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Abstract: The continuous advancement of image acquisition technology and the subsequent proliferation of high-
resolution images have introduced significant challenges to conventional object detection methodologies. While high-
resolution feature maps offer a distinct advantage in detecting small objects due to their retention of detailed information,
the concomitant increase in candidate regions and computational complexity substantially impedes real-time performance.
Conversely, low-resolution feature maps, although computationally efficient, often lack the necessary precision for
effective small object detection, failing to satisfy practical application demands. Consequently, optimizing the allocation
of computational resources within high-resolution feature maps while preserving the accuracy of small object detection
has emerged as a critical focus and ongoing challenge in contemporary research. To address these limitations, this paper
introduces an object detection method based on Sparse Region Extraction (SRE), termed SRE-Ret. This method leverages
the window-based and shifted-window self-attention mechanisms inherent in the Swin-Transformer architecture. By
employing sparse region selection on high-resolution feature layers, it selectively filters feature windows likely to contain
objects, thereby substantially reducing the number of candidate regions and redundant computations. Furthermore, a
dedicated small object detection head is integrated into the high-resolution feature layers for precise prediction, while an
efficient convolutional detection head is utilized on the low-resolution feature layers for rapid inference. The novelty of
this approach lies in achieving sparse processing of feature regions via the SRE module, effectively balancing precision
and efficiency in multi-scale feature detection.

Keywords: object detection, transformer, attention mechanism, sparse region extraction, small object detection, embedded
devices
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1. Introduction

Object detection, a fundamental technology in the field of computer vision, seeks to identify instances of specific
object categories within images or videos and determine their spatial locations. Driven by the rapid development of
artificial intelligence, object detection has found widespread application across a multitude of fields.
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The advent of deep learning, and in particular the proliferation of Convolutional Neural Networks (CNNs), has
led to a significant advancement in object detection performance. CNN-based object detection methodologies can be
broadly classified into two primary types: two-stage detection and single-stage detection, distinguished by their underlying
detection processes.

The genesis of two-stage object detection methods can be attributed to Girshick et al.’s Region-based Convolutional
Neural Network (R-CNN) [1], introduced in 2014. R-CNN pioneered the application of CNNs to object detection,
employing Selective Search to generate approximately 2,000 candidate regions and extracting features from each for
classification and localization. In 2015, Girshick [2] presented Fast R-CNN, which incorporated Region of Interest (Rol)
Pooling to enable shared feature extraction across all candidate regions, thereby significantly reducing computational
overhead and optimizing training and inference. Ren et al. [3] further advanced the field with Faster R-CNN, integrating
candidate region generation into the network via the Region Proposal Network (RPN). In 2017, He et al. [4] introduced
Mask R-CNN, an extension of Faster R-CNN that incorporated a mask branch to enable instance segmentation, achieving
pixel-level object delineation. This approach allows for precise object contour mapping, making it applicable to both
semantic and instance segmentation tasks. Cascade R-CNN, proposed by Cai and Vasconcelos [5] in 2018, utilizes a
cascaded architecture with multiple detection heads to progressively refine the detection of high-quality targets, effectively
reducing false positives. Furthermore, Lin et al. [6] introduced the Feature Pyramid Network (FPN), which constructs a
feature pyramid to integrate multi-scale feature information, substantially improving the model’s ability to detect objects
across a range of scales, particularly small objects.

The foundational work in single-stage detection methods was presented in 2016 by Redmon et al. [7] with You
Only Look Once (YOLO). YOLO reframes object detection as a regression problem by partitioning the image into a
grid and directly predicting object classes and bounding box coordinates within each grid cell. This approach facilitates
end-to-end real-time detection, establishing a new paradigm in single-stage detection. Subsequent YOLO iterations have
continued to advance the field: YOLOv2-YOLOv4 improved YOLO in multi-scale training, multi-scale prediction, and
the introduction of CloU loss and DIou Non-Maximum Suppression (NMS) respectively [8—10].YOLOVS offers multiple
pre-trained models and configuration options, suitable for different application scenarios and hardware environments. Its
modular design and PyTorch implementation have improved flexibility and scalability [11]. YOLOV6 further reduces the
number of model parameters and computational complexity while maintaining high performance, making it suitable for
running on resource constrained devices. At the same time, the feature extraction module has been optimized, improving
the detection capability for small targets [12]. YOLOV7 introduces more training techniques, such as adaptive learning
rate adjustment and dynamic label smoothing, to improve the training performance of the model. At the same time,
more advanced data augmentation techniques were used to improve the robustness and generalization ability of the model
[13]. YOLOVS has achieved a leap from fast detection to versatile visual tools in the YOLO series through Anchor Free
architecture, Path Aggregation Feature Pyramid Network (PAFPN) feature fusion, multi task unified framework, and
deployment optimization [14].

Furthermore, in 2017, Facebook AI Research (FAIR) [15] introduced RetinaNet, which significantly enhanced the
performance of single-stage detectors through an innovative loss function and a multi-scale feature processing mechanism.
This enabled RetinaNet to achieve detection accuracy comparable to two-stage detectors while maintaining its speed
advantage.

The success of Transformer models in natural language processing (e.g., Bidirectional Encoder Representations from
Transformers (BERT) [16] and Generative Pre-Training (GPT) [17]) has spurred computer vision researchers to adapt
them for visual tasks. The core of the Transformer architecture lies in its attention mechanism, which addresses CNN’s
limitations in capturing long-range dependencies by enabling global feature modeling.

In 2020, Detection Transformer (DETR) [18], introduced by Facebook AI Research, pioneered the application of
Transformers to object detection, establishing an end-to-end detection paradigm. DETR eliminates conventional post-
processing steps such as candidate box generation and NMS, leveraging the Transformer’s encoder and decoder to directly
predict the set of objects, thereby simplifying the detection pipeline.

Despite its innovative design, DETR exhibits certain limitations. First, DETR’s training efficiency is suboptimal,
characterized by slow model convergence, often necessitating hundreds of epochs to achieve peak performance,
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significantly exceeding the training requirements of traditional CNN models. Second, DETR exhibits challenges in
detecting small objects due to the high computational complexity of the Transformer’s attention mechanism when
applied to high-resolution feature maps, which impedes the extraction of fine-grained features. Furthermore, DETR’s
computational complexity scales quadratically with input image resolution, thus restricting its applicability to high-
resolution imagery.

To address DETR’s shortcomings, researchers have proposed several enhancements. For instance, Deformable
DETR [19] introduces a deformable attention mechanism, reducing computational complexity by focusing on sparse key
feature points, while simultaneously enhancing convergence speed and detection accuracy. Efficient DETR [20] optimizes
the Transformer architecture and training strategy to further improve model efficiency. While these advancements mitigate
some of DETR’s limitations, significant optimization potential remains, particularly in small object detection and high-
resolution image processing. Liu et al. [21] introduced the Swin Transformer, which incorporates a hierarchical structure
and a shifted window attention mechanism to effectively capture multi-scale features. Similarly, Wang et al. [22] proposed
the Pyramid Vision Transformer model in 2021, enhancing the model’s adaptability to objects of varying scales through
pyramidal feature extraction. Zhang et al. [23] advanced the DETR framework by proposing the DETR with Improved
Denoising anchor boxes (DINO) model, which improves performance through an enhanced denoising strategy. DINO
introduces denoising anchor boxes, dynamically adjusting query vectors during training to enable the model to better focus
on target regions. Byungseok et al. [24] proposed Sparse DETR that selectively updates only the tokens expected to be
referenced by the decoder, thus help the model effectively detect objects.

Beyond purely Transformer-based models, researchers have explored hybrid approaches that integrate Transformers
with Convolutional Neural Networks (CNNs) to leverage the complementary strengths of both architectures. Srinivas et
al. [25] proposed BoTNet in 2021, integrating an attention mechanism into the classic ResNet architecture by replacing
the final convolutional layer with a Transformer module. This design retains the efficiency of CNNs in local feature
extraction while significantly enhancing the model’s capacity to model global features. Peng et al. [26] introduced the
Conformer in 2021, which employs an innovative dual-branch structure. One branch utilizes CNNs to focus on extracting
local detailed features, while the other leverages Transformers to capture global contextual information. The features
from both branches are fused at a later stage, effectively improving detection accuracy. Dai et al. [27] proposed CoAtNet,
which achieves a balance between performance and computational efficiency by deeply integrating convolutional and
attention mechanisms. Sachin et al. [28] proposed MobileViT, which reduces computational complexity by reducing the
number of attention heads, using smaller hidden dimensions, and introducing low rank approximations, ensuring that the
model can run efficiently on mobile devices.

Small object detection remains a persistent challenge, particularly in high-resolution images where small objects
occupy a limited pixel proportion, exhibit sparse feature information, and are susceptible to being overwhelmed by
background noise. Traditional methods often suffer from missed or false detections due to insufficient feature map
resolution or inaccurate candidate box generation. To address this, recent targeted approaches include the Feature Pyramid
Network (FPN) [6], which enhances small object representation through multi-scale feature fusion. Scale Normalization
for Image Pyramids with Efficient Resampling (SNIPER) [29] and QueryDet [30], which improve small object detection
via multi-scale training and sparse query strategies. However, these methods still face limitations in computational
efficiency and real-time performance, especially in resource-constrained environments.

Currently, object detection technology faces significant challenges, including training efficiency, computational
complexity, and the accuracy of small object detection. Specifically, anchor-based approaches exhibit a geometric
increase in the number of candidate boxes when processing high-resolution imagery, thereby significantly amplifying
computational demands. The persistence of these challenges hinders the continued advancement of object detection
technology in practical applications.

To address the issue of a large number of candidate boxes and the associated computational burden in high-
resolution images, we propose a small object detection framework based on Sparse Region Extraction (SRE). This
method intelligently selects local regions that are likely to contain targets through the SRE module, significantly reducing
redundant computations and thereby improving detection efficiency. To further enhance the detection capability for small
objects, we designed a dedicated small object detection head to optimize the feature representation of small-scale targets.
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Experimental results on the VisDrone dataset demonstrate that this method performs excellently in complex scenes such as
high-resolution images captured by drones, with small object detection accuracy significantly surpassing that of baseline
methods, validating its efficiency and practicality.

2. Relation work
2.1 Retinanet

RetinaNet [15], introduced by Facebook Al Research (FAIR) in 2017, is a single-stage object detection algorithm
specifically designed to address the accuracy limitations of traditional single-stage detectors in complex scenes and for
small object detection. While single-stage detectors are favored for their efficiency compared to two-stage detectors,
they often exhibit lower accuracy. RetinaNet bridges this gap by introducing an innovative Focal Loss function and a
multi-scale feature processing mechanism, significantly enhancing the performance of single-stage detectors. It achieves
detection accuracy comparable to two-stage detectors while retaining the speed advantage, with particularly notable
performance on large-scale datasets like Common Objects in Context (COCO).

Figure 1 illustrates the overall architecture of RetinaNet. The architecture comprises several key components. First, a
backbone network, typically ResNet (e.g., ResNet-50 or ResNet-101), extracts deep features from the input image. These
features are then fed into a Feature Pyramid Network (FPN), which fuses features across different scales via a top-down
pathway and lateral connections to generate multi-scale feature maps. These feature maps, denoted P3 to P7, cater to
different object sizes: P3 provides high-resolution features suitable for small objects, while P7 provides low-resolution
features ideal for large objects. This multi-scale design enables RetinaNet to effectively handle the diversity of object
sizes in images, thereby improving detection robustness. Subsequently, classification and regression subnets perform
class prediction and bounding box regression on anchor boxes across these feature maps. Anchor boxes are predefined
sets of boxes with varying scales and aspect ratios, designed to cover potential object regions and are aligned with the
feature map levels to ensure accurate detection.

Feature W x H W x H W x H
ResNet pyramiding class subnets %256 || x256 | | <kaA |
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x 4
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Figure 1. Retinanet architecture

The most significant innovation of RetinaNet is the Focal Loss, a dynamically weighted cross-entropy loss designed
to address the class imbalance problem prevalent in object detection. In such tasks, background samples (easy to classify)
vastly outnumber foreground object samples (hard to classify), leading models to focus on the abundant background
samples while neglecting challenging foreground object samples. Focal Loss dynamically adjusts sample weights to
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emphasize hard-to-classify samples, thereby improving detection accuracy. This design effectively shifts the model’s
focus to difficult samples, significantly enhancing detection capabilities for small and occluded objects.
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Figure 2. Query Loss Process Illustration

For the loss function design, RetinaNet employs Focal Loss for classification and Smooth L1 Loss for bounding box
regression. The total loss is a weighted sum of both, with hyperparameters tuning their relative importance to optimize
both tasks synergistically. RetinaNet’s strength lies in its combination of efficiency and high accuracy. Traditional single-
stage detectors struggle with complex scenes due to the lack of a region proposal stage, but RetinaNet mitigates the class
imbalance issue through Focal Loss, achieving accuracy comparable to two-stage detectors while preserving the high
speed of single-stage methods. Experiments on the COCO dataset demonstrate that RetinaNet performs comparably to
two-stage methods like Faster R-CNN, with a clear advantage in inference speed. Additionally, its simple and extensible
design has made it a seminal model in single-stage object detection.

In summary, RetinaNet significantly advances single-stage object detection through its innovative use of Focal Loss
and a multi-scale feature pyramid. Its exceptional performance in handling complex scenes and small objects not only
drives progress in object detection technology but also provides valuable insights for future research.

2.2 Swin-transformer

In the realm of Transformer-based object detection methodologies, DETR [18] marked a seminal advancement
by introducing Transformers into object detection through the adoption of set prediction and bipartite matching. This
innovative approach eliminates the reliance on conventional anchor boxes and Non-Maximum Suppression (NMS)
procedures, thereby streamlining the detection pipeline and facilitating end-to-end optimization. In contrast, the Swin
Transformer [21] optimizes the computational complexity inherent in Transformer applications within image processing
by incorporating a hierarchical design and a shifted window mechanism, while preserving robust feature extraction
capabilities.

The Swin Transformer is engineered with the objectives of reducing computational complexity, enhancing local
feature modeling, and maintaining a degree of global information interaction. Its architecture and operational mechanisms
can be distilled into several key aspects:

Hierarchical Feature Extraction: Unlike the traditional Vision Transformer (ViT) [31], which segments images
into fixed-size patches for global modeling, the Swin Transformer employs a hierarchical patch merging strategy. Initially,
the input image is divided into small patches (e.g., 4 x 4 pixels), which are subsequently merged across multiple stages.
This process reduces the spatial resolution of feature maps while increasing the dimensionality of the channel. Analogous
to pooling operations in Convolutional Neural Networks (CNNs), this design enables the capture of multiscale features
across different levels, decreasing the number of tokens and improving adaptability to objects of varying scales.
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Shifted Window Self-Attention: The Swin Transformer’s primary innovation lies in its localized self-attention
mechanism, termed Shifted Window Self-Attention. While traditional global self-attention incurs a computational
complexity of O(N?), the Swin Transformer partitions the feature map into non-overlapping local windows, computing
self-attention exclusively within each window. This reduces complexity to O(W?), where W represents the number
of tokens within a window. Such a localized approach significantly lowers computational overhead while enhancing
perception of local features, akin to convolutional operations in CNNs.

Shifted-Window Strategy: To mitigate information isolation between local windows, the Swin Transformer
introduces a shifted window strategy. In consecutive Transformer layers, window positions alternate, enabling tokens in
adjacent windows to interact via the attention mechanism. This design ensures efficient local computation while indirectly
facilitating global information flow, striking a balance between efficiency and modeling capacity.
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Figure 3. Swin Transformer Architecture

The Swin Transformer comprises multiple stages, this is shown in Figure 3, each encompassing a patch merging
layer and several Transformer blocks. The operational sequence is as follows:

Patch Partition: The input image is segmented into initial patches.

Linear Embedding: These patches undergo linear projection to generate initial feature representations.

Stage 1: Local window self-attention is applied to high-resolution feature maps, extracting fine-grained features.

Patch Merging and Subsequent Stages: Patches are merged, and self-attention computations are repeated to
progressively derive higher-level features.

This hierarchical framework enables efficient processing of image data across varying resolutions.

The self-attention mechanism in the Swin Transformer is computed independently within each window, as delineated
by the following equation (1):

Attention(Q, K, V) = softmax <QKT —|—B) % €))
9 I - \/E

Here Q, K, and V denote the query, key, and value matrices, respectively. d represents the feature dimension, and
B signifies the relative position bias, which encodes spatial relationships among tokens within the window to bolster
structural awareness. The shifted window strategy alternates between regular and offset windows across layers, ensuring
cross-window information exchange.

In terms of computational complexity, the Swin Transformer’s self-attention mechanism achieves a complexity of
O(2M?HW), where M is the window size, and H and W are the height and width of the feature map, respectively. This is
markedly lower than the O((HW)?) complexity of global self-attention. The shifted window mechanism further sustains
global modeling capabilities, rendering the design computationally efficient yet expressive.
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Within object detection tasks, the Swin Transformer typically functions as a backbone network, supplanting
traditional CNN-based architectures. Its hierarchical feature maps integrate seamlessly with Feature Pyramid Networks
(FPN), supporting multi-scale object detection. Unlike DETR’s global feature processing, the Swin Transformer’s
localized and hierarchical design excels in efficiently handling high-resolution images, particularly in detecting small
objects. When evaluated on the COCO dataset and paired with detection heads such as Faster R-CNN or Mask R-CNN,
the Swin Transformer markedly enhances detection accuracy, especially in complex scenes and small object detection
scenarios.

3. Method

This method aims to optimize computational efficiency and detection accuracy in object detection tasks through a
hierarchical processing strategy. Its core idea is to divide the multi-scale features of the input image into high-resolution
feature layers and low-resolution feature layers, and to adopt different processing methods for features of different
resolutions. Specifically, for high-resolution feature layers, the Sparse Region Extraction (SRE) module is used to select
feature windows that may contain targets, reducing the number of candidate regions, and predictions are made through
the small object detection head module. For low-resolution feature layers, the convolutional detection head module is
directly used for efficient global detection. Figure 4 shows the overall architecture of this model.

conv head class

FPN / prediction

ResNet-50 conv head box
—l ..
prediction

transformer head
class prediction

SRE

\ transformer head
box prediction

Figure 4. Overall Framework of the SRE-Ret Model

3.1 Sparse region extractor

The SRE module (Sparse Region Extractor) is a core component in this object detection model, primarily designed to
process high-resolution feature maps to select key regions that may contain small targets. The design of this module aims
to reduce the computational complexity of subsequent detection while ensuring the detection accuracy of small targets.
It takes the high-resolution enhanced features from the feature fusion module as input and achieves feature compression
and extraction of key regions through a series of processing steps.

The SRE module first performs feature extraction on the output of the FPN. The data processing flow in this part
includes several key steps. First, the input feature map is divided into multiple small patches through the patch embedding
layer. Since we are only concerned with whether there are targets in the region, the feature map is mapped to low-
dimensional vectors. Then, these feature vectors are processed through the window multi-head self-attention layer and
the shifted window multi-head self-attention layer, using the window mechanism to capture relationships between local
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features while introducing global contextual information. Subsequently, the layer normalization layer standardizes the

features to ensure numerical stability. Finally, the features are compressed into a single-channel feature map through

a convolutional layer for subsequent region selection. This part can be formally defined as: Fygjiency = Convix3(F) €

REWXD where F € RY*W*C s an input feature map and the convolution is bias-free to avoid introducing spurious

activations. Here, a 3 x 3 convolution compresses the channel dimension to 1, producing a single-channel saliency map.
Figure 5 illustrates this process.

Layer
Normalization
) ) . Shift
High resolution Patch P I Window Window 4 .
feature layer embedding MSA MSA
K / 1
Conv;, ;5
x N

Figure 5. Structural Diagram of the SRE Module

In the selection phase, we use a sliding window approach to compute the single-channel feature map output from the
window self-attention feature extraction. In each window, we calculate its probability value. Based on these probability
values, the module selects a portion of the windows most likely to contain small targets as output. These selected
feature windows provide high-quality input for subsequent detection, not only reducing redundant computations but also
enhancing the model’s focus on small targets.

The window selection operation is a crucial step in the SRE module, aiming to filter out regions from the single-
channel feature map that are most likely to contain small targets. This operation quantifies the likelihood of each window
containing a target, sorts them in descending order, and selects the top portion of regions for subsequent prediction,
achieving sparse region extraction.

Specifically, the SRE module first divides the single-channel feature map into multiple fixed-size windows (e.g., 8
x 8). This part can be formally defined as: {Mi}ﬁ\’: |- Here, The saliency map is divided into N non-overlapping windows
of size k x k. In our experiments, k = 8.

For each window, it calculates the maximum and average values of the pixels within it and obtains a probability value
through a weighted sum, which serves as the basis for selecting the window. The calculation formula is typically a linear
combination of the maximum and average values, given by Equation (2):

score; = o x max(Win;) + (1 — o) * mean(Win;) )

where max(Win;) represents the maximum feature value within the window, mean(Win;) represents the average feature
value within the window, and « is learned weighting parameter (initialized at 0.5).

Subsequently, the module sorts the probability values of all windows in descending order and selects the top M
windows with the highest probabilities as feature windows. M can be a fixed value or selected based on a certain proportion
of the total number of windows. These feature windows are considered the key regions most likely to contain small targets,
and subsequent detection is performed only within these regions, thereby avoiding computations in areas without target
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objects and reducing redundant calculations. This part can be formally defined as: Wyejecreq = {W; | score; ranks in the top
m scores}. where, m < N, and this reduces computation from O(HWC) to O(m>C).

Based on the M feature windows selected in the previous step, their specific positions in the original high-resolution
feature map are determined. Local feature blocks corresponding to each feature window are extracted from the high-
resolution feature map. Assuming the original feature map has C channels, each local feature block has a size of [C, 8, 8],
corresponding to the 8 x 8 size of the window.

After extraction, M local feature blocks are obtained, each retaining the complete information of the original feature
map in the corresponding region. Then, the scattered local feature blocks are integrated into a unified feature map for
subsequent processing. The M local feature blocks (each of size [C, 8, 8]) are concatenated along the height dimension
H. The size of the concatenated feature map becomes [C, M x 8, 8], with the number of channels C remaining unchanged,
and the height becomes M x 8 because the M blocks are stacked along the height direction, and the width remains 8§,
consistent with the width of a single feature block. The concatenated feature map is then input into the object detection
head module for predicting the category and location of targets. Figure 6 provides a schematic diagram of this process.

Based on the coordinates to
correspond to the regions in the

probability values feature map ey
-'j”’,_/':,———‘ | Extract and concatenate

| .
/ i the regions

—| 5 —— DDD .

Generate

Figure 6. Feature Extraction and Concatenation Process

The advantage of the SRE operation lies in its focus on high-probability regions, significantly reducing the processing
scope of high-resolution feature maps, thereby lowering computational costs. At the same time, it retains information
relevant to small targets, ensuring that detection accuracy is not compromised. This probability-based window selection
strategy is a key innovation of this model for efficiently detecting small targets.

3.2 Detection head

The detection head module is a critical component in the object detection pipeline, responsible for target classification
and localization. In this system, two types of detection head modules are designed, each optimized for feature maps of
different resolutions, balancing the detection needs of small targets and global targets.

The first detection head module focuses on detecting small-sized targets, processing the high-resolution feature
windows selected by the SRE module. It includes two branches: the classification prediction branch and the bounding
box prediction branch. These two branches consist of a combination of N window multi-head self-attention layers, layer
normalization layers, and convolutional layers, respectively predicting the class and position offset of each prior box. Due
to the sparsification of the input features through the SRE module, the first detection head can efficiently focus on small
target regions, enhancing detection precision. Figure 7 illustrates the structure of this module.
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Figure 7. Structure of the Transformer-based Detection Head Module

The second detection head module is a conventional convolutional detection head, designed for global target detection
on low-resolution feature maps. It also contains a classification prediction branch and a box prediction branch, predicting
the class and position information of prior boxes through a multi-layer convolutional structure. Unlike the first detection
head, the second detection head prioritizes computational efficiency and is suitable for detecting medium and large targets,
with input directly from the low-resolution features output by the feature fusion module.

The collaborative operation of these two detection heads achieves a balance in the model’s performance across
targets of different scales. The transformer-based detection head accurately captures small targets, while the convolutional
detection head covers global targets, thereby enhancing overall detection performance.

The loss function of this model is composed of the following three components:

Query Loss, which measures the discrepancy between the single-channel feature map output by the SRE module and
the ground truth annotated feature map, can be regarded as a binary classification problem. The calculation formula is
given by Equation (3):

10Squery = Smoothy (Sigmoid (SRE ( feature)), GT) 3)

Here, SRE (feature) denotes the output feature map of the SRE module, i.e., the probability map. GT represents the
ground truth annotated feature map, where regions with objects are labeled as 1 and the rest as 0. SmoothL; is the smooth
L1 loss function, whose formula is given by Equation (4). This operation is illustrated in Figure 2.

0.5x? if x| < 1
smoothy (x) = @)

|x| —0.5 if x| >1

Classification Loss, which evaluates the discrepancy between the predicted class and the true class of the detection
boxes. It is calculated using the Focal Loss with. Its mathematical formulation is given by Equation (5),

FL(p;) = —0o4(1— p:)"log(pr) 6))
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where py is the predicted probability for the true class, ¢is a balancing factor (e.g., 0.25) to reduce the influence of negative
samples, and ¥ (typically 2) is a modulating factor that further decreases the weight of easy-to-classify samples.

Bounding Box Loss, which measures the error between the predicted offset and the true offset of the detection boxes.
It is computed using the L1 norm loss function with formula (6):

1 & R
Lossy = — Y i —3il (6)
i=1

where, y; is the true value of the i-th sample, haty; is the predicted value of the i-th sample, and # is the total number of
samples.

The Total Loss is the weighted sum of the three aforementioned loss components, with the calculation formula given
by Equation (7):

Loss = A1 108Squery + A2l 05515 + A3108Spox 7

Here, A1, A2, A3 are weighting hyperparameters used to balance the contributions of each loss component.

3.3 Object detection pipeline

To streamline deployment and usage, we encapsulate the core algorithm into a unified Object Detection Pipeline.
Users only need to initialize the pipeline and call its methods to perform object detection without handling low-level
details. The main contents of the pipline encapsulation in this article include:

1) Multi-scale Anchor Generation

* First-stage features (P1-P2): Generate K anchors per spatial position using aspect ratios Ry =r1y, ..., 1, and scales
Sl = S11y ooes S1m-

 Second-stage features (P3-P6): Generate K, anchors per position with R, and S, following pyramidal scaling
* Total anchors N = Z% (H; % W; % K;).
2) Dual-branch Prediction
For each feature level:
« Classification branch: fu;;: RFE*XW*C _, REXWXKX|C| yia 5_Jayer 3 x 3 CNN.
* Regression branch: fe,: RFW*C — REXWxKx4 yig jdentical architecture.
* Output activation: Softmax for classification, linear for regression.

3) Box Refinement

For each anchor a = (x,, ya, wa, hy) with predictions (c, d):
* Refined coordinates: b = (x4 + Wq - Ox, Yo + ha - Oy, Wy - e, hy -e).
* Confidence score: s = max(c(c)) where o is softmax.

4) Adaptive NMS

Input: All refined boxes B = {b;} with scores S = {s;}
* Sort B by S in descending order.

* Initialize detection set D = 0.

* While B # 0, Select b = argmax(S); DD U bx; Remove all b ¢ B when IoU (b, b) > 0(k(b)), where 6(-) is
size-dependent threshold function and x(-) returns box size category.

5) Output Fusion

» Combine detections from all feature levels.

» Apply class-specific confidence thresholding.

* Output final detection set Dx = d;|d; = (b;, ¢, $i), Si > Te.
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4. Experiment
4.1 Benchmark and metrics

VisDrone is a benchmark dataset specifically designed for drone vision tasks, containing a large number of images
and videos captured by drones, covering various tasks such as object detection, tracking, and crowd counting. Its
characteristics include diverse scenes and detailed annotations, making it particularly suitable for evaluating small object
detection algorithms. Using the VisDrone dataset for the experiments in this chapter has several advantages: The data
set has high-resolution features, which can capture more details, providing high-resolution images that clearly present
the characteristics of small targets, facilitating algorithm recognition. It enhances robustness in complex scenes. The
dataset includes diverse complex scenes with high challenges, helping to improve the adaptability of the algorithm. It
has rich annotations and evaluation standards, providing detailed annotations and unified evaluation metrics to ensure
the accuracy and reliability of small object detection performance. The benchmark enables comprehensive evaluation of
object detection and segmentation algorithms using standard metrics, including Average Precision (AP), APsy, and APys.
AP quantifies the area under the Precision-Recall curve, while APsy and AP;5 denote the average precision at Intersection
over Union (IoU) thresholds of 50% and 75%, respectively. Numerous state-of-the-art object detection models have been
benchmarked on VisDrone, solidifying its role as a foundational dataset in the field.

4.2 Experiment parameters

The backbone network of the model uses a pre-trained ResNet-50, which can effectively extract image features. To
improve training stability and computational efficiency, some early network layers are frozen, and batch normalization is
enabled in evaluation mode. The output channels of the Feature Pyramid Network (FPN) are set to 6 to adapt to the multi-
scale target characteristics in the dataset, promoting effective fusion of features at different levels. In the design of the
detection head, the anchor box generation strategy is optimized, including three aspect ratios and multiple stride settings,
and Focal Loss is used as the classification loss, significantly improving the detection performance of small targets and
difficult samples.

In terms of training strategy, the optimizer chosen is Stochastic Gradient Descent (SGD), with an initial learning
rate set to 0.01, and the learning rate is gradually reduced in the later stages of training through multi-stage adjustments
to accelerate model convergence. To avoid gradient anomalies and enhance generalization ability, the gradient clipping
threshold is set to 32, and the weight decay coefficient is 0.0001. For data processing, input images are uniformly resized
to aresolution of 1,333 x 800, maintaining the original aspect ratio, and data diversity is enhanced through random flipping.
The batch size is set to 8, and the training epochs are 100.

The model evaluation follows the COCO evaluation protocol, comprehensively measuring model performance by
calculating the mean Average Precision (mAP) of bounding boxes and conducting per-category analysis. In the testing
configuration, the maximum number of detection boxes is limited to 1000, and the IoU threshold for Non-Maximum
Suppression (NMS) is set to 0.5 to balance detection precision and recall.

4.3 Comparison with state-of-the-art methods

This experiment aims to validate the performance of the proposed sparse region extraction-based object detection
method on real-world datasets and compare it with the RetinaNet model. The evaluation is conducted on the VisDrone
dataset, which features diverse object categories, varying scales, and high complexity, making it ideal for assessing
multi-scale object detection capabilities. The experimental results are summarized in Table 1, which compares detection
performance across models using standard metrics (AP, APsg, APy5). The data demonstrates that our model outperforms the
RetinaNet baseline across all metrics, achieving improvements of + 2.9 AP, + 6.6 APs5y (14.7% increase), and + 1.6 APs,
confirming its effectiveness. Furthermore, we observe that dense computation across high-resolution feature layers—
where many regions lack small objects—can degrade model performance. By selectively processing high-probability
regions, our approach enhances predictive accuracy while maintaining efficiency. Moreover, SRE-Ret achieved either
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optimal or competitive performance compared to other state-of-the-art models, including QueryDet, ClusDet, DetectoRS,
and CEASC.

Table 1. Evaluation results on the VisDrone validation set

Retinanet [15] 262 449 271
QueryDet [30] 283 481 288
ClusDet [32] 267 506 247
DetectoRS [33] 294 493 302
CEASC [34] 287 507 284

SRE-Ret 29.1 515 287

Table 2 further demonstrates the performance of the SRE-Ret model across 10 object categories. The proposed
method achieves higher mean Average Precision (mAP) in categories such as pedestrians, people, bicycles, cars, vans,
tricycles, buses, and motorcycles, with particularly notable improvements in categories dominated by small targets (e.g.,
pedestrians, people, and motorcycles). However, in categories with fewer small targets, such as trucks and awning-
tricycles, the mAP of the proposed method exhibits a slight decline.

Table 2. Evaluation results of metrics for each category in VisDrone

Category Retinanet  SRE-Ret
pedestrian 0.164 0.218
people 0.231 0.425
bicycle 0.090 0.090
car 0.502 0.536
van 0.280 0.296
truck 0.224 0.205
tricycle 0.132 0.146
awning-tricycle 0.090 0.082
bus 0.354 0.392
motor 0.161 0.201

Figure 8 presents partial detection results of the SRE-Ret model on the VisDrone validation dataset, with the left
half displaying ground truth and the right half showing detection outputs. From these images, it is evident that the
model successfully identifies the majority of small targets in small-target detection tasks. Nevertheless, in anchor-based
object detection approaches, we observe the presence of redundant bounding boxes in scenes with densely packed small
targets. The model generates multiple highly overlapping detection boxes, often corresponding to the same target, which
introduces redundancy in the detection results and subsequently reduces both detection accuracy and efficiency. This issue
may, to some extent, be attributed to hyperparameter settings during testing, potentially leading to an excessive number
of fixed anchor boxes. This phenomenon suggests that the model still exhibits limitations when processing high-density
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small-target scenarios, particularly in the design of the anchor box generation mechanism and the subsequent processing
stages, where there remains considerable room for optimization.

e — e, - - g

—
| . | 3 \
\ | \

Figure 8. Partial detection results of the SRE-Ret model

Volume 6 Issue 5|2025| 5543 Contemporary Mathematics



Next, we conducted comparative experiments on comparison of computational efficiency (FLOP and inference time)
across SRE-Net and RetinaNet.

Table 3. Comparison of computational efficiency

FLOPs (G) Inference Time (ms)

Retinanet [15] 97.2 45
Swin-T [21] 145.3 72
SAM2 (ViT-B) [35] 256 120
SRE-Ret 89.5 38

Table 3 shown that compared to Retinanet, SRE reduces FLOPs by about 8% by skipping computation on low-
saliency regions and speeds up about 15.6% on Inference Time by avoiding processing about 20-30% of low-probability
regions in high-resolution feature maps, directly reducing computation. Compared to Swin-T and SAM2 (ViT-B), SRE
Net achieved better results in FLOPs and Inference Time indicators.

To improve model robustness, we analyze false negatives (missed detections) and false positives (incorrect
detections).

Table 4. Results of False Cases

Error Type Frequency Primary Cause mAP Impact
False Negatives 55% Small objects (< 20px) -7.2%
False Positives 45% Background clutter -5.8%

On VisDrone, small objects (< 20px) contribute to about 60% of false negatives (objects present in the image but
not detected by the model) and background noise causes about 30% of false positives (detections where no object exists
or the class is wrong) in urban scenes. Table 4 shown that frequencies of false negatives and false positives are 55% and
45% respectively. Correspondingly, their impact on mAP decreased by 1% and 2%, respectively.

4.4 Ablation studies

The Sparse Region Extraction (SRE) module identifies and processes high-probability target regions in high-
resolution feature maps before forwarding them to the Transformer-based detection head for final prediction. As the
primary objective of SRE is target region localization rather than category classification, we performed a comprehensive
ablation study to investigate the impact of channel dimension in the SRE module.

Table 5 demonstrates the effect of varying channel dimensions on model performance. Our experiments reveal an
optimal configuration at 64 channels, beyond which model performance degrades progressively. This phenomenon can be
attributed to two key factors: (1) excessive channel dimensions amplify backpropagation effects on high-resolution layers,
disrupting multi-scale feature fusion across the network, while (2) insufficient channels (below 64) constrain the model’s
learning capacity. The 64-channel configuration achieves an optimal balance, maintaining strong representational power
while minimizing interference with other network layers.
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Table 5. The results of different channels in the SRE module on the Visdrone dataset

channel AP  AP5y APy

SRE-Ret 32 290 509 283
SRE-Ret 64 29.1 515 287
SRE-Ret 128 28.8 505 28.1

SRE-Ret 256 28.8 506 283

Table 6 presents a comprehensive comparison of the SRE-Ret model’s computational performance and parameter
efficiency. While the integration of the sparse region extraction module increases the total parameter count, the selective
processing of only high-probability regions in the detection head significantly reduces computational overhead. This
architectural optimization yields faster processing times for identical batch sizes compared to the baseline model. At
the optimal 64-channel configuration, SRE-Ret demonstrates superior inference speed while maintaining accuracy.
However, increasing the channel count beyond this optimum leads to greater computational demands in the SRE module,
consequently diminishing the overall processing speed advantage.

Table 6. Comparison of Model Performance and Parameter Quantity

channel Params (M)  Overall Batch FPS (batches/s)  Average single batch processing time (ms/batch)  Batch Size

Without SRE - 36.517 335 29.9 8
SRE-Ret 32 39.165 333 30.0 8
SRE-Ret 64 39.297 34.7 28.8 8
SRE-Ret 128 39.610 32.1 31.2 8
SRE-Ret 256 40.433 329 304 8

5. Conclusion

This paper comprehensively explores the design and implementation of an object detection method termed SRE-Ret
based on sparse region extraction, aiming to address the challenges of high computational complexity and insufficient
efficiency faced by traditional object detection techniques when processing high-resolution images, while also improving
the recognition accuracy for small-sized targets. The method acquires enhanced features at multiple hierarchical
resolutions from the image to be detected through a feature extraction module and a feature fusion module. Subsequently,
sparse region extraction technology is applied to the high-resolution feature maps to select key regions and extract prior
boxes for precise detection of small targets. For low-resolution features, prior boxes are directly selected from the entire
feature map to achieve global target detection. Finally, the results are optimized through a non-maximum suppression
module to remove redundant boxes and output the final detection results. The technical core of this invention lies in
effectively reducing the computational burden through a sparse region extraction strategy while maintaining sensitivity
to small targets, thereby balancing detection accuracy and efficiency. Experimental validation on the VisDrone dataset
shows that, compared to the RetinaNet model, this method achieves significant improvements in overall mean average
precision mAP, APsy, APys, and the small target detection metric mAPg. It particularly excels in small target detection
tasks, demonstrating its potential for application in fine-grained detection scenarios. However, the experiments also
reveal that the method’s performance in detecting medium and large targets is relatively weaker, suggesting that future
research could further optimize the fusion and processing strategies of multi-scale features to achieve more comprehensive
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performance improvements. SRE-Ret can be used for feature extraction in computer vision, which can be used to extract
key feature points in images, and these points can serve as the basis for subsequent processing such as face recognition
and scene understanding. In medical image processing, SRE-Ret can be used to detect and analyze lesion edges, vascular
boundaries, etc., to assist doctors in disease diagnosis and treatment planning. When processing satellite images or aerial
photographs, SRE-Ret can be used to detect terrain features, roads, buildings, etc., which is crucial for map making,
resource management, and environmental monitoring. The object detection scheme of SRE-Ret provides an innovative
and practical technical approach for the field of object detection, laying a solid foundation for subsequent research.
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