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Abstract: To address the issues of low model accuracy caused by complex ground environments and
uneven target scales and high computational complexity in unmanned aerial vehicle (UAV) aerial
infrared image target detection, this study proposes a lightweight UAV aerial infrared small target
detection algorithm called PHSI-RTDETR. Initially, an improved backbone feature extraction network
is designed using the lightweight RPConv-Block module proposed in this paper, which effectively
captures small target features, significantly reducing the model complexity and computational burden
while improving accuracy. Subsequently, the HiLo attention mechanism is combined with an intra-
scale feature interaction module to form an AIFI-HiLo module, which is integrated into a hybrid
encoder to enhance the focus of the model on dense targets, reducing the rates of missed and false
detections. Moreover, the slimneck-SSFF architecture is introduced as the cross-scale feature fusion
architecture of the model, utilizing GSConv and VoVGSCSP modules to enhance adaptability to
infrared targets of various scales, producing more semantic information while reducing network
computations. Finally, the original GloU loss is replaced with the Inner-GloU loss, which uses a
scaling factor to control auxiliary bounding boxes to speed up convergence and improve detection
accuracy for small targets. The experimental results show that, compared to RT-DETR, PHSI-RTDETR
reduces model parameters by 30.55% and floating-point operations by 17.10%. Moreover, detection
precision and speed are increased by 3.81% and 13.39%, respectively, and mAP50, impressively,
reaches 82.58%, demonstrating the great potential of this model for drone infrared small target
detection.

Keywords: small infrared target; UAV; RT-DETR; lightweight structure; partial convolution; HiLo
attention; slimneck; Inner-GloU

1. Introduction

With the development of deep learning [1] and edge computing [2], drones can be
outfitted with artificial intelligence algorithms as edge computing devices. Infrared target
detection using drones is extensively applied in diverse areas such as map drawing [3],
traffic monitoring [4], and night-time rescue [5]. This technology is particularly important
for target recognition in night-time or visually obstructed conditions because infrared
imaging effectively captures the thermal radiation of targets in no-light or low-light en-
vironments [6]. However, the aerial targets captured by drones are usually small in size,
and objects may obstruct each other, which increases the difficulty of feature extraction [7].
Moreover, different flying heights and shooting angles of drones affect the clarity and accu-
racy of imaging [8]. The challenges of detecting features in infrared images are heightened
by their low contrast and significant noise levels [9]. At the same time, the built-in detection
algorithms used in drones face the challenges of limited hardware computing resources and
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the need for rapid response [10]. Therefore, creating a lightweight, precise, and efficient
drone-based infrared target detection algorithm holds significant social value and practical
significance.

Due to the significant distance between the drone and the objects being detected,
infrared targets in the images usually occupy only 1 to 10 pixels [11], and objects smaller
than 32 x 32 pixels in size are classified as small targets [12]. This challenge of extracting
useful feature information from small objects places higher demands on drone infrared
detection algorithms. Traditional machine learning techniques used for detecting small
infrared targets have certain limitations. For example, filters can usually suppress uniform
background clutter but fail to suppress complex background noise, leading to low accuracy
and unstable performance [13,14]. Ref. [15] proposed a method for quickly constructing
corresponding saliency maps in the spatial domain using spectral residuals, but it was
ineffective in suppressing background clutter. Ref. [16] introduced a robust infrared patch-
tensor model that can adapt to low-SCR infrared images, but it retained a high error rate in
detecting small, occluded targets against complex backgrounds.

Therefore, deep learning has been employed to tackle these challenges while enhancing
both the accuracy and speed of detecting targets [17]. Models such as the Faster R-CNN [18],
Mask R-CNN [19], SSD [20], and the YOLO [21] series have been extensively used and
studied for use in object detection tasks. In 2020, the Facebook Al team developed an
end-to-end object Detection Transformer (DETR) model [22]. The model directly predicts
the quantity and location of objects, eliminating the need for traditional techniques such
as anchor boxes and NMS and yielding notable outcomes within the field. In 2023, Zhao
et al. [23] launched the initial real-time end-to-end Detection Transformer (RT-DETR),
which efficiently handles multi-scale features through intra-scale interaction and cross-
scale fusion. RT-DETR surpasses state-of-the-art YOLO detectors of comparable size in
terms of speed and accuracy. However, Transformer-based end-to-end object detection
models still face challenges given their high computational demands and insufficient
accuracy in detecting small targets. Zhang et al. [24] developed a network structure
that runs Transformer and ResNet in parallel to combine their advantages for the more
accurate detection of faint, small targets in infrared images. However, this method is
computationally intensive and may not be suitable for resource-constrained drones. Li
et al. [25] adopted HRNet as the feature extraction framework and proposed an advanced
real-time detection method for infrared target detection called ISTD-CenterNet. Although
this method improves the accuracy and speed of infrared target detection in complex
environments, it still faces difficulties when dealing with extremely small targets and dense
target scenes. Chen et al. [26] introduced a lightweight multi-feature fusion network called
MFFNet, addressing issues such as indistinct texture features and limited resolution in
infrared images to improve the capabilities of drone-mounted smart devices in identifying
infrared targets. Nevertheless, the detection accuracy for small and occluded targets still
needs improvement. Sun et al. [27] proposed a comprehensive infrared mobile small
object detection model named Multi-YOLOvVS, which enhances the detection capability by
integrating multi-frame data from various sources. However, the complexity and inference
latency of this model may hinder its practical application to drones. Li et al. [28] developed
an interpretable multi-scale infrared small object detection network, IMD-Net, to enhance
the accuracy of detecting and segmenting small objects against complex backgrounds.
Meng et al. [29] introduced a locally focused attention-based Swin-transformer technique
for thermal infrared moving object detection, termed LAGSwin, which encodes the spatial
transformations and directional information of moving objects to enhance interaction and
feature integration at varying resolutions. Nevertheless, the computational requirements of
this model may exceed the capabilities of drone devices.

Within the domain of automated feature extraction and the handling of high-dimensional
data, deep learning has surpassed traditional machine learning techniques, especially in
achieving higher precision in detection tasks. However, the limited battery capacity of
drones and their more restrictive hardware capabilities compared to terrestrial servers pose
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significant challenges. Given these constraints, it is crucial to maximize the practicality of
algorithms by significantly reducing the space and computational demands of the model
while enhancing detection accuracy and speed. Moreover, robustness is required in order to
withstand interference from unstructured external factors such as variable lighting, climatic
conditions, and complex geographical environments. To bolster the detection capabilities of
drones in challenging environments, particularly for small infrared targets, and to reduce
computational complexity, we propose a lightweight infrared small target detection model
named PHSI-RTDETR to tackle the challenges mentioned above. The key contributions
include the following;

1. “Integration of RPConv with Residual Blocks” by replacing the 2D convolutions
in Partial Convolution (PConv) with RepConv to obtain Reparameterized Partial
Convolution (RPConv) and utilizing multi-path training combined with merged
inference to reduce memory consumption. RPConv is then integrated with BasicBlock
to form a lightweight RPConv-Block module, which is used to enhance the backbone
architecture. This integration maintains performance while reducing computational
load, thereby improving the efficiency of feature extraction;

2. “Introduction of HiLo Attention Mechanism”—HiLo attention is integrated into the
intra-scale feature interaction (AIFI) module, replacing the multi-head attention mech-
anism to form the AIFI-HiLo component. This method processes high-frequency and
low-frequency information within the feature map separately, enhancing the ability
of the network to capture global dependencies and fine local details of images while
reducing complexity and computational costs;

3. “Design of a Lightweight Feature Fusion Architecture”—A novel slimneck-SSFF
structure is proposed by integrating the Scale Sequence Feature Fusion (SSFF) frame-
work with the slimneck architecture, which incorporates lightweight GSConv and
VoVGSCSP modules. Utilizing this architecture for cross-scale feature fusion not only
enhances the detection capabilities related to tiny objects but also reduces computa-
tional demands and inference latency;

4. “Loss function optimization”—The Inner-IoU is amalgamated with the GIoU, intro-
ducing an auxiliary bounding box within the GIoU controlled by a scale factor ratio
to obtain Inner-GloU. Utilizing the Inner-GloU loss function, which employs a scaling
factor ratio to manage the generation of supplementary bounding boxes at different
scales, accelerates convergence and enhances the detection of extremely tiny targets.

2. Materials and Methods
2.1. RT-DETR Algorithm

RT-DETR represents an innovative real-time end-to-end target detection model. Com-
pared to YOLOVS, RT-DETR exhibits higher efficiency and improved balance within iden-
tical testing environments, reduces the training duration, and does so without utilizing
the mosaic data augmentation strategy while maintaining detection speeds comparable to
those of the YOLO series. The RT-DETR model is composed of three main components:
the backbone network, a hybrid encoder, and a transformer decoder equipped with an
auxiliary prediction head.

The backbone architecture leverages the capabilities of a convolutional network to
extract salient features at three distinct scales, with strides of 8, 16, and 32, respectively. The
hybrid encoder employs an Attention-based Intrascale Feature Interaction (AIFI) module
to process high-level features from the backbone, significantly reducing computational
load and enhancing processing speed without compromising performance. It also utilizes
a Cross-scale Feature Fusion Module (CCFM) to integrate and interact with multi-scale
features. The encoder dynamically adjusts queries based on IoU, choosing a set number
of image features from the output sequence that focus on areas most relevant to the
detection targets as the initial queries for the decoder. The decoder, equipped with an
auxiliary prediction head, continuously refines object queries to produce bounding boxes
and confidence scores. Figure 1 depicts the basic architecture of the RT-DETR model.
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Figure 1. RT-DETR network structure diagram.

2.2. The PHSI-RTDETR Model Architecture

This paper proposes a lightweight PHSI-RTDETR model, as depicted in Figure 2.
Addressing the challenges of unmanned aerial vehicle (UAV) infrared image recognition in
complex environments, this model not only demands high accuracy and rapid processing
capacities, but also faces the challenge of rendering the model lightweight so as to alleviate
hardware costs. The model employs RepConv [30] to replace 2D convolution operations
in some of the Partial Convolutions (PConv) [31], resulting in the RPConv convolution.
By utilizing reparameterization techniques, it reduces computational load and memory
consumption. The RPConv convolution is then integrated with residual blocks to form the
RPConv-Block module, which optimizes the backbone network to efficiently extract features
while significantly reducing the computational burden of the model. Furthermore, HiLo
Attention [32], which processes high-frequency and low-frequency information in feature
maps separately, is introduced into the Transformer encoder. The resulting AIFI-Hil.o
module captures both local details and global dependencies in feature maps. Subsequently,
the proposed slimneck-SSFF structure for feature fusion, which combines a scaled sequence
feature fusion framework [33] with a slim neck design, employs GSConv and VoVGSCSP
modules [34] to reduce computational costs and inference latency, enhancing the focus on
small target features. Finally, Inner-IoU [35] is combined with GloU [36] to form Inner-GIoU,
using a scale factor ratio to control the auxiliary bounding box size for loss computation
in order to accelerate convergence and improve the detection of extremely small targets.
This innovative integration of lightweight architecture and advanced feature processing
technologies not only optimizes UAV performance in critical missions but also promotes
scalability and adaptability in varied operational scenarios, ultimately leading to a more
robust and efficient aerial surveillance system.
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Figure 2. PHSI-RTDETR network structure diagram.

2.2.1. Improvement of Feature Extraction Network

To circumvent the computational redundancies inherent in complex models applied
to simple tasks, which consequently diminish detection speeds, this study adopts the rela-
tively lightweight ResNet-18 [37] as the foundational backbone network. Additionally, we
innovatively combine RepConv with PConv to develop the reparameterized, lightweight
RPConv. This new convolution is then employed to replace conventional convolutions
in residual blocks, forming RPConv-Blocks that enhance the backbone. This adaptation
not only boosts the capacity for feature extraction but also significantly reduces compu-
tational demands and memory consumption, making the model suitable for deployment
on UAV mobile hardware. The RPConv tactically utilizes filters only on a selected subset
of input channels, preserving the remainder, which ultimately results in lower Floating
Point Operations Per Second (FLOPs) compared to standard convolutions. This approach
ensures enhanced detection speeds across various UAV models without compromising the
precision of recognition. The structural principle of RPConv is depicted in Figure 3.

------ 9.9 F1.6

(a) Convolution

@ Input/Output @ Filter

@ : %  Convolution

ok lfa = ; *% RepConv
—> Identity

(¢) Reparameterized Partial Convolution (RPConv)

Figure 3. Schematic diagram of the Reparameterized Partial Convolution (RPConv) structure.

The RPConv applies RepConv to a select portion of input channels for extracting
spatial features while maintaining other channels as they are. To ensure efficient memory
access, the calculation engages the first or last sequence of ¢, consecutive channels as a
proxy for the computational demand across all feature maps. To maintain methodolog-
ical consistency, the channel counts for input and output feature maps remain the same.
Therefore, the FLOPs of a RPConv are solely

hxwx k% c (1)
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In the formula, & and w denote the dimensions of the feature map, k indicates the
convolution kernel size, and cp represents the count of channels used by the RepConv.
Furthermore, the smaller memory access of RPConv is

hxwacp+k2xc§%hxwx20p (2)

Memory access for PConv is only a quarter of that of a typical convolution, as the
remaining ¢ ~ ¢, channels do not participate in the computation. Integrating RPConv into
the residual blocks of the feature extraction network substantially reduces the computational
and parameter load, thus boosting the inference speed of the model. The backbone structure,
incorporating the RPConv-Block modules proposed in this paper, is depicted in Figure 4.

Input

1
H 1 Identity
1
1

. / ¢y Filters A /

Conv 3%3
Conv 3x3

Reparameterized Partial Convolution (RPConv) RPConv-Block
Figure 4. Lightweight feature extraction backbone network structure incorporating RPConv.

2.2.2. Introduce HiLo Attention into the AIFI Module

By incorporating the HiL.o attention into the intra-scale feature interaction module,
the network is enhanced to capture both the global dependencies and fine local details of
images, while also reducing computational costs. The standard Multi-head Self-Attention
(MSA) layer applies uniform global attention across all image blocks, ignoring the distinct
underlying frequencies in features, which places a huge computational burden on dense,
high-resolution images. The HiLo attention, however, partitions the MSA layer into two
components: one for encoding high-frequency interactions with local self-attention and
high-resolution feature maps, and another for encoding low-frequency interactions through
global attention to downsampled features, thereby greatly enhancing efficiency. The
structure of HiLo attention is depicted in Figure 5.
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Figure 5. Framework of HiLo attention.

As illustrated above, Nj, signifies the total count of self-attention heads in this layer,
while « indicates the division ratio for high- or low-frequency heads. The high-frequency
attention branch captures the local dependencies of fine details through local attention,
which requires a high-resolution feature map. Alternatively, the low-frequency attention
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branch captures the global dependencies of the input features using global attention and
does not require high-resolution feature maps.

The model uses a separate transformer encoder layer dedicated to processing features
from the backbone network. This approach leverages the rich semantic attributes of high-
level features, significantly reducing computational demands and enhancing processing
speed without compromising performance robustness. This optimized hybrid encoder or-
chestrates intra-scale feature interaction, transforming multi-scale features into a serialized
array of image feature sequences. In this paper, the HiLo attention replaces the standard
MSA to separately process high and low frequencies within the feature maps, reducing
complexity and ensuring high throughput on GPUs while also enhancing the ability of
the model to capture features of dense, high-resolution small targets. The computational
process is described as follows:

Q = K=V = FlHiLoatten(Ss) ©)

F5 = Reshape(HiLoAtin(Q,K,V)) 4)

where HiLoAttn represents the HiLo attention, and Reshape represents the restoration of
the shape of the feature to match that of S5, which is the inverse operation of FIHiLoatten.

2.2.3. Improvement of Cross-Scale Feature Fusion Network

In the efficient hybrid encoder structure of the model, high-level features are first
processed using an attention-based intra-scale feature interaction module, followed by
the CCFM for the interaction and fusion of multi-scale features. Compared to YOLO, this
hybrid encoder structure has seen an increase in both parameter count and computational
load, considering the need for deployment on UAV platforms for high-altitude small target
infrared detection. The original model loses small amounts of target information during
the convolution and downsampling processes. Therefore, this paper introduces the SSFF
module, GSConv, and slimneck technology and proposes a new slimneck-SSFF feature
fusion module aimed at making the model more lightweight while improving the precision
of small target detection.

As depicted in Figure 6, the GSConv module merges traditional convolution with
separable convolution, utilizing the Shuffle method to amalgamate the features produced
by both, thereby facilitating inter-channel information exchange and efficiently lowering
computational expenses.

T ! r

Conv Add Conv
Shuffle T Concat +——
Coneat DWConv| GSConv I
T T GSbottleneck Conv
DWConv
T ——— GSConv T
Conv “ Conv
(a) GSConv (b) GSbottleneck (¢) VoVGSCSP

Figure 6. GSConv, GSbottleneck, and VoVGSCSP module structure diagram.

As shown in Figure 6a,b, the GSbottleneck configuration includes two GSConv mod-
ules and one DWConv module, with input features fed into each module and their outputs
summed. Based on GSbottleneck, VoVGSCSP is constructed using a one-time aggregation
strategy, significantly reducing the number of parameters and floating-point operations.

To accurately detect targets of varying scales from aerial images taken at different
flying heights by drones, we employ the SSFF module to boost the network’s capacity for
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capturing features across different scales. This is accomplished by integrating features from
multiple layers, providing more nuanced feature representations for objects of various sizes.
The architecture of the SSFF module is depicted in Figure 7.

P3 —— Conv —— Unsqueeze

P4 —— Conv — Unsqueeze — Cat — 3D Conv %iyv MaxPool 3D — Squeeze —

ReLU

PS5 —— Conv —— Unsqueeze

Figure 7. The Scale Sequence Feature Fusion (SSFF) module’s structure diagram.

2.2.4. The Loss Function Inner-GIoU

At present, loU-based bounding box regression concentrates on speeding up conver-
gence through the addition of new loss terms, but it overlooks the intrinsic drawbacks of
IoU loss itself. Differentiating regression samples during the process and using auxiliary
bounding boxes of various scales to compute loss can effectively speed up the bounding
box regression process. In model training, computing loss using smaller auxiliary bounding
boxes improves the regression of high IoU samples, whereas the opposite is true for low
IoU samples. To boost high-altitude drones’ detection of dense small targets, this paper
introduces the concept of Inner-IoU loss and proposes Inner-GloU, which uses a scale
factor ratio to manage the generation of auxiliary bounding boxes at various scales for loss
calculation, thus enhancing both convergence speed and small target detection accuracy.
The definition of Inner-GloU is as follows:

inter = (min (b;gt, b;) — max (blgt, by)) * (min (bft, by) — max (bft,bt)) (5)
union = (w8 x h8") * (ratio)® + (w * h) * (ratio)* — inter (6)
ToU™" = % )

Lcrou =1—IoU + ACA_C u (8)

Linner—crou = Laiou + IoU — T ©)

where the ground truth (GT) box and anchor are, respectively, represented as B! and B.
The width and height of the GT box are denoted by w8 and k8!, while the width and height
of the anchor box are represented by w and h. The ratio is an auxiliary factor that controls
the size of the helper box. In the GloU loss, IoU represents the Intersection over Union and
A° signifies the area of the smallest enclosing rectangle, while U refers to the union area.

2.3. Datasets

This paper utilizes the infrared HIT-UAV dataset [38], which consists of high-altitude
aerial images captured by drones, to validate the improvements made to the model. The
HIT-UAV dataset contains 2898 infrared thermal images collected from locations such as
schools, highways, and parking lots, as shown in Figure 8. The dataset features images
captured at different flight heights ranging from 60 to 130 m, camera angles varying from
30 to 90 degrees, and under various lighting intensities. The HIT-UAV dataset presents a
challenging scenario for object detection tasks, as it contains densely packed and small-sized
objects from five categories, including people, vehicles, and bicycles.
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Figure 8. Some of the HIT-UAV dataset images.

The HIT-UAV dataset is designed to address the challenges in applying UAVs for
dark environment applications, such as traffic surveillance and city monitoring at night.
By providing infrared thermal images, the dataset expands the application range of UAVs
in low-light conditions. Moreover, the dataset records crucial information such as flight
altitude, camera perspective, and image date, enabling researchers to investigate the impact
of these factors on the precision of object detection. The diversity and complexity of the
HIT-UAV dataset, covering a wide range of aspects, enhance its practicality for various
tasks and contribute to the development of robust UAV-based object detection systems.
Each image in the dataset has a resolution of 640 x 512, providing sufficient detail for small
object detection while maintaining computational efficiency.

To meet the experimental requirements, the dataset was segmented into three sections.
Of these, 2029 images were chosen for the training dataset, 290 images for the validation
dataset, and 579 images for the test dataset. Detailed annotations of the dataset are shown
in Table 1.

Table 1. HIT-UAYV dataset labeling information.

Types Number Person Car Bicycle OtherVehicle DontCare
Training 2029 8473 5247 3618 102 110
Validation 290 1152 719 554 12 7
Test 579 2602 1338 792 34 31
Total 2898 12,227 7304 4964 148 148

2.4. Evaluation Indicators

This study evaluates algorithm performance by comparing the differences in image
detection by the model before and after improvements, under identical experimental
settings. This study employs precision (P), recall (R), mean average precision (mAP), F1
score, GFLOPs, and frames per second (FPS) as evaluation criteria.

Precision is the ratio of true positives to all positive predictions made by the model.
Recall measures the portion of true positive samples correctly identified as positive by the
model. The equations for precision and recall are presented below:

TP
Precision = —— 1
recision = = TFD (10)
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TP
TP+FN
where TP refers to instances correctly identified as positive, FP refers to instances incorrectly
identified as positive, and FN refers to instances incorrectly identified as negative. The
F1 score, serving as the harmonic mean between precision and recall, aims to consolidate
these metrics into one indicator.

_ ( 2 > Precision-Recall
- 1

Recall = (11)

=2 (12)

Recall ™! + Precision™ " " Precision + Recall

The average precision (AP) is the average highest precision at different recall levels by
category. The mean average precision (mAP) calculates the average AP across all categories
and provides an overall assessment of the effectiveness of the model. The formula is as
follows:

1
AP:/0 P(r)dr (13)
S AP(i

where S denotes the total category count, and the divisor is the aggregate of AP values
across all categories. Moreover, GFLOPs measure the computational complexity, and FPS
assesses real-time performance. The formula involving t,,¢ represents the FPS calculation.

1

FPS =
tavg

(15)

3. Results and Analysis
3.1. Training and Experimental Comparison Platform

The network experimental environment is based on Ubuntu 20.04, Python 3.8.10,
and Pytorch 2.0.0, with relevant hardware configurations and model parameters detailed
in Table 2. The batch size was set to 4, with a training duration of 150 epochs, and the
learning rate was set at 1 x 10~*. An adaptive image size of 640 x 640 was selected for the
experiments.

Table 2. Hardware configuration and model parameters.

Types Configuration Types Value
GPU RTX 4090 learning rate 1x107%
CPU 16 vCPU momentum 0.9

CUDA 11.8 optimizer AdamW

CuDNN 8.7.0 batch 4

3.2. Backbone Network Comparative Experiment

Identifying small targets in infrared images captured by drones presents significant
challenges in military and civilian contexts. The challenge of this task arises from the
requirement for drones to precisely locate small pedestrians or vehicles in complex scenes
from high altitudes, while achieving real-time and efficient detection. To address the
requirements of the built-in model of the drone, this study enhances the backbone network
of the base model. It replaces the original BasicBlock residual blocks with the lightweight
RPConv-Block module introduced in this paper. To demonstrate the superiority of using
RPConv-Block, several leading convolutional networks were selected for comparative
testing, as illustrated in Table 3.
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Table 3. Comparative experiment results for different backbone networks.
Model Precision Recall mAP50 mAP50:95 Params GFLOPs
(%) (%) (%) (%) M) G)
BasicBlock 81.68 76.49 78.77 49.59 19.97 57.3
DualConv-Block 79.40 74.34 76.46 48.79 16.02 50.1
AKConv-Block 82.18 75.36 77.36 47.29 15.55 50.4
DySnakeConv-Block 86.66 71.68 76.65 48.79 27.86 60.8
DCNv2-Block 86.88 74.59 77.77 49.21 20.41 47.4
PConv-Block 76.60 7421 76.04 48.68 14.17 46.7
RPConv-Block 84.16 76.51 79.52 49.84 14.17 46.7

Table 3 shows that incorporating the lightweight RPConv-Block not only decreases the
model parameters and GFLOPs by 29.04% and 18.49%, respectively, but it also enhances
the mAP50 by 0.75% compared to the baseline model. Comparative analysis indicates that
although improvements to the backbone network with DualConv [39] and AKConv [40]
reduced parameter counts and computational loads, they led to reductions of 2.13% and
1.41% in mAP50, respectively, which did not meet the high-precision requirements for
drone-based infrared detection. Additionally, this study incorporated DySnakeConv [41]
into the original BasicBlock module. While DySnakeConv performed well in terms of the
precision metric, with a 4.98% improvement over the original model, the model yielded
a significant increase in the parameters by 39.51% and GFLOPs by 6.11%. While the in-
tegration of deformable convolution v2 (DCNv2) [42] increased the precision by 5.2%,
this enhancement resulted in a 2.2% rise in model parameters. Comparing the perfor-
mance of several popular operators, we see that the RPConv-Block proposed in this paper
demonstrates superior performance.

3.3. Verifying the Role of the AIFI-HiLo Module

To verify and explore the factors contributing to the improved detection of small
targets in infrared imagery through the integration of the Intra-scale Feature Interaction
module with HiLo attention, this study utilized LayerCAM [43] to generate and compare
heatmaps before and after the incorporation of the attention mechanism. To comprehen-
sively evaluate the performance of the HiLo attention mechanism in various scenarios, this
study conducted comparative experiments in three representative environments: streets,
high-angle parking lots, and low-angle parking lots. The street scene is characterized by
dense pedestrians and vehicles, as well as complex and changing backgrounds, posing
significant challenges to detection algorithms. In high-angle parking lot environments, the
UAV is positioned at a higher altitude, with vehicles appearing relatively small in scale and
widely spaced, making them prone to missed detections. In low-angle parking lot envi-
ronments, the UAV’s shooting angle is closer to the ground, leading to frequent occlusions
between vehicles, which further complicates the detection task. By analyzing the heatmaps
of the RT-DETR model before and after the introduction of the HiLo attention mechanism,
we can gain a deeper understanding of the mechanism’s effectiveness in improving small
target detection performance under complex backgrounds. The comparative evaluation is
depicted in Figure 9.

The experimental results demonstrate that the HiLo attention mechanism effectively
enhances the RT-DETR model’s ability to detect small targets in complex backgrounds.
The above figure shows that the RT-DETR model without the introduction of the HiLo
attention mechanism ignores certain small targets but focuses on irrelevant backgrounds.
After incorporating the HiLo attention mechanism, the focus of the model becomes more
concentrated and accurate, enabling it to better focus on tiny pedestrians and bicycles
that are obscuring each other. In street scenes, the model can more accurately focus on
small targets such as pedestrians and bicycles while effectively suppressing interference
from backgrounds like buildings, maintaining high detection accuracy even when targets
are mutually occluded. In high-angle parking lot environments, the model’s detection
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capability for vehicles is significantly improved after using the HiLo attention mechanism,
accurately locating each vehicle while reducing the response to background regions. In
low-angle parking lot scenes, the model can accurately locate occluded vehicles even when
they overlap, with the heatmap clearly reflecting the positions and outlines of these vehicles.
These results demonstrate the effectiveness of the HiLo attention mechanism in handling
complex occlusion relationships and improving the accuracy of detecting small targets
from various UAV perspectives.
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Figure 9. Comparison of feature visualization before and after adding the HiLo attention.

3.4. Verifying the Effectiveness of the Slimneck-SSFF Structure

As shown in the ablation experiments in Table 4, comparing four different model
configurations reveals the specific impacts of each feature fusion network improvement
strategy on model performance. Model 2, which incorporates the slimneck technology,
significantly reduced parameters and GFLOPs by 3.36% and 6.98%, respectively, at the
cost of a small amount of accuracy compared to the RT-DETR model. This indicates the
significant effect of the slimneck strategy on enhancing the computational efficiency of
the model. Model 3, employing the SSFF strategy, significantly increased mAP50 and
mAP50:95 by 2.68% and 2.76%, respectively, but slightly increased computational complex-
ity and parameter count, highlighting the additional resources needed for higher detection
accuracy. Finally, Model 4, integrating both slimneck and SSFF strategies, achieved a
balance, raising precision and recall to 87.09% and 76.96%, enhancing mAP50 by 0.39%,
and reducing parameter count by 1.35%, thus achieving the optimization goal of managing
computational resource consumption while maintaining high performance.

Table 4. Performance comparison of the model after feature fusion network enhancement.

Model Precision Recall mAP50 mAP50:95 Params GFLOPs
(%) (%) (%) (%) M) G)
1. RT-DETR 81.68 76.49 78.77 49.59 19.97 57.3
2. RT-DETR + slimneck 81.44 73.32 76.91 48.04 19.30 53.3
3. RT-DETR + SSFF 87.22 74.38 81.45 52.35 20.16 61.5

4. RT-DETR + slimneck + SSFF

87.09 76.96 79.16 49.01 19.70 57.9
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3.5. Backbone Network Comparative Experiment

To confirm the effectiveness of the proposed Inner-GloU loss function, tests were
performed using various ratio settings to adjust the dimensions of the auxiliary bounding
box. Comparative analyses were performed against established loss functions such as DIoU,
CloU, SloU, and EloU [44-46]. The data presented in Table 5 show that the model equipped
with the Inner-GIoU loss function at a 1.13 ratio demonstrated enhanced detection accuracy.
Compared to the baseline model utilizing the GloU loss function, there was an increase of
5.09% in the precision indicators and a 1.55% rise in mAP50. This indicates that employing
the Inner-GloU loss function may result in more consistent regression on bounding boxes
and improved prediction precision.

Table 5. Performance comparison of models with improved loss functions.

Loss Function Precision (%) Recall (%) mAP50 (%) mAP50:95 (%)
GIoU 84.21 76.98 81.03 51.99
DIoU 83.49 74.57 79.47 48.90
CloU 87.04 75.31 78.78 50.62
EloU 87.23 71.08 79.18 48.59
SloU 88.01 76.80 80.30 50.11
Inner-GloU (ratio = 0.70) 87.98 72.56 79.01 51.16
Inner-GloU (ratio = 0.75) 89.22 72.92 78.09 49.73
Inner-GloU (ratio = 0.80) 85.53 75.41 79.43 51.01
Inner-GloU (ratio = 1.10) 87.83 75.79 80.01 51.13
Inner-GIoU (ratio = 1.13) 89.30 76.14 82.58 51.59
Inner-GloU (ratio = 1.15) 89.32 75.85 81.18 51.48

3.6. Ablation Study

To verify the enhancement effect of the proposed improvement modules on the model,
eight groups of ablation experiments were created. On the basis of the RE-DETR network,
the following modifications were made: the BasicBlock in the feature extraction network
was replaced with the lightweight RPConv-Block module, the Intra-scale Feature Interaction
module equipped with a HiLo attention mechanism was added, and the feature fusion
network was optimized using slimneck and SSFF. Additionally, the loss function was
switched to Inner-GloU. The experiments were conducted by successively adding each
improvement module, and the results are presented in Table 6.

Table 6. Results of ablation experiments.

mAP50 mAP50:95 Params GFLOPs FPS

Methods RPConv-Block  AIFI-HiLo Slimneck-SSFF Inner-GIloU (%) (%) ™) ) (t/s)
1. base 78.77 49.59 19.97 57.3 112
2 Vv 79.52 49.84 14.17 46.7 116

3 V4 79.84 51.91 19.94 57.4 143

4 vV 79.16 49.01 19.70 57.9 114

5 4 79.35 51.55 19.97 57.3 119

6 V4 V4 78.11 50.26 14.14 46.8 154

7 4 4 Vv 81.03 51.99 13.87 47.5 122

8. ours V4 V4 v vV 82.58 51.59 13.87 47.5 127

The “4/” symbol indicates an improvement in the structure of the corresponding ordinate.

The ablation study results in Table 6 indicate that the backbone network, enhanced
with the lightweight RPConv-Block module, improved the mAP50, mAP50:95, and FPS
metrics by 0.75%, 0.25%, and 3.57%, respectively. These improvements demonstrate more
effective feature extraction, faster detection speeds, and a reduction in model weight, with
parameter counts and GFLOPs decreasing by 29.04% and 18.49%, respectively. Relative
to the baseline model, the integration of the AIFI-HiLo layer into the hybrid encoder led
to increases of 1.07% in mAP50 and 27.68% in FPS. As can be seen from Experiment 7,
utilizing the slimneck-SSFF architecture as a cross-scale feature fusion network significantly
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improved the mAP50 and mAP50:95 by 2.92% and 1.73%, respectively, while maintaining
the stability of other metrics. This confirms that the slimneck-SSFF framework effectively
enhances the fusion and articulation of features for infrared small target detection. After
adopting the Inner-GloU loss function, the model showed improvements of 0.58%, 1.96%,
and 6.25% in mAP50, mAP95, and FPS, respectively. Furthermore, the PHSI-RTDETR
model, following the integration of all improvement strategies, exhibited substantial in-
creases in the mAP50, mAP95, and FPS metrics by 3.81%, 2%, and 13.39%, respectively.
Meanwhile, there were significant reductions in computational load and parameter count,
which decreased by 17.10% and 30.55%, respectively. The experiments demonstrate that
each modification made a significant contribution to the performance of the PHSI-RTDETR
model.

3.7. Comprehensive Analysis of the Improved Model

Table 7 displays the detection effectiveness of the PHSI-RTDETR model across various
categories of infrared targets. Examining the overall performance, we see that the model
demonstrated high precision and recall rates, at 89.30% and 76.14%, respectively, achieving
an mAP50 of 82.58% and an mAP50:95 of 51.59%, thus confirming its effectiveness in
comprehensively assessing small infrared targets from drone aerial imagery. Particularly
in detecting pedestrians and cars, the model exhibited exceptionally high precision rates
of 92.42% and 93.75%, and also scored highly in mAP50, reaching 94.35% and 97.16%,
respectively. Despite the fact that bicycle targets in the dataset are mostly densely dis-
tributed and mutually occluded, the model still achieved an mAP50 exceeding 90% for
this category, demonstrating its superiority in handling densely packed targets. However,
in recognizing OtherVehicle, the mAP50 and mAP50:95 metrics decreased to 65.51% and
46.96%, respectively. This may be due to the less distinct features of these targets, which
are easily confused with cars, posing challenges to the detection capabilities of the model.
Overall, however, the PHSI-RTDETR model exhibited exemplary performance in detecting
infrared targets from drone aerial imagery, particularly excelling in identifying densely
packed pedestrians and cars and showcasing significant advantages.

Table 7. Results of the improved model in detecting various categories in the HIT-UAV test set.

Class Instances Precision (%) Recall (%) mAP50 (%) mA(I:/f)O 95
All 4797 89.30 76.14 82.58 51.59
Person 2602 92.42 87.55 94.35 50.57
Car 1338 93.75 93.10 97.16 69.43
Bicycle 792 92.01 79.29 90.80 53.72
OtherVehicle 34 68.32 70.59 65.51 46.96
DontCare 31 100 50.16 65.07 37.28

To improve the generalization ability and robustness of the model, future work could
focus on expanding the range of infrared small target categories that the model can detect.
By incorporating a more diverse set of object classes during training, the model can learn
to capture a wider variety of features and better distinguish between different types of
targets. Additionally, enhancing the ability of the model to differentiate between genuine
targets and background clutter or other sources of interference is crucial for reducing
false positives and improving overall detection accuracy. This could be achieved through
techniques such as data augmentation, where the training dataset is enriched with more
challenging examples that include confounding factors, enabling the model to learn more
discriminative features. To visually demonstrate the capability of the model to recognize
infrared targets in drone aerial imagery, we visualized several evaluation metrics, as shown
in Figure 10. The performance curves for various categories of infrared targets clearly
illustrate the superiority of the improved model. The graphs in Figure 10 represent the
precision, recall, mAP50, and F1 curves of the PHSI-RTDETR model, respectively.
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Figure 10. The precision, recall, mAP50, and F1 comparison curves of the PHSI-RTDETR model.

3.8. Comparison of Different Detection Models
Figure 11 displays the confusion matrices for the RT-DETR and PHSI-RTDETR models

at their respective optimal performances. From the comparative visualization, it is intu-
itively clear that the PHSI-RTDETR model surpasses the original model in classification
performance across all categories. The new model not only improves the accuracy but also
enhances precision and recall rates, leading to fewer false positives and negatives. This com-
prehensive improvement is particularly notable in challenging categories where previous
models struggled. Based on the provided analysis, we see that the PHSI-RTDETR model
proposed in this study demonstrated exceptional performance in the task of detecting small
infrared targets, thereby confirming its effectiveness and reliability in real-world scenarios.
This advancement suggests significant potential for the application of the PHSI-RTDETR
model in various surveillance and security contexts where accurate detection of small

objects is crucial.

RT-DETR Confusion Matrix PHSI-RTDETR Confusion Matrix
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Figure 11. Confusion matrix comparison plot of RT-DETR and PHSI-RTDETR. (a) represents the
confusion matrix for RT-DETR, (b) represents the confusion matrix for PHSI-RTDETR.
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The performance of PHSI-RTDETR was compared with those of several other object
detection models, including Faster-RCNN, SSD, YOLOvS5, YOLOv6, YOLOvS, YOLOV9 [47],
YOLOV10 [48], and the RT-DETR series. The specific results are shown in Table 8.

Table 8. Comparison of performance of different models.

Model Precision (%) Recall (%) mAP50 (%) mAP50:95 (%) F1 (%) Time (ms)
Faster R-CNN 79.71 67.74 70.21 40.19 73 7.7
SSD 82.11 67.83 72.11 41.89 74 9.2
YOLOvV5 81.68 71.33 75.47 48.18 76 9.6
YOLOv6 78.41 77.13 78.38 49.73 77 8.0
YOLOvVS 82.10 76.58 79.91 51.04 79 74
YOLOV9 86.02 75.76 80.89 52.49 80 8.1
YOLOv10 85.81 70.65 77.70 47.39 77 75
RT-DETR 81.68 76.49 78.77 49.59 78 8.9
RT-DETR-L 86.28 73.64 79.07 49.65 78 11.6
RT-DETR-R34 85.72 71.78 75.13 46.91 77 8.4
RT-DETR-R50 89.93 76.09 80.33 51.27 81 129
PHSI-RTDETR 89.30 76.14 82.58 51.59 81 7.9

As demonstrated in Table 8, the PHSI-RTDETR model exhibits significant improve-
ments in performance metrics compared to various state-of-the-art object detection models.
In terms of mAP50, PHSI-RTDETR outperforms Faster-RCNN, SSD, YOLOv5, YOLOV®,
YOLOVS, YOLOV9, and YOLOV10 by 12.37%, 10.47%, 7.11%, 4.2%, 2.67%, 1.69%, and 4.88%,
respectively. These substantial gains in mAP50 highlight the exceptional detection accuracy
of PHSI-RTDETR, particularly for small infrared targets in drone aerial imagery. Moreover,
PHSI-RTDETR achieves a remarkable detection speed of 7.9 milliseconds per image, sur-
passing the real-time detection criteria. This swift inference time positions PHSI-RTDETR
as an efficient model for practical applications demanding real-time performance.

Furthermore, compared to the RI-DETR-L, RT-DETR-R34, and RT-DETR-R50 models,
mAP50 was improved by 3.51%, 7.45%, and 2.25%, respectively. These results underscore
the effectiveness of the architectural optimizations and design choices incorporated in
PHSI-RTDETR, contributing to its superior detection accuracy. Furthermore, compared
to the original RT-DETR model, PHSI-RTDETR showcases notable advancements, with
mAP50 and mAP50:95 metrics increasing by 3.81% and 2%, respectively, indicating im-
proved performance across different IoU thresholds. Simultaneously, the F1 score and
inference speed are improved by 3.85% and 11.24%, respectively, emphasizing the model’s
balanced approach to accuracy and efficiency.

3.9. Visual Analysis

In complex environments, infrared targets are affected by various factors, including
differing geographical locations, uneven lighting, varying altitudes of drone aerial photog-
raphy, and obstructions caused by overlapping objects. To address these challenges, we
evaluated the performance of the enhanced model across various scenarios, as depicted
in Figure 12. These detection outcomes show that the model accurately identifies small
infrared targets in complex settings from drone aerial images, demonstrating robustness.
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(d) Detection effects under dense occlusion conditions

Figure 12. Examples of infrared small target detection results under different conditions.

Figure 12 presents a comparison of the effects of small target detection using infrared
imaging technology under different conditions. The algorithm demonstrates good adapt-
ability in various geographic environments, effectively detecting tiny targets in scenes such
as streets and parking lots, with high accuracy and stability in the detection results. The
comparison of detection effects under different light intensities indicates that light changes
have a certain impact on the detection results, but overall, the algorithm exhibits strong
robustness to light variations. The analysis of the influence of target height on the detection
effect shows that as the target height increases, the occlusion relationships become more
complex, making small target detection more challenging. Despite this, the algorithm
maintains a high detection accuracy. The demonstration of the detection effect under dense
occlusion conditions reveals that the algorithm can detect most of the occluded targets,
but a small portion of targets are not correctly identified, indicating that there is room for
further optimization in handling severe occlusion problems. Overall, the infrared small
target detection algorithm exhibits good performance in complex environments, but still
requires targeted improvements in specific scenarios to further enhance its practical value.

Figure 13 displays the results of the comparison of small infrared target detection
using drone aerial imagery in various environmental conditions between PHSI-RTDETR
and other RT-DETR series models.

These images clearly demonstrate that PHSI-RTDETR surpasses the original model in
detection accuracy. Comparative detections were performed in various settings, including
schools, playgrounds, roads, and parking lots. From the first column of images, it is evident
that PHSI-RTDETR achieves higher detection accuracy compared to other models. In
the second column, we see that the original model failed to detect some pedestrians and
cars, whereas PHSI-RTDETR accurately identified all small infrared targets. In the third
column, we see that PHSI-RTDETR significantly reduced the miss and false detection rates
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of pedestrians. In the fourth column, we see that, while RT-DETR incorrectly detected cars
and RT-DETR-R34 missed pedestrians, PHSI-RTDETR exhibited superior detection accu-
racy over the other models. Overall, PHSI-RTDETR demonstrated exceptional detection
performance on small infrared targets across various complex aerial environments, making
it suitable for high-altitude drone detection tasks.
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Figure 13. Comparative visualization of detection results for different algorithms.

4. Discussion

The experimental results demonstrate that the proposed PHSI-RTDETR model achieves
significant improvements in both accuracy and efficiency for infrared small target detection
in UAV aerial photography. The ablation studies confirm the effectiveness of each proposed
improvement module, including the lightweight RPConv-Block, the AIFI-HiLo module,
the slimneck-SSFF structure, and the Inner-GIoU loss function.

The introduction of the RPConv-Block module in the backbone network not only
reduces the computational cost and parameter count but also improves the detection
accuracy, which can be attributed to the ability of reparameterized partial convolution to
extract more discriminative features by focusing on informative regions while suppressing
irrelevant background information. The AIFI-HiLo module further enhances the feature
representation by separately processing high-frequency and low-frequency information
in the feature maps, capturing both local details and global dependencies, as revealed
by the visualization of attention maps, which demonstrates that the AIFI-HiLo module
enables the model to focus more on the target objects while suppressing the interference
from background clutter. In the neck network, the slimneck-SSFF structure effectively
balances the trade-off between accuracy and efficiency, with the slimneck strategy reducing
the computational complexity and parameter count, while the SSFF strategy improves
the feature fusion and representation capability across different scales, as demonstrated
by the ablation experiments, which show that the combination of slimneck and SSFF
achieves the best performance, indicating the complementary nature of these two strategies.
Furthermore, the Inner-GloU loss function promotes more precise bounding box regression
by introducing an auxiliary bounding box controlled by a scale factor ratio to accelerate
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convergence and improve the detection of extremely small targets, and the comparison
with other state-of-the-art loss functions validates the superiority of Inner-GIoU in terms of
convergence speed and detection accuracy.

A comprehensive analysis of the improved model reveals its strong capability in
detecting small infrared targets under various complex backgrounds and dense object
distributions. The high precision and recall rates demonstrate that the model can capture the
unique features associated with small targets, even in challenging scenarios. Comparisons
with other object detection models, including Faster R-CNN, SSD, YOLOv9, YOLOv10, and
the original RT-DETR, highlight the superior performance of PHSI-RTDETR in terms of
accuracy and speed. Visual analysis under various environmental conditions proves the
model’s robustness in handling challenges such as low contrast, significant noise levels,
and object occlusion. When applied to UAV-based infrared target detection tasks in the
future, this approach has the potential to enhance the performance of applications such
as search and rescue, wildlife monitoring, and military reconnaissance by improving the
detection accuracy and efficiency of small targets in complex environments.

5. Conclusions

In this study, a UAV aerial photography infrared small target detection model, PHSI-
RTDETR, is proposed, which can provide more accurate decision support for traffic super-
vision and night rescue. Firstly, the backbone feature extraction architecture was crafted
using the lightweight RPConv-Block module introduced in this paper, which simplified
the model by reducing its complexity and computational demands. Then, an AIFI-HiLo
module was obtained by combining the HiLo attention mechanism with the in-scale fea-
ture interaction module, which was incorporated into the hybrid encoder to enhance the
attention of the model to small or dense targets and to reduce leakage and false detection
rates. In addition, the slimneck-SSFF architecture was proposed as a cross-scale feature
fusion architecture for the model, which utilized the GSConv and VoVGSCSP modules
to enhance the adaptability of the model to infrared targets at different scales, generating
more detailed semantic information while reducing the network computation. Finally, the
original GloU loss was substituted by the Inner-GloU loss, which utilized the scale factor
control assistance box to accelerate the convergence speed and improve the accuracy of
judging small targets.

Comprehensive experiments were conducted to validate the performance of PHSI-
RTDETR. The comparative results indicate that PHSI-RTDETR improved precision, mAP50,
and mAP50:95 by 7.62%, 3.81%, and 2%, respectively, compared to the original model.
Concurrently, the number of parameters and GFLOPs were reduced by 30.55% and 17.10%,
respectively, with the detection time per image being only 7.9 milliseconds. Moreover, the
experiments confirmed the robustness of PHSI-RTDETR, demonstrating its capability to
effectively detect small infrared targets in various complex scenarios involving different
geographical locations, lighting, and drone flight altitudes. To further verify the versatility
and robustness of the proposed method, future work will focus on conducting experiments
on more infrared small target detection datasets. By testing the algorithm on different
datasets, we aim to gain deeper insights into its strengths and limitations under various
scenarios, enabling the improved model to better adapt to diverse UAV-based infrared
detection applications. Furthermore, future research will explore the potential of multi-
drone collaborative detection of small targets, leveraging the information shared among
multiple drones to enhance detection performance, especially for partially occluded or
low-visibility targets in large-scale scenarios.
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