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[bookmark: _Toc11850]Introduction 
Object detection's task is to identify the things in the input image that are important to us and determine their locations. In the area of Computer Vision (CV) applications, it is the most popular and difficult subject. It is extensively employed in crucial industries such improved virtual reality, smart cities, architectural design, and smart healthcare.
The advancement and enhancement of Convolutional Neural Networks (CNN) like LeNet[1], VGG[2], Inception[3], ResNet[4], have led to significant improvements in the accuracy and speed of popular object detection algorithms based on CNN. These improvements have yielded excellent outcomes on conventional datasets such as MS COCO, PASCAL VOC.
Object detection algorithms have made significant strides thanks to the quick advancements in artificial intelligence and computer hardware, and related research findings have also greatly improved people's daily lives. Object detection technology, for instance, is essential to the support of self-service checkout in supermarkets and the monitoring of traffic infractions. The monitoring of important locations may also be increased by face detection technology to strengthen security maintenance.
Although the neural network related to target detection can meet many realistic application scenarios at this stage, and  researchers have made remarkable achievements in the detection of large and medium-sized objects,in some specific application scenarios, we need better object detection algorithms to satisfy the requirements. For example, in some autonomous driving  scenarios, the detection task not only requires the algorithm to be able to detect objects on the road in real time, perceive the road environment and react to the vehicle in time, but also requires the algorithm to be able to detect things in some special situations, especially some smaller objects that may be ignored by the driver. The object detection algorithm that can meet this requirement can be used to guarantee the well-being of both motorists and pedestrians in self-driving vehicles. In addition, in the field of spaceflight, when we take pictures of satellite images through satellite-mounted cameras, due to the distance factor, the captured objects in the picture are basically far smaller than the normal size[5].
There is a pressing requirement for a small object detection algorithm that can cater to the demands of the application scenario as soon as possible. Usually, the following difficulties will be encountered when performing target detection in this type of scene[6]:
(1) In some scenarios, the object to be detected is difficult to be utilized or captured by the object detection network due to the small scale[7], blurred target image and detailed information.
(2) In some scenes, due to the long shooting distance[5], the size of the object to be detected is small, and there will also be a phenomenon that the object is occluded[8]. In addition, due to the limitations of the equipment, the shooting angle changes[9] and the screen brightness difference[10]. And other problems also make the design of small target detection algorithm more difficult.
Although there are many difficulties in small object detection technology, it has great research value and promising applications. There are also problems that need to be solved and further improvements are urged, which has driven many researchers to devote themselves to the research of the detection of small object.
The detection of small objects is challenging due to the dense arrangement of objects in the small image, the diversity of target shapes, and the presence of significant noise. As a result, many algorithms struggle to achieve effective detection results for small objects. In response to this phenomenon, after comparing the performance of many classic target detection algorithms, this paper finally chose YOLOv5s, a lightweight version of YOLOv5, as the benchmark model. By optimizing its network architecture, the model's ability to detect small objects was enhanced. Our objective is to assess the improved model's performance on both the TinyPerson dataset and the VisDrone2019 dataset.
 
[bookmark: _Toc20034]Research Aim 
To address the challenges of detecting small objects, the standard network has been enhanced to better cater to the requirements of small object detection tasks and enhance the model's ability to recognize diminutive entities.

[bookmark: _Toc26405]Research Objectives 
Below are the details of the project's goals, as outlined by the four objectives:
· Examine the most recent literature to gain a deeper comprehension of the small object detection application domain and technical challenges.
· Conduct research on both classical algorithms and neural networks that are suitable for detecting small objects.
· Improve and optimize an algorithm to increase the model's effectiveness in detecting small objects
· Use public datasets to assess the model's performance on identify small objects.
 
 	 
[bookmark: _Toc9035]Literature Review  
Scholars have conducted extensive research in the gradual transition from detecting large and medium-sized targets to detecting complex small targets. These research can be broadly classified into two categories: traditional methods that rely on manually designed features, and deep learning algorithms that utilize neural networks to extract intricate features.This section will explore the subject of target detection from two levels of traditional methods and algorithms based on deep learning.
[bookmark: _Toc18135] Traditional Object Detection Algorithms
The traditional target detection algorithm generally involves the following main steps:
1.Preprocess the input image. To perform operations such as denoising, edge detection, image grayscale, etc. 
2.Slide small windows of multiple scales on the target image to construct the candidate area.
3.Extract the features of the candidate area and select a representative feature vector.
4.Classify the features. 
5.Perform post-processing operations. Through non-maximum value suppression (NMS)[11], Weighted Box Clustering (WBC) and other methods filter out redundant detection boxes. 
Figure 2.1 illustrates the detailed operational process of the conventional target detection algorithm.
Figure 2.1[image: 传统目标检测算法]   Traditional target detection algorithm flow chart
In the past, object detection algorithms relied on feature extractors designed manually to extract image features. These feature extraction methods included  Histogram of Oriented Gradient (HOG) [11],Haar-like features (Haar-like features, Haar )[12], Local Binary Pattern (LBP)[13], etc. Traditional classifiers include Support Vector Machine (SVM) [14], AdaBoost [15] ,etc. The main detection algorithms in this period are as follows:
(1) VJ detector[12]. In 2001, P. Viola and M. Jones introduced the VJ detector for detecting faces in real-time, which was a significant advancement in the history of face detection technology. Despite being more efficient than other algorithms of its time, the VJ detector required scanning the image globally using sliding windows of varying sizes, resulting in a massive amount of computation. This computation far exceeded the available computing power of that era.
(2) HOG detector [11]. In 2005, the HOG detector was introduced by N. Dalal and B. Triggs as a solution for pedestrian detection. Since its inception, the HOG detector has played a significant role in the development of numerous target detectors. Specifically, utilizing HOG features along with SVM classifiers has emerged as a widespread method in image recognition assignments.
(3) Deformable Parts Model (DPM) [16]. The DPM algorithm was first published by P.Felzenszwalb et al. in 2008, and later R.Girshick performed a series of optimization operations on it[17, 18]. The originally proposed DPM algorithm is an extension of the HOG detector, which combines the improved HOG features with the SVM classifier to achieve detection purposes.n The DPM algorithm is one of the most successful detectors in traditional methods, and it is used as a benchmark model for many algorithm improvements.
The conventional target detection algorithm system comes with a relatively high cost. The model's training procedure is subject to multiple unpredictable variables, which can lead to an algorithm that is less consistent. Currently, its capabilities fall short in dealing with target detection tasks in intricate environments, especially in the detection of small targets where it shows significant limitations. Conversely, it performs exceptionally well in detecting small targets.
[bookmark: _Toc20198]Deep learning-based algorithm for object detection
With the advancement of camera equipment and the fast-paced advancement of Internet media, massive images and videos exist on the network, and traditional algorithms based on manual features is inadequate for the demands of big data environments. Therefore, researchers have gradually shifted their attention to deep neural networks, and CNN, which were once limited by hardware resources, have also returned to the public eye. As shown in Figure 2.2, it shows the birth time and latest research results of some classic CNN.
[image: ]Figure 2.2   The development history of CNN
In 2012,the birth of AlexNet[1] marked a major milestone in the field of computer vision, as it achieved a significant breakthrough by winning the championship of the ILSVRC image classification track with an unparalleled advantage. Its exceptional performance surpassed that of conventional machine learning algorithms, ushering in a new era of deep learning. Consequently, the emergence of AlexNet sparked a surge of interest and development in the field of computer vision. After that, many deeper neural networks have been proposed one after another. In 2014, the Oxford University team proposed VGG [2]. VGG uses a 3×3 small convolution kernel instead of a large convolution kernel, which not only effectively reduces  number of parameters significantly but also boosts the network's nonlinear expression capability. Compared with AlexNet, VGG has a deeper network and better performance. Compared with GoogLeNet[3] proposed in the same year, VGG has a simpler structure, mainly comprised of convolutional layers and pooling layers, and has better portability. GoogLeNet performs better than VGG in classification tasks. To enhance the algorithm's efficiency even more, its team has carried out a series of optimization operations on the core module Inception of GoogLeNet, and launched multiple versions of GoogLeNet [19-21].
In 2015, et al. proposed ResNet[4]. The residual structure proposed by ResNet can greatly improve the ability to fit data of the neural network on the premise of ensuring the depth of the network, and effectively alleviate the problem of performance degradation of the deep network. Then G.Huang et al. proposed DenseNet[22]. By reusing features from all previous layers as input to the current layer, this network not only reduces the number of parameters but also effectively mitigates the issue of gradient vanishing. Later, J. Hu et al. proposed SENet[23]. This network does not improve network performance from the spatial dimension like other networks, but starts with the relationship of feature channels in a new way, which arouses people's attention to channel attention. SENet generates different weights for each channel to focus on the features of important channels and suppress the features of unnecessary channels. After 2017, researchers began to study models suitable for mobile devices, and a series of lightweight models with better performance appeared such as MobileNet[24, 25], ShuffleNet[26, 27], SqueezeNet[28].
The advent of AlexNet's proposal marked the beginning of the deep learning era and initiated a new phase in object detection during a challenging period. With the powerful learning and feature expression capabilities of deep neural networks, these models can automatically acquire more sophisticated features and contextual information, effectively compensating for the limitations of traditional object detection algorithms that can only extract shallow features like color and texture. As a result, numerous researchers began investigating the use of deep convolutional neural networks in object detection tasks, leading to the emergence of several high-performance algorithms and triggering a rapid advancement in the field of object detection. Deep learning-based object detection algorithms can be broadly categorized into two types: two-stage algorithms using candidate regions and one-stage algorithms based on regression. Figure 2.3 illustrates the development history of these two types of algorithms.






[image: tempsnip]Figure 2.3   Development history of object detection algorithm based on DL
(1)Two-stage target detection algorithm
The R-CNN series is the primary representative of the two-stage target detection algorithm. It was proposed by R. Girshick et al. in 2014[29], marking the first time that a convolutional neural network was utilized to address target detection tasks. R-CNN initially generates multiple candidate areas that are potentially indicative of targets, and subsequently leverages a CNN to extract the features of each candidate area. These features are then fed into an SVM classifier to determine the class of the object, and finally, a regressor is utilized to rectify the position of the candidate frame. Although R-CNN has significantly improved the accuracy of target detection compared to traditional methods, its model training time is extensive, it has a large space consumption, slow detection speed, and is prone to loss of image information.
He et al. proposed a spatial pyramid pooling network (Spatial Pyramid Pooling Network, SPP-Net)[30] to make up for the shortcomings of R-CNN. The proposal of the SPP layer enables the network to not only support image input of any size, while also facilitating multi-scale training. SPP-Net's detection speed has increased in comparison to R-CNN, but its efficiency is still poor because the model is being trained in phases.
In 2015, R. Girshick et al. Introduced Fast R-CNN[31] on the basis of R-CNN and SPP-Net. The model enters the fully connected layer for classification and frame regression after simplifying the SPP layer and obtaining the feature map of the candidate region of a particular size using Region of Interest Pooling (RoI Pooling). Fast R-CNN utilizes the Softmax classifier in place of the SVM classifier and combines the classification loss with the bounding box regression loss for training.
The above algorithms all use Selective Search (SS) to obtain candidate regions, which is time-consuming. Moreover, when generating the feature map of the candidate area, the features extracted by the feature extraction network cannot be shared, which wastes computing resources. Then R. Girshick and others solved the above problems in the proposed Faster R-CNN[32]. The Region Proposal Network (RPN) and the Anchor mechanism are suggested by the author as a way to produce candidate boxes quickly. Additionally, the RPN network receives the features gleaned from the backbone network at the same time as the succeeding network layer, thus realizing the sharing of convolutional features. Faster R-CNN is the first algorithm closest to real-time target detection, which has substantially accelerated the evolution of  object detection. But because the model can only make predictions on the top layer of feature maps, it has a poor detection performance for small objects with little data.
After Faster R-CNN, researchers mainly focused on improving the classification and positioning capabilities of the model, and successively proposed a series of optimization algorithms. In 2016, R-FCN[33] was introduced by Dai et al. , which is sensitive to object position changes. The network introduced a fully convolutional network (Fully Convolutional Network, FCN) in Faster R-CNN to implement convolution operations. shared with the intention of decreasing the quantity of calculation and accelerating the model. In 2017, He et al. combined Faster R-CNN and FCN, and proposed the Mask R-CNN[34] algorithm for pixel-level segmentation, which integrates classification, regression, and segmentation. The issue of pixel deviation brought on by two quantizations in the RoI Pooling layer is resolved by the region of interest alignment layer (RoI Align) suggested in Mask R CNN. In order to solve the problem of model overfitting and IoU mismatch during inference, Cai et al. proposed Cascade R-CNN[35] in 2018. The network uses a cascaded R-CNN structure to optimize the detector. Training the detection model that makes up the network in stages on positive and negative samples with different IoU thresholds, that is, the detectors of each stage are based on the previous stage output for training.
(2) One-stage target detection algorithm
In 2016, Joseph Redmon et al. introduced YOLO (You Only Look Once)[36], which is a one-stage algorithm that can satisfy real-time requirements and is more efficient than the two-stage algorithm. However, its accuracy is not on par with the two-stage algorithm. This algorithm formulates the detection task as a regression problem and creates a precedent for one-stage target detection. Although YOLO runs fast, it has a low recall rate and is not effective for small target detection. In the following year, Joseph Redmon and others launched YOLO9000[37]. As the name suggests, the model can detect more than 9000 different types of targets. After a series of improvements, the detection speed and accuracy of YOLO9000 are significantly improved compared with YOLO. In 2018, Joseph Redmon et al. launched YOLOv3[38]. The network uses the deeper DarkNet-53 to extract image features, and the model can detect on feature maps of multiple scales, Enhancing the capability of detecting small object.
In 2020, YOLOv4[39] and YOLOv5 appeared one after another. YOLOv4 replaced the backbone network with CSPDarkNet53; the Neck part introduced SPP (Spatial Pyramid Pooling) to enlarging the receptive field, and added PAN (Path Aggregation Network) based the FPN (Feature Pyramid Networks) module of YOLOv3[40] module to better fuse feature map information at different scales. Additionally, YOLOv4 incorporates numerous optimization techniques, considerably enhancing detection speed while maintaining detection accuracy. Subsequently, YOLOv5 made a series of improvements to YOLOv4. Based on the YOLOv5l model, multiple versions of the YOLOv5 model were launched. Compared with YOLOv4, YOLOv5 takes up less memory, is easier to deploy, and is faster. At present, the YOLO series of algorithms are still developing.
In addition to the YOLO series of algorithms, some excellent one-stage target detection algorithms have been proposed one after another. The Single Shot Multibox Detector (SSD)[41] was developed by Liu et al. This multi-category detector integrates the strengths of Faster R-CNN and YOLO. According to the creators of RetinaNet [42] the inferior accuracy of one-stage object detection algorithms is largely due to the imbalance of sample categories.To address this issue, the authors introduced the Focal Loss function, which reduces the number of easily classifiable negative samples in the loss calculation. In 2019, Tan and colleagues proposed EfficientNet, a highly efficient model that employs the compound model scaling technique to enhance the model's speed and detection accuracy across three dimensions of network depth, width, and input image resolution.
Both the two-stage and one-stage target detection algorithms have their respective strengths and weaknesses. As research continues, researchers have started integrating some of the excellent ideas from the two-stage algorithm into the one-stage algorithm to enhance the detection speed while maintaining high accuracy.
[bookmark: _Toc11921]Small target detection method 
Small targets can be defined in two ways: relative scale and absolute scale. Relative scale is defined based on the proportion of target pixels in the image. According to the SPIE organization, if the proportion of target pixels to the total pixels of the image is less than 0.12%, it is considered a small target. Additionally, the aspect ratio of the target border to the image width and height can also be used to define small targets, with objects having an aspect ratio smaller than 0.1 identified as small targets. Absolute scale, on the other hand, defines small targets in terms of the absolute number of pixels in the target, which varies across different datasets. For example, the COCO dataset defines objects with a resolution less than 322 pixels as small objects. In the TinyPerson dataset, targets ranging from 20 to 32 pixels are considered small, and those ranging from 2 to 20 pixels are classified as tiny targets.
The detection of small object is challenging, resulting in many algorithms performing poorly on small objects compared to large and medium-sized targets. There are several reasons for this. Firstly, small objects have bad resolution and limited information, leading to fewer effective features being extracted by neural networks. Secondly, small targets take up only a small portion of the image and can be easily disrupted by background noise, requiring high precision in the algorithm's positioning capabilities. Finally, it is challenging to label small objects, and training data is often limited, leading to poor generalization of the model. To address these issues, researchers have proposed various solutions, such as multi-scale learning, anchor-free mechanisms, and generative confrontation learning. Research has demonstrated that these approaches can enhance the detection of small objects to a certain degree.
A widely used technique for enhancing the algorithm's ability to detect small targets is multi-scale learning. The HyperNet algorithm [43], introduced by Tsinghua University in 2016, presents a research direction for small object detection by leveraging shallow features and high-level semantic features to enhance target positioning accuracy. Feature Pyramid Networks (FPN) was introduced by Lin et al. in 2017 as an efficient feature extractor that addresses the issue of insufficient information about small targets in deep feature maps. FPN combines feature information from multiple scales to construct a feature pyramid structure of varying sizes, which is used to predict each layer of feature maps individually. By upsampling the deep feature map with a small resolution and then fusing it with the shallow feature map, FPN significantly enhances the detection of small targets.
The anchor-free mechanism refers to a method that directly converts the target detection task into key point estimation without presetting the prior frame on the image, mainly including two methods based on corner point detection and center point detection. The anchor box design can make it challenging for the algorithm to detect small targets, which has led to increased interest in studying small object detection using anchor-free mechanisms. Law et al. presented the CornerNet algorithm in 2018, which is based on corner detection [44]. The algorithm predicts the upper-left and lower-right corners of each target using a heat map, and then matches the same target by embedding the detected corner coordinates into a vector. Finally, the algorithm adjusts the corner position using the offset to obtain the target bounding box. However, CornerNet tends to ignore internal target information. To address this issue, Duan et al. proposed the CenterNet algorithm, which first predicts the position of the upper-left corner, lower-right corner, and center point of the target. Then, the algorithm performs corner matching to determine the bounding box and uses the central key point to eliminate incorrect bounding boxes. Zhou et al. subsequently proposed modeling the target as a point for prediction utilizing keypoint estimation. Specifically, the algorithm predicts the center point of each target and regresses attributes such as size and orientation at the center point of the object..
Generative Adversarial Networks (GAN) were initially introduced by Goodfellow et al. In GAN, the generator uses random noise to create synthetic data, while the discriminator's role is to classify input data as either real or synthetic. The generator and the discriminator promote each other and improve together in the game process, and after many iterations, they finally reach an equilibrium state. Because GAN can generate data with a high degree of similarity to real data, it can alleviate the false detection phenomenon caused by a great deal of similar features in small object images. When it is applied to small target detection tasks, initial success has been achieved. Li et al. subsequently introduced the Perceptual Generative Adversarial Network (Perceptual GAN) for improving small object detection. The generator of the network maps small target features to features similar to large targets, which enhances the feature expression ability of small targets. Through adversarial learning, both the discriminator and the generator in Perceptual GAN are able to differentiate between the representations produced by the generator and the original large target features. Moreover, the generator is designed to meet the perceptual requirement that the generated representation should be conducive to small target detection. In 2018, Bai et al. proposed an end-to-end Multi-Task Generative Adversarial Network (MTGAN) [45]. The network feeds a low-resolution image into a generator, generates a super-resolution image, and then feeds it into a multi-task discriminator, which simultaneously distinguishes between real and generated super-resolution images. The performance of the algorithm for detecting object targets can be enhanced by MTGAN by converting fuzzy small targets into clear ones and enhancing the extraction of small target features.
  	 
[bookmark: _Toc30782]Method
Research methodology is fundamental to the conduct of scientific research as it is a systematic and organised approach to identifying problems, collecting data, analysing results and drawing conclusions. The validity, reliability, and reproducibility of research are directly impacted by the methodological choices and practices used. Correct research methods ensure the quality and accuracy of data and avoid bias and misinterpretation, while enhancing the credibility and reliability of conclusions. Research methods are therefore crucial to the success and outcome of any study, and it is only through correct research methods that researchers can obtain sufficient evidence and information to support their research hypotheses and draw conclusions.
[bookmark: _Toc12447]3.1 Methodology
Quantitative analysis and qualitative analysis are two different approaches in research methodology. Quantitative analysis is a research method based on mathematics and statistics, which reveals the internal laws and relationships of things by collecting, organizing and analyzing a large amount of data. Qualitative analysis is a research method based on interpretation and understanding, which explores the essence and meaning of things by collecting, organizing and interpreting non-digital data such as text, images, and sounds.
This article adopts a combination of quantitative and qualitative analysis methods. To begin with, this article delves into a theoretical analysis of prevalent object detection algorithms like Faster R-CNN, SSD, and YOLO, etc., compares their characteristics in object detection, and summarizes their advantages and disadvantages to determine the direction of optimization. Then analyze and compare the characteristics and difficulties of small object detection, optimize the algorithm by focusing on aspects such as feature extraction, feature fusion, lightweight design, heavy parameters, and more, with the aim of enhancing the model's ability to detect small targets.
After that, experiment approach is used to improved detection algorithm. We conduct the experiment with the fixed data set on a public data set with credibility, trying out various network structures, and make the network structure the independent variable and the performance of the dataset the dependent variable. The test results are compared with those of other well-known algorithms to demonstrate the superiority of the modified algorithm using metrics like accuracy rate and other indicators.
[bookmark: _Toc6385]3.2 Data Collection
This paper intends to use public datasets, which refer to datasets that can be widely obtained and used, and are usually created and shared by governments, academic institutions, non-profit organizations, communities, and other institutions or individuals. These datasets comprise diverse data types, including text, images, audio, video, geospatial data, and more, and can be used in various research, analysis, and application fields. This paper intends to use a dedicated small object detection data set. Since the data is collected and processed by a professional team, the data quality is relatively high and has credibility, which can better verify the improved algorithm.
[bookmark: _Toc30347][bookmark: _Toc34127]3.3 Ethical Reflections 
This project raises minimal ethical concerns since it does not entail privacy or copyright issues. All data used is open source data uploaded to the internet by the relevant research team, and permission has been obtained for the people or objects appearing in the images of the dataset. All data used is for experimental and academic purposes and does not involve commercial or other unauthorised use. The relevant ethics forms have been submitted together with this submission.
[bookmark: _Toc31042]3.4 Planning
This chart serves as a visualization of the project timeline, which may be subject to corresponding adjustments as the project progresses, but overall the project will be carried out based on this plan.
[image: gantt]Figure 3.1   Project Timeline


[bookmark: _Toc16634]Result
The datasets used in this paper include: TinyPerson and VisDrone2019 datasets.
TinyPerson is a dataset of aerial imagery specifically designed for human object detection, taken from the shoreline, to detect pedestrians on the beach for quick rescue operations at sea. Due to the wide view of the aerial photography, some of the images feature a substantial quantity of objects, and most of the objects are below 20 pixel resolution, so the dataset effectively represents the capability of the model to identify individuals in long-distance video monitoring. Within the dataset, there are a total of 1610 labeled images, with 794 assigned to the training set and 816 to the test set. There are a total of 72,651 hand-labelled instances, with two categories: people at sea and people onshore. In the TinyPerson dataset, people are densely distributed, in a variety of poses, and there is target occlusion and overlap, making it challenging to detect tiny targets in these long-range, large background images.
VisDrone2019, a vast collection of images obtained by the AISKYEYE team from Tianjin University, encompasses a diverse range of UAV models. The images were taken under different light intensities and weather conditions, both day and night, and some images were taken under cloudy and foggy conditions. There are a total of 8,629 images in the VisDrone dataset, comprising 6,471 training images, 1,610 test images, and 548 validation images. The dataset contains 10 distinct object categories, and has a dense object distribution with a large number of overlaps, with dozens or even hundreds of objects in a single image. In addition, the UAV's downward-facing camera is prone to deformation due to the changing angle of the target, making it difficult to detect small targets on this dataset.
In this article, our primary focus is to enhance the current small object detection algorithm by designing a specialized algorithmic model that caters to the unique characteristics and challenges of small object detection scenarios. We will evaluate the performance of this model using a specific dataset and assess the results using various performance metrics. Additionally, we will compare the results with other mainstream models to gauge the model's detection capability and accuracy. Ultimately, our aim is to verify the feasibility of the proposed model.
[bookmark: _Toc21224]Evaluation
The significance of studying object detection lies in its potential applications in various fields, including surveillance, autonomous driving, robotics and medical imaging. Small objects such as pedestrians, animals and traffic signs are essential in these applications and their accurate detection is vital for safety and efficiency.
However, detecting small objects is challenging due to their small size, low contrast and occlusion. Most existing object detection methods are designed to detect large objects, while performing poorly at detecting small objects. Therefore, by altering the conventional object detection algorithms and devising a technique that can detect small objects with precision and speed, the performance of these applications can be significantly boosted.
As datasets grow in size and scenes become more complex, the importance of detecting small objects becomes even more apparent.  With the increasing popularity of high resolution images and video, the detection of small objects is becoming increasingly important. Therefore, research into small object detection methods can help address this need.
Overall, research into small object detection is important because it can lead to the development of more reliable and efficient systems for a variety of applications, ultimately improving the quality of life and safety for individuals and society as a whole.
In this project, our goal is to enhance the accuracy of small object detection by refining the traditional network model through a combination of literature review and experimentation.After optimizing the model, it is anticipated that there will be an improvement in the success rate for small object detection and a reduction in the rate of missed detection. This improvement is likely to lead to the development of new ideas and methods for small object detection, facilitating its better application in various aspects of life and industry. In the research process, possible ethical risks have been eliminated and the data used have been approved without ethical problems. Timing will be carefully planned through a strict Gantt chart to ensure that the study meets its predicted deadlines. The risk of delay can also be avoided by conducting the study early.
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