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Abstract: Infrared small target detection faces numerous challenges due to weak target features and
complex backgrounds. Existing methods have drawbacks such as mixed background and target signals,
imbalanced local and global feature modeling, and insufficient learning of direction-specific context.
To address these issues, this paper proposes a dual-branch network based on background-suppression
sparse graph-enhanced Mamba (BSG-Mamba). We build this network on a U-shaped encoder-decoder
architecture. We design a background-suppression branch to initially separate the target from the
background and combine it with a target-enhancing gating (TEG) mechanism to enhance target
features. On this basis, we effectively capture non-local feature correlations in small targets by
embedding a sparse graph encoder (SG-encoder), compensating for the shortcomings of traditional
convolutional segmentation. At the deep encoder position, it constructs a Mamba module with multi-
state space model (SSM) decoupling and adaptive fusion. We configure independent SSM parameters
for four-direction scanning and introduce learnable fusion weights to achieve unified modeling of long-
range dependencies and direction-specific features. Experimental results on the NUAA-SIRST and
NUDT-SIRST datasets show that the core detection metrics of the model outperform existing state-of-
the-art (SOTA) methods, achieving detection rates of 97.74% and 98.90%, respectively, on the two
datasets, while maintaining a lightweight network parameter count and balancing detection accuracy
and computational efficiency.

Keywords: infrared small target detection; background suppression; Unet; sparse graph; Mamba




6178

1. Introduction

Infrared small target detection (IRSTD) leverages thermal radiation differences to identify
targets in complex scenes, playing a pivotal role in maritime surveillance [1], military
reconnaissance [2,3], and autonomous systems [4,5]. Unlike general object detection, IRSTD is
fundamentally constrained by the low signal to clutter ratio (SCR) and limited spatial resolution of
infrared imagery, where target signatures are frequently submerged in heavy noise and heterogeneous
backgrounds. Furthermore, the inherent lack of structural and textural features in dim small targets,
often occupying only a few pixels, poses significant hurdles for reliable localization and precise
contour segmentation. These challenges, exacerbated by weak thermal contrast, necessitate robust
algorithms to mitigate high false alarm rates and missed detections. Specifically, IRSTD faces three
core challenges: extremely low SCR, where dim targets are often submerged in heavy background
clutters and sensor noise; lack of discriminative structural and textural features, as small targets
typically occupy only a few pixels; and strong interference from edges and textures in heterogeneous
scenes, which easily leads to false positives and missed detections [6].

Early IRSTD research primarily utilized traditional techniques including filter-based methods [7-9],
local contrast-based methods [10,11], human visual system models [12], and low-rank sparse
representations [13]. Although these methods perform adequately in uniform backgrounds, their heavy
dependence on handcrafted priors and manual hyperparameters limits their robustness in complex
scenes containing significant noise interference.

The advent of deep learning has shifted the focus toward data-driven feature extraction,
predominantly within U-shaped frameworks inspired by the success of U-Net in medical imaging [14].
Liu et al. pioneered this transition by proposing the first convolutional neural network (CNN)-based
IRSTD method [15]. To enhance context integration, Dai et al. developed the asymmetric context
module [16], while Zhang et al. introduced AGPCNet [17] to improve global correlation through
attention-guided mechanisms. However, these approaches often struggle with weak target loss or
feature fragmentation caused by block-based strategies. To address multi-scale representation, UIU-
Net [18] employs a nested U-shaped structure, and DNA-Net [19] implements dense nested
interactions. Despite their effectiveness, these models frequently face challenges regarding limited
generalization or high computational complexity. Recently, transformer-based architectures have been
introduced to model long-range dependencies. For instance, U-Transformer [20] integrates Swin
Transformer to alleviate semantic information deficiency, while hybrid designs like the Vision
Transformer and Convolutional Neural Network (ViT-CNN) encoder [21] and SCTransNet [22] further
strengthen global context modeling. APTNet [23] adopts an adaptive partial transformer and dual
residual attention to enhance target features while reducing partial computational consumption.
STASPPNet [24] combines Swin Transformer with multi-scale atrous pooling to detect ultra-small
infrared targets. Nevertheless, the substantial computational overhead and structural complexity of
these transformer-based models often necessitate meticulous parameter fine-tuning and may lead to
the smoothing of critical local details.

Human visual perception studies indicate that effective target recognition depends on both target
signatures and background characteristics. However, most IRSTD methods focus on isolated feature
extraction or background modeling, failing to exploit the synergy between the two. For instance, Zhang
et al. incorporated edge information via Sobel operators [25], but its robustness remains limited in
dynamic scenarios. A critical challenge involves decoupling salient target features from complex

Electronic Research Archive Volume 34, Issue 9, 6177-6218.



6179

background interference without excessive labeled data or training. While feature extraction has
advanced, many approaches still rely on implicit suppression, and explicit background modeling has
not yet fully met practical requirements [26].

Recently, state space models (SSMs) such as Vision Mamba have gained prominence for their
long range dependency modeling and linear computational complexity [27,28]. Although Mamba
variants have succeeded in medical imaging [29,30] and autonomous driving [31], their direct
application to IRSTD remains problematic. Specifically, the global modeling mechanism of Mamba
often overlooks fine-grained local context essential for identifying small targets. Furthermore, standard
multi-directional scanning strategies typically share parameters, which limits their ability to perform
specific context modeling for distinct directional features in complex backgrounds. Additionally, the
high structural complexity of Mamba models necessitates further research to optimize their efficiency
and sensitivity for resource constrained IRSTD applications. When combining these issues with the
inherent defects of conventional CNN and transformer-based methods, we find that mainstream
solutions generally struggle with unsatisfactory background suppression, heavy computational
overhead, and inadequate capture of fine-grained target features. It is therefore imperative to explore
a new technical paradigm to tackle these practical dilemmas.

To remedy the above problems, our framework abandons the single-branch implicit background
suppression adopted by most existing methods. We construct a dedicated dual-branch structure for
explicit background modeling and target feature learning, and adopt lightweight SSMs to replace
resource-hungry transformer modules. Graph convolution is also embedded to capture non-local
feature correlations and fit the sparse property of infrared small targets.

To put the above design into practice, this work realizes parallel processing of background
information and target features, effectively enhancing the identification ability of small targets in
complex backgrounds. The model combines multi-directional scanning state space modeling and graph
convolution, achieving unified modeling of long-range dependencies and local context, and greatly
improving detection robustness and feature discrimination under noisy and complicated scenes. The
contributions of this work are as follows:

1) We propose a dual-branch collaborative mechanism that combines background suppression
with target enhancement. By explicitly learning background attention maps and foreground
enhancement weights, this mechanism dynamically suppresses background interference during
encoding-decoding to enhance multi-scale features, effectively addressing the challenge of target-
background separation in complex scenes.

2) We design a sparse graph encoder (SG-encoder) that integrates a graph convolutional module
into the encoder architecture. It constructs graph-structured relationships among feature points to
capture non-local and irregular features, overcoming the limitations of conventional convolutions in
representing small target structures under complex backgrounds.

3) We present a multi-SSM decoupled Mamba model with adaptive fusion. It equips the four
scanning directions with fully independent SSM core parameters and introduces learnable directional
fusion weights, achieving lightweight modeling with directional specificity. This addresses the lack of
direction-aware context modeling in existing global modeling approaches.

Experimental results on public datasets, including NUAA-SIRST [16] and NUDT-SIRST [19],
demonstrate the superiority of the proposed method. Compared with more advanced (SOTA) methods
in recent years, the method proposed in this paper has better robust performance and detection
performance under complex backgrounds and multi-scale tasks.
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2. Related work
2.1. Background suppression-based infrared small target detection

In IRSTD, complex background clutter often causes false alarms and missed detections. Therefore,
effective background suppression has always been a core issue for improving detection performance.

Early traditional methods exploited statistical differences between target and background in the
time, spatial, and transform domains for suppression. LCM enhanced small target salience by boosting
local contrast responses [32]. Top-Hat filtering filtering used morphological operations to estimate and
subtract the background [7]. Although these methods were computationally efficient, they relied on
fixed, manually defined features, making them unsuitable for non-uniform backgrounds and bright
structural edges. Han et al. proposed a three-layer estimation window and closest-mean principle to
suppress high-brightness backgrounds with single-scale computation, but their method remains
model-driven, relying on handcrafted parameters and lacking the adaptive feature learning capability
of deep networks.

With the adoption of deep learning, data-driven methods have shown greater adaptability. One
common approach frames the problem as pixel-level regression. Dai et al. used an encoder-decoder to
map the original image to a target-background segmentation map. Another approach focused on
designing a dedicated background estimation branch [16]. Li et al. designed an interference
suppression module that predicts weight maps of non-target regions to suppress background
responses [19]. Wang et al. introduced a reverse attention mechanism to iteratively erase the
foreground and refine the background estimate [33].

To address these limitations, we propose an explicit dual-branch background suppression
architecture. Unlike implicit learning approaches, we construct a parallel background estimation
branch to learn and output attention maps for both global and local backgrounds. By adaptively fusing
the original features with these background attention maps, we dynamically suppress background
interference and enhance target response during feedforward processing.

2.2. Graph network-based infrared small target detection

With the continuous advancement of deep learning, researchers have begun to explore the
application of graph neural networks (GNNs) with traditional CNNs to further enhance the models’
ability to capture non-local contextual information [34]. GNNs propagate and aggregate information
through the adjacency relationships between nodes to perform feature learning. By modeling
dependencies between pixels at a distance, GNNs can effectively capture non-local contextual
information. Models based on GNNs include graph convolutional networks (GCNs) [35], graph
attention mechanism (GAT) [36], graph reasoning networks [37], and visual image network (ViG) [38].

ViG divides an image into patches, treats them as graph nodes, uses K-nearest neighbor (KNN)
to construct an adjacency matrix, and extracts features via graph convolutions. However, KNN
computations limit its efficiency. Munir et al. improved efficiency by introducing an adaptive
clustering mechanism that avoids KNN [39]. Lin et al. proposed BPGA, which suppresses noise
using mobile SAM prior and enhances target features via visual graph convolutions [40]. Shen et
al. proposed GCLNet, which uses multi-scale graph inference and local feature learning modules
to capture both global and local context [41].
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To address the sparse distribution of small infrared targets, we propose a graph convolutional
module based on local sliding windows and dynamic edge weights. Unlike KNN-based methods, our
approach uses local sliding windows to construct the graph structure and introduces a dynamic edge
weight mechanism, avoiding complex KNN computations.

2.3. Mamba-based infrared small target detection

To address the computational efficiency bottlenecks of transformers [42], structured SSMs have
emerged as an alternative [43]. SSMs use state variables to characterize system evolution and model
time series dynamics. Their recursive structure enables effective capture of long-range dependencies.
Structured state space sequence model (S4) efficiently handles long sequences with near-linear time
complexity [27]. S6 introduces input-dependent dynamic parameter tuning [28]. Vision Mamba
extends Selective state space sequence model (S6) to computer vision, achieving global context
modeling without self-attention via a bidirectional S6 model with spatial embeddings [44].

Mamba has been widely applied to various vision tasks. Ma et al. combined the U-Net with
Mamba for medical image segmentation [29]. Guo et al. proposed MambalR, integrating channel
attention and local enhancement [45]. Chen et al. proposed RSMamba with a dynamic activation
strategy [46]. Zhang et al. proposed MOU-Mamba, which uses MO-SS2D to eliminate redundant
information and LG-SS2D to fuse local and global features [47].

However, existing Mamba-based methods lack multi-directional scanning modeling mechanisms
and have limited local perception capabilities. To address these issues, we design a four-directional,
fully independent selective SSM, enabling each direction to independently learn target-specific long-
range dependencies. We also introduce a learnable adaptive fusion mechanism that dynamically
balances the four directions via softmax-normalized weights. Additionally, we explicitly integrate a
deep separable convolutional local enhancement branch to overcome SSMs’ limited local perception,
establishing a global-local collaborative modeling capability.

2.4. Enlightenment from cross-domain visual detection research

Recent advances in artificial intelligence, including foundation models and interpretable learning
frameworks, bring new perspectives for visual anomaly detection and feature representation. Though
these methods are proposed for hyperspectral image analysis, their ideas on representation learning,
model interpretability, and target-background decoupling provide meaningful references for infrared
small target detection.

Large-scale pre-trained foundation models exhibit powerful universal representation ability. As a
typical spectral remote sensing foundation model, Spectral GPT [48] adopts a 3D generative
transformer structure. Trained on massive spectral data, it captures spatial-spectral correlation via self-
supervised learning and achieves excellent performance on various downstream tasks, offering
valuable experience for high-quality feature modeling.

Interpretable learning that combines model-driven priors and data-driven networks improves the
explainability of deep models. LRR-Net [49] integrates low-rank representation priors into a deep
unfolding network, transforming fixed regularization terms into learnable parameters. It combines
the interpretability of traditional models and the strong fitting capability of deep learning, and it
realizes effective separation between target and background.
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Inspired by the above research, we adopt the idea of target-background decoupling and build an
independent background suppression branch to improve the interpretability of our detection framework.
We also employ lightweight SSMs and sparse graph convolution to strengthen feature representation
while ensuring practical running efficiency.

3. Methodology
3.1. Model structure

As shown in Figure 1, background-suppression sparse graph-enhanced Mamba (BSG-Mamba)
employs a U-shaped encoder-decoder architecture featuring a dual-branch mechanism for concurrent
background suppression and target enhancement. The background branch extracts complex clutter to
generate suppression weights, which are fused into the second layer of the main encoder to refine initial
target responses. The five-layer encoder incorporates three spatially adaptive stages with embedded
graph convolutions to strengthen semantic correlations. In deeper layers, direction-specific adaptive
fusion Mamba modules capture long-range dependencies through four-directional state space
modeling. Subsequently, the decoder integrates multi-level features via skip connections and utilizes
target-aware gating to dynamically adjust feature weights for precise target-background discrimination.
By synergizing background decoupling, state space modeling, and graph convolutions, BSG-Mamba
significantly improves the detection of dim-small targets in cluttered infrared scenarios.

Encoder ; Decoder

[B,24,H/2,W/2] i [B,24,H, W]

[B,48,H/4,W/4] [BASHW]
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Figure 1. Overview of the BSG-Mamba model.

Electronic Research Archive Volume 34, Issue 9, 6177-6218.



6183

Algorithm 1 Inference for BSG-Mamba
Input: Infrared image X, = e R  trained parameters ©

input

Output: predicted target mask ¥ e[0,1]>/""

g Apg s Wit = By (X )
F = InitialFuson(X, , , )
e, = RELUBN(Conv,,(F)));e, = MaxPool,, (e,)
e, = SGEncoder (¢, ) ; e, = MaxPool,_, (e,)
e, = SGEncoder (e, ) ; e; = MaxPool, , (e;)
e, = SGEncoder (e, ) ;e, = MaxPool,, (e,)
e; = DSAFM(e,)
d = UpConv (es);d; = ConvBlock( Concat(dy,e;))
d, = UpConv (d;);d, = ConvBlock( Concat(d,,e,))
d, = UpConv (d,);d, = ConvBlock( Concat(d;,e;))
d, = UpConv (d,) ;d, = ConvBlock( Concat(d,,e,))
d, = UpConv (d,);d, = ConvBlock( Concat(d,,e,))
dy=d, Owy
Ajged = Actannel O Aspatial ;Aenhanced = Afll}zed
A, = AvgPool2d (4,,,,.... - kernel = 3, padding =1)
Wegion = 06X A +0.4x(1.0—4,,)
d=d O01.0+03xw,, )
Y = o(Conv,,(d,))

~

return Y
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Algorithm 1 defines the forward pass: background suppression, initial fusion, four-stage SG-
encoder downsampling, Direction-specific SSM with adaptive fusion Mamba (DSAFM) processing,
decoder upsampling with skip connections, target-enhancing gating, and final convolution to produce
the probability map. Algorithm 2 defines training: random initialization, iterative mini-batch sampling,
forward pass via Algorithm 1, composite binary cross-entropy and intersection over union (BCE-IoU)
loss computation, gradient descent update, and convergence.

Algorithm 2 Training for BSG-Mamba

Input:dataset D={(X,, M, )}, batch size B ,epoch E ,learning rate 7 ,loss weight A

Output:optimized parameters ®
Initialize ® randomly
for epoch=1to E do

for each mini-batch {(X,,M, )}t =D do

Y = BSG-Mamba (X, : ©)

L= %ZB:[BCE(Y,MZ.) +A-TIoU((Y,M))]

i=1
O=0-nV,L

end for
end for
return ©

3.2. Background suppression

In infrared images, background noise typically dominates, while target signals are weak and small
in size. Traditional methods that detect targets directly across the entire image are prone to background
interference. This work models the background distribution to generate a background attention map,
thereby suppressing background responses and enhancing the target region at the feature level. The
background suppression module is a two-stage processing module that achieves dynamic suppression
of the background and enhancement of the target in infrared images through forward background
feature extraction and backward target saliency evaluation, as shown in Figure 2.

c RB><C><H><W

Let the infrared image be X , where B denotes the batch size, Cis the input

input
channel number, and H and W represent the height and width of the input feature map, respectively.
All convolutional layers adopt same padding with a stride of 1. The max-pooling layer uses a stride
of 2. O denotes element-wise multiplication, o represents the sigmoid activation function, and the

rectified linear unit (ReLU) is adopted as the default activation function for all intermediate layers.

Electronic Research Archive Volume 34, Issue 9, 6177-6218.



6185

Background Suppression Branch Target-Enhancing Gating

G
; *
‘ Channel Attention ‘ ‘ Spatial Attention ‘

Conv 5x5 l =
Input Feature 1~ Channel ! FPoEPoo=S | Refined Feature
| | it
l Attention ) Spd(‘f‘l J
ﬂ ﬁ | | ttention
Background Feature Extractor L—————-! 0 L2 |

. T MaxPool = _m— T TTTTTT !

Dual Conv3x3 Residual Blocks ﬁ@\_\\ ﬁﬁ !

| e
vgPool Channel

|

Attention

|

|

|

|

|

|

|
Conv3=3 Conv3:3 X inputE e MO o o 1 st
Residual Residual ! Conv |

|

|

|

|

|

= e B

Dual Conv3x3+ Conv1x1

l

Attention 5 .
‘ GlobalAvgPool H (1+0.15attention) ‘ [ Multiply (Element-wise)

l l l Average Across Channels

i
weid" l
Po,pl’
Exponential Enhancement

o
wl’"u’

NE

I:.:u“"g' Al

~

~
~

SN o __7

S~—
Encoder2 @

Figure 2. Background suppression and TEG mechanisms.

3.2.1. Background suppression branch (BSB)

First, the input image undergoes multi-scale background feature extraction via the background
suppression branch (BSB). A three-layer convolutional network is used for progressive downsampling
to capture background textures at different scales, ranging from coarse to fine features. A large 7 x 7
convolutional kernel is employed to capture the background over a wide area, and max-pooling is
applied to downsample by a factor of 2, thereby reducing computational load while preserving the
primary background structure. A 5 x 5 convolutional kernel is used to focus on medium-scale
background textures, while a 3 x 3 kernel extracts local fine-scale features. The final step does not
require downsampling, preserving more spatial information for subsequent feature reconstruction. As
shown in Eqgs (1)—(4),

F.iconv _ Convkixk,- (F_,)), €))
F™ = BatchNorm(F ™), 2
F™ =ReLU(F™), A3
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F, = MaxPool,, (F""), 4

where k1=7, ko= 15, k3= 3, and Fo= Xinpu: 1s the input image.

Add an additional convolutional layer to the third-level features and sum the result with the
original features. Residual connections allow the network to learn incremental improvements to
background features rather than completely altering the feature representations. As shown in Egs (5)
and (6),

F™ =Conv,,(F,), (5)

F;* = F, + ReLU(BatchNorm(F;™)). (6)

Global average pooling (GAP) is utilized to aggregate global channel information, and two fully
connected layers with a dropout layer are applied to generate channel attention weights o . As shown
in Egs (7) through (10),

g = GAP(F™), (7)
g =RELU(FC(g)), (8)
g, = Dropout(g,), ©)
a=0(FC,(g,)), (10)

where GAP stands for global average pooling, and F'C stands for fully connected layer. Attention weights
are applied to enhance features as shown in Eq (11), where (© denotes element-wise multiplication:

F, =F~0O0.0+0.15-a). (11)

The extracted background features are upsampled back to the original input size, and the spatial
background attention map is obtained through two stacked convolutional layers: First, an intermediate
feature map is generated, and then the final background attention map is produced via the second
convolution and sigmoid activation. As shown in Eqgs (12)—(14),

F,, = Upsample(F, ,scale=4), (12)

Fd = RELU(Conv 4, (F},)) (13)
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Abg = o(Conv,,; (szﬁd ). (14)

The background feature map F,, is upsampled to the original input resolution via bilinear

interpolation with a scaling factor of 4. Then two stacked 3x3 convolutions and a sigmoid activation
are used to generate the spatial background attention map 4, .

The enhanced weights for the foreground regions are calculated based on the background
attention map, as shown in Eq (15). This equation inverts the background attention map into a
foreground weight map. In regions with high background probability, the weights approach 1.0, meaning
neither enhancement nor suppression occurs; in regions with low background probability, the weights
are increased to 1.15, thereby enhancing the target regions. The coefficient of 0.15 controls the intensity
of the enhancement, balancing the need for background suppression and target enhancement.

ng :10+015(10_Abg) (15)

The forward propagation of the entire background suppression branch can be expressed as shown
in Eq (16),

{FbgaAbg’ng}:ﬂH(XmPut ) (16)

The core of this background suppression branch models the background and foreground separately;
by specifically learning background features, the network can accurately identify which information
belongs to the distracting background, thereby reducing its impact in subsequent processing.

3.2.2. Target-enhancing gating (TEG)

At the end of decoder, feature maps contain both actual target information and residual
background noise. Target-based gating evaluates the saliency of the target at each location through the
collaborative action of channel-space attention mechanisms.

By fusing channel attention Achamnet and spatial attention Agpatiai through element-wise
multiplication, high response values are obtained only when a location is significant in both the channel
and spatial dimensions. A power transformation is then applied to the fused attention map to enhance
contrast. As shown in Eqs (17) and (18),

Afused = Achannel G)"élspatial s (17)

1.3
Aenhanced = Afused . (18)

We adopt the exponential function f(x) = x'” to optimize the targetness map. This transformation

suppresses low-value background noise while well preserving weak and strong target signals, as
validated by quantitative results. It strikes a favorable balance between clutter suppression and target
feature retention and further improves the signal-to-clutter ratio for infrared small target detection.
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Figure 4. Exponential enhancement for IRSTD. (a) Enhancement curves, (b)
enhancement comparison.

Two-level average pooling eliminates single-point noise responses and enhances the continuity

of the target region. As shown in Eqgs (19) and (20),

A, = AvgPool2d (4,,,... - kernel = 3,padding = 1),

A = AvgPool2d (4, kernel = 3,padding =1).

(19)

(20)

The background attention map obtained from the background suppression branch is weight-

blended with the target saliency map provided by the target-specific gating, and the blended weights
are applied to the decoder features to produce the final output features of the decoder. As shown in
Eqgs (21) and (22),
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Wision = 0.6X A ) +0.4><(1.0—Abg) R @21

Xoutputl = Xoutput O (1 O + 03 x qusion ) ° (22)

To verify the rationality of fusion weights 0.6 and 0.4 in the TEG module, we conduct ablation

experiments on different weight combinations. We restrict the sum of the two weights to 1 and keep

all other network settings unchanged. All experiments are implemented on the NUAA-SIRST dataset,
and the results are shown in Table 1.

Table 1. Performance of different fusion weights on NUAA-SIRST.

Weight Combination (11, 12) ToU (%) Pd (%) Fa (10°°)
(0.9,0.1) 76.70 97.41 15.21
(0.8,0.2) 76.82 97.56 14.33
(0.6,0.4) 76.91 97.74 13.65
(0.5,0.5) 76.85 97.62 14.02
(0.4,0.6) 76.61 97.28 16.15

In the fusion formula, 11 is the weight of target saliency map Afinal, and A2 corresponds to the
weight of reversed background attention map (1.0-Avg). As observed from the table, the weight pair
(0.6, 0.4) achieves the highest intersection-over-union (loU) and probability of detection (Pd), along
with the lowest false alarm ration (F#a). For infrared small target detection, accurate target enhancement
is the primary objective. Assigning a larger weight 0.6 to target saliency features ensures the model
focuses on highlighting weak small targets. The weight 0.4 serves as a moderate background constraint
to suppress interference. When 4 is too large, the model ignores background noise and produces more
false alarms. When /; is smaller than 0.6, the ability to enhance target features declines. The equal-
weight setting also fails to reach optimal performance. Therefore, (0.6, 0.4) is selected as the optimal
fusion weight combination for the TEG module.

3.3. Sparse graph encoder (SG-Encoder)

Pixels in an image do not exist in isolation, rather, they form structures through spatial
relationships and semantic associations. Traditional convolutional networks only consider pixel
interactions within local neighborhoods, making it difficult to model non-local semantic
associations. The SG-Encoder combines traditional CNNs with GNNs to model the non-local
correlations of small objects in infrared images, as shown in Figure 5.
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Figure 5. SG-encoder.

To balance computational efficiency and feature quality, we construct the map using sparse
sampling, uniformly sampling the feature map at a stride of 4 to divide the image into (H/4) x (W/4)
superpixel regions, with each superpixel representing a local area. As shown in Eq (23),

X, [i, j,m,n] = X, [i, j.4m,4n] € R® (23)
In this structure, each superpixel node is connected to all other nodes, forming a complete graph.
Rewrite the superpixel features as a sequence of nodes and compute self-attention. Here,

N = H xW,represents the number of nodes, and J = +/C is the scaling factor. Through the self-

attention mechanism, each node updates its own features based on its similarity to all other nodes;

features of similar nodes reinforce each other, thereby achieving global information aggregation. As
shown in Eqs (24)—(27),

O = Reshape(X,) € R”V¢ 24)
T (25)

Attn = Softmax( Q\/QE )e RPN
V=0 (26)
27)

X, =AttnxV e RPN

N

The node features are propagated back to the original grid and fused with the original features;
sparse nodes are propagated to the dense network via upsampling and then fused with the original
local features, thereby preserving both local details and global semantic information, as shown in
Egs (28)—(30),

XslzD = Reshape(Xsl) S RBXCXHS)(WS . (28)
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(29)
X, =Upsample( X, ,scale = 4) e R*"

sl 2

Fout = Conlel (Concat(X, Xl )) c RB><C><H><W ) (30)

We adopt a customized graph convolution module named MRConv4dSP for feature modeling.
The full name of MRConv4dSP is multi-scale 4D sparse graph convolution. This module is
specially designed for the sparse distribution characteristic of infrared small targets, which
combines multi-scale convolution and sparse graph structure to capture non-local feature
correlations while maintaining low computational complexity.

Different from traditional dense graph convolution, MRConv4dSP constructs a dynamic
sparse adjacency matrix based on local sliding windows instead of KNN clustering, which greatly
reduces computation overhead.

Given the input preprocessed feature F._ e R™“™ | the calculation process of

pre

MRConv4dSP is formulated as
Fms (Fpre) = glxl(Fpre) ®g3><3(Fpre) ®g7><7 (Fpre) (31)

Fgraph :AQFms(Fpre) (32)

where g« denotes standard & x k convolution operation; four branches with different kernel sizes
extract multi-scale features of infrared targets. @ represents element-wise addition for multi-scale
feature fusion. 4 € R#“¥" is the dynamic sparse adjacency matrix, which is adaptively updated
according to the similarity between feature nodes in each forward propagation. The dynamic sparse
adjacency matrix 4 only retains strong correlation connections between feature nodes related to
potential targets and abandons invalid connections in homogeneous background areas, which realizes
sparse graph modeling.

Finally, graph convolutions are integrated into the grapher module: Pre-processing
convolutions Fpre adjust the feature representation, graph convolutions Fgraph capture non-local
dependencies, post-processing convolutions Fpest refine the features, and a residual connection
ensures the complete transmission of feature information. As shown in Eqs (33)—(35),

F,. =BN(Conv,; (X)), (33)

F

graph

=MRConv4dSR(F, ), (34)
Grapher(.X') = Dropath(¥,,

D+ X. (35)
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3.4. Direction-specific SSM with adaptive fusion Mamba (DSAFM)

Traditional CNNs are limited by their local receptive fields, making it difficult to model long-
range dependencies in images. In target detection tasks, targets can appear anywhere in an image,
and their detection requires the integration of global contextual information. By using SSMs and
scanning mechanisms to serialize images into directional scanning sequences, and by capturing
long-range spatial dependencies through recursive state propagation, these models overcome the
limitations of traditional convolution networks, as shown in Figure 6(b).

The given input feature map x€RZ** 7 is processed into four 1D sequences, and the results
of the four-directional scans are fused by averaging, as shown in Eqs (36)—(39),

s, = Reshape(x) + p, € R, (36)

s, = Reshape(Flip,, (x)) + p, € R¥", (37

s, = Reshape(Pemute,,_,, (x))+ p, € R¥VC, (38)

s, = Reshape(Flip,, (Permute,, ., (x)))+ p, € R¥*"C. (39)
X

Direction-Specific SSM

‘ Linear ‘ Adaptive Fusion ‘

Linear || ssp |

DWConv + BN

(a) (b)
Figure 6. Mamba network, (a) Vmamba framework, (b) DSAFM.
Unidirectional scanning can only capture unidirectional dependencies, while four-directional

scanning covers all directions in a 2D image. Each direction is equipped with independent position
encoding Pd and independent SSM parameters.
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Figure 7. Directional SSM scan.

A SSM is a mathematical framework commonly used to model dynamic systems. At its core are
the state equations, which describe how the hidden states /(?) change over time, as shown in Eq (40),
dh(t)

= = A+ B x(0), (40)

y()=C-h@), (41)

where h(f)ER" is the hidden state, x(¢) is the input vector, 4 is the state transition matrix,
which determines how the state naturally evolves over time, B is the input projection matrix, which
determines how external inputs affect state changes, C is the output projection matrix, and y() is
the output.

Unlike traditional SSMs with fixed parameters, this model introduces input-dependent
dynamic parameters,

A, =0.1+0.9-0(Linear,(x,)), (42)
B, = Linear(x,). @3)

In this case, A, is not a fixed value, but rather the x; function of the input from the previous
step ¢. Linearp(*) is a linear transformation layer, and the B matrix for each time step is computed
based on the current input.

A=—exp(4y,), (44)

where A,¢ represents the trainable parameters; applying a negative exponent ensures that the
eigenvalues of the matrix are negative, thereby guaranteeing the system’s stability.

Using the first-order Euler discretization method, the continuous-time system is converted
into a discrete-time system. For each time step ¢, the input projection is

X proj — xt . WBT , (45)

t

where W, is the projection weight matrix.

Below are status updates and output calculations, as shown in Eqs (46) and (47),

Electronic Research Archive Volume 34, Issue 9, 6177-6218.



6194

h =h_ +A, -[A-h_ +B QOx""], (46)

yt:C'ht' 47)

This module employs direction-specific SSMs designed for scanning in different directions. The
horizontal scanning SSM is used to capture left-right context, utilizing an asymmetric convolution
kernel with kernel size =5 to enhance the horizontal receptive field. The A, parameters are initialized
to smaller values, enabling the model to better capture dependencies in the left-right domain. The
vertically scanning SSM uses a standard 3 X 3 convolutional kernel to capture vertical context. It
employs a larger 4;,¢ value and introduces a learnable vertical attenuation mechanism to adjust the
strength of long-range dependencies in the vertical direction, thereby enhancing the model’s ability to
capture long-range dependencies in the vertical direction. Each direction is processed by an
independent SSM, and each direction has its own independent spatial encoding to prevent confusion
between spatial information from different directions:

Y, =SSM (s,),d € {0,1,2,3}. (48)

After restoring the image shape, perform weighted fusion using trainable weights
w:[wo,wl,wz,w3]:

w,

e™
qused = Zd: Z ewj ) Yd (49)
j .

SSM excels at handling long-range dependencies; by incorporating local convolutional
enhancement modules, it achieves synergy between global and local features:

X . =DepthwiseConv, ;(Y;..q) > (50)

local

Yenhanced = Y i

fuse

4 T03-X, .- (51)
The final output includes adaptive residual gating:
Y= )fenhanced + ﬂ : Xalign 918 = res_gate s (52)
where f is the learnable residual gate coefficient, and Xaiign is the input feature after channel alignment.
4. Experiments
4.1. Data sets and experimental details
In this work, we analyzed three publicly available datasets, including NUAA-SIRST [16], NUDT-
SIRST [19], and IRSTD-1K [25]. The first two datasets are used for main experiments, and IRSTD-

1K is adopted for supplementary quantitative evaluation. The NUAA-SIRST dataset contains 427
infrared images of varying sizes, while the NUDT-SIRST dataset contains 1327 infrared images of the
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same size. All experiments were conducted on an NVIDIA GeForce RTX 3060 GPU platform under
completely unified configurations to ensure fair comparison. During the training phase, each image in
the dataset was normalized and randomly cropped to a size of 256 x 256 pixels.

The Adam optimizer was used for model training, with an initial learning rate set to 1e-4. For
each dataset, the number of training epochs was set to 600, and the batch size was 16. The
MultiStepLR scheduler was utilized to adjust the learning rate, with a decay factor of 0.5 at epochs
250, 350, 450, and 550. A dropout rate of 0.2 was adopted to prevent overfitting. We further
performed hyperparameter sensitivity analysis with the control variable strategy. Multiple
candidate values were tested for key hyperparameters, and the final settings were selected based
on quantitative results on two standard datasets. This proves that our hyperparameter settings are
reasonable and reliable.

The detailed results of hyperparameter sensitivity analysis are presented in Table 2. The
bolded combinations achieved the highest /oU and Pd and the lowest Fa on both the NUAA-SIRST
and NUDT-SIRST datasets. Excessively large or small hyperparameters would lead to underfitting,
training oscillations, and an increase in the false alarm rate. Therefore, we adopted this
combination in all experiments.

Table 2. The results of the hyperparameter sensitivity analysis for the BSG-Mamba model.

) NUAA-SIRST NUDT-SIRST
y Ir Batch size  Dropout
loU (%)  Pd (%) Fa (10 IoU (%) Pd(%)  Fa(10°)

0.4 5e-5 8 0.1 73.01 96.54 24.08 89.88 97.56 6.78

0.5 le-4 16 0.2 76.91 97.74 13.65 92.02 98.90 3.67

0.5 3e-4 16 0.2 76.12 96.89 17.46 90.03 97.90 5.83

0.6 5e-4 24 0.3 74.55 95.67 21.97 87.94 96.56 9.10

0.7 le-3 32 0.4 73.42 95.46 31.23 85.45 92.34 10.23

To comprehensively evaluate algorithm performance, this paper selected 17 methods for
comparison, including traditional methods such as Top-Hat [7], IPI [50], and NOLC [51] and deep
learning algorithms such as U-Net [14], ACM [16], AGPCNet [17], UIU-Net [18], DNA-Net [19], U-
Transformer [20], MTU-Net [21], APTNet [23], STASPPNet [24], [AA-Net [33], BPGA [40],
GCLNet [41], MiM-ISTD [42], and MOU-Mamba [47]. This paper analyzes and trains the above
algorithms to compare the performance of each network model under identical experimental conditions.

4.2. Assessment of indicators

This paper employs standard metrics to evaluate the model’s performance in small object
detection. The loU and nloU are used to measure prediction accuracy. The Pd and Fa indicate the
proportion of correctly predicted objects. Pd measures the ratio of correctly predicted objects to
the total number of objects. Fa measures the proportion of incorrectly predicted pixels out of all
image pixels. The formulas for these metrics are as follows:

TP

U =——7——,
T+P-TP (53)
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1 & TP.
nloU=—» —————,
NZT b TP Y
T
Pd — correct s (55)
TAII
P
Fa — False . (56)
PAI[

True positives (7P) represent the number of pixels correctly predicted as the positive class by the
model. 7 stands for the number of pixels with the true label, P stands for the number of pixels with the
predicted label, and N stands for the total number of pixels.

The Fa calculates the proportion of false target pixels to all image pixels. For intuitive comparison,
we scale the original Fa results by 107 in all experimental tables. That is, the listed values stand for
false alarm counts per one million pixels. This standard normalization rule is widely adopted in infrared
small target detection tasks. Lower Fa corresponds to fewer false detections and stronger anti-
interference ability.

The F1-Score (F1) mean of precision and recall provides an effective metric for evaluating
performance, as shown in the following formula:

_2xPxR
P+R

F1 (57)

The receiver operating characteristic (ROC) curve is used to describe the trend of Pd across
different Fa. Plotting the false alarm rate on the x-axis and the detection rate on the y-axis yields
a curve ROC for a given sequence. The more convex the curve ROC, the better the detection
performance of the method for that sequence. Area under curve (4UC) is a metric for evaluating
the curvature of the curve ROC, representing the algorithm’s ability to distinguish between targets
and background during detection.

In target detection networks, floating-point operations (FLOPs), the number of parameters
(Params), and frames per second (FPS) are core metrics for measuring a model’s computational
efficiency, memory overhead, and inference speed. Among these, FLOPs are used to evaluate the
model’s forward computation complexity; a lower value indicates higher computational efficiency;
Params reflect the model’s scale; fewer parameters typically indicate a more lightweight model
structure, which helps improve generalization ability and reduce the risk of overfitting; FPS
directly characterizes the model’s inference speed—a higher value indicates that the model
requires less time to process a single image, making it easier to meet real-time requirements in
practical applications.

4.3. Qualitative analysis

This work conducted a qualitative evaluation on the NUAA-SIRST and NUDT-SIRST
datasets. Infrared images depicting various complex scenes were selected from each dataset to
reproduce and visually analyze the results of the BSG-Mamba model against representative
methods from recent years, including AGPCNet, UIU-Net, DNA-Net, IAA-Net, MTU-Net, and
GCLNet. As shown in Figures 8 and 9, the blue boxes indicate small target detections, while the
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red boxes indicate false positives.

Figure 8 presents the detection results on the NUAA-SIRST dataset. For this experiment, images
of the sky were selected, which were further categorized into simple cloud layers and high-brightness
cloud layers. Figure 9 shows the detection results on the NUDT-SIRST dataset, where complex
environments such as buildings, forests, fields, and water surfaces were selected for validation. The
experiment in Figure 8 places greater emphasis on false alarm control, while the experiment in Figure 9
focuses more on target extraction capabilities in complex backgrounds. The experimental results
indicate that small infrared targets occupy an extremely small pixel area in the image, with low contrast
between the target and the background and blurred edges—this is the core challenge of this task. As
shown by the ground truth (GT), the true targets vary in shape, ranging from point-like to irregular
shapes, and multi-target scenarios are present.

As shown in Figure 8, with the exception of AGPCNet, UIU-Net, GCLNet, and DNA-Net—
which exhibit obvious false positives in the seventh image—the remaining models can accurately
identify targets. However, they differ in terms of background suppression and edge detection. In
the second and fifth images, AGPCNet displays slight blurring of target edges, resulting in
imprecise target shapes, and its false alarm rate control requires improvement; In the third and
fourth images, UIU-Net exhibits overly smooth transitions along the target edges, resulting in the
loss of detailed contour information; DNA-Net suffers from the same issue; and IAA-Net fails to
fully fill the interior of larger targets. For example, in the fourth image, the target is not fully
recognized and is prone to being misclassified as two separate targets. In contrast, BSG-Mamba
performs consistently across the test samples, accurately locating the target position while
maintaining clear edge contours.

- ;E‘ ¥
oo A >
(a)

continued on next page
Figure 8. The detection results of different network models on the NUAA-SIRST

dataset. (a) Input, (b) ground truth (GT), (¢) BSG-Mamba, (d) AGPCNet, (e) UIU-
Net, (f) DNA-Net, (g) [AA-Net, (h) MTU-Net, and (i) GCLNet.
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Figure 8. The detection results of different network models on the NUAA-SIRST dataset.
(a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (e) UIU-Net, (f) DNA-
Net, (g) [AA-Net, (h) MTU-Net, and (i) GCLNet.

The image scenes selected from the NUDT-SIRST dataset are more complex, featuring a
wider variety of object types and more challenging backgrounds. As shown in Figure 9, in the third
image, both AGPCNet and UIU-Net exhibit morphological distortion, demonstrating insufficient
segmentation capabilities; the object edges are blurred, and their ability to preserve object shapes
is inferior to that of BSG-Mamba. In the drone detection task in the fourth image, DNA-Net
exhibits fragmentation, with a single complete object being segmented into multiple parts; in the
vessel recognition task in the seventh image, most models suffer from blurred edges and
fragmentation of complete objects, while DNA-Net only identifies point-like targets and lacks
precision in detecting area-like targets. Both MTU-Net and GCLNet exhibit fragmentation in
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vessel recognition, whereas BSG-Mamba’s shapes and edges are closer to the ground truth labels.
BSG-Mamba outperforms most comparison models overall, particularly in multi-object detection
and shape preservation, and demonstrates higher detection accuracy than most comparison models
in high-brightness noise environments.

continued on next page

Figure 9. The detection results of different network models on the NUDT-SIRST
dataset. (a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (e) UIU-
Net, (f) DNA-Net, (g) [AA-Net, (h) MTU-Net, and (i) GCLNet.
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(h)

Figure 9. The detection results of different network models on the NUDT-SIRST dataset.
(a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (e) UIU-Net, (f) DNA-
Net, (g) [AA-Net, (h) MTU-Net, and (i) GCLNet.

Figures 10 and 11 show 3D visualizations of the target distribution for the NUAA-SIRST and
NUDT-SIRST datasets, effectively illustrating the detection of small targets in the images. The results
indicate that the BSG-Mamba model exhibits a distinct peak response for targets, with the target region
displaying a tall and narrow peak-like response that most closely matches the ground truth. The
background remains relatively flat with no significant fluctuations in background noise, and the signal-
to-noise ratio of the target response outperforms most comparison models. In contrast, as shown in
Figure 10, the background of AGPCNet exhibits slight rippling fluctuations, indicating incomplete
background suppression. Furthermore, in the sixth figure, a few models exhibit a bimodal distribution,
suggesting the presence of false alarms. In the scenario shown in Figure 11, although most models can
achieve target recognition, there are significant differences in recognition accuracy, and the overall
accuracy is relatively low.

Y O o @

(a)

continued on next page
Figure 10. The 3D visualizations of different network models on the NUAA-SIRST

dataset. (a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (¢) UIU-Net, (f)
DNA-Net, (g) TAA-Net, (h) MTU-Net, and (1) GCLNet.
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continued on next page

Figure 10. The 3D visualizations of different network models on the NUAA-SIRST
dataset. (a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (¢) UIU-Net, (f)
DNA-Net, (g) TAA-Net, (h) MTU-Net, and (1) GCLNet.
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Figure 10. The 3D visualizations of different network models on the NUAA-SIRST

dataset. (a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (¢) UIU-Net, (f)
DNA-Net, (g) IAA-Net, (h) MTU-Net, and (i) GCLNet.

In comparison, the BSG-Mamba method proposed in this paper most closely aligns with the
true distribution of 3D targets, elucidating the fundamental mechanism behind its excellent detection
performance on the two datasets from the perspective of feature representation. This method
demonstrates outstanding performance and detection accuracy across multiple robustness
evaluations. Notably, it does not produce false alarms under high-brightness noise interference
conditions and can achieve clear, stable identification of weak and small targets. This fully validates
that BSG-Mamba possesses significant background suppression and target retention capabilities,

further confirming its effectiveness and reliability in practical application scenarios.
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continued on next page
Figure 11. The 3D visualizations of different network models on the NUDT-SIRST

dataset. (a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (¢) UIU-Net,
(f) DNA-Net, (g) IAA-Net, (h) MTU-Net, and (i) GCLNet.
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Figure 11. The 3D visualizations of different network models on the NUDT-SIRST dataset.
(a) Input, (b) ground truth (GT), (c) BSG-Mamba, (d) AGPCNet, (e) UIU-Net, (f) DNA-
Net, (g) [AA-Net, (h) MTU-Net, and (i) GCLNet.

4.4. Quantitative analysis

To comprehensively evaluate the detection performance of BSG-Mamba, this work conducted
comparative quantitative experiments on two public datasets, NUAA-SIRST and NUDT-SIRST.
To guarantee the statistical reliability of experimental results, all competing methods were
implemented with five independent repeated trials, and all evaluation metrics were reported in the
form of mean + standard deviation to avoid random bias caused by parameter initialization and
dataset random partitioning.

As shown in Tables 3 and 4, BSG-Mamba achieved superior performance compared to most of
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the competing algorithms. The /oU metrics on both datasets reached the best results, particularly on
the NUDT-SIRST dataset where target scale variations are more pronounced. Although the n/oU on
NUAA-SIRST was slightly lower than that of UIU-Net, the nloU on NUDT-SIRST improved by
approximately 11.13 percentage points compared to UIU-Net, indicating that this method achieves
more precise pixel-level localization of target boundary regions, while maintaining an optimal balance
in overall performance. In terms of background suppression, the Fa on NUAA-SIRST is slightly higher
than that of DNA-Net but still significantly outperforms other algorithms, indicating that BSG-Mamba
possesses strong background discrimination capabilities in most scenarios. In the NUDT-SIRST
dataset, the Fa is reduced by approximately 81.8% compared to IAA-Net and by 78.3% compared to
U-Transformer. While some models exhibit low Fa, their Pa are insufficiently high, indicating that
these models sacrifice recall for weak targets while reducing Fa. In contrast, BSG-Mamba achieves a
balance between high Pa and low Fa, validating its comprehensive detection advantages in complex
backgrounds. Compared with transformer-based APTNet and STASPPNet, our BSG-Mamba achieves
the highest /oU and Pd with the lowest Fa on both NUAA-SIRST and NUDT-SIRST datasets,
demonstrating superior detection and background suppression capabilities.

Table 3. Comparison of different methods for NUAA-SIRST dataset.

NUAA-SIRST

Model

ToU (%) nloU (%) Pd (%) Fa (10)
Top-Hat 7.85+0.52 19.12+1.13 78.90 £ 1.86 980.00 + 32.75
IPI 34.11£1.25 36.08 + 1.47 89.42 +1.21 74.50 £4.12
NOLC 14.02 +£0.76 18.21 £0.93 74.10+£2.03 38.90 £ 3.06
U-Net 62.40 +1.38 65.18 £ 1.42 76.08 £1.75 99.80 +5.37
ACM 67.89 +1.21 70.21 £1.35 96.24 + 0.94 24.15+2.16
AGPCNet 72.08 +1.05 74.15+1.17 94.25+1.08 25.60 £2.31
U-Transformer 76.55+£0.92 77.78 £1.04 96.32 £0.87 18.78 £1.85
APTNet 76.78 £ 0.86 78.13+£0.95 97.38£0.76 11.98£1.24
STASPPNet 74.89 £0.90 77.43 £0.98 97.34+£0.79 10.03 £1.07
TAA-Net 74.66 =£0.93 75.45+1.02 96.78 +0.82 23.48 £2.06
UIU-Net 76.88 £0.84 79.85 +0.91 92.50+1.13 11.02£1.19
DNA-Net 76.42 £0.88 79.75 £ 0.94 96.15+0.85 8.42 £ 0.96
MTU-Net 74.67 £0.95 76.78 £1.06 95.94 £0.89 22.13+1.97
GCLNet 75.40 £0.91 78.55+£0.97 95.12+0.93 23.10+£2.02
BPGA 76.74 £ 0.87 79.28 £0.92 96.99 +0.78 10.56 £1.12
MiM-ISTD 76.88 =0.85 79.18 +£0.93 96.99 £0.77 13.62 £1.35
MOU-Mamba 75.80 £ 0.89 79.64 £0.95 97.36 £0.75 15.35+£1.48
BSG-Mamba 76.91 +0.72 79.40 +0.78 97.74 £ 0.63 13.65+1.21
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Table 4. Comparison of different methods for NUDT-SIRST dataset.

NUDT-SIRST

Model

ToU (%) nloU (%) Pd (%) Fa (10)
Top-Hat 21.05+0.96 29.75+1.24 77.83 £1.72 158.20+7.36
IPI 33.25+1.18 40.33 £1.35 84.60 +1.34 192.80 +8.72
NOLC 20.41 £0.89 31.24 £ 1.16 67.45+2.15 57.33+3.84
U-Net 65.72+1.24 67.85+1.31 91.68 £1.07 29.87£2.43
ACM 76.58 +£1.03 7732+1.12 96.88 £ 0.86 8.94 £1.02
AGPCNet 84.02+0.91 84.57 £0.96 97.80 £0.79 6.89 +0.87
U-Transformer 87.78 £0.85 88.70 £ 0.90 96.79 +0.83 16.89 £+ 1.54
APTNet 90.63 £0.78 91.89+£0.83 98.33 £0.71 6.17+0.79
STASPPNet 91.45+0.75 91.90 £ 0.81 97.96 £0.73 4.33+0.65
TIAA-Net 88.25+0.83 90.44 £ 0.88 96.89 £ 0.82 20.11+1.76
UIU-Net 81.40 £ 0.94 81.65+0.99 96.20 £ 0.87 14.68 £ 1.41
DNA-Net 85.63 £0.88 86.88 £0.93 98.70 £0.72 5.64£0.73
MTU-Net 78.80 £ 1.01 80.67 £ 1.05 96.78 £ 0.84 19.15+1.69
GCLNet 85.25+0.89 85.75+0.94 98.35+0.74 5.62+£0.72
BPGA 90.98 £0.76 92.60 £ 0.80 98.86 £0.70 5.66 £0.74
MiM-ISTD 91.89+0.73 92.60 £0.79 98.24 £0.72 5.32+£0.70
MOU-Mamba 91.61 £0.74 92.45 £0.78 98.63 £0.71 4.01 £0.62
BSG-Mamba 92.02 +0.68 92.78 £ 0.74 98.90 + 0.65 3.67 £ 0.56

To further verify the generalization ability and robustness of the proposed BSG-Mamba, we
conduct experiments on the challenging IRSTD-1K dataset. This benchmark contains complex
backgrounds, strong clutter interference, and low-contrast targets, making it more difficult than
NUAA-SIRST and NUDT-SIRST and thus suitable for evaluating cross-scene generalization
performance. As shown in Table 5, our BSG-Mamba achieves the best overall performance among all
competing methods. Specifically, it obtains the highest JoU and nloU, as well as the lowest false alarm
rate. Although MiM-ISTD achieves a slightly higher Pd than our method, our approach maintains a
significantly lower false alarm rate while achieving superior loU and nloU. This indicates that our
method achieves a better balance between detection rate and false alarm suppression, which is critical
for practical infrared small target detection tasks.

Table 6 and Figure 12 show that BSG-Mamba achieves an excellent balance between lightweight
design, inference speed, and detection accuracy. Compared with DNA-Net, it improves the F1 score
by 0.52%, reduces FLOPs by 6.2%, and increases FPS by 18.3%, confirming its architectural efficiency.
Notably, BSG-Mamba maintains over 60 FPS with high accuracy, outperforming methods that
sacrifice precision for speed.
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Table 5. Comparison of different methods for IRSTD-1K dataset.

IRSTD-1K
Model
ToU (%) nloU (%) Pd (%) Fa (10)

AGPCNet 65.23 £1.36 66.56 +1.41 91.34+1.12 27.12+£2.26
U-Transformer 66.56 +1.29 68.89 £ 1.35 92.25+£1.06 22.35+2.01
APTNet 69.89 £1.15 69.28 £1.22 89.55+1.23 29.04 £2.41
STASPPNet 68.17+1.21 70.79 £ 1.26 91.92+1.10 30.18 £2.47
IAA-Net 69.17+1.17 7136 £1.23 91.89+1.11 29.90 £ 2.44
UIU-Net 67.35+1.25 72.38 £1.28 93.38 £1.02 25.67+£2.19
DNA-Net 70.91 £1.08 72.89 £ 1.14 95.90 £0.91 2445 +£2.12
MTU-Net 71.21 £1.05 7320+ 1.11 94.31 £0.96 2430 +2.10
GCLNet 71.29 £1.04 73.80 £ 1.09 91.57+1.13 29.42 £2.39
BPGA 7035+ 1.11 71.62+1.18 92.32+1.05 30.41 £2.49
MiM-ISTD 70.36 £ 1.10 68.05+1.25 96.95 + 0.88 20.90 £ 1.94
MOU-Mamba 69.23 £1.16 65.65+1.30 92.89+1.03 23.74 £2.07
BSG-Mamba 72.34 +0.92 74.21 £ 0.97 95.78 £0.84 18.70 £ 1.75

Against transformer-based APTNet and STASPPNet, BSG-Mamba cuts parameters by 76.6%
and 83.8%, reduces FLOPs by 12.1% and 71.6%, and achieves a higher FPS of 69.95, demonstrating
clear advantages in lightweight design and real-time inference. Lower memory and hardware
requirements also make it suitable for embedded devices.

Compared with the latest Mamba-based methods, our model further shows superior performance.
Against MiM-ISTD, BSG-Mamba reduces FLOPs by 44.9%, decreases parameters by 72.0%, and
improves F1 by 0.78% with similar FPS. Against MOU-Mamba, it boosts F1 by 3.72%, reduces
parameters by 90.2%, and achieves over three times higher FPS.

These results confirm that BSG-Mamba effectively resolves the conflict between accuracy and
efficiency, meeting the demands of real-time processing and resource-limited scenarios such as
airborne monitoring, unmanned aerial vehicle (UAV) inspection, and portable field warning.

Table 6. Comparison of the model parameters (M), FLOPs (G), and FPS of different methods.

Model Flops (G)] Params (M) FPS1 F1 (%)
AGPCNet 327.54 12.36 18.61 88.62
UIU-Net 54.43 50.54 52.22 91.13
DNA-Net 14.26 4.70 59.14 93.55
TIAA-Net 18.13 14.05 55.75 86.94
MTU-Net 24.43 4.07 60.14 86.82
GCLNet 22.53 19.04 48.59 92.36
APTNet 15.21 5.60 68.12 93.32
STASPPNet 47.10 8.10 58.90 91.62
MiM-ISTD 24.37 4.67 69.39 93.29
MOU-Mamba 14.29 13.44 21 90.35
BSG-Mamba 13.37 1.31 69.95 94.07
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As illustrated in Figure 13, the ROC curves of BSG-Mamba consistently outperform
competing algorithms on both NUAA-SIRST and NUDT-SIRST datasets. The superior positioning
of these curves indicates a higher true positive rate (TPR) across various false positive rate (FPR)
thresholds. Notably, BSG-Mamba exhibits the most rapid TPR growth within the low FPR range,
suggesting that the model effectively captures targets while strictly suppressing false alarms in
practical applications. In summary, through precise feature modeling and a robust detection
mechanism, BSG-Mamba surpasses existing mainstream methods, providing a promising technical
framework for the reliable identification of faint targets in complex scenarios.
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Figure 12. Model efficiency comparison: FLOPs (G) and FPS of different methods.
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Figure 13. The 2D ROC curves for comparison of different methods. (a) NUAA-SIRST
dataset, (b) NUDT-SIRST dataset.
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4.5. Ablation analysis

To comprehensively evaluate the contribution of each core component in the proposed framework,
we conduct independent ablation experiments on the NUAA-SIRST dataset, with the vanilla U-Net as
the baseline. Each module is validated separately under the same training and testing settings to clarify
its unique function and performance improvement.

Table 7 analyzes the embedding position of the SG-Encoder module. The results show that adding
the SG-Encoder at any encoder stage brings consistent improvements over the baseline. Embedding
the module at deeper stages yields better performance than shallow-stage insertion, as higher-level
features contain richer contextual information for capturing non-local structural correlations of small
targets. The optimal configuration, inserting the SG-Encoder at conv2, conv3, and conv4
simultaneously, achieves 71.31% loU, 72.61% nloU, 93.16% Pd, and 34.99 x 107¢ Fa, confirming that
multi-stage embedding enhances the discriminative power of sparse target features.

Table 7. Ablation experiments on the embedding positions of the SG-Encoder module.

Encoder Metrics
conv 1 conv 2 conv 3 conv 4 ToU (%) nloU (%) Pd (%) Fa(107)
\ 65.44 66.89 90.23 58.10
\ 65.39 65.87 90.10 46.78
\ 67.21 68.92 91.34 38.19
\ 67.82 68.70 91.67 38.01
\ \ 69.15 70.31 92.38 38.11
\ \ 70.21 71.13 92.32 39.16
\ \ 70.12 70.89. 92.78 37.21
\ \ \ 70.85 71.93 92.90 37.28
\ \ \ 71.31 72.61 93.16 34.99
\ \ \ \ 71.01 72.30 93.02 35.89

The superiority of the proposed DSAFM module over Vmamba is verified in Table 8. Compared
with the baseline U-Net, conventional Vmamba already improves loU to 72.85% by leveraging long-
range state-space modeling. However, the proposed DSAFM further boosts performance across all
metrics, reaching 75.10% loU, 77.92% nloU, 96.61% Pd, and 26.96 x 10°¢ Fa. This consistent gain
demonstrates that the direction-specific SSM and adaptive fusion design better fit the characteristics
of infrared small targets, alleviating the over-smoothing problem in VMamba and enhancing both
global context modeling and local detail preservation.

Table 8. Ablation comparison between the proposed DSAFM and Vmamba.

Baseline Modules Metrics

U-Net Vmamba DSAFM ToU (%) nloU (%) Pd (%) Fa (107)
V 62.40 65.18 76.08 99.80

\ \ 72.85 75.60 95.12 32.45

\ \ 75.10 77.92 96.61 26.96
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To further validate the effectiveness of the directional modeling mechanism in DSAFM, we
conduct an ablation study on three variants of the direction-aware SSM design: a shared-direction SSM
that uses identical parameters across all scanning directions(S-SSM), a decoupled-direction SSM with
independent parameters for each direction but no adaptive fusion weights(D-SSM), and our proposed
direction-specific SSM with learnable adaptive fusion weights (DS-SSM).

As shown in Table 9, simply introducing decoupled parameters improves loU by 0.59 percentage
points and reduces Fa by 7.9%, confirming that independent modeling of different directions better
captures the directional features of infrared small targets. Adding the adaptive fusion weights further
boosts performance, demonstrating that the combination of direction-specific SSM parameters and
learnable fusion is the key to the superior performance of the proposed mechanism.

Table 9. Ablation study on the directional-specific SSM and adaptive fusion mechanism

in DSAFM.
Baseline Modules Metrics
U-Net SSSM DSSM DS-SSM  IoU(%)  nloU(%)  Pd (%)  Fa(10™°)
\ \ 72.85 75.60 95.12 32.45
\ \ 73.44 76.23 95.85 30.02
\ \ 75.10 77.92 96.61 26.96

To verify the synergistic effects among the three components, we conduct progressive combination
ablation experiments on both datasets. As shown in Tables 10 and 11, the performance improves
consistently as modules are added, and the full combination yields the best results on all metrics.

Table 10. BSG-Mamba ablation experiments on the NUAA-SIRST dataset.

Baseline Modules Metrics
U-Net BSB TEG SG-Encoder DSAFM  loU(%) nloU(%) Pd(%) Fa(10°°)
\ 62.40 65.18 76.08 99.80
V V 66.35 68.72 88.21 45.32
V \/ 67.12 69.45 89.56  41.08
\ 71.31 72.61 93.16 34.99
V l 75.10 77.92 96.61  26.96
v v v 68.04 70.39 91.63  36.70
V V V v 76.19 78.75 96.96  18.66
v v v ol 76.85 79.31 9734  14.26
V V V V \/ 76.91 79.40 97.74  13.65

On both NUAA-SIRST and NUDT-SIRST, pairing any two modules already outperforms using
them alone, confirming their complementary functions. For the background suppression branch,
standalone BSB or TEG each delivers moderate performance gains, while combining BSB and TEG
yields further improvements by jointly filtering complex background clutter and amplifying weak
target signals. Background suppression provides cleaner features, SG-Encoder enhances sparse target
representation, and DSAFM captures global context. When BSB paired with TEG, SG-Encoder and
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DSAFM are all integrated, the full model achieves the highest loU, Pd, and the lowest false alarm rate
on both datasets. These results demonstrate that each module addresses a distinct challenge, and their
combination produces a more robust and accurate detection framework.

Table 11. BSG-Mamba ablation experiments on the NUDT-SIRST dataset.

Baseline Modules Metrics
U-Net BSB TEG SG-Encoder DSAFM IoU (%) nloU (%)  Pd (%) Fa(10™°)
v 65.72 67.85 91.68  29.87
v v 73.26 74.37 93.86  28.79
ol v 75.79 77.93 93.54  16.71
v 75.89 77.79 9432 18.90
v v 77.51 78.89 95.03  19.07
ol ol v 80.38 81.20 9487  15.20
v v ol ol 89.66 90.04 98.30  12.13
v v ol v 89.62 91.16 98.42 830
ol ol v v ol 92.02 92.78 98.90  3.67

4.6. Validation based on encoder modules

We first visualize the intermediate feature maps of the background suppression branch to reveal
its internal working mechanism. As shown in Figure 14, feature responses corresponding to complex
background clutter are gradually restrained through layer-by-layer convolution processing, while the
feature amplitude of tiny infrared targets is continuously strengthened. In the final layer feature map,
most background interference is well suppressed, and the target region exhibits distinct high feature
response. This visualization result demonstrates that the background suppression branch can
effectively filter out background noise and highlight weak target features, which provides favorable
feature representation for subsequent encoder feature extraction and accurate target detection.

(a) (b) (©) (d) (e)

Figure 14. Intermediate feature maps of the proposed background suppression branch. (a)
Input image; (b) output of Conv 7 x 7; (c) output of Conv 5 x 5; (d) output of the
background feature extractor; (e) final foreground weight map.
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In this study, five grayscale images of small infrared targets were selected as input. Heatmaps
were generated for the outputs of the encoder’s core modules—BSB, SG-Encoder, and DSAFM— to
evaluate the performance of feature extraction across these modules in terms of target response,
background suppression, feature localization, and spatial context modeling. As the initial module, BSB
effectively suppressed the bright background noise in the five images, causing the background to
exhibit low-response characteristics. At the same time, it achieved basic separation between small
targets and the background, completing preliminary target localization and providing low-noise feature
inputs for subsequent modules.

Subsequently, the three-layer SG-Encoder from SG-Encoder2 to SG-Encoder4 shows a
continuous decrease in background response in the heatmaps, a gradual increase in target response,
and continuously enhanced feature focus, achieving a transition from preliminary target localization to
mid-range refined feature representation. Specifically, SG-Encoder2 performs a second suppression of
the background and an initial enhancement of target features; SG-Encoder3 achieves precise focusing
of target features, serving as the key layer for feature transformation; and SG-Encoder4 highly
condenses the target, providing high-purity feature inputs for deep modeling.

(d)

continued on next page
Figure 15. Validation of each module based on the Encoder. (a) Input, (b) input

visualization, (c) BSB visualization, (d) SG-Encoder2 visualization, (¢) SG-Encoder3
visualization, (f) SG-Encoder4 visualization, (g) DSAFM visualization, and (h) output.
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(h)

Figure 15. Validation of each module based on the Encoder. (a) Input, (b) input
visualization, (c) BSB visualization, (d) SG-Encoder2 visualization, (e¢) SG-Encoder3
visualization, (f) SG-Encoder4 visualization, (g) DSAFM visualization, and (h) output.

As the deepest module of the encoder, DSAFM achieves superior long-range contextual modeling
based on four-directional selective SSM. The small targets in its output exhibit the highest response in
the encoder, with target-background contrast reaching its maximum. Simultaneously, four-directional
modeling ensures precise association between target features and the surrounding spatial context,
without any diffusion of target features or prominent background features.

These experimental results demonstrate that the hierarchical design of the encoder effectively
addresses the challenges of small target detection, such as low signal-to-noise ratio, small scale, and
complex backgrounds. The results show no feature discontinuities or loss of target features, and the
high-purity, highly focused target representations provide an excellent foundation for subsequent
decoder processing.
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4.7. The robustness study of the BSG-Mamba in challenging scenarios

Figure 16. Detection results under four challenging conditions. (a) Original infrared scene;
(b) scene with simulated sensor noise; (c) scene with atmospheric Gaussian blur; (d) scene
with low signal-to-clutter ratio.

In practical airborne and UAV infrared monitoring systems, detection performance is frequently
degraded by various adverse interference factors. To evaluate the anti-interference performance of the
proposed BSG-Mamba, we select two typical infrared scenes with different background complexities
and simulate three common degradation types: sensor noise, atmospheric Gaussian blur, and low
signal-to-clutter ratio.

In the first group with moderate background clutter, although the segmented target edges show
subtle differences under different interferences, our model can accurately locate small targets and
extract their approximate contours in all scenarios. The method effectively eliminates noise
interference, restores blurred target features, and enhances weak target signals, which verifies its
favorable robustness in moderately complex environments.

For the second group with extremely complex cloud backgrounds, the model achieves accurate
target detection under the original scene and sensor noise. However, obvious performance
degradation appears in the atmospheric blur scenario, which is a typical failure case reflecting the
limitation of our framework. Under the low signal-to-clutter ratio condition, the segmented target
edge is relatively fuzzy, but the model can still identify the real target correctly and filter out massive
background clutter interference.
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In general, BSG-Mamba exhibits satisfactory robustness under most harsh conditions, while its
feature extraction ability for blurred tiny targets in complex backgrounds still needs further improvement.
We will optimize the model with multi-scale feature recovery strategies in future research.

5. Conclusions

The BSG-Mamba network proposed in this paper effectively addresses the key challenges in
detecting small infrared targets against complex backgrounds, namely the difficulty of separating
targets from the background, insufficient representation of non-local features, and the lack of
directional specificity in global modeling. This is achieved through the collaborative design of four
core modules: BSB and TEG, SG-Encoder, and DSAFM. Specifically, the dual-branch mechanism
formed by BSB and TEG enables effective background suppression and target feature enhancement.
The SG-Encoder enhances the representation of non-local structures of small targets by constructing
graph-structured relationships in feature maps. The DSAFM, utilizing multi-directional independent
SSMs and an adaptive fusion strategy, achieves precise modeling of both global and direction-specific
contexts. Experiments demonstrate that the proposed model outperforms mainstream algorithms in
both detection accuracy and false alarm control on two public datasets.

Despite the promising performance, the proposed framework still has certain limitations. The
model is trained and validated on standard public datasets, and its performance degrades obviously
under extremely complex backgrounds with severe atmospheric blur; meanwhile, detection accuracy
may decline when facing ultra-low signal-to-noise ratio, strong sensor noise, and dense mixed cloud
clutter. In addition, the current framework only processes single-frame static infrared images, without
exploiting temporal information between consecutive frames. Although the model is lightweight and
supports real-time inference, it has not been further optimized for extreme edge devices and long-term
stable operation in practical deployment.

Aiming at the above limitations revealed in our robustness experiments, we outline several
directions for future research. First, we will optimize the feature extraction module by introducing
multi-scale feature recovery and detail enhancement strategies to remedy feature loss caused by
atmospheric blur, strengthen the background suppression branch to adapt to dense clutter and ultra-
low signal-to-noise ratio scenes, and further improve the model’s robustness against image degradation
and complex interference. Second, we will introduce motion features and inter-frame correlation to
fuse spatiotemporal information, so as to improve detection reliability for infrared video sequences
and reduce missed detection under blurred imaging conditions. Third, we will combine the detection
network with target tracking algorithms to build an integrated detection and tracking system, which is
more suitable for continuous airborne monitoring tasks, and promote its practical deployment on
various embedded edge devices.
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