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Abstract
Over recent years, object detection technology has emerged as a pivotal area of research within the computer vision domain, finding extensive applications in UAV scene analysis, video surveillance, and smart healthcare. While earlier detection mechanisms catered predominantly to large and medium-sized targets, contemporary demands necessitate higher algorithmic performance, particularly in the detection of small targets. These smaller entities present unique challenges due to their low resolution, dense clustering, varied scales, and a heightened vulnerability to background disturbances. In response to these challenges, this study leverages the YOLOv8s model as a foundational framework. Strategic optimizations are introduced to both its backbone and head components, aiming to enhance the model's proficiency in small target detection. The primary contributions are as follows:
(1) To address the issue of missed detections due to the low resolution of small objects, a P2 detection head was incorporated into the YOLOv8s' Head layer, specifically designed for detecting smaller targets. With this enhancement, the model evolved from a three-scale to a four-scale detection system, boosting its multi-scale object detection capability, and effectively addressing the tendency to overlook small objects at greater distances.
(2)The core attention mechanism module from the newly introduced CloFormer, which balances both global and local considerations, was integrated into the C2f module of YOLOv8, resulting in a new C2f-Clo module. The third and fourth C2f modules in the YOLOv8 backbone network were replaced with the C2f-Clo modules. The C2f-Clo module inherits the properties of CloFormer, combining attention mechanisms with convolutional operations, allowing it to capture both local and global image information. This further strengthens the model's contextual awareness, aiding in enhancing the feature information of small objects.
(3) The advanced metrics MPDIoU was introduced to YOLOv8s, replacing the original network's IoU. This metric thoroughly considers the geometric features of horizontal rectangles, including overlapping or non-overlapping regions, center-point distances, and deviations in width and height. It addresses the limitations of traditional IoU when dealing with specific bounding box challenges, boasting superior generalization and adaptability.
To validate the enhanced model's performance, the experiments are conducted using the publicly available VisDrone2019 dataset. The results demonstrate that the YOLOv8s-improved model outperforms the YOLOv8s on the VisDrone2019 test set, showcasing improvements of 0.4%, 3.3%, 3.8%, and 1.9% in P, R, mAP@.5, and mAP@.5:.95, respectively. The refined model delivered commendable detection results on the VisDrone2019 dataset, corroborating the effectiveness of our proposed enhancements in boosting YOLOv8s' capacity for small object detection while preserving both training and inference times.
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2. [bookmark: _Toc145671199]Introduction
This Chapter delve into the contextual backdrop of small object detection, underscoring its pivotal role in contemporary research. Then, the objectives and aims of this project are elucidated, offering a clear roadmap for the reader. 
[bookmark: _Toc145671200]1.1 Background
Objective detection stands as the core of computer vision applications. Its primary role is to capture images or videos using visual cameras, pinpointing, localizing, and framing all objects therein. This offers a foundational technology for various visual objective detection applications and can even substitute other sensing or detection technologies. In the past decade, the emergence of convolutional neural networks, the proliferation of vast visual datasets, and significant advances in image processing capabilities have led to unprecedented breakthroughs in deep learning-based objective detection. In certain specific applications, it can replace manual or other sensory detection, and in some cases, even surpass the precision of human vision. This has found extensive applications in areas like defect detection in industrial manufacturing[1, 2], obstacle detection in autonomous driving[3], and imaging symptom detection in medical diagnoses[4]. However, visual imagery often presents objects of varied scales: large, medium, and small. While the deep learning detection technology excels in detecting large and medium-scaled objects, its performance in detecting small-scaled ones is hampered due to feature loss. This does not yet meet the needs of numerous practical engineering applications, posing a significant hurdle for the deeper application of this technology. Given the unique attributes of small targets, such as diverse sizes, high densities, weak features, and complex backgrounds, detecting them remains an immensely challenging task in the objective detection domain and is a focal point of recent research in the field.
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[bookmark: _Toc145671201]1.2 Significance and Motivation
Researching small object detection algorithm aids in elevating the technical expertise of image recognition and object detection within the computer vision discipline, propelling the advancement of pertinent technologies. Additionally, the academic value of small object detection research is underscored by its crucial relevance to practical applications. With the ceaseless progression of technology, research in small object detection will continually evolve, exerting a broad influence across various sectors. In the security domain, scenarios like border surveillance, airport screening, and traffic management benefit from this: small-object detection allows security personnel to swiftly and effectively spot suspicious items and behaviors, thereby heightening security standards. In agricultural production, it assists in identifying viruses, pests, and other threats in fields, enabling rapid assessment of crop health and enhancing agricultural productivity. Within the transportation sector, it finds applications in road safety evaluation and monitoring, such as identifying road obstacles and assessing road conditions, thus improving roadway safety. In the industrial manufacturing sphere, small-object detection can be employed to inspect minute components and detect defects during the production process, leading to enhanced production efficiency. 
Therefore, delving into small-object detection technology and enhancing its algorithmic performance will facilitate the practical implementation of objective detection algorithms in a variety of scenarios, further advancing the evolution of objective detection technology. Existing object detection algorithms have achieved commendable results in detecting large objects, yet there remains room for optimization when it comes to smaller objects. Recognizing the profound research value and vast application potential of small object detection technology, coupled with the pressing challenges that need addressing, this project has chosen to focus on the optimization of small-object detection algorithms as its primary research subject.
[bookmark: _Toc145671202]1.3 Project Aim and Objectives
Given the widespread application and the challenging nature of small object detection, this paper embarked on research in this direction, hoping to further optimize algorithms to address the challenges of small object detection. Within images of small objects, the arrangement of objects is dense, their forms vary greatly, and they come with a significant amount of noise, causing many algorithms to perform suboptimally in their detection. In light of this, after comparing the performance of many classic object detection algorithms, this paper selected the lightweight version of the latest YOLO series model, YOLOv8s, as the baseline model from YOLOv8. By refining its structural design, we aim to enhance its capability to detect smaller objects.
A literature review serves as the first step in this research, assisting in gaining a deep understanding of the current state of small object detection research, the challenges it faces, and potential solutions. The aim is to recapitulate key publications from recent years, especially those concerning the YOLO series and other deep learning methodologies related to small object detection. In doing so, we seek to grasp the ongoing advancements in the field of small object detection, encompassing the latest techniques, methods, and achievements. Through this literature survey, we can assimilate advanced theories and innovative concepts from fellow researchers, which fuels inspiration for our theoretical design. It also helps eliminate topics that have already been explored, offering a novel and feasible direction for our research. Experimental validation is crucial to verify the efficacy of algorithmic performance and optimization strategies. Hence, this paper plans to evaluate and validate the performance of the enhanced YOLOv8s model on the VisDrone2019 dataset, comparing it with its pre-improvement version and other top-performing models, to affirm the superiority of the improved algorithm.



3. [bookmark: _Toc145671203]Literature Review
In the realm of object detection, detecting small objects has always posed a significant challenge, prompting an increasing number of researchers to delve into the task of small object detection[5]. However, earlier endeavors in object detection primarily targeted the detection of objects of conventional sizes. Attention to small object detection has only gained traction among researchers in recent years, resulting in many current small object detection algorithms being framed upon their conventional-sized counterparts. Before the ascendance of deep learning techniques, conventional-sized object detection algorithms primarily depended on handcrafted operators for feature extraction. However, with AlexNet[6] clinching victory in the 2012 ImageNet competition, outperforming the runner-up by a margin of 10.9 percentage points, deep learning began to make its mark in the computer vision domain. As one of the sub-tasks in computer vision, object detection has also seen rapid development powered by the potent learning capabilities of deep learning techniques. Therefore, before delving into small object detection algorithms, it's important to grasp the fundamentals of conventional-sized object detection algorithms.
[bookmark: _Toc145671204]2.1 Traditional Object Detection Algorithms
[image: 传统目标检测算法流程]Figure 1 depicts the workflow of traditional object detection algorithms, which chiefly encompasses three stages. For an input image, it initially undergoes a selection of regions at varying scales and widths, followed by feature extraction, culminating in region classification and bounding box regression to produce the final result. 
Traditional object detection algorithm workflow
The first stage deploys sliding windows of assorted fixed sizes to traverse the image, producing a multitude of candidate regions. This method leads to superfluous computational overhead and often yields regions poorly aligned with the actual objects. The second stage, feature extraction, generally relies on a manual selection approach, converting regions of interest within the image into feature vectors. A glaring limitation of this approach is its ability to capture only low-level features with inadequate expressiveness, coupled with subpar algorithm generalizability. The third stage employs these feature vectors for region classification or bounding box regression to produce the results. Classifiers often used include Support Vector Machines (SVM)[7] and AdaBoost[8]. Traditional object detection algorithms suffer from high time complexity, low robustness, lackluster accuracy, and real-time performance. Moreover, the design of these algorithms heavily hinges on the designer's prior knowledge.
[bookmark: _Toc145671205]2.2 Object detection algorithm based on Deep Learning
Object detection algorithms based on deep learning use Convolutional Neural Networks (CNN) to automatically extract features hidden within the detection images. This allows for more accurate localization of target objects and conducts classification and bounding box regression, achieving higher precision in object detection performance. Depending on whether they generate proposal boxes, deep learning-based object detection algorithms can be broadly categorized into two-stage and one-stage detection algorithms.
Two-stage methods break the detection task into two distinct steps. Initially, they generate region proposals, which are then classified (typically with further refinement of the location). The flowchart of a two-stage algorithm is depicted in Figure 2. Starting from 2014, with R-CNN as a precursor, the continuous research in deep learning and computer vision has led to the emergence of numerous two-stage algorithms such as Fast R-CNN[9], Faster R-CNN[10], SPPNet[11], and others. These two-stage algorithms were initially directly applied to small object detection. However, because two-stage methods first need to filter out some potential candidate regions and then extract target features for each candidate region, their efficiency is relatively low, and they cannot meet real-time requirements.
Two-stage algorithm process[image: 双阶段]
In contrast to the two-stage algorithms, the flow of single-stage object detection methods differs, as depicted in Figure 3. They allow for end-to-end detection without the need for classifying region proposals, resulting in faster execution speeds, albeit with slightly reduced accuracy. Common single-stage object detection algorithms include the YOLO (you only look once) series [12, 13] and the SSD (single shot multi-box detector) series[14] .
[image: 单阶段]One stage algorithm process
Consequently, many improvements have been made based on the advantages and disadvantages of the two-stage and single-stage algorithms, aiming to enhance the detection performance for small objects. For instance: Qi et al. utilized scene reduction techniques and constructed a hierarchical narrowed-down network by combining object region localization with the Faster R-CNN architecture to decrease the search time during detection[15].Yin et al. addressed the domain shift problem caused by discrepancies in the distribution between training samples and actual samples by adding image-level and instance-level domain classifiers and a consistency loss component. They also adopted a multi-scale training method in the RPN network to enhance the model's performance[16].Wu et al. proposed the SCMask R-CNN model based on the ResNet101 backbone with modified SC convolution. This model can capture more discriminative feature information and includes a set of dilation convolutions of specific sizes to improve instance segmentation results[17]. Hu et al. integrated saliency mapping into YOLOv3, achieving larger IOU values[18].Wang et al. trimmed YOLOv4 and introduced an extended convolution layer[19]. Gai et al. [20] expanded the YOLOv4 backbone network CSPDarknet53 and, combining it with DenseNet inter-layer density, modified the prior boxes to better suit small object fruit cherries.Wang et al. [21] designed a dynamic region magnification network framework based on the SSD architecture.
All these methods, whether they refine the foundation of two-stage or single-stage algorithms, were compared with relatively popular methods of their time, achieving notable results in terms of detection accuracy and speed.
[bookmark: _Toc145671206]2.3 Small Object Detection Research and Challenges
The definition of small object varies across different scenarios. Currently, there are two prevailing definitions for small objects:
· Absolute Size Definition. This refers to defining small objects based on their absolute pixel size. For instance, in the context of the commonly-used COCO object detection dataset, any object smaller than 32×32 pixels is considered an absolute small object.
· Relative Size Definition. This method defines small objects based on their size relative to the entire image. An object that takes up less than 10% or even smaller of the image size is considered a small object in relative terms.
Figure 4(a) provides examples of small objects based on the absolute size definition, while Figure 4(b) showcases examples using the relative size definition.l Object Detection.
[image: ]				(a)absolute						(b)relative
Small target example
Globally, numerous scholars have researched and reviewed the future and development of small object detection algorithms. For instance, Tong et al.[22] discussed small object detection from five perspectives, conducting experiments on popular datasets with current classical detection methods and analyzing the strengths and weaknesses of these algorithms. Both Chen et al.[23] and Liu et al.[24] summarized small object detection algorithms from four research fields, testing their performance on datasets and also introduced deep learning-based techniques for small object detection. Although papers [22-24] discussed the methods of small object detection from various aspects and suggested future developments, they didn't focus on defining small objects, analyzing challenges, or evaluating performance.
Considering the above research, this paper attempts to summarize the reasons and challenges leading to these issues. The problems and challenges faced by small object detection are as follows:
Insufficient Feature Information: Small objects in images, compared to larger ones, suffer from low resolution and blurriness. Deep learning-based algorithms, constructed with dozens or even hundreds of layers, perform extensive downsampling and pooling. This process compresses the original pixels, leading to decreased extracted features. Alternatively, direct regression prediction using shallow networks results in inadequate feature extraction and poor regression. Both approaches fail to maximize the extraction of small object features, making detection difficult.
Lack of Specific Datasets: The COCO dataset, commonly used for small object detection, contains 52.3% of images with small objects, while large and medium objects account for 83.0% and 70.7%, respectively. When detecting larger objects, more anchor boxes are considered. With an Intersection over Union (IoU) threshold greater than 0.5, the training process loses more small objects. Moreover, the considerable size difference and quantity between large/medium and small objects challenge neural networks in adapting to different object sizes, resulting in subpar accuracy for small object detection.
Aggregation of Small Objects: When multiple small objects appear in a field of view, there's a tendency for clustering. If objects of the same category cluster, multiple overlapping bounding boxes might be predicted and subsequently filtered out, leading to duplicate or missed detections. If objects of various categories cluster, repeated downsampling and convolutions by neural networks can cause these distinct objects to appear as a single point, making them indistinguishable and severely reducing detection accuracy. Additionally, the model struggles to converge due to overlapping bounding boxes.
Loss Function Imbalance: For deep learning-based object detection, gradient regression through loss functions optimizes parameters. Most current loss functions, however, are designed primarily for larger objects, incorporating positional and classification errors with some adding IoU errors. These loss functions, when regressing during training, fail to consider small object samples, leading to detection difficulties in many scenarios.
Network Structure Limitations: Existing object detection frameworks are predominantly designed for larger objects. There are few structures tailored for small objects. Given the inherent characteristics of small objects, current algorithms often underperform in detecting them. Detectors primarily rely on anchor boxes to determine the presence of objects in preset sub-windows or anchor frames. However, these methods invariably demand the design or optimization of hyperparameters like sliding windows or anchor frames for specific datasets, complicating the training and compromising the detector's versatility.
[bookmark: _Toc145671207]2.4 Improvement technology related to small object detection
In response to these difficulties and challenges, scholars have proposed a plethora of improvement methods and strategies from various angles. These include data augmentation, multi-scale feature fusion, anchor box design, integration of contextual information, and loss function enhancements. Given that the aim of this article is to improve in the areas of multi-scale fusion, contextual integration, and the loss function, relevant literature in these domains was studied and researched.
[bookmark: _Toc145671208]2.4.1 Multi-scale fusion 
Compared to regular objects, small objects have fewer available pixels and their features are less pronounced, making them challenging to extract. As the number of layers in a network changes, the feature and positional information of small objects are progressively lost at each layer, making detection difficult. Feature fusion involves integrating the detailed information from image features like low-level stripes, external contours, and pixel distribution with the abstract semantic information extracted from higher layers. Multi-scale feature fusion refers to combining these through multiple up-sampling stages from top to bottom, ultimately forming a feature map that encompasses both fine-grained details and abstract semantic representations, thereby enhancing the detection of small objects.
To mitigate the negative impacts caused by the inherent characteristics of small objects and achieve better feature fusion results, many researchers have made optimizations in the detector architecture. A common approach is to use feature pyramids to detect objects of different sizes. Among these, the Feature Pyramid Network (FPN) stands out as a representative structural component[25]. This involves merging features from various scales to serve as input to the prediction network. Figure 7 provides a schematic of the FPN structure: after undergoing a bottom-up feature extraction process, there's a top-down feature fusion structure, followed by feeding it into the prediction module to produce results. Many scholars have enhanced the FPN network for improved results. Guo et al., noting that FPN's design inadequacies lead to suboptimal multi-scale feature utilization, introduced a novel feature pyramid structure called AugFPN and applied it within RCNN, showing an increase in average precision[26]. Ghiasi and colleagues, through neural architecture search within an expandable search space that covered any cross-scale connection, identified a unique feature pyramid structure, NAS-FPN, which combines both top-down and bottom-up connections to facilitate cross-range feature fusion, achieving promising results on the COCO dataset[27]. Inspired by sub-pixel resolutions, Luo et al. leveraged raw channel information for cross-scale output, introducing the CE-FPN structure, which outperformed FPS on the MS COCO dataset [28]. Kim and his team proposed the Parallel FPN network, which expanded network width to enhance small object detection [29]. Zhao and associates introduced the top-down and bottom-up feature pyramid network (TDBU-FPN), a network that combined multi-scale features and multi-aspect ratio anchor generation, demonstrating improvements in both precision and speed on their dataset[30].
[bookmark: _Toc145671209]2.4.2 Incorporating Contextual Information
The relationship between a target object and its surrounding entities and environment is intricate. Applying object detection algorithms in various environments has its challenges, especially when detecting small objects due to their low resolution and limited information. Thus, the idea of incorporating contextual information as supplementary data to aid small object detection has gained traction.
To enhance detection precision through exploring contextual information, Zhu et al. [31] proposed CoupleNet. As illustrated in Figure 13, the network is divided into two parts: one employs a fully convolutional approach to integrate local details, while the other harnesses global convolution to capture overarching information. These are then concatenated channel-wise to successfully introduce contextual data. Furthermore, building on CoupleNet, they integrated attention mechanisms, melding attention-related, global, and local object data to enhance detection capabilities. An innovative cascading attention structure was first crafted to perceive the overall image scenario, subsequently generating class-related attention maps. This attention representation was then encoded into the network, facilitating the acquisition of object-aware features. In addition, a unique fully convolutional coupling design was introduced, merging the global and local aspects of objects to develop a more discerning feature representation. Diverse coupling strategies and normalization methods were also devised to fully exploit the complementary strengths of both global and local attributes, with experiments validating the efficacy of the approach[32].
Google's team, led by Qiao et al. [33], introduced the DetectoRS network, which also infuses contextual information to augment detection performance. A switchable atrous convolution (SAC) was first designed, followed by the integration of two global context modules before and after the main SAC component. At a macro level, a recursive feature pyramid (RFP) was presented, complemented by additional feedback connections from the feature pyramid network to the bottom-up backbone. The final design achieved an accuracy rate of 54.7% on the COCO dataset. Subsequent scholars have also incorporated contextual information into various networks to improve detection capabilities.
Incorporating context has become a prevalent practice in the detection domain, typically merged with other network architectures. Its application is expected to expand into small object detection, leveraging its strengths to the fullest to boost the performance of neural network models in this realm. Lim and others[34] advanced detection by merging multi-scale features, utilizing supplementary attributes from various layers as contextual information. An attention-based detection methodology was also deployed, concentrating on smaller targets in images while incorporating context from the target layer, enhancing the precision of small object detection.
Methods based on contextual incorporation exploit the relationships between objects in an image and their associations with surrounding pixels, thereby improving the performance of small object detection algorithms. However, challenges arise when the association between small objects, or between small objects and their environment, is minimal. This lack of associative entities can pose difficulties for contextual learning. Moreover, as the intertwining of contextual information grows, the computational demands of the detection model increase, compromising its scalability. Yet, the primary objective of introducing contextual data is to emulate human cognitive systems. Such techniques can also be applied to voice recognition and various other human perceptual information mimicry, furthering the accuracy in cognition and detection, thus propelling advancements in the small object detection field.
[bookmark: _Toc145671210]2.4.3 Loss Function
Optimizing the loss function is an indispensable aspect of deep learning in object detection, and it has yielded certain successes, especially in small object detection. Depending on the model, researchers either employ alternative loss functions or refine the original ones. Zhora Gevorgyan and colleagues introduced a novel loss function called SIoU[35]. This function takes into account the angles between the vectors required for regression and redefines the penalty metrics. Application to conventional neural networks and datasets showed that SIoU enhances training speed and inference accuracy. A plethora of simulations and tests underscored the efficacy of the proposed loss function.
Tong and Chen introduced a loss based on IoU, combined with a dynamic non-monotonic FM, termed Wise-IoU[36] (WIoU). Instead of relying on IoU, the dynamic non-monotonic FM evaluates the quality of anchor boxes using their outlier degree and implements a judicious gradient gain allocation strategy. This approach curtails the competitiveness of high-quality anchor boxes while also diminishing the deleterious gradients produced by low-quality samples. As a result, WIoU is capable of concentrating on average quality anchor boxes, thus enhancing the overall performance of the detector. When WIoU was incorporated into the advanced YOLOv7 detector, a notable improvement was observed in AP-75 on the MS-COCO dataset. Lu et al.[37] employed an adaptive recursive search method and incorporated weighting coefficients in the loss function. Many scholars are currently diving deeper into this realm, striving to attain the optimal outcome for small object detection.
4. [bookmark: _Toc145671211]Research Methodology
Research methodology plays a pivotal role in scientific investigations by providing an organized and methodical way to recognize issues, gather data, process findings, and deduce outcomes. The methodological decisions and techniques implemented directly influence the research's validity, dependability, and repeatability. Proper research techniques guarantee data precision and quality, preventing biases and misconceptions, and amplifying the trustworthiness and consistency of outcomes. Hence, the integrity and results of any investigation heavily rely on the research approaches utilized. Only by adhering to precise research techniques can scholars garner adequate data and evidence to validate their research assumptions and make definitive conclusions.
[bookmark: _Toc145671212]3.1 Methodology
In this study, an experimental approach was chosen to conduct the research. We aimed to validate the improvements to the YOLOV8 algorithm in a controlled environment. By setting experimental conditions, controlling variables, and observing outcomes, we can directly evaluate the efficacy of the algorithmic improvements and compare it against the original version or other mainstream detectors. During the research process, we initially posited a hypothesis: the improved algorithm can detect small objects with greater accuracy. This hypothesis will be validated through our experimental methods.
[bookmark: _Toc145671213]3.2 Data Collection
In this study, a public datasets named VisDrone2019 is used. A public dataset is one that is accessible to a broad audience, often provided by entities like governments, academia, non-profits, and other groups or individuals. They can include various data forms such as text, images, sound, video, and geospatial information. For our purpose, we intend to utilize a dataset tailored for small object detection. Given its collection and refinement by expert teams, this dataset is of high caliber and reliability, ideal for testing the enhanced algorithm's performance.
The dataset utilized in this study is VisDrone2019-DET. This public dataset was collected by the Machine Learning and Data Mining Laboratory of Tianjin University and is annotated with bounding boxes or target points for over 2.6 million common objects. This dataset consists of images captured by cameras mounted on various drone models. The captured scenes are diverse, encompassing various weather conditions like clear and overcast skies, and lighting conditions ranging from bright daylight to dim nighttime. The locations are sourced from 14 different cities in China, including urban and rural scenarios. The object presentation in these images can either be sparse or dense. Some sample images from this dataset are illustrated in Figure 5.
[image: ]
Examples of VisDrone2019
In the VisDrone2019-DET object detection task dataset, there are a total of 10 object categories, namely: Pedestrian, People, Bicycle, Car, Van, Truck, Tricycle, Awning-tricycle, Bus, and Motor. The official partitioning of the VisDrone2019-DET dataset is as shown in Table 1. Since the testChallenge subset does not have labels, this study only uses the training, validation, and test-dev subsets for experimentation.
Table 1 Dataset split
	Dataset
	training
	validation
	test-dev
	challenge

	Images
	6471
	584
	1610
	1580


While the VisDrone dataset contains a substantial number of small objects, it still suffers from the issue of class imbalance. Moreover, there is a certain degree of occlusion between objects. The distribution of labels for each category in the dataset is shown in Figure 6(a). The size of the bounding boxes is depicted in Figure 6(b). The distribution of the center positions of the bounding boxes is demonstrated in Figure 6(c), and the width and height distribution of the bounding boxes is presented in Figure 6(d).
(a) [image: ]Distribution of labels             	 	(b)size of the bounding boxes
[image: ]
(c)distribution of the center positions	  (d)the width and height distribution 
Distribution of labels
[bookmark: _Toc145671214]3.3 Data Analysis
Quantitative analysis provides scholars with a method that is objective, quantifiable, and reproducible to assess and elucidate research subjects. This ensures the study's precision, uniformity, and trustworthiness. Such transparency aids both the investigators and the audience in comprehending the findings comprehensively.
In the realm of object detection, the benchmarks for assessing algorithm performance are categorization and bounding box regression. The correctness of a category is determined based on its confidence score, while the accuracy of positioning is evaluated by checking if the IoU value between the predicted box and the actual box exceeds a specified threshold. IoU, representing the overlap between the predicted and annotated boxes, is computed as shown in Eq.1. Here,  stands for the area of the predicted box, while  denotes the area of the annotated box.
		（1）
The Confusion Matrix (CM) serves as a tool to analyze a model's classification performance. Through it, one can intuitively discern the confusion level and proportion of samples across different categories. Each row of the matrix signifies the true category of a sample, while each column represents its predicted category. Larger values on the diagonal indicate a higher probability of accurate classification, suggesting superior model classification performance.
Using a binary confusion matrix as an example, as presented in Table 2, Positive and "Negative" denote sample labels, where the target to be detected carries the "Positive" label, and the background is labeled as "Negative". "True" and "False" symbolize the prediction outcomes; "True" stands for a correct prediction, while "False" indicates an incorrect one. Consequently, TP (True Positives) indicates correct classification; FP (False Positives) means that negative samples are erroneously predicted as positive; FN (False Negatives) signifies that positive samples are mistakenly predicted as negative, leading to missed targets; and TN (True Negatives) denotes accurate prediction of negative samples. However, this last scenario (TN) is typically disregarded in object detection tasks.
Table 2 Binary Confusion Matrix
	Predict
Actual
	Positive
	Negative

	Positive
	True Positive(TP)
	False Negative(FN)

	Negative
	False Positive(FP)
	True Negative(TN)


In object detection, common metrics used to gauge algorithm performance include Accuracy, Precision, Recall, Average Precision (AP), and mean Average Precision (mAP), among others. The specific definitions of these metrics are as follows:
1. Accuracy: Accuracy is the proportion of correctly predicted objects relative to the total number of samples, as depicted in Eq.2.
		(2)
2. Precision: Also referred to as the positive predictive value, precision indicates the proportion of true positives among all predicted positive instances. It measures the likelihood that a positive prediction is indeed correct. The computation is given by Eq.3.
		(3)
3. Recall: Recall, also known as the true positive rate or sensitivity, represents the fraction of actual positive instances that were predicted as positive, reflecting the potential for missed detections. The computation is as Eq.4.
		(4)  
4. mean Average Precision (mAP): Precision and Recall are two interdependent performance metrics. Due to the single-point nature of these metrics, they cannot fully evaluate model performance. As a result, mAP was introduced to balance the computation results of both. With Precision on the vertical axis and Recall on the horizontal axis, one can derive the Precision-Recall (P-R) curve. The area enclosed by the P-R curve and the axes represents the AP value. mAP then symbolizes the mean AP across all categories in the dataset. Typically, a threshold of 0.5 is set, meaning that predicted boxes with an Intersection over Union (IoU) greater than 0.5 are considered valid, denoted as mAP@.5. mAP@.5:.95 refers to the IoU ranging from 0.5 to 0.95, with mAP calculated at intervals of 0.05 and then averaging all mAP values.
		(5) 
[bookmark: _Toc145671215]3.4 Experimental Design
In this study, we hypothesize that an enhanced algorithm based on YOLOV8s can improve the accuracy of detecting small objects and simultaneously reduce the false detection rate. The experimental environment is showed in table 3.
Table 3 experimental environment
	Lab Environment
	Name
	Parameter

	

Hardware Configuration
	GPU
	NVIDIA GeForce RTX 3090

	
	CPU
	14 vCPU Intel(R) Xeon(R) Gold 6330 CPU @ 2.00GHz

	
	RAM
	80G

	
	VRAM
	24G





The hyperparameter settings are detailed in the table4:
Table 4 Hyperparameter settings
	Hyperparameter
	Parameter

	Image_size
	640*640*3

	Epochs
	300

	Batch_size
	4

	Optimizer
	SGD

	Lr0
	0.01

	Lrf
	0.01

	Momentum
	0.937

	Weight_decay
	0.0005

	Image_size
	640*640*3


4. [bookmark: _Toc145671216]Design
This chapter begins by analyzing the need for improvements in small object detection algorithms and explain why YOLOv8s was chosen as the baseline network. It then delves into the principles of YOLOv8, examining structurally where YOLOv8s can be enhanced. Subsequently, the motivation and their specific implementations are showed, focusing on multi-scale fusion, the incorporation of attention mechanisms, and refinement of the loss function.
[bookmark: _Toc145671217]4.1 Requirement analysis
YOLO (You Only Look Once) stands as one of the most popular real-time object detection algorithms globally, thanks to its impressive inference speed, high accuracy, and quality open-source code. This widespread adoption in both academia and the industry speaks volumes about its efficacy. Therefore, using the YOLO algorithm as a baseline and refining it specifically for small object detection is of significant practical value.
The YOLO series is renowned for its speed. With a compact model size and clean structure, it's widely integrated into industrial processes and everyday life. Particularly, starting from YOLOv3 onwards, the algorithms have managed to substantially improve detection accuracy without sacrificing speed. Though YOLOv4 might lag behind YOLOv3 in terms of accuracy, its speed witnessed a considerable boost, making it ideal for real-time object detection. YOLOv5 amalgamates some characteristics from YOLOv3-SPP and YOLOv4, pushing the speed even further. YOLOv6, tailored for industrial applications, zeroes in on detection accuracy, speed, and maximizing hardware capability. It introduces eight scaled models to cater to different industrial scenarios, emphasizing detecting various image scales, thus optimizing the detection outcome. Its deployment is straightforward with relatively low computation needs, fitting real-time detection seamlessly. YOLOv7 enhances feature extraction capabilities, enriches feature information, boosts the network's learning potential, and by extending training time, it elevates the model's overall performance. YOLOv8 is a state-of-the-art (SOTA) model that builds on the successes of prior YOLO versions, integrating new features and enhancements to further uplift performance and flexibility. Specific innovations comprise a new backbone network, a fresh Anchor-Free detection head, and a novel loss function, making it runnable across diverse hardware platforms from CPUs to GPUs. However, Ultralytics didn't label the open-source library directly as YOLOv8 but instead opted for the name "Ultralytics," positioning it more as an algorithmic framework than a specific algorithm. A prominent feature is its scalability. The ambition for this library extends beyond merely supporting YOLO series models. It's envisioned to back non-YOLO models and tasks ranging from classification and segmentation to pose estimation.
In the swiftly evolving realm of artificial intelligence, the continuous introduction and assessment of new techniques stand as paramount. The approach, aptly termed "innovation upon innovation," seeks to merge cutting-edge detectors with pioneering algorithms. This strategy ensures the system consistently maintains its position at the technological vanguard. Through this method, not only can existing strengths be leveraged, but resilience and adaptability against future challenges can also be ensured. This pursuit isn't solely driven by the excitement of embracing technological novelty, but to commit to providing optimal solutions for real-world applications, whether concerning accuracy, speed, or efficiency. There is a strong belief that this approach will yield distinctive and robust solutions to address both current and impending challenges.
[bookmark: _Toc145671218]4.2 The principle of YOLOv8
The YOLOv8 algorithm, presented by Glenn-Jocher, builds upon the lineage of YOLOv3 and YOLOv5. The major enhancements include:
Data Pre-processing: YOLOv8 retains YOLOv5's approach to data pre-processing. During training, it primarily uses four augmentation techniques, namely Mosaic Augmentation, Mixup Augmentation, Random Perspective, and HSV Augmentation.
Backbone Network Structure: Elements of YOLOv8's backbone can be traced back to YOLOv5. YOLOv5's main network structure has a distinct pattern, using a 3x3 convolution layer with a stride of 2 to down-sample the feature map, followed by a C3 module to enhance its features. The C3's fundamental depth parameters are "3/6/9/3", adjusted based on different model sizes. In YOLOv8, this characteristic remains largely unchanged, but the former C3 modules are replaced with the new C2f modules. The C2f modules introduce additional branches, enhancing the gradient backpropagation paths. The structures of YOLOv8's C2f and YOLOv5's C3 modules are depicted in Network Diagram 7.



The structure of C3 and C2f
FPN-PAN Structure: YOLOv8 continues to employ the FPN+PAN configuration to form YOLO's feature pyramid, facilitating a comprehensive integration of multi-scale information. Apart from the C3 modules in the FPN-PAN being replaced by C2f modules, the structure remains largely in line with YOLOv5's FPN-PAN.
Detection Head Structure: From YOLOv3 to YOLOv5, the detection heads have always been "coupled," with a single convolution layer handling both classification and localization. However, with the advent of YOLOX, the YOLO series adopted the "decoupled head" for the first time. YOLOv8 follows suit with this decoupled structure, having two parallel branches that extract features for classification and localization, respectively. Each then uses a 1x1 convolution to finalize the classification and localization tasks. The overall architecture of YOLOv8 is displayed in Figure 8.




The structure of yolov8 network
Label Assignment Strategy: Though YOLOv5 offers functionalities for automatically clustering candidate boxes, such boxes are still dependent on the dataset. If the dataset isn't comprehensive, failing to capture the inherent data distribution accurately, the resulting clustered boxes might differ significantly from actual object sizes. YOLOv8 discards the candidate box strategy, focusing on multi-scale assignment for positive and negative samples. Unlike the SimOTA used in YOLOX, YOLOv8 uses the TOOD strategy (similar to YOLOv6) for label assignment, a dynamic approach. YOLOv8 only incorporates target boxes and target scores, excluding object presence predictions. Thus, YOLOv8's losses predominantly consist of two elements: classification loss and localization loss. For YOLOv8, the classification loss is termed Varifocal Loss (VFLLoss), and the regression loss combines CIoU Loss and DFL Loss.
[bookmark: _Toc145671219]4.3 Multi-Scale Object Detection
[bookmark: _Toc145671220]4.3.1 Motivation for Improvements
When utilizing convolutional neural networks to extract features from images, as the convolutional layers deepen, the resolution of the feature maps gradually decreases. Consequently, the local receptive field's scope that perceives the original image continuously expands. Features from deeper layers of the network tend to focus more on global information within the image. This means that deep features extracted by these deep neural networks can be detrimental for detecting small objects. While shallow feature maps have a smaller local receptive field and capture more positional and detailed information, compensating for the inadequacies of the deeper features, relying solely on these shallow features for detection may lead to significant false positives or false negatives due to the absence of guiding higher-level semantic information. This led some researchers to propose the fusion of shallow and deep features, with predictions of object locations made on the merged feature maps of varying scales. Studies have shown that such multi-scale detection methods effectively enhance algorithmic performance.
YOLOv3 employs multi-scale object detection techniques to predict objects of different sizes. This concept was carried forward in YOLOv4 and YOLOv5 with a series of improvements made to their network structures. In YOLOv8, for an input image size of 640×640×3, the image undergoes down-sampling by factors of 8, 16, and 32, resulting in feature maps of dimensions 80×80×255, 40×40×255, and 20×20×255 respectively. Object detection is then performed on these three different scale feature maps. Among these scales, the feature map with the smallest local receptive field is the one down-sampled by a factor of 8. If this map is projected back to the original input image, each grid corresponds to an 8×8 region of the original image. For objects with a relatively smaller resolution, the receptive field from the 8-fold down-sampled feature map might still be too large, leading to potential loss in positional and detailed information for some small objects.
From the analysis above, it's evident that YOLOv8 struggles to learn the feature information of small objects with low resolution. Due to the omission of a significant number of small objects with resolutions below 64 pixels, YOLOv8's performance on datasets comprising small objects is suboptimal. To address this detection shortfall, we optimized the head structure of YOLOv8s. On top of the existing three-scale detection head, we introduced an additional detection head specifically designed for minute object detection. By adding this smaller scale detection head, the network can now detect objects with resolutions not less than 16 pixels, significantly increasing the number of small objects it can detect.
[bookmark: _Toc145671221]4.3.2 Multi-scale detection head design and Implement
The original YOLOv8 model conducts detections on three different scale feature maps and assigns three different-sized anchor boxes for each scale of the feature map, designated to detect large, medium, and small objects respectively. The model calculates the nine optimal anchor box dimensions adaptively based on different datasets.
In YOLOv8, the smallest area of the original image that the feature map used for object detection can perceive is an 8x8 region. This makes the model prone to missing small objects with dimensions less than 8 pixels in width or height. To address this, a 4-fold down-sampled detection head was added to the foundation of the YOLOv8s model, and it was named YOLOv8s-P2. The YOLOv8s-P2 model can detect objects with a minimum resolution of 4x4. This refined network is more robust, clustering to produce 12 differently scaled anchor boxes. It predicts objects of various scales on feature maps that are 4-fold, 8-fold, 16-fold, and 32-fold down-sampled, substantially enhancing the multi-scale object detection performance of the algorithm.
With the introduction of an additional small-scale detection head, the feature fusion approach in the Neck end also underwent corresponding changes, but overall, it still adheres to the FPN+PAN architecture. As illustrated in Figure 9, it depicts the feature fusion structure of the YOLOv8s-P2 model. Within the diagram, C2, C3, C4, and C5 correspond to the 4-fold, 8-fold, 16-fold, and 32-fold down-sampled feature maps extracted from the main network respectively. F3 and F4 represent the feature fusion layers, while P2, P3, P4, and P5 denote the detection layers.
[image: 采样图1]
YOLOv8s-P2 Feature Fusion Architecture
As evident from Figure 3.6, the Neck network first performs up-sampling fusion on the input feature maps, followed by down-sampling fusion, and subsequently makes predictions on the post-fusion feature maps. The specific flow is as follows:
Up-sampling fusion: To achieve fine-grained feature detection, the C5 feature map inputted from the main network is first up-sampled and then merged with the C4 feature map, resulting in the F4 feature map. After undergoing convolution operations and further up-sampling, it's combined with C3, yielding the finer-grained F3 feature map. F3 is continued to be up-sampled to achieve a larger scale feature map which is then fused with the C2 feature map. Small object detection is performed on this merged large-scale feature map, with the detection results outputted by the P2 detection layer.
Down-sampling fusion: The feature map from the P2 detection layer is first down-sampled and then fused with the F3 feature map at the same scale. Subsequently, the P3 detection layer outputs the detection results for small objects. The network continues to down-sample, subsequently merging with F4 and C5 respectively. Detections for medium and large objects are then performed on the 16-fold and 32-fold down-sampled feature maps, with the final predictions being outputted by the P4 and P5 detection layers.
The original YOLOv8 model has three output layers, P3, P4, and P5, designated for detecting small, medium, and large objects respectively. With the addition of the P2 detection layer, the network can conduct detections on four different scale feature maps. This structure is depicted in Figure 10. The improved network has turned the P3 detection layer into the F3 feature fusion layer. Following F3, the feature map continues to be up-sampled and is then merged with the 4-fold down-sampled feature map extracted from the main network. Subsequently, the network performs detections for very small objects on this merged feature map, with the final detection results outputted by the P2 layer. As shown by the red dashed line in the figure, a feature is added after the first C3 module of the main network.
From the network structure presented in Figure 10, the detection procedure of the YOLOv8s-P2 model can be summarized in the following steps:


YOLOv8s-P2 Network Architecture
Feature Extraction in the Main Network: The initial convolution layer down-samples the input image by a factor of two. Moreover, the convolution layers before the four C3 modules also perform 3x3 convolutions with a stride of 2. Therefore, there are five down-sampling operations in total within the main network, ultimately feeding the Neck end with a 32-fold down-sampled feature map.
Feature Fusion in the Neck Network: The Neck end includes both up-sampling fusion and down-sampling fusion pathways. The Neck network initially up-samples the input features, merging them with the shallower features extracted by the main network, thereby forwarding the deeper features to the shallow feature maps. Once the up-sampling operations are completed, down-sampling is executed to transfer the shallow features to deeper feature maps.
Detection Heads Output Prediction Results: The P2, P3, P4, and P5 detection layers, working on the post-fusion feature maps, output classification and localization results for objects of varying scales.
Based on the above descriptions, adding a 4-fold down-sampled detection head has dual benefits. On one hand, it increases the depth of the network, enabling better learning of hierarchical feature information of objects, enhancing the network's detection capability for multi-scale objects in complex environments. On the other hand, it facilitates the transfer of more shallow features to deeper layers, allowing the network to capture more information about small objects, thus improving the model's capability in detecting small objects.
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[bookmark: _Toc145671223]4.4.1 Attention mechanism
Human visual attention is a unique signal processing method inherent to the brain, evolved as a survival mechanism over eons of human evolution. Through studies on the human visual system, scientists have discovered that when processing vast amounts of information, humans instinctively disregard less relevant details, concentrating more on pivotal elements. This allows for the rapid filtering of high-value information within a limited timeframe. In recent years, researchers have emulated human visual cognition by applying attention mechanisms to neural network models, enabling the network to automatically focus on and learn crucial image features. Studies have shown that introducing an attention mechanism effectively enhances the network's capacity to extract key information, thereby improving model performance.
The attention mechanism primarily comprises three types: spatial domain, channel domain, and hybrid domain. Representing the spatial domain is spatial attention, where models reduce dimensionality along the channel dimension of feature maps, assigning varying weights to different regions of the feature map. This accentuates features of key areas while suppressing those in non-essential regions, like the background. The channel domain is exemplified by SENet, wherein the model compresses the feature map along its spatial dimension. It then generates unique weights for each feature channel, representing each channel's significance. Subsequent to this, the model recalibrates the original feature map based on these feature weights, focusing more on pivotal channels and suppressing non-crucial ones. Representing the hybrid domain are models like BAM (Bottleneck Attention Module) and CBAM (Convolutional Block Attention Module), which attend to both channel and spatial features, resulting in superior algorithmic performance.
In the newly introduced CloFormer, a mechanism similar to attention called AttnConv[38] has been proposed, which assists convolutional models in achieving high performance. It encompasses some standard attention operations. Q, K, and V can be obtained through linear transformation operations, consistent with the standard attention mechanism.
		(6)
In Eq. 6,represents the input to the AttnConv. FC refers to the fully-connected layer. After the linear transformation, an initial execution of the local feature aggregation process with shared weights on V takes place. Subsequently, utilizing the processed  and , to implement the context-aware local enhancement.
Local Feature Aggregation. For V, it uses a simple depth-wise convolution (DWconv) to aggregate local information. The weights of DWconv are globally shared:
		(7)
After processing V's information with shared weights, context-aware weights are formulated by combining Q and K. This approach employs a meticulous strategy: initially, two DW-conv operations are used to aggregate the data from Q and K. Subsequently, the Hadamard product is applied to Q and K, followed by a series of transformations to obtain weights between -1 and 1. These weights are then used to enhance local features.


		(8)


In the given formula,  represents the number of channels for a token, and  symbolizes the Hadamard product. Compared to conventional attention mechanisms, this strategy incorporates enhanced non-linearity. Within local self-attention, the sole non-linear operation used to generate context-aware weights is Softmax. However, in the AttnConv approach, both Tanh and Swish operations are employed. This enhanced non-linearity aids in obtaining high-quality context-aware weights.
Fusion with Global Branch. When considering the fusion with the global branch, a straightforward method is used to combine both local and global outputs. Specifically, the two outputs are concatenated along the channel dimension, and subsequently, a fully connected layer is applied to this channel dimension.

		(9)
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The attention mechanism operation in AttnConv, called "EfficientAttention", from CloFormer has been introduced into the C2f module of YOLOv8s, forming a C2f-Clo module. The main reasons for doing so are as follows:
1. Small object datasets commonly exhibit phenomena such as small object scales, densely packed objects, significant noise, and background interference. Incorporating an attention mechanism can suppress irrelevant information interference, retain more key features of the objects to be detected, draw the network's attention to more small objects, and enhance detection accuracy.
2. EfficientAttention is a simple, efficient, plug-and-play lightweight attention module. It can be integrated into any CNN and trained end-to-end with the base model, with negligible computational overhead.
3. The primary benefit of using an attention mechanism is that it allows the model to selectively ignore irrelevant information and focus intensively on features useful for the target task. By introducing the attention mechanism, the network's feature processing capability can be enhanced. EfficientAttention can utilize shared weights and context-aware weights, better leveraging the positional information of images. For small object detection, this approach is particularly meaningful.
When constructing the C2f-Clo module, we essentially introduced the EfficientAttention attention mechanism into the output layer of the BottleNeck. The improved BottleNeck-Clo schematic is presented below. 
Architecture of BottelNeck-Clo
[image: bottleneck-Clo]By leveraging this enhanced BottleNeck module to replace the original BottleNeck module, we established the new C2f-Clo module. The YOLOV8s-Clo-C2f network structure diagram after adding C2f-Clo is as follows.


Architecture of YOLOv8s-Clo-C2f
The structure of the C2f-Clo module is depicted in Figure 12. As the EfficientAttention is capable of achieving both local information and global sharing, integrating it into the BottleNeck can assist the model in concentrating its attention on specific channels or local regions of feature maps, thereby capturing local features and object details more effectively. This is vital for small object detection tasks because small objects often appear in different parts of the image and are distributed unevenly. Moreover, the attention mechanism helps the model autonomously learn the correlations between channels, leading to a better understanding of the contributions of various channels to specific tasks. This reduces irrelevant or redundant information, enhancing the feature's discriminative capability. Throughout the training process, the attention mechanism can adapt to different input data and scenarios. This adaptability boosts the model's robustness, ensuring commendable performance under a variety of conditions.
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In object detection tasks, the Intersection over Union (IoU) is widely used to gauge the similarity between a model's predictions and the true annotations of objects. It is computed by determining the intersection and union of the model's predicted area and the true annotations, and then dividing the intersection by the union to produce a ratio between 0 and 1. A higher IoU value indicates a greater similarity between the model's prediction and the true annotations. If the IoU exceeds a predefined threshold, the predicted bounding box is considered a successful match to the true box. During the training process, IoU is often incorporated as part of the loss function to assist the network in better learning object detection and segmentation tasks.
Let the anchor box be denoted as , and the target box as  . As shown in the figure12, the definition of IoU is as follows:
[image: ]		(10)
IoU Schematic Diagram
However, IoU has a significant flaw: when there is no overlap between the bounding boxes (= 0 or =0), the gradient during backpropagation vanishes. This means that the width of the overlapping area, , cannot be updated during training.
		(11)
Existing research has taken into account many geometric factors related to bounding boxes and constructed a penalty term, Ri, to address this issue. Moreover, current bounding box losses are based on additive loss and follow the formula:
		(12)
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MPDIoU is introduced to enhance the accuracy and efficiency of bounding box regression. In traditional IoU, a rectangle is typically defined using the coordinates of its top-left and bottom-right corners. Inspired by the geometric characteristics of bounding boxes, MPDIoU was designed to directly minimize the distance between the top-left and bottom-right corners of the predicted and actual boxes. The algorithm for computing the loss function using MPDIoU is illustrated in the table referenced [39].
Table 5 Computing the loss function using MPDIoU[39]
[image: ]
MPDIoU retains the benefits of the existing IoU while simplifying computations, significantly reducing computational load. The creators of MPDIoU have experimented by replacing the original IoU in the YOLOV7 algorithm with the new MPDIoU as a core component, demonstrating its promising results. In this design, we attempt to integrate MPDIoU into the updated and more potent YOLOV8 algorithm, hoping that it synergizes well with YOLO, producing a superior "chemical reaction."
In the YOLOV8's metrics.py file, we created a new function named bbox_mpdiou, which is designed according to the MPDIoU loss function computation. We then imported bbox_mpdiou into the loss.py file of YOLOV8, commenting out the original loss function, and using the new loss function, effectively achieving the substitution of the loss function.
Utilizing MPDIoU aims to address the limitations encountered by traditional IoU when dealing with specific bounding box scenarios. With its exceptional generalization and adaptability, it enhances the regression of small objects towards their actual annotations, thereby improving the detection performance for smaller targets.
5. [bookmark: _Toc145671228]Result
To enhance YOLOv8's performance on small object datasets, we incorporated the P2 detection head and the CloFormer attention mechanism into the YOLOv8s model. Additionally, we replaced the original loss function in the network with MDPIoU. To validate the improved model's capabilities, we conducted multiple ablation and comparison experiments on the VisDrone2019 dataset and assessed the model's convergence and classification performance. The following provides a detailed overview of the experiments conducted on this dataset.
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To validate the convergence performance of the optimized model on the dataset, the following content compares the convergence of the YOLOv8s and YOLOv8s-improved models. The loss curves for bounding box loss, confidence loss, and class loss of both models are depicted in Figures 14 and 15. Additionally, this article also contrasts the convergence curves of four performance metrics: accuracy, recall, mAP@0.5, and mAP@[0.5:0.95].
[image: results]Convergence Curve of YOLOv8s on VisDrone2019
[image: results]Convergence Curve of YOLOv8s-improved on VisDrone2019
By examining the training processes of two models on the VisDrone2019 dataset's training and validation sets, it becomes evident that YOLOV8s-improved has significant improvements over YOLOV8s in terms of recall, mAP50, and mAP50-95, with enhancements of 3.3%, 3.8%, and 1.9% respectively. There is also around a 0.4% increase in precision. These results indicate the refined model's enhanced performance in small object detection, successfully detecting more small objects. However, it's essential to note that the improved network seems to exhibit a slightly higher loss than the original model. At 300 epochs, the train/box_loss, train/cls_loss, and train/dfl_loss of YOLOV8s-improved are approximately 0.2 higher than those of the original model. Inspecting the training curve reveals that while the original model's training loss continues to decline significantly towards the end of the training, the refined model's loss reduces more gently. Coupling this with the validation loss curves of both models shows that the original model quickly decreases its validation loss after training begins, reaching its lowest point around 130 epochs. Post this, the validation loss starts to rise, indicating overfitting in the latter stages. Conversely, the refined model's validation loss remains relatively stable, with no evident overfitting, showcasing its suitability for small object detection and better generalization abilities.
However, it's undeniable that the improved model's training and validation losses are higher than the original model. Possible reasons for these observed phenomena include:
· A discrepancy between optimization goals and evaluation metrics. The training loss function serves as the optimization goal, while mAP acts as the evaluation metric. Reducing loss doesn't always correlate with an increase in mAP, perhaps not entirely capturing desired performance measures.
· Integrating attention mechanisms allows the model to better incorporate contextual information but also increases the number of parameters. This might result in higher loss but potentially enables the model to perform more discriminatively in real-world detection tasks.
· Incorporating new detection heads complicates the model. Although it empowers the model to detect across varied scales, it escalates the loss.
· The novel structure might alter the training dynamics of the model, potentially necessitating further learning rate adjustments, regularization strategies, or hyperparameter tuning for optimal performance.
In summary, compared to the original model, the refined model demonstrates a slight boost in convergence and a considerable advantage in detecting smaller objects.
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Given that the VisDrone dataset comprises multiple categories, confusion matrices were generated on this dataset for both the original YOLOv8s and the YOLOv8s-improved to better analyze their classification performance. The results are illustrated in Figures 16 and 17. Observing these two figures leads to the following three conclusions:

[image: confusion_matrix_normalized][image: confusion_matrix_normalized]Confusion Matrix of YOLOv8s on VisDrone2019
Confusion Matrix of YOLOv8s-improved on VisDrone2019
1. Compared to YOLOv8s, the confusion rate of YOLOv8s-improved has decreased, with a significant increase in classification accuracy for each category. Notably, the "people" category witnessed the largest increase, improving by 6%. "Pedestrian" and "truck" improved by 5%, while "motor" saw a 4% rise. The "bus" category had the least growth, with only a 1% increase. Other categories experienced an increase ranging between 4% to 6%.
2. A primary factor impacting the model's performance is the omission of many targets. For YOLOv8s-improved, the likelihood of each category's target being predicted as the background has decreased. Specifically, the categories "pedestrian," "people," and "car" saw the most significant reductions, dropping by 6%, 6%, and 5%, respectively. The decrease for other categories ranged between 4% to 1%. This indicates a notable improvement in the overall performance of the enhanced model.
3. Owing to the imbalanced category distribution in the VisDrone dataset, there's a substantial difference in classification accuracy for each category. In the confusion matrix generated by YOLOv8s-improved, the "car" category boasted the highest accuracy at 71%, followed by "bus" at 48%. In contrast, the "bicycle" category had the lowest accuracy, standing at just 8%.
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The results of the ablation study on the VisDrone test set are presented in Table 6.


Table 6. Results of ablation experiments on the VisDrone2019 test set
	Method
	P
	R
	mAP@.5(%)
	mAP@.5:.95(%)

	YOLOv8s
	P2
	Clo
	MPDIoU
	
	
	
	

	✔
	
	
	
	45.8
	32.6
	30.5
	17.8

	✔
	
	✔
	
	45.4
	33.4
	31.7
	18.2

	✔
	
	
	✔
	45.9
	32.5
	31.0
	18.0

	✔
	
	✔
	✔
	45.8
	33.3
	32.0
	18.3

	✔
	✔
	
	
	45.7
	35.1
	33.4
	19.0

	✔
	✔
	✔
	
	47.2
	34.9
	34.0
	19.4

	✔
	✔
	✔
	✔
	46.2
	35.9
	34.3
	19.7


From the first three rows of the table, it's evident that by either solely incorporating the CloFormer attention mechanism or by switching to MPDIoU on the basis of YOLOv8s, there is an improvement in the mAP0.5 metric. The addition of CloFormer notably enhances the mAP, though there's a 0.4% decrease in Precision and a 0.8% increase in Recall. Using MPDIoU offers a stable PR metric while also elevating the mAP, indicating commendable effectiveness. As seen from the results in the fourth row, employing both mechanisms concurrently not only maintains the PR metric but also provides discernible improvements in both mAP@.5 and mAP@.5:.95, proving that their combined use yields superior outcomes.
From the 5th row of Table 6, it's clear that after introducing the P2 detection head, the model's precision decreased slightly by 0.1 compared to the original YOLOv8s, while the recall rate increased by 2.5%, mAP@.5 increased by 2.9%, and mAP@.5:.95 saw an increase of 1.2%. This indicates that adding the P2 detection head significantly enhances the model's performance, with evident improvements. One of the reasons for this improvement is the presence of many low-resolution, small objects in the VisDrone dataset. The original network missed detecting these due to their low resolution, impacting the overall performance. Introducing a detection head for smaller objects enhanced detection capability for low-resolution targets, increasing the number of detected objects and thus, improving performance metrics.
From the 5th and 6th rows of Table 6, it's clear that adding the Clo module on top of the P2 detection head effectively enhances model precision, with precision rising from 45.8 to 47.2. From the 5th and 7th rows, the mAP@.5 of YOLOv8s-improved(with all three improvements) is 0.9% higher than that of YOLOv8s-P2, and mAP@.5:.95 is 0.7% higher. This demonstrates that the combination of these three modules offers the best results.
The ablation results on the VisDrone dataset indicate that, despite the challenges of detecting small objects, the proposed improvements can still achieve the following results:
· The P2 detection head effectively enhances model performance.
· The combination of MDPIoU and Clo produces notably better results.
· YOLOv8s-improved offers the best performance, with its mAP@.5 on the VisDrone test set being 3.8% higher than YOLOv8s and mAP@.5:.95 being 1.9% higher than YOLOv5s.
Sample detection results of YOLOv8s, YOLOv8s-P2, and YOLOv8s-improved on the VisDrone dataset are shown in Figure 18. It's evident that YOLOv8s has difficulty detecting smaller-scale pedestrians and distant cars, missing many small targets. YOLOv8s-P2 improves on this, detecting some previously missed small objects. The most effective model is YOLOv8s-improved. Its bounding box placement is more precise, detecting even more minuscule targets. It can also correctly classify and recognize overlapping and low-contrast targets, showcasing superior detection capability for small objects.
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(a)YOLOv8s
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(b)YOLOv8s-P2
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(c)YOLOv8s-improved
Detection Performance of Different Models on VisDrone
The lightweight versions of TPH-YOLOv5, YOLOv6, YOLOv7, and YOLOX models were also reproduced on the VisDrone dataset. The comparative results of these four models with YOLOv8s-improved on the VisDrone2019 validation set are shown in Table 7. As inferred from the table data, the accuracy of YOLOv8s-improved surpasses other YOLO series algorithms, showcasing a distinct advantage in detecting small objects.
Table 7. Performance Comparison of Different Algorithms on the VisDrone Val Set
	Method
	P
	R
	mAP@.5
	mAP@.5:95

	TPH-YOLOv5
	46.0
	36.0
	35.7
	19.1

	YOLOv6
	47.0
	40.1
	37.4
	21.9

	YOLOv7
	44.1
	37.7
	34.6
	18.0

	YOLOX
	49.8
	40.0
	39.7
	22.1

	YOLOv8s-improved
	53.5
	43.9
	44.9
	27.0



The performance comparison of the aforementioned five models on the VisDrone2019 test set is presented in Table 8. From the table, it's evident that the overall performance of the improved model outperforms the other algorithms. Compared to TPH-YOLOv5, YOLOv6, YOLOv7, and YOLOX, the mAP@.5 of YOLOv8s-improved has increased by 4.3%, 1.7%, 3.8%, and 1.9%, respectively. Furthermore, its mAP@.5:.95 is higher by 3.4%, 0.1%, 3.6%, and 1.6% compared to the other four YOLO series models respectively.
Table 8.Performance Comparison of Different Algorithms on the VisDrone Test Set
	Method
	P
	R
	mAP@.5
	mAP@.5:95

	TPH-YOLOv5
	41.9
	30.6
	29.1
	15.1

	YOLOv6
	45.1
	35.1
	31.7
	18.4

	YOLOv7
	41.3
	33.6
	29.6
	14.9

	YOLOX
	44.2
	34.0
	31.5
	16.9

	YOLOv8s-improved
	46.2
	35.9
	34.3
	19.7


Figure 19 compares the visualization results of YOLOv8s-improved with other models on the VisDrone dataset. From the images in the left column, it's evident that YOLOv7 and TPH-YOLOv5 can hardly detect the densely arranged vehicles on both sides of the road. These two models exhibit poor performance when detecting occluded and overlapping small objects. Observing the detection images in the right column, it's clear that the missed detection phenomenon is quite prevalent in other comparative algorithms. Only YOLOX manages to detect the pedestrians within the red detection box. However, YOLOX misses out on detecting a majority of the vehicles. In contrast, the improved model can detect more pedestrians of smaller sizes and parked vehicles.
In conclusion, in aerial images where the field of view is broad and targets are generally smaller, YOLOv8s-improved demonstrates the best detection performance. This model can detect a higher number of densely packed small objects, and its classification performance is also commendable.
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(e)YOLOv8-improved
Comparison of detection results on the VisDrone2019
6. [bookmark: _Toc145671232]Conclusion
Detecting small objects is a challenging subject due to the high requirements for algorithm performance. On the one hand, in distant views with large backgrounds, the resolution of objects is typically small. This means that neural networks often extract fewer useful features from the object, resulting in significant detection omissions. On the other hand, many images contain abundant similar features. This similarity, combined with noise and complex backgrounds, exacerbates the frequency of incorrect detections.
To enhance the YOLOv8 algorithm's performance on small object datasets, we optimized the YOLOv8s network structure in three main areas:
We changed the three-scale detection to four-scale detection. The original YOLOv8 model has a larger receptive field for small object detection, often overlooking the position information of small targets. To address this, we added a detection head with a 4x down-sampling rate, reducing the local receptive field for small object detection and allowing the network to identify even smaller objects. The YOLOv8s-P2 model integrates a larger scale feature map and conveys more low-level geometric information, improving feature representation, and aiding in small object position prediction. With all four detection heads working concurrently, multi-scale detection capabilities are enhanced. On the VisDrone2019 test set, YOLOv8s-P2 achieved an mAP@0.5 that was 2.6% higher than YOLOv8s.
We incorporated the EfficientAttention attention mechanism from CloForm. By integrating EfficientAttention into YOLOv8s's C2f module, the network can suppress irrelevant information, focus more on small objects, and enhance feature expression while improving accuracy in small object localization. Experimental results on the VisDrone2019 test set showed that YOLOv8s-Clo performed 0.7% better than YOLOv8s.
MPDIoU was introduced to YOLOv8s, replacing the network's original IoU. This metric fully considers the geometric features of horizontal rectangles, including overlapping or non-overlapping areas, centroid distances, and variations in width and height. It addresses the traditional IoU's shortcomings in dealing with certain boundary box issues and offers better generalizability. On the VisDrone2019 test set, YOLOv8s-C2f-Clo-MPDIoU outperformed YOLOv8s by 0.8%.
The improved models consistently showed promising detection results on the VisDrone2019 dataset. In comparison tests with mainstream networks like YOLOv6 and YOLOv7, YOLOv8s-improved had clear advantages. This demonstrates the efficacy of our proposed enhancements in bolstering YOLOv8's capabilities in small object detection.
Although optimizing the YOLOv8s network structure effectively enhances small object detection capabilities, there's room for further improvements. For future research to further boost algorithm performance, we propose the following directions:
One main reason for missed or incorrect detections is the small resolution of tiny objects and the lack of distinct features. Using high-resolution samples for model training could fundamentally address the deficiency of information in small objects.
Natural images often feature considerable occlusions, especially in small object datasets where objects are densely packed and overlapping. Improving the algorithm's detection performance in these scenarios is crucial.
Given the swift speed and compactness of YOLOv8s, further lightweight processing of the improved model is feasible. This could facilitate deployment on hardware devices for real-time object detection.
We hope to further advance this research in the future and provide insights for other researchers in the methodology of small object detection.
7. [bookmark: _Toc145671233]Reflection
In my recent endeavor to enhance the small-object detection algorithm, I garnered a wealth of insights and knowledge. From pinpointing the research direction to conducting an exhaustive literature review, I developed a clear understanding of the current state and major challenges in small-object detection. The journey of delving into others' works opened up expansive avenues of thought and bestowed upon me a multitude of inspirations. While devising the research methodology, I gained profound revelations about the angles, methods, data collection avenues, and data analysis strategies. Subsequent to analyzing project requirements, I adopted a state-of-the-art strategy, opting for the latest YOLOv8 detector. Through studying and researching it, I grasped the principles and processes of object detection and tailored enhancements specifically for small-object detection based on its network architecture. The process of designing this new structure significantly augmented my comprehension of deep learning. It was a manifestation of applying theoretical machine learning knowledge in a real-world project, reinforcing theoretical understanding through practical application.
Admittedly, there were challenges. The intricate codebase of YOLOv8, voluminous as it was, demanded a considerable investment of my energy to decipher. Furthermore, during the implementation of the Clo-C2f module, I encountered numerous bugs. Yet, with persistent debugging and rectification, I eventually achieved the optimization.
In discussions and result analysis, I endeavored to design experiments from varying perspectives and to dissect the outcomes with thorough analysis. The project wasn’t without its imperfections; hardware and time constraints led to a less diverse experimental design and limited validation datasets for the enhanced algorithm. Perfection wasn't achieved, but I've come to realize that nothing truly is. It's the imperfections that drive us to persistently strive for better, enabling us to continuously hone our skills. In summary, this academic expedition will forever be a treasured chapter in my life's journey. I extend my heartfelt gratitude to my supervisor for his invaluable guidance, which saved me from numerous detours. Lastly, I wish for a brighter tomorrow for us all.
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