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Abstract

Infrared small target detection is challenging due to limited
target size and low signal-to-noise ratio. Unlike common tar-
gets, infrared small targets contain a higher proportion of
edge pixels and exhibit blurred boundaries due to diffrac-
tion and quantization artifacts, making boundaries uniquely
valuable cues for target perception. However, existing meth-
ods often emphasize holistic modeling while underutilizing
such informative boundary cues. Motivated by this observa-
tion, we propose a Dual-Path Edge-Guided Frequency-Aware
Network (DEFANet), which enables edge-target collabora-
tive modeling for enhanced feature representation. DEFANet
features a dual-path design, consisting of a main branch for
holistic target modeling and an edge branch for boundary
transition perception. To facilitate interaction and enhance
representation in both branches, we introduce two core mod-
ules: Frequency-Aware Dual Enhancement Module (FADE)
and Edge-Guided Integration Module (EGI). FADE employs
a Frequency-Decoupled Attention Enhancement Mechanism
to enhance both branches in the frequency domain, strength-
ening holistic modeling in the main branch and boundary
representation in the edge branch. EGI leverages a Dual-
Path Group-Wise Guidance Mechanism to integrate enhanced
edge features into the main branch, improving boundary per-
ception. Extensive experiments on four public infrared small
target datasets, MDvsFA, LAFT, SIRST, and SIATD, demon-
strate that DEFANet achieves SOTA performance. Ablation
studies further validate the effectiveness of DEFANet and the
soundness of its design motivation.

Introduction
Infrared imaging offers strong anti-interference capability
and reliable performance under both day and night con-
ditions, making it an essential tool in modern long-range
surveillance systems (Zhao et al. 2022; Zhang et al. 2025a;
Pang et al. 2022). As one of its core tasks, infrared small tar-
get detection (ISTD) is widely applied in scenarios such as
flight guidance (Wang et al. 2023; Guo et al. 2023), target
warning (Ling et al. 2024; Zhao et al. 2023), ground surveil-
lance (Xu et al. 2023b), maritime monitoring (Chen et al.
2025; Duan et al. 2024), and personnel search (Yang et al.

*Corresponding author: Zhiguo Cao.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Origin Diffraction Diffraction + Quantization

Figure 1: Illustration of diffraction and quantization effects
in infrared small target imaging. Orange grids denote pixels,
and the region enclosed by red boundaries indicates the tran-
sitional zone between the target and background.

2025; Zhang et al. 2025b), and has received sustained re-
search interest in recent years.

Infrared small target detection approaches can gener-
ally be categorized into traditional approaches and deep
learning-based approaches, depending on whether deep
learning is employed for feature modeling. Traditional meth-
ods typically rely on handcrafted features based on prior
knowledge (Wang et al. 1996; Chen et al. 2013; Aghazi-
yarati, Moradi, and Talebi 2019; Du, Wang, and Cao 2022),
and thus exhibit strong dependence on specific scenes or tar-
get types, leading to limited adaptability and poor robustness
in complex environments.

In contrast, deep learning methods adopt an end-to-end
paradigm for automatic feature learning, enabling effective
fusion of local details and global semantic information. In
recent years, they have achieved remarkable progress in
ISTD. Related studies have explored diverse strategies from
the perspectives of target modeling, attention mechanisms,
and multi-scale feature fusion. For example, MDvsFA is
the first to treat missed detection and false alarm as com-
plementary sub-tasks, constructing a dual-generator frame-
work to optimize detection balance (Wang, Zhou, and Wang
2019). IAANet adopts a coarse-to-fine framework, where an
intra-pixel attention mechanism is introduced in the fine seg-
mentation stage to model pixel-wise correlations, improv-
ing detection performance in complex backgrounds (Wang
et al. 2022). BPRNet employs an explicit multi-scale at-
tention mechanism to enhance interactions between shallow
and deep features, improving the exploitation of high-level
representations and achieving a better balance between de-
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Network MDvsFA LAFT SIRST Mean ∆ Mean
Baseline 0.582 0.188 0.679 0.483 -
Baseline+Easy ECT 0.598 0.202 0.688 0.496 +2.7%
Baseline+Easy ECT 0.621 0.239 0.704 0.521 +7.9%+Easy EGI

Table 1: Effectiveness of edge information. “Easy ECT” de-
notes auxiliary joint learning, and “Easy EGI” refers to a
simplified strategy that directly injects edge features into the
main branch. “∆” indicates the relative improvement.

tection precision and recall (Du, Wang, and Cao 2023).
Despite recent progress in ISTD, most methods primar-

ily focus on the holistic features of the infrared small tar-
get, while paying limited attention to the edge regions and
their potential value. In fact, edge regions, as an integral
part of infrared small targets, highlight the gray-level transi-
tions between the target and the background, offering unique
spatial cues that differ from those in the central region. On
the one hand, unlike common targets, infrared small targets
are extremely small in size, and the edge pixels account for
a large proportion of the target area, making them a criti-
cal component of the target itself. On the other hand, due
to optical diffraction and quantization artifacts introduced
during imaging, the boundaries of such targets often appear
blurred and gradually blend into the background. As shown
in Fig. 1, these proportionally large and characteristic edge
regions constitute one of the key features of infrared small
targets and hold potential for independent modeling.

To verify the modeling value of edge regions in infrared
small targets, we introduce an auxiliary edge branch into a
baseline network and assess its impact on the performance
of the main segmentation branch. As shown in Table 1, the
average F1 score shows a 2.7% relative improvement when
jointly trained with the edge branch, even without feature in-
teraction. When intermediate features from the edge branch
are further fused into the main branch, the relative improve-
ment increases to 7.9%. These simple experiments suggest
that the edge regions of infrared small targets contain stable,
perceptible gray-level transition features that warrant dedi-
cated modeling to provide performance improvements.

These findings reveal the modeling potential of edge re-
gions and motivate us to explicitly incorporate edge-aware
mechanisms into network design. To this end, we propose
a Dual-path Edge-guided Frequency-aware Network (DE-
FANet), which promotes collaborative modeling between
edge and target features. Built upon the UNet framework,
DEFANet introduces a dual-path architecture composed of
a main branch for modeling the whole infrared small tar-
get and an edge branch focusing on edge information.
To enhance the effectiveness of the main branch, we de-
sign a Frequency-Aware Dual Enhancement (FADE) Mod-
ule, which leverages a frequency-decoupled attention en-
hancement mechanism to separately model and fuse high-
and low-frequency components. This not only enhances the
structural representation of the target within the main branch
but also provides the edge branch with dedicated high-
frequency cues. Furthermore, to enable edge–target interac-

tion, we propose an Edge-Guided Integration Module (EGI),
which employs a dual-path group-wise guidance mechanism
to inject edge features into the main branch, thereby enhanc-
ing the main branch’s awareness of boundary regions. These
two modules work synergistically to realize the main phi-
losophy of edge–target collaborative modeling and jointly
improve detection performance. Unlike previous edge-based
methods (e.g., ISNet (Zhang et al. 2022), GCI-Net (Zhang
et al. 2024)) that explicitly reconstruct or regularize edges,
DEFANet leverages infrared transition zones to achieve im-
plicit edge–target collaboration, providing adaptive struc-
tural guidance during feature learning.

In summary, the main contributions of this study are as
follows:

• We analyze the unique characteristics of edge regions in
infrared small targets and demonstrate their significant
value. Based on this observation, we propose the research
motivation, edge–target collaborative modeling, aiming
to enhance the whole target perception by explicitly mod-
eling edge structures.

• To realize this motivation, we propose DEFANet, a dual-
path architecture that integrates two key modules: FADE
and EGI. FADE enhances high- and low-frequency fea-
tures in decoder, thereby improving the target representa-
tion of the main branch while providing the edge branch
with dedicated high-frequency cues. EGI injects edge
information into the main branch, enhancing the main
branch’s awareness of boundary regions and promoting
edge–target collaboration.

• DEFANet achieves SOTA performance on four public
ISTD datasets, demonstrating strong robustness and gen-
eralization. Furthermore, extensive ablation and analysis
experiments verify that the design of the proposed model
aligns well with our motivation.

Related Work
Traditional Methods
Early ISTD methods enhance low-SNR infrared small tar-
gets by designing handcrafted features. Among them, local
contrast-based techniques constitute one of the most repre-
sentative methods, aiming to amplify target saliency by com-
paring regional responses. For example, LCM (Chen et al.
2013) compares the maximum contrast between target and
background regions, while MPCM (Wei, You, and Li 2016)
improves robustness at complex edges via multi-directional
patch-based contrast.

In addition to contrast-based strategies, local statistical
and filtering-based approaches have also shown effective-
ness. LHM (Nie et al. 2018) uses local homogeneity to high-
light anomalies, and WLDM (Deng et al. 2016) leverages
entropy to suppress noise. MDRTH (Wang and Wang 2021)
incorporates multi-orientation structuring to enhance direc-
tional sensitivity in detection.

Several clutter suppression methods further boost robust-
ness in complex scenes. NTFRA (Kong et al. 2022) utilizes
low-rank tensor modeling, FKRW (Qin et al. 2019) em-
ploys diffusion-based segmentation, and IWS (Zhang et al.
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2025c) combines multi-subspace modeling with structure
tensor analysis to enhance dim target sparsity.

Deep-Learning Methods

With the rise of deep learning, data-driven methods have sig-
nificantly advanced ISTD by enabling more effective feature
representation. These methods typically leverage convolu-
tional neural networks (CNNs) to capture a broader range of
features, balancing local and global information (Wu, Hong,
and Chanussot 2023; Li et al. 2023). MDvsFA (Wang, Zhou,
and Wang 2019) utilizes adversarial learning with shallow
and deep subnetworks to balance recall and precision.

To further improve multi-scale feature modeling, Xu et
al. (Xu et al. 2023a) incorporate grid resampling and target-
background differentiation strategies. Liu et al. (Liu et al.
2023) enhance target-background discrimination by com-
bining the Wasserstein distance with multi-channel fusion.
DMFNet (Guo et al. 2024) introduces a dual-encoder struc-
ture with receptive field expansion and cross-layer fusion to
boost detection sensitivity. PGDN-Net (Liu et al. 2025) inte-
grates structural priors—including Riesz transform and ten-
sor corner features—into a densely nested backbone to guide
saliency-aware feature extraction.

Contextual modeling is addressed in ACM (Dai et al.
2021) via an asymmetric modulation block that facilitates
long-range interaction between local and global contexts.
ALCNet (Dai et al. 2022) complements coarse-to-fine fu-
sion with cyclic feature shifts to enhance spatial continu-
ity. Further improvements are made by IAANet (Wang et al.
2022), which introduces a two-stage coarse-to-fine pipeline
combining RPN proposals and transformer-based global in-
teraction. Recently, MiM-ISTD (Chen et al. 2024) leverages
the Mamba-in-Mamba architecture to hierarchically model
global-local dynamics using a state-space approach, achiev-
ing strong performance with reduced complexity.

Recent edge-based methods further explored edge infor-
mation for ISTD. ISNet (Zhang et al. 2022) incorporates
a Taylor finite difference–inspired edge block and a two-
orientation attention aggregation module to reconstruct clear
target shapes by aggregating multi-level edge cues. GCI-
Net (Zhang et al. 2024) introduces a Gaussian curvature
branch to extract structural curvature features and suppress
speckle noise, assisted by a patch–group attention for cross-
scale feature fusion.

Unlike these edge-based frameworks, our DEFANet does
not explicitly reconstruct or regularize edge maps. Instead,
it leverages infrared transition zones, allowing edge cues to
participate directly in mid-layer feature generation through
edge–target collaboration. This design models morpholog-
ical transition bands rather than binary “hard” edges, en-
abling implicit multi-level fusion and adaptive guidance
with greater learning flexibility. Consequently, DEFANet
can achieve effective integration of boundary-aware struc-
tural information and semantic representation for robust in-
frared small target detection.

Methodology
Overview
To effectively detect infrared small targets and leverage
their characteristic edge information, we propose a Dual-
path Edge-guided Frequency-aware Network (DEFANet), a
dual-path network based on the UNet framework, as shown
in Fig. 2. It consists of a main segmentation branch and
an auxiliary edge branch, and integrates two key modules,
FADE and EGI, into the decoder to enhance collaboration
between the two branches. The overall pipeline consists of
four stages:

Input and Encoder. The input q ∈ R1×H×W is processed
by a shared encoder to extract multi-scale features {Fi} for
both branches.

Frequency-Aware Dual Enhancement (FADE). Each Fi

is transformed to the frequency domain via DCT and split
into high- and low-frequency components, F fh

i and F fl
i .

The main branch applies attention and fuses both compo-
nents, then uses IDCT to obtain enhanced features F ′

i . The
edge branch enhances only the high-frequency part to obtain
E′

i.

Edge-Guided Integration (EGI). EGI takes F ′
i and E′

i as
input and uses a dual-path group-wise mechanism to gen-
erate the fused feature F ′′

i , enhancing the main branch’s
boundary awareness.

Decoding and Supervision. The fused features F ′′
i are de-

coded to produce the final segmentation map M̂ , from which
detection results are obtained via thresholding. In parallel,
the edge branch outputs an edge map Ê. During training,
both outputs are supervised; in inference, only M̂ is used.

Frequency-Aware Dual Enhancement (FADE)
Infrared small target information is mainly distributed in
high-frequency bands, while backgrounds are concentrated
in low-frequency bands. Based on this observation, incor-
porating frequency-domain information to enhance spatial
features can improve the network’s sensitivity to small tar-
gets. To this end, we introduce a Frequency-Aware Dual En-
hancement (FADE) Module into the decoder, which extracts
frequency-domain representations from the features of the
main segmentation branch and applies them to enhance both
the main and edge branches, as shown in Fig. 2. Specifi-
cally, the frequency features are decoupled into high- and
low-frequency components. The high-frequency features are
utilized to guide the structural modeling in the edge branch,
while both components are retained in the main branch to
represent the target’s structure and semantic context.

Specifically, the feature map Fi is first transformed
into the frequency domain using the discrete cosine trans-
form (DCT), yielding F f

i . We then separate it into a low-
frequency component F fl

i and a high-frequency component
F fh
i . In the edge branch, only the high-frequency compo-

nent F fh
i is utilized. We apply global average pooling to

F fh
i to obtain a channel descriptor of shape (B,C, 1, 1),
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Figure 2: Pipeline of DEFANet. DEFANet adopts a dual-branch encoder–decoder architecture, where the main branch focuses
on infrared small target detection, and the edge branch models boundary transition zones to guide the main branch. The decoder
integrates two key modules: FADE enhances frequency-specific representations in both branches, while EGI performs dual-path
group-wise guidance to fuse edge-aware features into the main branch for improved boundary perception.

which is passed through convolutional layers and ReLU to
generate a channel attention vector Ae for modulating the
channel-wise response:

Ae = σ(Conv2(ReLU(Conv1(GAP(F fh
i ))))), (1)

where σ(·) denotes the Sigmoid function. The attention vec-
tor is then applied to the high-frequency feature to obtain
F̂ fh
i = F fh

i ·Ae. Since F̂ fh
i only contains partial frequency

components, we apply zero-padding to restore it to the orig-
inal size, followed by an inverse DCT (IDCT) to map it back
into the spatial domain as the enhanced edge feature. To re-
tain the original edge feature information, we add a residual
connection after the transformation:

E′
i = IDCT(Pad(F̂ fh

i )) + Ei, (2)

where Pad(·) denotes the zero-padding operation applied in
the frequency domain.

In contrast to the edge branch, the main branch uti-
lizes both the high-frequency component F fh

i and the low-
frequency component F fl

i . We first compute two separate
channel attention vectors, Afh and Afl, using the same
mechanism as Ae, to modulate the channel-wise responses
of F fh

i and F fl
i , respectively. The resulting weighted fea-

tures are denoted as F̃ fh
i and F̃ fl

i . These two components
are then merged in the frequency domain to obtain a com-
plete spectral representation:

F̃ f
i = Merge(F̃ fl

i , F̃ fh
i ). (3)

Next, a spatial attention mechanism is applied to the
merged frequency-domain feature to enhance the model’s

localization ability. Specifically, average pooling and max
pooling are performed along the channel dimension to pro-
duce two spatial maps, which are concatenated and passed
through a convolution layer to generate the spatial attention
map As:

As = σ(Conv([Mavg;Mmax])),

Mavg = AvgPoolchannel(F̃
f
i ),

Mmax = MaxPoolchannel(F̃
f
i ).

(4)

Finally, the enhanced frequency feature is mapped back to
the spatial domain via inverse DCT (IDCT) and fused with
the original main branch feature through a residual connec-
tion to obtain the enhanced representation:

F ′
i = IDCT(F̃ f

i ·As) + Fi. (5)

Edge-Guided Integration (EGI)
Infrared small targets typically exhibit a blurred transitional
structure at the boundaries, where the intensity gradually
attenuates from the center to the background, as shown in
Fig. 1. This boundary transition zone contains discriminative
information beneficial for infrared small target detection. To
exploit this, we propose an Edge-Guided Integration (EGI)
module as shown in Fig. 2, which extracts features from the
boundary transition region and injects them into the main
branch in a guided manner to enhance its target modeling
capability.

To facilitate the structural guidance of the main branch
by edge information, we propose a Dual-Path Group-wise
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Guidance Mechanism. This mechanism maintains the paral-
lel structure of the two branches while performing grouped
operations on their feature channels, enabling fine-grained
interaction and flexible fusion of edge features.

Specifically, the main branch feature and the edge feature,
F ′
i , E

′
i ∈ RC×H×W , are divided into g channel groups.

F ′
i = [F

(1)
i ; ...;F

(g)
i ],

E′
i = [E

(1)
i ; ...;E

(g)
i ].

(6)

For group j, we concatenate F (j)
i and E

(j)
i along the channel

dimension and apply convolution to extract the group-wise
guided feature G

(j)
Fi .

G
(j)
Fi = Conv(M

(j)
Fi ) = [F

(j)
i ;E

(j)
i ]. (7)

All G(j)
Fi are then concatenated along the channel dimension

to form the integrated guidance feature, which is used to
generate the attention vector AFE for modulating the chan-
nel responses of the main branch feature F ′

i .
In the edge branch, we adopt the same procedure as in the

main branch: for each group, the edge feature E
(j)
i is con-

catenated with the corresponding main branch feature F
(j)
i ,

and the guided feature G
(j)
Ei is generated.

G
(j)
Ei = Conv(M

(j)
Ei ) = [E

(j)
i ;F

(j)
i ]. (8)

All group-wise guided features are then concatenated to
form the edge guidance vector AEF , which is used to mod-
ulate the channel responses of the edge feature E′

i. Finally,
the fused feature F ′′

i is obtained by combining the residual
connection from the main branch and the dual-path guidance
results, as formulated below:

F ′′
i = F ′

i +AFE · F ′
i +AEF · E′

i. (9)

Additionally, we apply a supervision signal to the output
of the edge branch, Ê. Given that infrared small targets typ-
ically exhibit blurred and gradually attenuating boundaries,
we construct a supervision label that focuses on the transi-
tional region rather than directly extracting edges from the
targets’ GT. This encourages the network to attend to the
boundary transition zone. Specifically, the supervision label
is defined as the difference between the morphological dila-
tion and erosion of the mask GT :

GTE = Dilate(GT )− Erode(GT ), (10)

where Dilate(·) and Erode(·) denote the dilation and ero-
sion operations, respectively. The edge branch is trained us-
ing the standard binary cross-entropy loss.

Training and Inference
During training, we apply supervision to both the segmenta-
tion map M̂ predicted by the main branch and the edge map
Ê predicted by the edge branch. Both outputs are optimized
using the binary cross-entropy (BCE) loss. Specifically, the
supervision label for the edge branch is constructed as the

difference between the dilated and eroded versions of the
original GT mask. The total loss is defined as:

L = Lseg + λLedge

= LBCE(M̂,GT ) + λLBCE(Ê,GTE),
(11)

where λ denotes the weighting factor for the edge loss. Dur-
ing inference, only the segmentation output M̂ from the
main branch is used to generate the final result.

Experiments
Setup

Datasets. Following the experimental protocol of BPR-
Net (Du, Wang, and Cao 2023) and IAANet (Wang et al.
2022), we evaluate our method on four public datasets: MD-
vsFA (Wang, Zhou, and Wang 2019), LAFT (Hui et al.
2019), SIRST (Dai et al. 2022), and SIATD (Sun et al.
2021) under two scenarios. In the first scenario, the model
is trained on the MDvsFA training set (10,000 images) and
tested on MDvsFA (100 images), LAFT (140 images), and
SIRST (427 images) to assess its cross-dataset generaliza-
tion. In the second scenario, the model is trained and tested
on the SIATD dataset, which contains 150,185 images with
a resolution of 640×512. SIATD is evenly divided into train-
ing and testing subsets. It is characterized by urban envi-
ronments and complex ground scenes, making it well-suited
for evaluating model performance under challenging condi-
tions.

Metrics. We adopt pixel-level F1 score, Intersection over
Union (IoU), and normalized IoU (nIoU) (Du, Wang, and
Cao 2023; Dai et al. 2022; Wang, Zhou, and Wang 2019;
Wang et al. 2022) in Scenario 1 to measure the spatial over-
lap between the predicted regions and the ground truth (GT).
The metrics are computed as follows:

Prec =
tp

tp+ fp
,Rec =

tp

tp+ fn
, F1 =

2 · Prec · Rec
Prec + Rec

,

IoU =
1

Q

Q∑
i=1

tpi
tpi + fpi + fni

, nIoU =
1

Q

Q∑
i=1

tpi
ti + fpi

,

(12)
where tp, fp, and fn denote the number of true positives,
false positives, and false negatives at the pixel level, respec-
tively. ti represents the number of target pixels in the i-th
image, and Q denotes the total number of images. In Sce-
nario 2, we use the official F1 score provided by SIATD to
ensure fair comparison (Sun et al. 2021).

Implementation Details. All experiments are conducted
on a workstation equipped with an RTX 3090 GPU. The
network is trained using SGD with an initial learning rate of
0.25, decayed to 0.2× at the 5th, 15th, and 25th epochs via
StepLR. The batch size is 24, and the total epochs are 30.
Hyper-parameters λ and g are set to 0.2 and 4, respectively.
All reported results are averaged over three independent runs
to ensure statistical reliability.

3690



Method DL
Scenario 1 Scenario 2

MDvsFA LAFT SIRST SIATD
F1 IoU nIoU F1 IoU nIoU F1 IoU nIoU F1 (Prec, Rec)

MaxMean (Deshpande et al. 1999)

N

0.047 0.007 0.019 0.000 0.000 0.000 0.020 0.006 0.008 0.001 (0.001, 0.436)
LCM (Chen et al. 2013) 0.114 0.003 0.061 0.008 0.001 0.004 0.192 0.003 0.108 0.001 (0.000, 0.617)
MPCM (Wei, You, and Li 2016) 0.351 0.174 0.220 0.217 0.093 0.142 0.398 0.200 0.249 0.004 (0.002, 0.062)
LHM (Nie et al. 2018) 0.239 0.095 0.126 0.106 0.070 0.060 0.281 0.111 0.154 0.003 (0.001, 0.031)
FKRW (Qin et al. 2019) 0.311 0.145 0.194 0.168 0.064 0.106 0.439 0.203 0.292 0.006 (0.003, 0.034)
MDRTH (Wang and Wang 2021) 0.158 0.036 0.074 0.298 0.108 0.243 0.219 0.115 0.128 0.012 (0.006, 0.195)
NTFRA (Kong et al. 2022) 0.267 0.051 0.179 0.144 0.025 0.099 0.405 0.009 0.297 0.001 (0.000, 0.368)
MDvsFA (Wang, Zhou, and Wang 2019)

Y

0.594 0.454 0.427 0.157 0.047 0.097 0.706 0.519 0.578 0.715 (0.980, 0.562)
ACM (Dai et al. 2021) 0.578 0.399 0.402 0.198 0.081 0.125 0.646 0.435 0.501 0.038 (0.020, 0.799)
ALCNet (Dai et al. 2022) 0.585 0.413 0.414 0.202 0.092 0.122 0.652 0.401 0.508 0.567 (0.429, 0.840)
ISNet (Zhang et al. 2022) 0.643 0.498 0.478 0.233 0.088 0.118 0.735 0.528 0.569 0.766 (0.894, 0.670)
IAANet (Wang et al. 2022) 0.670 0.508 0.504 0.282 0.093 0.193 0.764 0.541 0.608 0.806 (0.987, 0.681)
MTUNet (Wu et al. 2023) 0.659 0.467 0.483 0.251 0.091 0.136 0.718 0.507 0.554 0.783 (0.692, 0.903)
DNANet (Li et al. 2023) 0.662 0.438 0.491 0.299 0.113 0.189 0.772 0.563 0.613 0.849 (0.948, 0.769)
UIUNet (Wu, Hong, and Chanussot 2023) 0.641 0.473 0.477 0.278 0.102 0.164 0.709 0.511 0.559 0.822 (0.899, 0.757)
BPRNet (Du, Wang, and Cao 2023) 0.678 0.487 0.522 0.362 0.257 0.276 0.783 0.630 0.634 0.941 (0.968, 0.915)
MSH (Liu et al. 2024) 0.617 0.441 0.463 0.189 0.078 0.099 0.734 0.558 0.589 0.789 (0.857, 0.730)
EGPNet (Li et al. 2024) 0.672 0.511 0.522 0.305 0.158 0.208 0.790 0.593 0.629 0.877 (0.913, 0.844)
SCTransNet (Yuan et al. 2024) 0.680 0.508 0.526 0.324 0.197 0.281 0.793 0.582 0.632 0.923 (0.909, 0.937)
MLPNet (Wang et al. 2025) 0.678 0.513 0.519 0.336 0.202 0.265 0.788 0.604 0.634 0.912 (0.886, 0.940)
DEFANet (Ours) 0.703 0.558 0.531 0.393 0.261 0.288 0.809 0.639 0.659 0.953 (0.977, 0.930)

Table 2: Quantitative comparison of different methods on Scenario 1 (MDvsFA, LAFT, SIRST) and Scenario 2 (SIATD). “DL”
indicates whether the method is based on deep learning.

Comparisons with SOTA Methods
Scenario 1. As shown in Table 2, our method achieves su-
perior performance across all test sets (MDvsFA, LAFT, and
SIRST) in Scenario 1. Compared to related approaches, the
proposed joint modeling of target and boundary transition
regions significantly enhances the model’s adaptability to
diverse data distributions. The improvements on LAFT and
SIRST further demonstrate the strong generalization poten-
tial of our strategy.

Scenario 2. In Scenario 2 (SIATD), as reported in Ta-
ble 2, the dataset features smaller targets and predominantly
complex urban backgrounds, posing significant challenges.
Experimental results indicate that traditional methods ex-
hibit limited effectiveness on SIATD, and even some deep
learning-based approaches struggle to converge. In contrast,
our method still achieves the best results, further validating
the stability and robustness of the proposed strategy under
challenging conditions.

Ablation Studies
We conduct ablation studies on Scenario 1 (MDvsFA,
LAFT, SIRST) as shown in Table 3. To evaluate the con-
tribution of each module, we design multiple network con-
figurations, including Baseline, Easy ECT, Easy EGI, EGI,
and FADE, aiming to progressively analyze the impact of
individual components on performance. Specifically, Easy
ECT introduces an auxiliary edge branch during training for
joint optimization, while Easy EGI further integrates edge
features into the main segmentation branch via a simple self-
attention module. It is worth noting that in the absence of the
edge branch, FADE degenerates into a single-path enhance-

ID Easy Easy EGI FADE MDvsFA LAFT SIRST MeanECT EGI
A1 0.582 0.188 0.679 0.483
A2 ✓ 0.598 0.202 0.688 0.496
A3 ✓ 0.621 0.239 0.704 0.521
A4 ✓ 0.668 0.324 0.748 0.580
A5 ✓ 0.643 0.271 0.741 0.552
A6 ✓ ✓ 0.665 0.295 0.753 0.571
A7 ✓ ✓ 0.686 0.357 0.779 0.607
A8 ✓ ✓ 0.703 0.393 0.809 0.635

Table 3: Results of ablation studies.

ment module, enabling us to assess its standalone effective-
ness. The reported performance improvements or drops in
tables and text refer to relative gains or reductions compared
to the corresponding baselines or configurations.

Effectiveness of Dual-Path Group-Wise Guidance Mech-
anism. Compared to A1 (Baseline), A2 (Easy ECT)
achieves a 2.7% average F1 improvement, indicating that
simply involving edge supervision during training can en-
hance the backbone’s feature extraction capacity. Further in-
tegrating edge features into the main branch via Easy EGI
(A3) boosts performance to 7.9%, validating the contribu-
tion of edge cues to improving target modeling. Building
upon this, A4 (EGI) adopts our proposed Dual-Path Group-
wise Guidance Mechanism to better exploit the guidance
from the edge branch, resulting in a substantial 20.1% F1
improvement.

Effectiveness of Frequency-Aware Enhancement.
Without involving edge modeling, integrating the FADE
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ID MB EB MDvsFA LAFT SIRST Mean ∆ Mean
B1 None None 0.668 0.324 0.748 0.580 -
B2 None H 0.679 0.342 0.778 0.600 +3.4%
B3 None L 0.638 0.221 0.705 0.521 −10.1%
B4 None H+L 0.674 0.332 0.761 0.589 +1.6%
B5 H None 0.670 0.337 0.759 0.589 +1.5%
B6 L None 0.666 0.331 0.739 0.579 −0.2%
B7 H+L None 0.689 0.369 0.783 0.614 +5.8%
B8 H+L H 0.703 0.393 0.809 0.635 +9.5%

Table 4: Results of the frequency decoupling strategy analy-
sis. “MB” and “EB” denote the feature configurations of the
main and edge branches, respectively. “H” and “L” represent
the high-frequency and low-frequency components, respec-
tively.

into the main branch (A5) yields a 14.3% average F1
improvement, confirming the effectiveness of frequency-
domain information in ISTD. When combined with the edge
branch, a clear trend of synergistic enhancement emerges:
the performance gain from Easy ECT alone is 2.7% (A1 vs.
A2), which increases to 3.9% when FADE is added (A5 vs.
A6); similarly, the improvement from Easy EGI rises from
7.9% (A1 vs. A3) to 11.4% with FADE (A5 vs. A7). This
consistent improvement across all datasets indicates that
FADE not only enhances the representational capacity of
the main branch but also reinforces edge features, thereby
providing a more robust foundation for the dual-branch
mechanism.

Combined Effect of EGI and FADE. When EGI and
FADE are integrated simultaneously (A8), the network
achieves the best performance, with an average F1 improve-
ment of 31.5%. Notably, on the LAFT dataset, the perfor-
mance gain reaches 109.0%, indicating that the proposed
strategy is well suited for detecting targets with low SNR
and vague contours. This further confirms the synergistic ef-
fect of the two modules.

Analysis Studies
To further verify whether the performance gains originate
from the proposed motivations, we conduct three analysis
experiments focusing on the following questions: i) Is the
frequency-decoupling strategy in FADE suitable for ISTD?
ii) Which level is optimal for embedding EGI? iii) Does the
main branch effectively utilize edge-guided information?

Validation of Frequency-Decoupled Strategy. To ver-
ify the rationality of the frequency-decoupled design and
branch-specific adaptation in FADE, we test different fre-
quency combinations in both branches (Table 4).

B1 serves as DEFANet without FADE. Introducing high-
frequency features into the edge branch (B2) yields a +3.4%
F1 improvement, while low-frequency input (B3) causes a
10.1% drop, indicating that high-frequency features benefit
edge modeling, whereas low-frequency ones introduce inter-
ference. Dual-frequency input (B4) performs slightly worse
than B2, suggesting that FADE alleviates the adverse effect
of low-frequency features on edge modeling.

ID Layer MDvsFA LAFT SIRST Mean ∆ Mean
C1 None 0.643 0.271 0.741 0.552 -
C2 1 0.652 0.301 0.760 0.571 +3.4%
C3 2 0.694 0.359 0.779 0.611 +10.6%
C4 3 0.682 0.338 0.772 0.597 +8.2%
C5 4 0.647 0.295 0.749 0.564 +2.1%
C6 5 0.638 0.272 0.737 0.549 −0.5%
C7 all 0.699 0.395 0.811 0.637 +15.4%
C8 2,3 0.703 0.393 0.809 0.635 +15.0%

Table 5: Results of embedding position analysis for EGI.

For the main branch, single-frequency input (B5/B6)
yields marginal changes (+1.5%, −0.2%), while combining
both frequencies (B7) brings a +5.8% gain, showing that
full-frequency cues are crucial for infrared small target per-
ception and FADE can also improve dual-band integration.

Comparing B2, B7, and B8 further confirms that assign-
ing high-frequency features to the edge branch and full-
frequency features to the main branch boosts performance
by +9.5%, validating the effectiveness of the decoupled and
branch-specific frequency design.

In summary, the frequency separation, attention-based
fusion, and dual-branch frequency allocation strategies in
FADE are well-motivated and empirically effective.

Validation of EGI. To evaluate the layer-wise adaptabil-
ity of the Edge-Guided Integration (EGI) module, we insert
it into different layers. As shown in Table 5, C1 denotes DE-
FANet without EGI.

Comparing C2–C6, introducing EGI at the 2nd and 3rd
(C3, C4) layers yields notable F1 improvements (+10.6%,
+8.2%), while the 1st and 4th layers show limited gains
(+3.4%, +2.1%). Performance even drops slightly (−0.5%)
at the 5th layer (C6), suggesting that mid-level features are
more suitable for edge guidance, whereas shallow layers are
noise-prone and deep layers suffer from degraded target fea-
tures.

Further comparing C8 (EGI at only the 2nd/3rd layers)
and C7 (EGI at all layers), we observe that C8 already
achieves near-optimal performance (+15.0% vs. +15.4%).
This indicates that edge-relevant guidance information is
primarily concentrated in the shallow-to-middle layers, with
limited or even adverse effects from other levels.

Moreover, EGI demonstrates good robustness, showing
no significant degradation even when applied to less com-
patible layers (e.g., −0.5% at C6). This confirms the effec-
tiveness of its group-wise guidance mechanism in selecting
features, supporting the design rationale of EGI.

Validation of Dual-Path Group-Wise Guidance Mecha-
nism. To verify whether the main branch truly relies on
edge information for modeling, we conduct a pathway effec-
tiveness analysis (Table 6) by controlling the training status
and guidance information of the edge branch.

D1 denotes DEFANet without the edge branch. D2 adds
a supervised edge branch without employing EGI. D3 keeps
the EGI module but removes edge supervision, allowing us
to assess whether the structure alone contributes to perfor-
mance. Furthermore, in the complete DEFANet, D4–D6 re-
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ID EB S EGI EGI MDvsFA LAFT SIRST Mean ∆ MeanInput
D1 0.643 0.271 0.741 0.552 -
D2 ✓ ✓ 0.665 0.295 0.753 0.571 +3.4%
D3 ✓ ✓ N 0.659 0.292 0.749 0.567 +2.7%
D4 ✓ ✓ ✓ 0 0.597 0.199 0.678 0.491 −11.0%
D5 ✓ ✓ ✓ R 0.438 0.114 0.499 0.350 −36.5%
D6 ✓ ✓ ✓ N 0.703 0.393 0.809 0.635 +15.0%

Table 6: Results of the effectiveness analysis for the dual-
path group-wise guidance mechanism. “EB” and “S” de-
note whether the edge branch is used and supervised, re-
spectively. “EGI Input” indicates the input features for the
edge branch in EGI: “N” means unmodified original input,
“0” and “R” refer to replacing the input with all-zero and
random feature maps, respectively.

Input

GT Baseline FADE EGI DEFANet

Figure 3: Deep features. From left to right, three represen-
tative feature maps are selected from the c-dimension deep
semantic features of the baseline model, baseline + FADE,
baseline + EGI, and our full model DEFANet, respectively.

place the edge features fed to EGI with zeros, random noise,
and original features, respectively, to test whether the main
branch effectively utilizes the edge-guided information.

Compared to D1, D2 achieves a 3.4% improvement, sug-
gesting that a supervised edge branch can enhance encoder’s
features. D3, even without edge supervision, still brings a
2.7% improvement, demonstrating the structural effective-
ness of edge branch and EGI. Additionally, D4 and D5 ex-
hibit significant drops (−11.0% and −36.5%), confirming
that main branch genuinely relies on edge features in DE-
FANet. Comparing D6 (+15.0%) with D3 (+2.7%) further
confirms that the performance gain stems not from the struc-
ture itself, but from the effective guidance of edge branch.

Feature Visualization Analysis Previous studies have
highlighted the challenges of infrared small target detection,
among which a major issue is the loss of critical features
during repeated downsampling in deep networks, due to the
small size and low signal-to-noise ratio of infrared small tar-
gets (Wang, Zhou, and Wang 2019; Li et al. 2023; Du, Wang,
and Cao 2023). We refer to this phenomenon as “deep fea-
ture degradation” in the following discussion. To investigate
whether the proposed FADE and EGI can alleviate this issue,

Input GT

Edge Feature

Input GT

Edge Feature

Figure 4: Edge features of DEFANet.

we visualize the deep features of the network under different
configurations.

Specifically, Fig. 3 illustrates the deep feature maps un-
der four network settings: Baseline, Baseline+FADE, Base-
line+EGI, and the complete DEFANet. In the Baseline, the
feature maps’ responses are nearly uniform, with limited
target-related information, indicating a clear manifestation
of deep feature degradation. When the FADE module is ap-
plied (without the edge branch), frequency-aware enhance-
ment in the main branch enables the emergence of relevant
features, suggesting that frequency-domain modeling con-
tributes to mitigating the degradation phenomenon. With the
inclusion of the EGI module, the representation of the tar-
get becomes more prominent, demonstrating that the unique
edge information of infrared small targets can offer more
discriminative cues and thereby strengthen features.

In the complete DEFANet model, which incorporates
both FADE and EGI, the deep features exhibit enhanced tar-
get awareness and improved localization accuracy, as shown
in Fig. 3 (DEFANet). This indicates that the mitigation of
the phenomenon of deep feature degradation is a factor con-
tributing to reducing the false alarm rate of DEFANet in
practical detection scenarios.

Meanwhile, Fig. 4 presents the edge features extracted by
DEFANet, which demonstrate its ability to accurately local-
ize the transition regions between the target and the back-
ground. These edge cues are subsequently fused with the
holistic target features from the main branch, thereby en-
hancing the overall feature representation.

Conclusion
To enhance the performance of infrared small targets,
this paper proposes DEFANet, a Dual-path Edge-guided
Frequency-aware Network that facilitates edge–target col-
laborative modeling. By explicitly modeling the boundary
transitions through a dedicated edge branch and integrat-
ing edge cues into the main branch via the proposed EGI,
DEFANet effectively strengthens the awareness of infrared
small targets. Additionally, FADE leverages frequency-
decoupled attention to separately enhance high- and low-
frequency features, enhancing both target and edge cues.
Extensive experiments on four public datasets validate that
DEFANet achieves SOTA performance and exhibits strong
generalization capability.
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