassing many similar models. RetailDet (small)
achieves 82.5% in terms of mAP50, leading the same scale
models and even surpassing many large YOLO models.
RetailDet-large achieves the current SOTA performance
with a mAP of 67.7%, significantly surpassing all YOLO
variantmodels, including theYOLOv12-largemodel (63.1%)
and the YOLOv11-large model (66.4%). It also achieves
significant improvements in mAP50 (83.3%) and mAP75
(74.60%), greatly exceeding previous SOTA models. The
model achieves the highest precision of 85.2%, surpassing the
YOLOv11-large (84.8%) and the YOLOv12-large (83.7%),
while maintaining a competitive recall rate of 76.2%. The
F1 of 80.4% demonstrates its robust overall performance,
significantly outperforming mature models such as the
YOLOv8-large (78.08%) and RT-DETR (78.8%), indicating
its superior ability in handling false positives and false
negatives. This can be attributed to the combined effects of
multiple attention mechanisms in the backbone network, the
special scale transformation structure of MUD-FPN, and the
IGR of N24.

In terms of computational efficiency, RetailDet (large)
demonstrates remarkable advantages while maintaining
excellent detection performance. The model only requires
20.79 million parameters, representing an 81% reduction
compared to the YOLOv6-large (109.56 million parameters)
and a 47% reduction compared to the YOLOv8-large
(39.43 million parameters). Its inference latency of 25.1 mil-
liseconds is significantly lower than YOLOv8 through
YOLOv12 and other models. Compared with specialized
detection models, RetailDet’s mAP is 14.9% higher than

that of DenseDet, while using only 28% of its parameters
(20.79 M vs. 74.14 M). Compared with RT-DETR-L, the
parameters are reduced by 35.0% (20.79 M vs. 31.99 M),
and the latency is reduced by 14.63% (25.1 ms vs. 29.4 ms).
The model has a computational volume of 140.8 GFLOPs,
with moderate computational requirements, achieving the
best balance between performance and efficiency, suitable for
edge computing deployment.

From the ablation experimental data of RetailDet and
N24 modules in Table 1, we can verify the significant role
of the MUD-FPN module. Compared with the baseline
model RetailDet-large (mAP75 = 74.6%), the RetailDet-N24
version without the module shows a decreased mAP75 of
74.38%, indicating that the absence of the module reduces
detection accuracy in high IoU (IoU = 0.75) scenarios.
In contrast, RetailDet+N24 version with the module achieves
an increased mAP75 of 74.74%, surpassing the baseline
model. This comparative analysis demonstrates that the
MUD-FPNmodule enhances themodel’s detection capability
for target boundary positioning and multi-scale objects
through optimized feature fusion. The module serves as a
crucial component for improving high-precision detection
performance in complex scenarios, playing an essential role
in maintaining and enhancing key detection metrics.

2) RESULTS VISUALIZATION AND GRAPHIC ANALYSIS
Fig. 8 visualizes the comprehensive performance analysis
from three perspectives, highlighting that all scales of
RetailDet(nano/small/medium/large) exhibit comprehensive
SOTA advantages. For ease of comparison, we present the left
figure, i.e., Fig. 1, together with the other two figures. In the
left-side latency-accuracy trade-off analysis and middle-side
parameter-accuracy comparison, every scale of RetailDet
occupies the optimal frontier of the efficiency-performance
curve. Whether the nano scale with minimal parameters,
the small scale with balanced latency, or the medium/large
scales, they all achieve superior detection accuracy at the
lowest corresponding computational cost, surpassing YOLO
variants, RT-DETR, and other models. Taking the large-
scale RetailDet-L as an example, the right-side training
metrics visualization reveals convergence characteristics
across 700 epochs: precision and recall steadily improve
to 85.2% and 76.2%, respectively. Throughout training
and validation, the model maintains low-stable loss values,
while the smooth convergence of mAP50 (83.3%) and mAP
(74.60%) curves further proves its robust learning ability and
generalization performance. These visualizations collectively
validate that all RetailDet scales achieve an excellent balance
in accuracy, computational efficiency, and model complexity,
showcasing unparalleled SOTA dominance.

3) ABLATION STUDY
To verify the effectiveness of each component, we conduct a
comprehensive ablation study on the RPV1K dataset. Table 2
presents results from four different configurations: baseline
model (Case1), and progressive incorporation of RGB-D
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TABLE 1. Comprehensive comparison of YOLO variants and other SOTA object detectors on the RPV1K test set (Grouped by scales; - indicates no scale
breakdown available. Swin-T/B indicates the model uses Swin Transformer as the backbone network).

FIGURE 8. Comparison of detection models on the RPV1K dataset: Parameter-mAP (left), latency-mAP (center), and RetailDet-L (large) model training
metric overview (right).

bimodal feature integration (Case2), MUD-FPN (Case3),
and PKIB (Case4). The baseline model achieves a strong

mAP of 66.4% with mAP50 and mAP75 reaching 82.1%
and 73.35%. Adding RGB-D bimodal feature integration
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TABLE 2. Performance comparison of different model configurations (✓indicates that the corresponding module is utilized).

FIGURE 9. The feature heatmaps of the ablation experiments (Case 1 to
Case 4) show a gradual change: background distractions (e.g., ceilings,
floors) are increasingly suppressed, and the model focuses more on the
primary targets (shelves). The heat responses in non-shelf areas weaken,
while target-related features become more prominent and precise. These
heatmaps visually supplement the ablation experiment results in Table 2,
intuitively reflecting the numerical trends.

(Case2) maintains stable performance with an mAP of
65.7%, while improving the recall rate from 74.4% to
75.6%, demonstrating its effectiveness in balancing detection
metrics. Integration of MUD-FPN (Case3) further enhances
overall performance, with mAP slightly improving to 65.9%
and precision maintaining at 84.8%, while the recall rate
increases to 75.8%, resulting in an improved F1 of 80.0%.
The complete model (Case4) with PKIB achieves optimal
performance across all metrics: mAP increases to 67.7%,
mAP50 improves to 83.3%, and mAP75 reaches 74.60%,
with the highest precision of 85.1% and best recall rate
of 76.2%, yielding an optimal F1 of 80.4%. The pro-
gressive improvements from Case1 to Case4 demonstrate
our components’ complementary nature. While the baseline
model already shows strong performance, each additional
component contributes to refined detection capability, with
PKIB providing the final boost in overall performance. The
consistent enhancement in both precision and recall metrics

validates the effectiveness of our architectural design choices
for retail scenarios.

Algorithm 2 Brightness Restoration Image Processing
Require: Input image I with dimensions W × H ; RPV1K

dataset D containing N images
Ensure: Enhanced image Iadj with normalized brightness

Stage 1: Calculate target brightness
1: Initialize brightness Values list
2: for each image Idi ∈ D do
3: IdHSV ← RGB2HSV(Id ) ▷ convert RGB to HSV
4: Bdi ←

1
W×H

∑
x,y I

V
dHSV (x, y) ▷ average brightness

5: Add Bdi to brightness Values list
6: end for
7: Bt ← 1

N

∑N
i=1 Bdi ▷ dataset average brightness

Stage 2: Brightness detection and adjustment
8: IHSV ← RGB2HSV(I ) ▷ convert input image to HSV
9: Bc← 1

W×H

∑
x,y I

V
HSV (x, y) ▷ current brightness

10: α← Bt
Bc
▷ Calculate adjustment factor

11: IVHSV ← Clip(IVHSV × α, 0, 255) ▷ adjust brightness
12: Iadj← HSV2RGB(IHSV ) ▷ convert back to RGB
13: return Iadj ▷ return brightness-adjusted image

From the feature heatmaps (in Fig. 9), we observe that
the model’s focus on key areas becomes more precise and
comprehensive as components are progressively integrated
(Case 1 to Case 4). In Case 1, the backbone network’s last
layer heatmap captures the main targets, but with incomplete
coverage. Case 2, incorporating RGB-D bimodal feature
integration, shows heatmaps across FPN layers (FPN-3, FPN-
4, FPN-5) with more consistent coverage of shelf products,
demonstrating RGB-D bimodality’s role in enhancing feature
perception. With MUD-FPN addition in Case 3, the heatmap
exhibits more uniform response in target areas and clearer
feature capture at edges and details, indicating improved
multi-scale feature fusion and transfer. Case 4’s PKIB
integration results in the fused heatmap (backbone and FPN
combined) showing more complete highlighted coverage
of shelf products, with enhanced feature complementarity
among FPN layers, validating PKIB’s effectiveness in
strengthening feature associations and utilization efficiency.
The heatmap evolution from Case 1 to Case 4 shows
progression from local, single feature responses to global,
multi-dimensional, and precise feature coverage, verifying
each component’s contribution to feature capture and fusion
optimization. This qualitative progression aligns with the
quantitative improvements shown in Table 2, confirming the
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FIGURE 10. Image processing visualization of different light intensity coefficients.

TABLE 3. Performance comparison of various models under different light intensity conditions without brightness restoration image processing. (The
overall average brightness of the original dataset is set to 1.0. A smaller α value indicates darker lighting, while a larger value indicates higher brightness).

effectiveness of the model architecture design for feature
perception in retail scenarios.

4) ROBUSTNESS TO LIGHT INTENSITY
To replicate diverse lighting scenarios, we implement an
illumination variation architecture operating within the HSV

color space [55], as illustrated in Fig. 10 (a) with different
light intensity conditions. This methodology manipulates
brightness while maintaining color integrity by exclusively
modifying the Value (V) channel as follows:

V ′(x, y) = Clip(V (x, y) · α, 0, 255) (29)
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TABLE 4. Performance comparison of various models under different lighting intensity conditions when using brightness restoration image processing.

In this formulation, the parameter α represents the
illumination coefficient (α ∈ [0.0, 2.0]). We establish a com-
prehensive illumination spectrum comprising seven distinct
levels: severely underexposed (α ≤ 0.5), underexposed (α ∈
(0.5, 0.8]), slightly dim (α ∈ (0.8, 1.0]), standard illumination
(α = 1.0), slightly bright (α ∈ (1.0, 1.3]), overexposed
(α ∈ (1.3, 1.6]) and severely overexposed (α ∈ (1.6,
2.0]), with these lighting variations demonstrated in Fig. 10
(a). This stratified approach facilitates systematic evaluation
under controlled yet realistic lighting conditions. The Clip
operation ensures that the transformed values V ′(x, y) remain
within the valid intensity range of [0, 255]. Using brightness
adjustment techniques in HSV color space, we evaluate
RetailDet’s robustness under varying illumination conditions
across seven datasets with different illumination intensities.
The comparative performance results across different light
intensities are detailed in Table 3.

To further validate our approach, we use the standard
illumination of the original dataset as a benchmark and apply

the brightness recovery algorithm described in Algorithm 2 to
datasets under various lighting conditions. The performance
evaluation results after recovery processing are presented
in Table 4, demonstrating the effectiveness of our proposed
brightness recovery method.

Based on the experimental data in Table 3, our RetailDet
model demonstrates good performance across different scales
and lighting conditions. At the nano scale, when α = 0.8,
RetailDet achieves mAP = 62.3% and F1 = 77.7%, outper-
forming YOLOv11 at the same scale (mAP = 51.9%, F1 =
70.9%). At small and medium scales, RetailDet maintains
its performance advantage, reaching mAP = 65.1% and
65.5% respectively at α = 0.8. Particularly in the large-scale
comparison, although YOLOv11 achieves a better F1 (F1 =
82.9%) than RetailDet (F1 = 80.1%) at α = 0.8, in terms of
lighting adaptability, when illumination changes from α =

0.8 to α = 0.5, YOLOv11’s mAP drops from 66.5% to
65.9%, while RetailDet’s drops from 66.9% to 62.4%; when
illumination increases to α = 1.8, YOLOv11 decreases to
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FIGURE 11. The detection results and heatmap visualizations of different models on the RPV1K dataset are as follows. Here, GT (ground
truth) represents the real annotation information of the targets. From the feature heatmaps of densely arranged targets and long-tailed
targets, RetailDet can better reflect the characteristics of long-tailed outer packaging, with fewer missed detections and accurate
positioning. The dashed circles mark the areas with problems such as false positives, missed detections, and inaccurate bounding boxes.
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63.6%, andRetailDet to 62.5%. These data indicate that while
YOLOv11 shows slightly better performance under certain
specific conditions, RetailDet remains competitive in terms
of overall detection performance and lighting adaptability,
maintaining relatively stable detection effectiveness across
different lighting environments.

According to the experimental data in Table 4, after
applying brightness restoration processing, the RetailDet
model demonstrates significant performance advantages
across different scale configurations. Specifically, at the
nano scale, when α = 0.5, RetailDet achieves performance
levels of mAP = 62.4% and F1 = 81.0%, significantly
outperforming YOLOv11 (mAP = 51.9%, F1 = 73.4%)
and other comparative models under the same conditions.
At the small scale, when α = 0.8, RetailDet achieves
detection performance of mAP = 65.7% and F1 = 82.3%,
similarly surpassing other models’ performance. At the
medium scale, with α = 0.8, RetailDet reaches performance
metrics of mAP = 66.2% and F1 = 81.9%, maintaining
stable performance advantages. Notably, at the large scale
configuration, RetailDet achieves its best performance under
α = 0.5 conditions, reaching mAP= 67.5% and F1= 83.1%,
demonstrating stronger detection capabilities compared to
other advanced models such as YOLOv11 (mAP = 66.1%,
F1 = 82.5%). It is worth noting that under different lighting
conditions (α ranging from 0.5 to 1.8), RetailDet maintains
relatively stable detection accuracy, which fully demonstrates
that brightness restoration processing effectively enhances
the model’s adaptability under different lighting environ-
ments, further validating the overall performance advantages
of the RetailDet model.

In the retail scene detection of Fig. 11, there are obvious
differences in the overall detection integrity and positioning
accuracy among various models. RT-DETR has obvious
missed detections in scenarios such as (a) the top of the shelf,
(b) the dairy area, and (c) bottled products, with detection
frames having large deviations from the real targets and heat
maps being scattered and blurred. YOLOv8 has fewer missed
detections than RT-DETR but still has omissions in areas such
as the right side of (b) the dairy area and the gaps between
(c) bottled products; moreover, its heat map has the problem
of ‘‘over-focusing’’, and for example, the heat in (b) the dairy
area is concentrated but does not accuratelymatch the product
boundaries, so its positioning accuracy needs to be improved.
YOLOv11 performs relatively better: the detection of (a) the
middle layer of the shelf is relatively complete, and there are
no obvious false detections in (b) and (c) scenarios, though
there are edge omissions in small target recognition (such
as the trivial elements next to (c) bottled products) and the
fitting degree of its heat map with the target distribution is
also weaker than that of RetailDet (Ours). RetailDet (Ours)
shows significant advantages, with detection frames covering
comprehensively, very few missed or false detections, and
in particular, the boundaries of (c) bottled products being
accurately aligned with the real targets, the heat map clearly
focusing on the target area, the positioning error being the

smallest, and stronger adaptability in dense and diverse
product scenarios.

From the perspective of the rationality of feature focusing
and scene adaptability, the differences among various models
are further highlighted. The heat map of RT-DETR is scat-
tered without a clear focusing law, and its feature extraction
generalization is poor, so it cannot accurately capture the
key features of commodities in retail scenes, which directly
affects the integrity of detection. Although YOLOv8 has a
focusing trend, the heat in Fig. 11 (b) the dairy area covers
non-target areas such as the blank edges of the shelf, resulting
in redundant focusing. In Fig. 11 (c) the bottled commodity
scenario, the filtering of background interference is also
insufficient, and the purity and accuracy of feature extraction
are low. The heatmap of YOLOv11 is relatively concentrated,
but in Fig. 11 (c) the bottled commodity scenario, the feature
discrimination of the ‘‘commodity-background’’ boundary
is weak, and the fitting degree between the focusing range
and the actual distribution of targets is slightly inferior,
leading to easy omissions in small target recognition. The
heat map of RetailDet (Ours) is clearly focused and has
a precise range, which can perfectly match the outline of
the target commodities. In different retail scenarios such as
Fig. 11 (a) the top/middle layer of the shelf, (b) multi-layer
dairy products, and (c) dense bottled commodities, it can
stably focus on the core area of commodities and filter out
background interference. This advantage in feature extraction
makes it more adaptable in complex retail environments
with dense commodities, diverse displays, and variable light.
Through better detection coverage, precise positioning, and
reasonable feature focusing, it is significantly superior to
other comparative models, providing more reliable technical
support for retail business scenarios such as commodity
display analysis and shelf inspection.

5) DISCUSSION
a: LIMITATIONS
Although RetailDet demonstrates certain detection capabil-
ities in complex retail environments, it still exhibits several
limitations. Analysis of the detection results indicates that
the model is prone to missed detections and false positives
when faced with extremely dense product arrangements (e.g.,
stacked large-packaged cooking oil), high visual similarity
across different categories (e.g., mixed displays of beverages
and personal care products), or significant occlusion (e.g.,
multi-layer snack shelves with less than half of the product
visible). These challenges primarily arise from the difficulty
in distinguishing features among dense small objects and
interference caused by cross-category similarities. Future
researchmay address these issues from three perspectives: (1)
introducing multi-modal attention mechanisms to enhance
fine-grained feature extraction and enable precise differen-
tiation of similar products; (2) developing data augmen-
tation strategies tailored for retail scenarios to simulate
extreme density and occlusion, thus improving the model’s
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generalization capability; and (3) exploring the integration
of semi-supervised and self-supervised learning to leverage
unlabeled retail data for optimized feature learning, thereby
reducing missed detections and false positives and enhancing
adaptability to more complex real-world retail environments.

b: ETHICS
RetailDet aims to enhance rather than replace retail work-
ers, automating repetitive tasks like inventory counting so
employees can focus on high-value customer service requir-
ing emotional intelligence. This human-machine collabora-
tion improves service quality while reducing physical labor
burden. For technical implementation, RetailDet uses an
edge-cloud collaborative architecture where terminal devices
capture RGB images, edge nodes optimize transmission,
and cloud servers handle depth generation and inference.
This design reduces hardware costs and network load by
transmitting only RGB data. While inference speed meets
real-time requirements, concurrent multi-device operation
may cause network congestion, which we address through
intelligent scheduling and load balancing at edge nodes.
Regarding data processing, we apply strict anonymiza-
tion to retail images containing customer and employee
information. The RPV1K dataset, as part of a corporate
project, is currently only available through formal partner-
ship agreements due to commercial licensing restrictions.
To ensure research reproducibility, we plan to open-source
our model architecture, pre-trained weights, and related
code at https://github.com/bilychen88/RetailDet upon paper
acceptance, providing researchers with a foundation to
reproduce and extend our work.

V. CONCLUSION
In this paper, we propose an innovative solution for com-
modity detection and vacancy identification in smart retail
scenarios. We construct the RPV1K retail scenario dataset
and design an efficient two-stream network architecture
RetailDet. The effectiveness of the proposed components
is verified through comparative experiments and ablation
studies. The results show that our RetailDet-large model
achieves SOTA performance with a mAP of 67.7% and
an F1 of 80.4%, while maintaining an inference latency
of 25.1 ms with only 20.79 M parameters. Our method
demonstrates substantial improvements over existing SOTA
approaches, establishing a robust foundation for automated
management in smart retail scenarios. Future work will
explore advanced feature fusion strategies and lightweight
model architectures, while extending the application scope to
diverse retail environments.
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