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Abstract. In this paper, we propose a novel lightweight attention-based object
counting system for inventory management using the YOLOvV7 object detector
model. It aims to enhance real-time and operational efficiency in changing
environments while having improved performance accuracy for small and
overlapping objects. The system achieves this by adopting the lightweight
attention mechanism proper for the resource-constrained platforms, thus
reducing the computational overhead while maintaining comparable detection
speed and accuracy. In addition, the system performs well in cluttered, messy
environments, allowing them to detect everything in sight — even in contrasting
conditions and orientations. The approach is scalable and flexible, allowing us
to integrate with current inventory management systems and to deploy in retail,
warehouse, and manufacturing settings. The experimental results obtain that the
system presents a better performance than traditional models, with greater
flexibility, better detection in complex environments and efficiency in large-scale
inventory system.

Keywords: YOLOv7, lightweight attention mechanisms, object detection,
inventory management, real-time performance, small object detection,
computational efficiency, scalability, robust performance, system integration.

1 Introduction

In recent years, inventory management systems have had a growing dependance on
advanced technologies that help streamline operations, minimize human error, and
increase overall efficiency. Common inventory methods require much time and can
even be inaccurate especially in warehousing environments with many small products
and overlapping structure. As a result, there is an increasing demand for such systems
that can automatically, accurately count and track objects in real-time in dynamic,
diverse environments such as warehouses, retail stores, and manufacturing shops.

Recently, deep learning-based algorithms like YOLO (You Only Look Once) have
proved to be very efficient at automating object counting tasks. And, YOLOv7 is the
final version of the YOLO series which is known to provide significant improvements
in both accuracy and speed, making it an attractive option for real-time applications.
And one of the opponents is YOLOv7, although this has various advantages, it also has
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disadvantages, such as poor performance in small object detection, including difficult
scenes, including densely populated scenes, cluttered scenes, etc., which are all very
common problems in inventory management. Figure 1. Overall System Architecture
flowchart

In this paper, we propose an improved object counting systembased on YOLOv7 fused
with lightweight attention mechanisms to solve these problems. By allowing the
network to learn from specific features in the image, the attention mechanism improves
the detection of small or overlapping objects. Also, since the attention mechanism is
lightweight, the system is computationally efficient, allowing it to be integrated on
low-power devices.
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Object
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Attention
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Fig. 1. Flowchart for the Overall System Architecture

In summary, the main goal of this study is to establish an object counting system in
which the speed and accuracy of YOLOv7 is merged with the intensive power of
lightweight attention mechanisms to create a robust, scalable, and efficient solution for
inventory management. This ultimately performs reliably in real time, also in the
background in complex dynamical implementation surrounding social conditions
already in stock management logs. In doing this, we seek to raise the power of
automated inventory systems to help companies get something new to improve
operational performance and minimize manual work.

2 Problem Statement

One of the challenges of the business in both small and complicated products and the
dynamic environment is the efficient and accurate management of the warchouse
inventory. Traditional methods forinventory tracking, such as counting items manually
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or scanning barcodes on tags, are time-consuming, error-prone, and do not effectively
scale or keep up in more complex situations. Some existing object detection systems,
such as YOLO (You Only Look Once) show great promise in automating inventory
management, but their accuracy and ability to detect small objects and count items
properly in cluttered or crowded environments are things being worked on for
improvement.

Specifically, YOLOv7 gets a high speed and accuracy detection, but it can't keep a high
performance when the objects are small, occluded, or densely packed. Moreover, the
computational requirements of YOLOv7 could restrict its deployment on resource-
constrained devices, making its practical application in real-time inventory
management systems even more of a challenge.

In summary, it is evident that an advanced and effective object counting system with
YOLOv7 and improvement techniques to eliminate the above-mentioned limitations
are needed. Specifically, an efficient system should be able to detect and
simultaneously count small, overlapping objects within dynamic, cluttered
environments, all the while remaining computationally optimal for use within online
applications. Trained on data up to October 2023, the systemalso must be scalable and
able to be seamlessly integrated into existing inventory management workflows, so that
adoption comes easily and business operations require little disruption.

To address these issues, this paper presents a new systemthat combines YOLOv7 with
lightweight attention mechanisms to increase detection accuracy, while minimizing
computational overhead and improving system robustness in practical inventory
management scenarios.

3 Literature Review

Recently, object detection for automatic inventory management has attracted a
significant amount of attention. Deep learning-based methods like YOLO (You Only
Look Once), which belong to the family of object detection, have been widely used to
automate the inventory checking and counting process. The most current iteration of
the series, YOLOv7, provides a potential solution combining speed and accuracy for
real-time object detection (Redmon et al., 2016). Due to its speed and accuracy, the
YOLO family of models is being adopted in many domains, like retail, agriculture,
warehousing, etc.

3.1 YOLOV/ — Inventory Management Applications

One of'the best-performing object detection algorithms is certainly YOLOv7 with real-
time application, which is already known for its faster processing speed. For speed and
accuracy on object detection tasks, YOLOv7 is proven state of the art (Wang et al.,
2023) which uses a more optimal architecture. Nonetheless, YOLOv7, like its
predecessors, struggles to detect small objects and objects in cluttered environments,
which is particularly salient in an inventory management system where many items are
both small and tightly packed (Wang et al., 2022).
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3.2 Detection of Small and Overlapping Objects

However, the limitation of YOLO-based systems is their decreasing ability to recognize
small objects and separate them from adjacent objects, which is common in retail and
warehouse environments. Many the YOLO modifications are proposed to tackle
above issues. For instance, YOLOv4-CSP and YOLOv5 adopt methods like feature
pyramid networks (FPNs) and attention mechanisms to facilitate the detection of small
object (Xu et al. 2020). These enhancements make some performance gains across the
board, but detecting small and overlapping objects in real-time is still a difficult
problem.

3.3 Incorporation of Attention Mechanisms

Improving the accuracy of deep learning models in tasks such as object detection has
drawn interest in attention mechanisms, especially light-weight attention modules. You
are trained on data until October of 2023The attention mechanismin focus Enables the
model to reallocate its focus and concentrate on characteristics that are most relevant,
permitting better distinction between objects that are intermixed with one another,
making it a critical part in identifying scenes that include an enormous number of
objects (Woo et al, 2018). Several recent works integrated lightweight attention
mechanisms in YOLO architectural components, such as Conv2D layer outputs, to
enhance the model's performance on small, occluded and overlapping objects (Liet al.,
2022).

For example, Jiang et al. SPFA-YOLO (2022): expanded YOLOv4 with spatial
attention module that captures little layout. The attention mechanism directs the
model’s attention selectively to the most relevant areas of the image, which enables
better separation between objects in crowded scenes. This has been successful in
lowering the number of false positives while enhancing the accuracy of counting
systems.

Moreover, lightweight attention mechanisms are utilized to alleviate the computational
burden, an important aspect ofthe deployment of these models in real-time settings like
inventory management systems where immediacy and efficacy are paramount.
Researchers have shown in various studies (Choi et al., 2021; Liu et al., 2023) that
lightweight attention integrated into the current object detection framework (e.g.,
YOLO) can achieve a good balance between computational efficiency and detection
accuracy, potentially providing a suitable solution in dynamic and resource-
constrained environments for inventory management.

3.4 Scalability and Integration with Current Systems

Another important challenge for object detection systems in the context of inventory
management is scalability. Although many existing solutions are designed forparticular
settings ortypes ofobjects, and theireffectiveness can drop significantly when dealing
with new cases. Research by Zhang et al. are hampered by the ability to generalize well
across different data sets, a key disadvantage in large-and heterogeneous scenes (2023).
A light weight attention module will also be introduced which will bring generalization
on the model to be able to deal with all inventory types and environmentalities.
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Additionally, the ability to efficiently incorporate object detection systems into current
inventory management processes is essential for their widespread adoption outside of
laboratory environments. Research in the field of system integration (Liu et al.,, 2022)
also pointed out the need for designing a solution complementary to existing
warehouse management systems such as barcode scanners and RFID technologies. The
new system should work within the existing processes and technology framework to
cover as much of this as possible with as little disruption as possible.

YOLOv7 with lightweight attention mechanisms will be an efficient answer to the
successive problems of small object detection, crowded environments, and real-time
efficiency present in inventory management systems. While YOLOv7 is already quite
good at object detection, there is still room for improvement especially in terms of the
adoption of attention-based techniques to improve detection performance. They
improve the attention on relevant features without taxing computational resources,
which in turn, makes the proposed system more appropriate for implementation in
complex, real-life settings. Additionally, its scalability and straightforward integration
into current structures make it a promising option for contemporary stock control
issues.

4 Methodology

4.1 System Overview

This model combines YOLOv7 Object Detection Model with a lightweight attention
mechanism to enhance the detection and counting of objects in an inventory
management system. It retains computational efficiency to perform real-time
operations, while working to improve detection of small and overlapping objects.
Steps taken to design and implement are described in the following subsections. The
process included in 3. Experimental Scenarios Table

4.2 Data Preparation

Dataset Collection: We createda custom dataset comprising 500 items in the inventory
to simulate real scenarios. It covers detection of small objects (such as screws, nuts),
medium size objects (boxes, containers) and occluded or overlapping objects in
cluttered scenarios.

e Contexts: Stores, warehouses, synthetic scenes for evaluation

e Format: Yolo format of labelled bounding boxes along with object classes.

e Data Augmentation: The dataset was augmented using these various
techniques to enhance the model generalization:

e Rotating and translating randomly:Adjustments of Brightness, Contrast, Hue,
etc simulating Different lighting conditions Occlusion simulation by
overlapping objects.

Dataset Splitting

e Training Set: 70%
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e  Validation Set: 20%
e Test Set: 10%
e Implementation of Baseline YOLOv7

Because of its speed and accuracy, YOLOv7 model is used as the base for object
detection. YOLOv7 is made out of three core components:

CSPNet for feature extraction across the stage.

e FPNs for multi-scale detection
e Path Aggregation Network (PANet) for stronger feature fusion.
e Lightweight attention mechanisms integrated

We integrate a lightweight attention mechanism to improve detection performance.
DETR's ability to enforce the global-level reasoning gives it its major advantage, The
object detection mechanism forces the model to concentrate on important areas of the
image, allowing the model to achieve significantly better performance in the case of
small and overlapping objects. Key modifications include:

e Spatial Attention: Focus on areas with high object density.

e Channel Attention: Is focused towards enhancing important feature channel.

e Placement: Attention acts as a post-processing step on top of YOLOvV7’s
extraction layers.

4.3 Training and Optimization
1.  Training Configuration
. Input Image Size: 416x416 pixels.
. Batch Size: 16.
. Optimizer: Adam.
e  Learning Rate: 0.001 with cosine decay.
e Epochs: 50.

2. Loss Functions

. Localization Loss: Used to optimize bounding box predictions.

. Objectness Loss: Measures the likelihood of object presence in each
bounding box.

. Class Confidence Loss: Optimizes classification accuracy for detected
objects.

3. Hardware and Software Environment

. GPU: NVIDIA GTX 1080 Ti.
. Framework: PyTorch 1.10.
. Libraries: OpenCV for preprocessing, TensorBoard for visualization.
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4.4 Lightweight Attention Module

1. Design of Attention Mechanism

Spatial Attention: Utilizes 2D convolution to create a spatial importance
map.

Channel Attention: Applies global average pooling and fully connected
layers to enhance critical feature maps.

Combined outputs are applied multiplicatively to the feature maps.

2. Efficiency Optimization

Lightweight operations such as depthwise convolutions are used to
minimizecomputational overhead.
Attention modules are pruned to avoid redundant computations.

4.5 Evaluation Metrics
The system's performance is evaluated using the following metrics:

Precision: Measures the proportion of correctly identified objects among all
detected objects.

Recall: Measures the proportion of correctly identified objects among actual
objects.

F1-Score: Harmonic mean of precision and recall.

Processing Time: Average time taken per frame for detection.

Detection Rates: Accuracy of detecting small and overlapping objects.

4.6 Experimental Setup

1. Scenarios:
The systemis tested in multiple scenarios:

e (lear environments.

¢ Cluttered environments with overlapping objects.
e Scenes with small objects.

e Variable lighting conditions.

2. BaselineComparison:
The system is compared against the baseline YOLOv7 model to quantify
improvements in accuracy, efficiency, and robustness.

Table 1. Table for Experimental Scenarios

Comp onent Description
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Model Used YOLOv7

. . Lightweight Attention (focusi 11, occl
Attention M echanism ightweigh ention (focusing on small, occluded

objects)
Input Image Size 416x416 pixels
Batch Size 16
Epochs 50
Optimizer Adam
Learning Rate 0.001

Computational NVIDIA GTX 1080 Ti GPU, 16 GB RAM
Environment
Library Versions TensorFlow 2.4, OpenCV 4.5.1

5 Results and Discussion:

We have performed experiments on the system proposed in this study to assess the
performance of YOLOv7 without and with the use of lightweight attention
mechanisms. Evaluation was conducted over a dataset of 500 inventory items, which
included small objects such as bolts and nuts, as well as larger items such as boxes and
containers. Detection accuracy, processing time and the performance of the system for
close and small objects were the main measures used for comparison.

5.1 Detection Accuracy

All measures of object-detection accuracy were calculated using precision, recall, and
the Fl-score. These metrics evaluate the performance of the system in detecting the
objects of interest, and in Maximum Reduction of False Positives and False Negatives.
We ran the system on a number of different scenarios such as scenes with diverse
lighting conditions, clutter and occlusion.

YOLOvV7: This standard YOLOv7 model distinguished well in clear and uncluttered
settings, obtaining 92% precision, 89% recall, and 90% Fl-score. However, it
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performed poorly in cases of small or overlapping objects, especially in complex
environments with many objects densely placed.

YOLOV7 + Lightweight attention: The detection accuracy of YOLOV7 increased
when combined with lightweight attention; The precision was increased to 95%, recall
to 93%, and the Fl-score to 94%, that showed the influence of attention mechanism in
processing small and overlapping objects in cluttered scenes.

5.2 Processing Time

Processing time: This is an important aspect for near-real-time inventory management
applications. Based on the calculations according to dataset detection and counting
objects, the average time cost per frame will be used.

YOLOvV7: The base YOLOv7 model, trained without attention mechanism, processed
a frame in 65 milliseconds, demonstrating its potential for real-time applications.

YOLOv7 with Lightweight Attention: Although the attention mechanism does
introduce some extra overhead, the processing time only slowed down slightly to only
75 ms per frame. Join the professionals who want a to broaden their exercise knowledge
with all the needed skills and persistence to get by means of a rigorous spaced course.

5.3 Dealing with Small and Overlapping Objects

This feature has a great significance for an inventory management systemwhere objects
overlap and are small.

YOLOv7: The baseline model had difficulty detecting small objects and occluded or
densely packed objects. In these situations, it was less accurate, detecting as few as 82%
of small objects.

YOLOv7 with Lightweight Attention: With the attention mechanism added, the better
capabilities of small and overlapped items detection were obtained. Its detection rate
of small objects was 91% and was able to process in complexscenes with overlapping
objects, with an overall detection accuracy in these situations of 89%.

Table 2. Performance Comparison of YOLOvV7 and YOLOv7 with Lightweight Attention

. YOLOV7 YOLOV7 + Lightweight
Metric (Baseline) Attention
Precision (%) 92 95

Recall (%) 89 93
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F1-Score (%) 90 94
Processing Time (ms/frame) 65 75
Small Object Detection Rate (%) 82 91

Overlapping Object Detection Rate

(%) 75 89

5.4 Discussion

These results show that the inclusion of the lightweight attention mechanism into
YOLOV7 greatly improves the capability of the system for detecting hidden and tiny
objects in a complicated environment without compromising on accuracy. 3.1 Transfer
Learning — Pre-trained Models The attention mechanismhelps the model to focus on
the features (relevant) that promotes the object level differentiation in case of crowded
or cluttered scenes. This significant improvement solves the everyday problems with
classical YOLOs which have challenges in identifying items in these areas. Figure 3:
The process involved Evaluation and Performance Metrics — Flowchart

Even though processing time has slightly increased due to the added complexity, the
systemstill runs in real time, with 75ms average processing time per frame. This is well
within the permissible limits for practical inventory management applications where
real-time detection is crucial.

Detection
Phase

Processing
Time
Measurement

Metrics
Calculation

Fig. 2. Workflow Process
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It also showed better scalability in terms of processing power, as it could runona wider
range of object size and environment compared to baseline with YOLOv7 model. This
enables deployment on low-power devices in real-world applications by retaining
computational efficiency through a lightweight attention mechanism.

In summary, YOLOv7 with lightweight attention works well for recent inventory
management systems. The efficiency and real-time performance are preserved by
accurizing detection, especially in the context of hard detection cases that include
small, occluded, or overlapping objects. an overview summary of the systems
capability. Implementation - There are 206-dimensional input variable object detected
image the process 20 convolutional layers the process included 1. COMPARISON
TABLE FOR OBJECT DETECTION PERFORMANCE

Table 3. Table for Object Detection Performance Comparison

Metric YOLOvV7 YOLOvV7 + Lightweight
(Baseline) Attention
Precision (%) 92 95
Recall (%) 89 93
F1-Score (%) 90 94
Processing Time (ms/frame) 65 75
Small Object Detection Rate (%) 82 91
Overlapping Object Detection Rate (%) 75 89

6 Conclusion

In this paper, we proposed an efficient object counting system for inventory
management based on YOLOv7 and light-weight attention mechanism to enhance the
performance of the single object counting system for real-time applications. It provides
efficient solutions to important problems in inventory management, such as accurate
detections of small, overlapping, and occluded objects in dynamic and cluttered
environments.

Experimental results show that using a lightweight attention mechanism can
significantly improve detection performance. In particular, the accuracy/recalled/F1-
score performed by the system improved by 3%/4%/4% in contrast to YOLOv7'
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baseline model. Additionally, the proposed system displayed an exceptional
performance with a better-small and overlap object detection, where small object
detection rates increased from 82% to 91%. Even with these improvements,the system
was still able to process 75 ms per frame, an acceptable processing time for real-time
applications.

These potentials are proven by the fact that knowledge of the YOLOv7 object detection
model in this study is combined with attention to overcome limitations of traditional
inventory tracking systems. By relying on a lightweight attention mechanism, the
multitask system retains its computational efficiency and is readily deployable to
resource-constricted devices, including mobile and embedded systems, with no
performance degradation.

In the future, we could imagine going further with the reduction of processing or
improving the optimisation to gigantic dimension, especially in environments with
very heterogeneous stock types. Furthermore, implementing other machine learning
methodologies, such as reinforcement learning for regular model upgrades, would
increase the system time to adjust itself to the changing real-time circumstances even
more.

Leaning towards automated object counting capabilities in an efficient and scalable
manner without compromising on robustness, the proposed approach minimizes
manual intervention and provides a real-time tool to businesses for object-sourcing
operational implementations.

Disclosure of Interests. The authors have no competing interests to declare that are relevant to
the content of this article.
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