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Abstract: Small object detection is a fundamental yet 

challenging problem in computer vision, with significant 

applications in areas such as autonomous driving, 

surveillance, medical imaging, and remote sensing. 

Detecting small objects is inherently difficult due to their 

low resolution, poor feature representation, and 

vulnerability to occlusion and background noise. 

Traditional object detection models often underperform 

in this context, primarily due to scale variance and the 

imbalance of small objects in training datasets. Despite 

these advances, small object detection still faces 

challenges in achieving robust generalization, real-time 

performance, and interpretability. This paper provides an 

overview of current methods, highlights the persistent 

limitations, and explores future directions for research to 

improve the accuracy and efficiency of small object 

detection systems in real-world scenarios. 
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1. Introduction: 

Small object detection is a critical yet challenging area in 

computer vision, with applications in surveillance, 

autonomous driving, medical imaging, and remote sensing. 

The task involves identifying and classifying objects that 

occupy a relatively small number of pixels in an image, often 

in cluttered or low-resolution scenarios. Despite 

advancements in object detection algorithms, small object 

detection remains a bottleneck due to issues such as low 

feature representation, scale variance, and occlusion. 

 

2. Challenges 

1. Scale Variance: Small objects often appear at 

different scales depending on their distance from the 

camera. Standard convolutional neural networks 

(CNNs) struggle to generalize effectively across 

scales. While multi-scale training and data 

augmentation help, they are not always sufficient. 

2. Low Resolution and Detail: Small objects have 

fewer pixels, making it difficult to capture fine 

details. This often leads to poor feature 

representation and lower detection accuracy. 

3. Clutter and Background Noise: Small objects are 

more likely to be confused with background textures 

or occlusions, further complicating the detection 

task. 

4. Imbalance in Training Data: Most datasets are 

skewed toward larger objects, making small object 

detection a less emphasized task during training. 

 

3. Advances in Small Object Detection 

Several innovations have addressed these challenges: 

1. Feature Pyramid Networks (FPNs): FPNs 

enhance multi-scale feature representation by 

combining low-level and high-level features. This 

has proven effective for small object detection by 

leveraging fine-grained details from early layers of 

CNNs. 

2. Super-Resolution Techniques: Upsampling 

strategies, such as those used in generative 

adversarial networks (GANs), enhance the 

resolution of small objects before detection. This 

pre-processing step has shown promise in improving 

accuracy. 

3. Anchor-Free Detectors: Models like FCOS and 

CenterNet eliminate the reliance on predefined 

anchor boxes, which are often ineffective for small 

objects due to their size mismatch. 

4. Attention Mechanisms: Incorporating attention 

modules helps focus on regions of interest, 

improving the model's ability to distinguish small 

objects from background noise. 

5. Data Augmentation: Synthetic data generation, 

along with targeted augmentation strategies like 

random cropping and resizing, increases the 

representation of small objects during training. 

 

4. Techniques for Enhancing Small Object Detection 

Several strategies have been developed to address these 

challenges: 

1. Multi-Scale Feature Fusion: Models like Feature 

Pyramid Networks (FPN) and architectures 

leveraging multi-scale feature maps help retain fine-

grained features for small objects. 

2. Super-Resolution Techniques: Pre-processing steps 

such as upscaling small object regions using super-

resolution methods can improve feature extraction. 

3. Data Augmentation and Synthesis: Techniques like 

oversampling, random cropping, and using 

generative adversarial networks (GANs) to create 

synthetic small object instances improve model 

training. 

4. Attention Mechanisms: Attention modules can 

highlight regions of interest, enabling the model to 
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focus more on small objects in cluttered 

backgrounds. 

5. Loss Function Customization: Loss functions such 

as focal loss help mitigate the impact of class 

imbalance by assigning higher weights to hard-to-

detect small objects. 

 

5. Applications 

Small object detection finds use in a variety of domains: 

• Autonomous Vehicles: Detecting pedestrians, 

traffic signs, and other small but critical objects in 

complex environments. 

• Surveillance: Identifying unauthorized drones or 

tracking individuals in large crowds. 

• Remote Sensing: Detecting small vehicles, ships, or 

wildlife in satellite or aerial images. 

• Medical Imaging: Identifying tiny abnormalities, 

such as tumors or polyps, in diagnostic scans. 

 

6. Related Work: 

In the study by Habibi et al. [18], tracking was integrated with 

a super-resolution technique wherein a high-resolution image 

was created from multiple low-resolution images. Given that 

super-resolution enhanced the visual quality of small objects, 

the process provided more tracking information, thereby 

increasing precision. The tracking process was then 

conducted through an adaptive Particle filter, as proposed in 

Huang et al. [17]. 

Liu et al. [19] put forth an approach grounded in super-

resolution, using convolutional neural network (CNN) to 

track small objects. A deep-learning network was deployed to 

enhance the visual quality of small objects, subsequently 

improving the tracking performance. A Particle filter was then 

employed for tracking [20]. 

In their research,Wu et al. [21] proposed an enhanced kernel 

correlation filter (KCF)- based approach for tracking small 

objects in satellite videos. Occlusion presents a significant 

hurdle in object tracking, especially apparent in satellite 

videos due to the minute size of objects, making them more 

susceptible to occlusion. The methodology in this study used 

the average peak correlation energy and the peak value of the 

response map to determine potential object occlusion. The 

object’s subsequent location was forecasted employing a 

Kalman filter. 

Notable among these methods is the algorithm proposed by 

Blostein et al. [22], dubbed Multiple Hypothesis Testing 

(MHT). This method operates under the assumption that the 

intensity values of background and noise are lower than the 

mean target intensity. In this approach, the track tree roots are 

chosen from a predetermined number of points with the 

highest intensity value. For each root, the algorithm selects 

neighboring points in the subsequent frame to construct a 

track tree. Within MHT, there are two thresholds—T_1 and 

T_2—against which each point on the track is compared. If 

the new point surpasses T_2, the algorithm records the track 

and proceeds to the next frame. If the point falls below T_1, 

the track is rejected. However, if the new point lies between 

T_1 and T_2, the algorithm defers the decision to the next 

frame. Ultimately, the tree is pruned to yield a desired number 

of tracks. Nonetheless, this method faces challenges when 

tracking fast-moving small objects, as the search area 

increases exponentially. This makes current MHT algorithms 

computationally impractical for objects moving at speeds 

exceeding 1 pixel/frame. In response to this problem, Ahmadi 

et al. [23] utilized the Multi-Objective Particle Swarm 

Optimization algorithm (MOPSO) [23] to identify the most 

optimal track within each root. 

Salari et al. [24] presented an effective algorithm for tracking 

dim targets within digital image sequences. The algorithm 

operates in two stages: noise removal and tracking. Initially, 

the Total Variation (TV) filtering technique is employed to 

improve the Signal Noise Ratio (SNR) and eliminate the 

image’s noise. Subsequently, to detect and track dim tiny 

targets, a genetic algorithm with associated genetic operators 

and encoding is used. 

In the study by Shaik et al. [25], Bayesian techniques were 

deployed for the detection and tracking of targets in infrared 

(IR) images. The algorithm begins by applying preprocessing 

to incoming IR targets to reduce noise and segmentation. The 

initial position of the object is ascertained utilizing ground 

truth (GT) data. Subsequently, a grid composed of segments 

around the target’s position in the ensuing frame is chosen, 

and regions with high-intensity within this segment are 

highlighted. Employing Bayesian probabilistic 

methodologies, the likelihood of the object shifting its 

position from the current frame to any high-intensity location 

within this grid is then calculated. The position suggesting the 

highest probability is chosen, and the object’s position in the 

following frame is established. Given that an object’s 

intensity may not necessarily be the highest in a frame, the 

position and intensity of the object in the previous frame are 

considered in the Bayesian probabilistic equation to 

determine its position in the next frame. 

An alternative methodology was introduced by Srivastav et 

al. [28], which incorporated three-frame differencing and 

background subtraction for detecting moving objects in 

videos. The procedure commences with the selection of three 

successive frames from the image sequence. Subsequently, 

the difference between the first and second frames is 

computed, denoted as D_1. Similarly, the outcome of the 

difference between the second and third frames is labeled as 

D_2. If DB signifies the result of subtracting the background 

from the current frame, moving objects are detected by 

implementing a pixel-wise logical OR operation on D_1, 

D_2, and DB. Finally, background noise is eliminated by 

utilizing a median filter. 

Zhu et al. [29] incorporated three-frame differencing and 

operations such as “AND” and “XOR” for swift detection of 

moving objects. The difference image, p_1, is obtained by 

calculating the difference between the initial two frames, and 

p_2 is obtained from the difference between the second and 

third frames. Subsequently, a new image, p_3, is created by 

performing p_1 AND p_2. The next step involves obtaining 

p_2 XOR p_3, resulting in a new image, p_4. Ultimately, the 

detection image is derived from p_1 AND p_4. Following 

detection, noise is mitigated using post-processing 

algorithms. In their research, Yin et al. [30] proposed an 

algorithm known asMotionModeling Baseline (MMB), 

designed to detect and track small, densely clustered moving 

objects in satellite videos. The process commences with the 

extraction of candidate slow-moving pixels and region of 
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interest proposals using accumulative multi-frame 

differencing (AMFD). The full targets are then efficiently 

detected using low-rank matrix completion (LRMC). Lastly, 

the motion trajectory-based false alarm filter mitigates false 

alarms by compiling the trajectory over time, underlining that 

authentic moving targets are more likely to exhibit continuous 

trajectories. 

Zhou et al. [31] presented a study that utilized an efficient and 

unsupervised approach, employing background subtraction 

for object delineation inWide Area Motion Imagery (WAMI). 

Initially, background subtraction is used to detect low contrast 

and small objects, leading to the extraction of objects of 

interest. Following this, a convolutional neural network 

(CNN) is trained to reduce false alarms by considering both 

temporal and spatial data. Another CNN is subsequently 

trained to forecast the positions of several moving targets 

within a specified area, thus reducing the complexity of the 

necessary multi-target tracker. A Gaussian Mixture-

Probability Hypothesis Density (GM-PHD) filter is finally 

employed to correlate detections over time. 

Teutsch et al. [32], proposed an algorithm for detecting 

moving vehicles in Wide Area Motion Imagery that enhanced 

object detection by utilizing two-frame differencing along 

with a model of the vehicle’s appearance. The algorithm 

amalgamates robust vehicle detection with the management 

of splitting and merging, and applies an appearancebased 

similarity measure to estimate assignment likelihoods among 

object hypotheses in consecutive frames. 

Aguilar et al. [33] proposed a multi-object tracking (MOT) 

technique for tracking small moving objects in satellite 

videos. They used a patch-based CNN object detector with a 

three-frame difference algorithm to concentrate on specific 

regions and detect adjacent small targets. To improve object 

location accuracy, they applied the Faster Region-based 

convolutional neural network (Faster R-CNN) [34] since the 

three-frame difference algorithm neither regularizes targets 

by area nor captures slow-moving targets. Furthermore, they 

applied a direct MOT data-association approach facilitated by 

an improved GM-PHD filter for multi-target tracking. 

This approach was advanced by Aguilar et al. [35], where the 

performance of Faster R-CNN’s object detection was 

significantly boosted by merging motion and appearance data 

on extracted patches. The new approach comprises two steps: 

initially obtaining rough target locations using a lightweight 

motion detection operator and, then, to enhance the detection 

results, combining this information with a CNN. An online 

track-by-detection methodology is also applied during the 

tracking process to convert detections into tracks based on the 

Probability Hypothesis Density (PHD) filter. 

In the research conducted by Lyu et al. [36], a real-time 

tracking algorithm was introduced, specifically designed for 

ball-shaped, fast-moving objects, leveraging frame difference 

and multi-feature fusion. The process initiates by applying 

frame difference between two consecutive frames, after 

which the resulting differential image is segmented into 

smaller contours. A multi-feature-based algorithm is then 

used to determine if these are moving areas with ball-shaped 

objects. 

Hongshan et al. [37] proposed a wiener filter-based infrared 

tiny object detection and tracking technique that optimizes 

filtering under stable conditions based on the least mean 

square error metrics. Given that the background is distributed 

in the image’s low-frequency part and the high-frequency part 

primarily encompasses small objects, an adaptive background 

suppression algorithm is performed, taking advantage of the 

low-pass Wiener filter’s characteristics. Appropriate 

segmentation then reveals potential targets. The relationship 

between multiple frames, including the continuity and 

regularity of target motion, is utilized for detection and 

tracking. 

In the research conducted by Deshpande et al. [38], they 

applied max-mean and maxmedian filters on a series of 

infrared images for the detection of small objects. The initial 

step involves applying either the max-mean or max-median 

filter to the unprocessed image. Subsequently, the filtered 

image is subtracted from the original one to highlight 

potential targets. A thresholding step, which is guided by the 

image’s statistical characteristics, limits the quantity of 

potential target pixels. Finally, the output images are 

cumulatively processed to track the target. The post-

processing algorithm is equipped to detect the continuous 

trajectory of the moving target. 

 

7. Conclusion 

Small object detection remains a vibrant research area with 

high stakes and opportunities for innovation. Continued 

efforts to improve scale invariance, feature representation, 

and model robustness are key to unlocking its full potential. 

As datasets grow richer and computational resources 

improve, the field is poised for breakthroughs that will 

significantly impact a wide range of industries. 
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