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Abstract: Infrared target detection using unmanned aerial vehicles (UAVs) presents a frontier in
intelligent infrared recognition with diverse applications. However, challenges such as complex noise
interference and drastic target scale variations hinder practical implementation. This study intro-
duces an infrared target detection algorithm that integrates anti-interference and multi-scale per-
ception mechanisms. The algorithm features a vision Transformer (ViT)-based anti-interference fea-
ture encoder and a multi-scale feature encoder with deformable attention. Experimental results on
the HIT-UAV and VI-MOT datasets demonstrate a 4.5 and 5.3 percentage point improvement in

small-target detection accuracy, respectively, highlighting its robust anti-interference capabilities

and high practical applicability.
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1 Introduction

Driven by the rapid advancement of infrared
imaging and deep learning, deep learning-based
infrared target detection has been widely applied
across diverse platforms, particularly on
unmanned aerial vehicles (UAVs), which has
become a research frontier.

UAV-based infrared target detection con-
fronts two critical challenges. First, infrared
imaging is highly vulnerable to complex noise
interferences, including environmental and ther-

mal radiation noise. These factors blur target
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edges and diminish thermal contrast in infrared
images, resulting in poor robustness of existing
detection algorithms under noisy conditions. Sec-
ond, fluctuations in UAV flight altitude and atti-
tude cause abrupt changes in target scale within
images. Modeling this dynamic scale variation
effectively remains challenging for detection algo-
rithms, thereby compromising detection accu-
racy and adaptability.

To improve robustness under noisy infrared
imaging, we build an anti-interference branch
based on a vision Transformer (ViT) backbone
and design two task-specific auxiliary pre-train-
ing tasks: interference-aware learning and edge-
aware learning. Specifically, Poisson-Gaussian
noise, atmospheric turbulence, and motion blur
are used to guide noise-invariant feature learning,
and edge-enhanced views are introduced to
strengthen weak boundary perception.

To address target scale variation, we develop
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a multi-scale feature encoder by adapting
RepGFPN (reparameterized generalized feature
pyramid network), SimAM (simple, parameter-
free attention module), and deformable atten-
tion to UAV infrared detection. These existing
components are used to enhance cross-scale fea-
ture interaction, salient-region response, and
small-target representation. To integrate the anti-
interference and multi-scale features, we design a
spatially aligned gated fusion module, where the
ViT output sequence is aligned with the C3 fea-
ture map and adaptively fused through position-
wise and channel-wise gates. The fused features
are then decoded by a Transformer decoder with
content-position decoupling.

The main contributions of this work are
summarized as follows. First, building upon ViT
and contrastive learning, we design an infrared
interference-aware learning task for UAV infrared
detection. By constructing noisy positive views
with Poisson-Gaussian noise, atmospheric turbu-
lence, and motion blur, the encoder is encour-
aged to learn noise-invariant target representa-
tions. Second, based on edge enhancement and
suppression operations, we introduce an edge-
aware learning task to enhance the perception of
weak target boundaries in low-contrast infrared
scenes. Third, we propose a spatially aligned
gated fusion module to integrate anti-interfer-
ence features and multi-scale features. The gate
assigns position-wise and channel-wise fusion
weights, enabling the detector to balance noise
robustness and scale perception under complex
UAYV imaging conditions.

2 Related Work

Infrared target detection, as a crucial sub-disci-
pline of general object detection, has followed a
similar evolutionary path to mainstream object
detection techniques. Modern object detection
algorithms can be broadly categorized into two
neural networks

frameworks: convolutional

(CNNs) and Transformer-based architectures.

The CNN-based framework is further divided
into two-stage and one-stage algorithms. Repre-
sentative two-stage methods include Fast R-
CNN (region-based convolutional neural net-
works) [1], Faster R-CNN [2], and Mask R-CNN [3].
However, their inferior inference efficiency ren-
ders them ill-suited for UAV-based detection
tasks.

One-stage methods are further categorized
into anchor-based and anchor-free paradigms.
Representative anchor-based methods include the
YOLO (you only live once) series [4-8] and
SSD (single shot multibox detector)[9]. Although
these methods have demonstrated remarkable
performance, their dependency on anchor box
priors and complex hyperparameter optimization
constrains their adaptability. Consequently,
anchor-based methods have been increasingly
marginalized in UAV infrared target detection.
To streamline the pipeline, anchor-free methods
have emerged, encompassing keypoint-based and
center-based approaches. Keypoint-based repre-
sentatives include CornerNet [10], ExtremeNet
[11], and CenterNet [12]; center-based representa-
tives include DenseBox [13], GARPN [14], FCOS
[15], and FoveaBox [16].

approaches eliminate the need for predefined

These anchor-free
anchor boxes, reduce hyperparameter depen-
dency, enhance flexibility in handling scale varia-
tion and irregular targets, and enable faster infer-
ence. However, they often exhibit compromised
localization accuracy in dense prediction scenar-
ios, require meticulous design of positive/nega-
tive sample assignment strategies, and face chal-
lenges in small-object detection.

In recent years, numerous YOLO-based
improved algorithms for UAV infrared target
detection have been proposed, yielding promis-
ing results. Aiming to tackle challenges like low
accuracy, large model footprint, and sluggish
inference in UAV infrared scenarios, Cao et al.
[17] proposed YOLO-TSL, a lightweight detec-
tion algorithm. Tang et al. [18] proposed IRSTD-
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YOLO for small infrared target detection in low-
contrast, complex-background environments.
However, these CNN-based methods are inher-
ently constrained by CNNs’ limitations—specifi-
cally, limited receptive fields and inadequate
global semantic modeling—leading to subpar anti-
interference performance.

To overcome these limitations, numerous
algorithms have embraced the Transformer archi-
tecture, initially proposed by Vaswani et al. [19]
in 2017. Dosovitskiy et al. [20] introduced the
vision Transformer (ViT), which revolutionized
the modeling of global image relationships, yield-
ing superior performance on various vision tasks.
Carion et al. [21] further proposed DETR (detec-
tion Transformer), the first object detection
model to integrate the Transformer architecture.
However, both ViT and DETR suffer from high
computational complexity, slow training conver-
gence, and poor real-time applicability to UAV
scenarios.

To address these challenges, Zhu et al. [22]
proposed deformable DETR, which mitigated
global attention’s computational overhead via
deformable attention mechanisms and incorpo-
rated multi-scale feature maps to enhance small-
object detection—demonstrating efficacy in UAV
infrared scenarios. Meng et al. [23] proposed con-
ditional DETR, which decouples decoder query
content and positional information to expedite
training. In 2024, Zhao et al. [24] proposed RT-
DETR, the first real-time DETR-based detector,
which substantially enhanced multi-scale detec-
tion performance. Building on RT-DETR/’s supe-
rior detection performance, numerous recent
approaches have extended it for UAV infrared
detection. Wang et al. [25] proposed PHSI-
RTDETR, which lightweight

RPConv-Block module to boost detection accu-

integrates a

racy while substantially reducing model complex-
ity and computational overhead. Additionally,
they designed the AIFI-HiLo module to enhance
dense-scene performance and minimize miss and
false detections. Xue et al. [26] proposed FECI-

RTDETR, which integrates the EA-AIFI mod-
ule to boost small-object detection performance
while cutting computational costs.

Despite significant advancements in UAV
infrared target detection, existing algorithms gen-
erally lack efficient mechanisms for suppressing
infrared noise, resulting in subpar anti-interfer-
ence capabilities. Furthermore, although Trans-
former-based detectors like deformable DETR
enable multi-scale feature interaction, their per-
formance still lags behind traditional feature
pyramid networks, rendering them ill-suited for
UAYV detection tasks. Thus, this study focuses on
enhancing anti-interference mechanisms and
multi-scale perception in infrared scenarios, aim-
ing to improve robustness and adaptability for

UAYV operations in complex environments.

3 Methods

3.1 Anti-Interference Feature Encoder

Fig. 1 depicts the overall architecture of the pro-
posed algorithm. The input is a raw infrared
image, processed by two specially designed
encoder branches: the multi-scale feature encoder
and the ViT-based anti-interference encoder. The
multi-scale  feature encoder comprises a
YOLOv11 backbone, a RepGFPN multi-scale
fusion network, and a deformable attention
ViT-based

encoder is grounded in a vision Transformer

mechanism. The anti-interference
backbone, pre-trained via two auxiliary learning
tasks —interference-aware learning and edge-
aware learning. The multi-scale encoder gener-
ates multi-scale feature sequences, whereas the
ViT encoder produces anti-interference feature
sequences. These two sequences are first aligned
and then fused via a gated fusion network, with
the fused feature sequence fed into the decoder.
The decoder employs a content-position decou-
pling mechanism to decode and ultimately out-
put target positions and categories.

The structure of the ViT anti-interference

feature encoder is illustrated in Fig. 2. The input
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is the raw infrared image, which undergoes an
augmented data generation process using manu-
ally designed strategies to construct positive and
negative sample sequences. These positive and
negative sample sequences are then passed
through the ViT embedding layer, converting the
image data into sequence data. The sequence
data are processed by the ViT anti-interference
feature encoder to generate encoded image fea-

ture sequences. These feature sequences are fur-

|
|

Structure diagram of infrared target detection algorithm integrating anti-interference mechanism and multi-scale fusion
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ther optimized through two downstream tasks:
interference-aware learning and edge-aware learn-
ing, which fine-tune the ViT pre-trained network

parameters.

3.2 Design of the Interference-Aware Learning
Task

The interference-aware learning task is pivotal

for UAV infrared target detection. It empowers

the backbone network to discriminate between

target intrinsic features and noise interference,
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thereby constraining the network’s lower layers
to filter out mnoise-induced pseudo-features and
enabling the model to focus on authentic target
features. The concept of interference-aware learn-
ing originates from deep metric learning, aiming
to map inputs to an embedding space through a
neural network. In this embedding space, the
inter-sample distance directly reflects their
semantic similarity. The specific design approach
will be elaborated on from three dimensions: pos-
itive/negative sample construction, model archi-
tecture, and optimization objectives.

1) Positive and Negative Sample Construc-
tion: Positive samples denote instances from the
same category or target, whereas negative sam-
ples originate from distinct categories or targets.
Through contrasting positive/negative samples,
the model minimizes intra-class distances and
maximizes inter-class distances in the feature
space, thereby constructing a discriminative
embedding representation.

For the original input image, three types of
synthetic noise —Poisson-Gaussian noise, atmo-
spheric turbulence noise, and motion blur —are
applied. These three noise types are selected
because they simulate common interferences in
infrared imaging systems: sensor noise, atmo-
spheric transmission interference, and platform
motion interference. This combination encom-
passes the primary interference sources in UAV
infrared imaging, enabling the model to learn fea-
ture representations with enhanced generaliza-
tion capability. Specifically, Poisson-Gaussian
noise simulates the inherent noise characteristics
of infrared sensors, atmospheric turbulence noise
represents long-distance imaging air disturbance,
and motion blur represents image degradation
caused by vibrations from the UAV platform.
After adding interference to the original image,
the positive sample P is defined as follows

P(z) = [T (z), Ty(z), Ty(w)]

QD)
TL' E {CZ—:xoisev CZ-:urb7 CZ—lylur}

where T, corresponds to Poisson—Gaussian noise,

atmospheric turbulence, and motion blur, respec-
tively.
Negative samples N(z) are obtained through

in-batch negative sampling, as shown in
N(z)={a, | j #i, z, € B} (2)

where B represents the current batch. The posi-
tive samples are generated as y* = T(z), while
the negative samples {y,} are collected from
other images in the same mini-batch.

2) Model Architecture: The model employs a
dual-branch architecture. The original image
branch focuses on extracting target intrinsic fea-
tures, whereas the interference sample branch
specializes in modeling noise patterns. The model
structure is illustrated in Fig. 3.

The model inputs comprise the original
image, positive samples, and negative samples.
After traversing the lower layers of the ViT anti-
interference feature encoder, both branches lever-
age SENet (squeeze and excitation networks)to
process the encoded feature sequences. SENet
dynamically recalibrates channel feature impor-
tance, augmenting the model’s sensitivity to criti-
cal features.

Finally, global average pooling (GAP) is
applied to generate feature vectors. The GAP
operation collapses spatial dimensions, yielding
the original image feature vector Z,, positive
sample feature vector Z,, and negative sample
feature vector Z,. These feature vectors are then
utilized for subsequent loss computation. Model
parameters of the ViT anti-interference encoder
are optimized via loss gradient backpropagation.

3) Optimization Objective: Guided by the
principles of deep metric learning, the model’s
optimization objective is to maximize the mutual
information between the original image and posi-
tive samples. Mutual information is a measure of
the statistical dependence between two random
variables, and in this case, the InfoNCE ( infor-
mation noise-contrastive estimation) loss func-

tion is used. The final loss function is defined as
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exp(sim(z,, z,+) /T)

Z exp(sim(z,, z,,) /7)

Linee = —E [1g 3

where sim(-) denotes the similarity function for
measuring feature space similarity (cosine simi-
larity is applied here), 7 is the temperature coef-
ficient, and =z,= f(z) and z,= f(y) are the
encoded feature vectors. The denominator com-
prises the sum of similarities between one posi-
tive sample and K negative samples.

3.3 Edge-Aware Learning Task Design

In infrared scenes, target edges serve as critical
features for discriminating targets from the back-
ground. The proposed edge-aware learning
enhances the model’s ability to perceive high-fre-
quency information in the image through explicit
feature crossovers, enabling more effective target
localization. The following subsections elaborate
on the design approach across three dimensions:
positive/negative sample construction, model

architecture, and optimization objectives.

1) Positive and Negative Sample Construc-
tion: The core principle of positive/negative sam-
ple construction is to separate target high-fre-
quency edge information from image low-fre-
quency noise interference. Positive samples are
generated via the Perona-Malik diffusion equa-
tion (PMD) to emphasize target edges, as

defined as

% — div(e(|VI)) V1) o

where I denotes the input image, VI denotes the
image gradient magnitude, and the diffusion coef-

ficient is defined as

1
c(|VI|) = T (VIJEY (5

Parameter K governs edge sensitivity. When
the gradient surpasses K, the diffusion coeffi-
cient approaches 0, suppressing diffusion; con-
versely, when the gradient is below K, the coeffi-
cient approaches 1, enhancing diffusion. The
image processed by the PMD is presented in
Fig. 4(b). The edge-enhanced image is obtained
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posed of the original image and the edge-
enhanced image is treated as a positive pair,
whereas the pair composed of the original image
and the edge-suppressed image is treated as a
negative pair. This design forces the encoder to
distinguish boundary-preserving feature interac-
tions from boundary-suppressed ones.

2) Model Architecture: The network archi-
tecture for edge-aware learning is depicted in Fig. 5.
The model inputs comprise the original image,
edge-enhanced image, and edge-suppressed
image. After traversing the lower layers of the
ViT anti-interference feature encoder, SENet is
leveraged again to recalibrate channel feature
importance. A global average pooling (GAP)

operation then yields three feature vectors: the
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original image features Z,, edge-enhanced fea-
tures Z,,, and edge-suppressed features Z,_.
The feature

Hadamard product, where Zy and Z,, are ele-

crossing layer performs a
ment-wise multiplied to construct feature interac-
tion terms. Finally, the crossed features are fed
into a fully connected layer followed by a sig-
moid activation function to produce the output

probability, as specified in
Ay = o(MLP(2, ® z,)) 6)

where ® denotes the Hadamard product, o rep-
resents the sigmoid activation function, the MLP
(multi-layer perceptron) has an output dimen-
sion of 1, and A, denotes the final output prob-
ability.

The feature

interaction terms between x and y are treated as

3) Optimization Objective:

one class, whereas those between x and z are con-
sidered as another class. A binary cross-entropy
loss function is employed to guide model learn-
ing, as defined in

N

»CBCE - - 11 A:(;ge,i +
O A

(1-9)1g(1 - 4]

This loss function forces the model to accu-

rately discriminate between the interaction terms
of positive and negative samples, thus enhancing
the model’s ability to perceive edge features and
further improving the algorithm’s anti-interfer-

ence performance.

3.4 Multi-Scale Feature Encoder Design

The architecture of the multi-scale feature
encoder is shown in Fig. 6. After inputting the
infrared image, the backbone network first
extracts feature maps at three distinct scales.
These feature maps are then fused using the re-
parameterized feature network
(RepGFPN) for

Finally, the fused features undergo multi-scale

pyramid

multi-scale feature fusion.
feature encoding through a deformable attention
mechanism.

The  deformable

embodies a sparse interaction paradigm, where

attention = mechanism
each query point interacts with a constrained
number of sampling points across scales, result-
ing in inadequate contextual modeling. To tackle
this limitation, a RepGFPN is embedded preced-
ing the deformable attention module, facilitating
comprehensive multi-scale feature fusion and
cross-scale interaction. This effectively compen-
sates for the sparse attention mechanism’s inabil-
ity to model cross-scale global dependencies.

RepGFPN
P3/8
256x80%80 —
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= |
5 1; 343)340 ‘—; Deft bl
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Fig. 6  Structure diagram of multi-scale feature encoder
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The fusion module follows a CSP (cross-
stage partial) architecture. Building upon this,
the RepVGG re-parameterization mechanism is
integrated to transform the multi-branch train-
ing architecture into an efficient single-path infer-
ence topology. This reduces the inference cost
while retaining the multi-scale information repre-
sentation capability.

During multi-scale feature fusion, the low-
level C3 feature map——characterized by high res-
olution and rich detail —plays a pivotal role in
small-object detection. However, the C3 layer is
prone to low-level interferences (e.g., back-
ground noise, edge blur), which diminishes its
semantic representation capability. Thus, the
challenge of extracting effective information from
the (O3 layer while suppressing redundant inter-
ferences during fusion becomes critical for
enhancing multi-scale feature interaction perfor-
mance.

To solve this, the SimAM (simple attention
module) is introduced at the output end of the
high-resolution C3 feature map to enhance the
response of its salient regions. SimAM operates
without additional trainable parameters, featur-
ing computational efficiency and high integrabil-
ity. Applying SimAM to the (3 layer not only
enhances fine-grained target representation but
also prevents substantial computational over-
head.

3.5 Gated Fusion Network Module
The anti-interference feature encoder and multi-
scale feature encoder output anti-interference and
multi-scale feature sequences, respectively. Due
to their distinct structures, the two encoders pro-
duce different feature sequences. Directly fusing
them would result in misalignment of position
information and confusion in semantic correspon-
dence. Therefore, spatial dimension alignment of
the two feature sequences is required before
fusion, realized by adjusting the image patch size
in the ViT encoder.

Specifically, the patch size of the ViT

embedding layer is set to 8x8, ensuring that the
receptive field of each image patch corresponds to
the C3 feature map from the backbone network.
With an input image size of 640x640, the length
1 of the ViT output sequence matches the length
1 of the flattened C3 multi-scale feature map,
ensuring spatial position alignment.

Following feature alignment, the key chal-
lenge is to effectively fuse anti-interference and
multi-scale features. Traditional fusion methods
can be broadly categorized into: 1)Direct addi-
tion of feature vectors at corresponding positions,
which assumes equal importance for both feature
types and hinders dynamic adjustment for
diverse scenes. 2)Feature dimension concatena-
tion with joint encoding, which preserves com-
plete information but increases feature dimen-
sion and computational overhead.

To solve these problems, this paper pro-
poses a probability-based gated fusion strategy.
This strategy employs an MLP (multi-layer per-
ceptron) to generate gating weights, dynami-
cally allocating contribution ratios for features
from the two encoders at each spatial position.
Compared with traditional methods, the gating
mechanism enables automatic adjustment of
fusion ratios for semantic features at different
positions, enhancing flexibility and adaptability
to complex backgrounds and diverse targets.

The aligned anti-interference feature sequen-
ce Fy; and multi-scale feature sequence Fj., are
concatenated along the channel dimension to
derive the fused feature sequence F ., = [Fyr,
Foim) € RF*24. An MLP is employed to generate
the gating weights G € R“*¢| which regulate the
feature importance at each spatial position. This

process is formulated as
G = o(MLP(F,...)) (8)

Here, o denotes the sigmoid function, and
the MLP output dimension is d. Element-wise
multiplication of the gating weights G with the

original features achieves dynamic fusion, as pre-
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sented in
F=G®Fun+(1-G)0 Fun »

The gated fusion weights are optimized
jointly with the detection loss. For each spatial
position [ and channel ¢, the gradient of the

detection loss with respect to the gate can be

written as
0Ly 0Ly
aGd = 8Fd (FV[T,Z,C - FDETR,Z,C) (10)
Ic l,c

This indicates that the gate is directly super-
vised by the final detection objective. When the
anti-interference feature contributes more to
reducing the detection loss, the corresponding
gate value is increased; otherwise, the model
assigns a larger weight to the multi-scale feature.
In this way, the fusion module learns adaptive
feature importance in a data-driven manner.

The fused feature F' is used as the C3-layer
feature to replace the original multi-scale feature
F,,, resulting in the final output O € R**¢ of
the integrated encoder. This feature sequence
integrates anti-interference and multi-scale infor-

mation, enabling robust semantic representation.

4 Results and Discussion

To verify the effectiveness of the proposed algo-

rithm, three datasets are used for evaluation:

HIT-UAV, Drone-Vehicle, and VT-MOT. Data-
set details are presented in Tab. 1. Among them,
the input image size is 640x640, the ViT patch
size is 8x8, the number of encoder and decoder
layers is 3. We use the Adam optimizer during
training, where the epoch is configured at 100,
the batch size is set to 8, and the learning rate is
established at 0.001. Our proposed method is
executed on an RTX4090 GPU.

4.1 Downstream Task Performance Analysis

Experiments
To evaluate the impact of two downstream tasks
(Task 1 and Task 2) on the final detection per-
formance, ablation experiments were conducted
on the HIT-UAV and VT-MOT datasets. The
results are presented in Tab. 2. Task 1 denotes
interference-aware learning, whereas Task 2 cor-
responds to edge-aware learning.

The results indicate that the baseline model
obtains an mAP of 0.468 on the HIT-UAV
dataset. Following the integration of Task 1
(interference-aware learning) into the baseline,
the mAP increases to 0.492, with notable
improvements of 6.2 and 4.3 percentage points in
metrics AP,.., and AR,..., respectively. This sug-
gests that contrastive learning between the origi-
nal infrared images and their synthetically

degraded views significantly enhances pedestrian

Tab. 1 Datasets used in experiments

Dataset Train size Validation set size Test size Classification categories
HIT-UAV 2029 290 579 Pedestrian, Bicycle, Car, Other Vehicles
Drone-Vehicle 17990 1469 8980 Car
VT-MOT 16909 3120 - Pedestrian, Car
Tab. 2 Ablation study results on HIT-UAV and VT-MOT
Dataset Ablation method Al)person ARperson APcar ARcar mAP
Baseline (Multi-scale Encoder Only) 0.421 0.575 0.689 0.715 0.468
Baseline + Task 1 0.483 0.618 0.702 0.790 0.492
HIT-UAV
Baseline + Task 2 0.434 0.593 0.692 0.721 0.483
Baseline + Task 1 + Task 2 0.515 0.659 0.755 0.856 0.513
Baseline (Multi-scale Encoder Only) 0.315 0.709 0.426 0.755 0.384
Baseline + Task 1 0.349 0.813 0.475 0.802 0.423
VT-MOT
Baseline + Task 2 0.324 0.726 0.445 0.758 0.388
Baseline + Task 1 + Task 2 0.367 0.852 0.508 0.823 0.437
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target detection. Upon integrating Task 2 (edge-
aware learning) into the baseline, the mAP
increases to 0.483, representing an improvement
of 1.5 percentage points. This result indicates
that Task 2 contributes positively to detection
performance.

In summary, the ViT-based anti-interfer-
ence feature encoder, whether used for a single
task or both tasks together, consistently improves
detection performance. The combination of Task
1 and Task 2 yields particularly prominent
results, demonstrating that the two tasks are
semantically complementary and can jointly opti-
mize feature representation. This further high-
lights that feature transfer efficiency can be
improved via meticulous encoder design, even in
the presence of gradient conflicts in multi-task
learning.

4.2 Algorithm Comparison Experiment

To validate the algorithm’s effectiveness, a series
of comparative experiments were conducted,
comprising three components: 1) comparison of
multi-scale feature fusion methods; 2) compari-
son of overall detection performance; and 3) com-
parison of overall anti-noise performance. This
study compares several representative multi-scale
fusion networks, including FPN [27], GFPN [28],
PAN-FPN [29], and the proposed approach. The
comparative results are shown in Tab. 3.

Tab. 3 demonstrates that the proposed
method outperforms other networks in detection
performance on both HIT-UAV and VT-MOT
datasets. Regarding inference speed, the FPS of

the proposed method is 39, lagging behind the
other three methods. However, this overhead
remains within an acceptable threshold. The
trade-off between sacrificing some speed for a sig-
nificant improvement in detection performance
reflects a good balance between accuracy and
efficiency in the proposed method.

4.3 Comparison of Overall Algorithm Perfor-

mance

This study employs six representative object
detection algorithms as baselines, including
YOLOvV11, deformable DETR [22], conditional
DETR [23], RT-DETR [24], PHSI-RTDETR [25],
and FECI-RTDETR [26]. As the state-of-the-art
CNN-based detection algorithm, YOLOv1l
serves as a benchmark for the performance ceil-
ing of traditional CNN approaches. The other
five algorithms are DETR-based variants that
share the same architectural backbone as the
baseline algorithm in this study, ensuring com-
parative fairness.

Specifically, PHSI-RTDETR and FECI-
RTDETR are specialized variants for UAV
infrared target detection, and their comparative
results offer direct insights into the proposed
algorithm’s performance in targeted application
scenarios. Evaluation metrics for the seven algo-
rithms across three datasets are presented in
Tab. 4.

These experimental results demonstrate the
proposed algorithm’s performance superiority in
complex-scene target detection: First, it achieves

state-of-the-art performance in challenging high-

Tab. 3 Comparison experiment results of multi-scale fusion methods

Dataset Method Apperson ARperson APcyr ARcar mAP FPS
FPN 0.395 0.552 0.654 0.691 0.440 46
GFPN 0.513 0.629 0.749 0.836 0.505 41
HIT-UAV
PAN-FPN 0.438 0.585 0.688 0.735 0.474 43
Ours 0.515 0.659 0.755 0.856 0.513 39
FPN 0.292 0.686 0.408 0.734 0.370 46
GFPN 0.341 0.791 0.481 0.794 0.423 41
VT-MOT
PAN-FPN 0.317 0.715 0.449 0.750 0.390 43
Ours 0.367 0.852 0.508 0.823 0.437 39
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Tab. 4 Algorithm test results on the original datasets

Dataset Method APperson ARperson APcar ARcar mAP FPS
YOLOv11 0.508 0.621 0.752 0.835 0.497 51
Deformable DETR 0.415 0.553 0.569 0.662 0.327 25
Conditional DETR 0.367 0.514 0.575 0.671 0.315 19
HIT-UAV RT-DETR 0.504 0.617 0.743 0.806 0.494 44
PHSI-RTDETR 0.512 0.626 0.751 0.825 0.505 35
FECI-RTDETR 0.521 0.618 0.763 0.836 0.498 32
Ours 0.515 0.659 0.755 0.856 0.513 39
YOLOv11 - - 0.672 0.853 0.672 51
Deformable DETR - - 0.569 0.662 0.327 25
Conditional DETR - - 0.575 0.671 0.575 19
Drone-Vehicle RT-DETR - - 0.629 0.954 0.629 44
PHSI-RTDETR - - 0.751 0.825 0.751 35
FECI-RTDETR - - 0.743 0.836 0.743 32
Ours - - 0.755 0.856 0.755 39
YOLOv11 0.318 0.830 0.541 0.888 0.429 51
Deformable DETR 0.332 0.802 0.352 0.692 0.342 25
Conditional DETR 0.289 0.732 0.354 0.643 0.321 19
VT-MOT RT-DETR 0.356 0.835 0.377 0.695 0.367 44
PHSI-RTDETR 0.361 0.843 0.428 0.752 0.394 35
FECI-RTDETR 0.354 0.828 0.459 0.803 0.426 32
Ours 0.367 0.852 0.508 0.823 0.437 39

altitude UAV scenarios, particularly in HIT-UAV
pedestrian detection. Second, its high average
recall rate indicates strong target retrieval capa-
bility under complex conditions. Third, it bal-
ances speed and accuracy at 39 FPS —while
slower than YOLOv11 and RT-DETR, this speed
sacrifice yields significant performance improve-
ments, attributable to two design innovations: 1)
The anti-interference feature encoder effectively
in high-altitude

infrared imaging, enhancing feature extraction

mitigates noise interference
under complex conditions; 2) The multi-scale fea-
ture fusion network enables the detection of tar-
gets at various scales, ensuring excellent results
for both vehicles and pedestrians.

We further visualize the attention distribu-
tions of the content-position decoupling mecha-
nism for vehicle and pedestrian targets, as shown
in Fig. 7. For vehicle targets, position attention
mainly focuses on bounding-box boundaries and
vehicle contours. Although different attention

heads show slight variations, their high-response

regions are generally distributed around the
object shape. By comparison, content attention
pays more attention to local semantic details,
such as windows and wheels, and maintains con-
sistent responses across visually similar vehicles.
For pedestrian targets, position attention is con-
centrated on human contours, while content
attention responds more strongly to discrimina-
tive body regions such as the head and legs.
These

emphasize spatial boundary modeling, and con-

results indicate that position queries
tent queries capture shared semantic attributes
across instances, thereby improving the stability
and interpretability of detection.

To evaluate algorithm noise resistance, we
added Poisson-Gaussian mixed noise,  atmo-
spheric turbulence noise, and motion blur noise
to the test sets of HIT-UAV, Drone-Vehicle, and
VT-MOT, generating noisy dataset variants.
Each image was randomly subjected to one of the
three noise types with a one-third probability.

The comparison results in Tab. 5 use relative
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(b

Fig. 7 Attention visualization of the content-position decou-

pling mechanism: (a) vehicle targets; (b)pedestrian tar-
gets (In each group, the first two rows show position
attention, and the last two rows show content atten-
tion. The image in row 1, column 1 denotes the target
image, the image in row 2, column 1 denotes the aggre-
gated attention map, and the remaining columns corre-

spond to individual attention heads)

change as the evaluation metric—i.e., the rela-
tive change in each metric of the algorithm under
noisy conditions compared to the original noise-
free conditions.

These results validate the algorithm’s com-
prehensive advantages in complex scenarios. The
results demonstrate that the algorithm main-
tains stable detection performance across diverse
noise interferences, attributed to the pre-trained
interference-resistant feature encoder integrated
into the multi-scale feature network. This enables

the model to extract noise-invariant features and

significantly enhances noise robustness.

5 Conclusion

This study systematically investigates the chal-
lenges confronting UAV infrared target detection
technologies, including complex noise interfer-
ence and significant target scale variations. These
issues impede the real-world application of UAV
infrared detection algorithms. To tackle these
challenges, we propose an infrared target detec-
tion algorithm integrating interference-resistant
mechanisms and multi-scale perception. Specifi-
cally, to address noise interference in UAV-plat-
form infrared detection, we construct an interfer-
ence-resistant encoder based on ViT and design
two downstream tasks: interference-aware learn-
ing and edge-aware learning. Interference-aware
learning maximizes mutual information between
original and noisy images, enabling the model to
learn noise-invariant features and decouple inter-
ference in the feature space, thereby enhancing
noise robustness. Edge-aware learning, through
explicit feature crossing and a binary classifica-
tion task, helps the model focus on target edges,
improving its edge perception for infrared tar-
gets. Then, a multi-scale feature fusion network
is embedded into the deformable DETR frame-
work. By combining a deformable attention
mechanism, we design a multi-scale feature
encoder to enhance multi-scale detection capabili-
ties. A gated fusion network is employed to inte-
grate interference-resistant and multi-scale fea-
tures, while a content-position decoupling mecha-
nism is applied in the decoder to improve decod-
ing efficiency. Visualization, ablation, and com-
parative experiments demonstrate that the pro-
posed algorithm exhibits strong noise resistance,
robust performance, and high adaptability, show-
ing promising potential for real-world infrared
target detection scenarios with significant practi-

cal value.
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Tab. 5 Test results of seven algorithms on the noise-corrupted datasets

Dataset (Noisy) Method AAPperson (%) AARperson (%) AAPe (%) AARcer (%) AmAP (%)
YOLOv11 —31.5 —19.4 —28.9 —25.2 —25.0
Deformable DETR -13.0 —10.8 —15.7 —14.9 —13.9
Conditional DETR —13.9 —12.1 —174 —124 —14.3
HIT-UAV RT-DETR —22.1 —18.2 —11.4 —11.1 —-9.7
PHSI-RTDETR —-19.9 —16.0 —11.0 —8.5 —7.4
FECI-RTDETR —-22.3 —17.6 —11.5 —-9.4 —5.0
Ours —-7.6 —8.6 —8.8 —10.7 —5.7
YOLOv11 - - —7.6 —4.9 —7.6
Deformable DETR - - —8.6 —10.2 —8.6
Conditional DETR - - -8.1 —-9.2 —8.1
Drone-Vehicle RT-DETR - - -7.0 7.9 7.9
PHSI-RTDETR - - —6.3 —7.6 —6.3
FECI-RTDETR - - —6.8 —7.6 —6.8
Ours - - -5.2 —-5.3 —6.2
YOLOv11 —13.0 —17.9 —17.9 —-31.7 —124
Deformable DETR —18.3 —27.5 —15.5 —17.8 —15.6
Conditional DETR —23.5 —-37.8 —19.3 —22.7 —18.6
VT-MOT RT-DETR —17.0 —31.6 —12.7 —20.1 —14.9
PHSI-RTDETR —-12.3 —25.1 —8.7 —15.9 —10.1
FECI-RTDETR —13.7 —21.7 —6.3 —-12.9 -9.2
Ours —-7.0 —16.7 —6.7 —10.3 —-7.8
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