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Abstract. Infrared small target detection (IRSTD) is a key component of infrared 
target tracking and search. This task is quite challenging due to the small and 
dim infrared targets, complex backgrounds, and low target-background contrast. 
Current infrared remote sensing detection algorithms exhibit performance that 
is strongly dependent on data scale and quality, yet this performance is con-
strained by the scarcity of publicly available datasets. Moreover, most existing 
methods are trained only on a single style domain, resulting in poor generaliza-
tion to cross-domain scenarios. To address these issues, we propose E2SAM, an 
Edge-Enhanced Segment Anything Model tailored for IRSTD. E2SAM adopts a 
dual-branch design: one branch leverages the Segment Anything Model (SAM) 
for mask prediction, while the other utilizes lightweight convolution for edge 
detection. We further introduce a fast Fourier convolution adapter to extract high-
frequency features. By embedding physical priors such as high-frequency and edge 
information, E2SAM guides the base model to extract target features more accu-
rately, mitigating style domain bias. To evaluate its few-shot learning capability, 
we conduct experiments with limited training data (using 30%, 50%, and 80% of 
the original datasets), and the results show that E2SAM maintains excellent detec-
tion performance under such conditions. It also generalizes well in cross-domain 
scenarios, validating the effectiveness of the proposed method. 

Keywords: Infrared Small Target Detection · Segment Any- thing Model · Edge 
Enhancement · Frequency Information 

1 Introduction 

Infrared small target detection has become an essential task in various fields such as 
maritime rescue [1], urban security [2], tracking systems [3]and target warning [4]. 
Unlike visible light imaging, infrared imaging is less affected by lighting conditions 
and camouflage, making it a more robust modality for detecting objects in complex 
backgrounds. However, IRSTD remains highly challenging due to low signal-to-noise 
ratio (SNR), lack of semantic information, and cluttered backgrounds.
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Traditional methods for infrared small target detection often rely on handcrafted 
features or background suppression techniques. They can be divided into three cate-
gories: filtering-based methods [5, 6], human visual system-based methods [7–12], and 
low rank based methods [13–18]. Although these methods are computationally efficient, 
they typically suffer from low robustness in diverse environments. 

Recently, deep learning-based approaches, especially convolutional neural networks 
(CNNs) and Transformer architectures, have shown impressive performance in infrared 
small target detection. Feature fusion strategies have been widely adopted in the IRSTD 
task [19–22].  Dai  et  al  . [23] proposed an asymmetric contextual fusion strategy that intro-
duces a bottom-up modulation pathway based on pointwise channel attention, enabling 
effective exchange between high-level semantics and fine-grained low-level details. 
Inspired by nested architectures [24], DNA-Net [25] introduced a densely nested inter-
action module to enable progressive fusion between multi- level features. SCTransNet 
[26] integrates spatial-channel cross transformer blocks (SCTBs) into a U-shaped archi-
tecture, enabling both local detail extraction and global context modeling. This hybrid 
design enhances semantic discrimination between small infrared targets and complex 
backgrounds. 

These methods often rely on complex network designs and large-scale high-quality 
training data, yet the scarcity and costly annotation of infrared remote sensing data limit 
further performance gains and hinder the development of IR target detection algorithms. 
Leveraging large-scale pre-trained foundation models offers a promising way to allevi-
ate the annotation burden. Due to the significant style differences between natural and 
infrared images, SAM [27] cannot be directly applied to infrared small target detection 
tasks. To alleviate the annotation burden in infrared small target detection tasks and 
improve the generalization ability and detection performance of infrared small target 
detection models, we propose the E2SAM. The network follows an encoder-decoder 
architecture based on the pre-trained SAM model, with two branches: one for target 
mask prediction and the other for extracting target edge information. To optimize the 
pre-trained encoder for infrared target detection, we design a Fast Fourier Convolution 
Adapter (FFC Adapter) to extract high-frequency components from infrared images, 
addressing the challenges of infrared image characteristics. Additionally, the edge detec-
tion branch extracts image edges, which are combined with high-frequency components 
to guide the foundational model in effectively extracting infrared features. 

Our contributions can be summarized as follows: 

• We propose E2SAM, a novel infrared adaptation of SAM that introduces a dual-
branch architecture. 

• We propose the edge-enhanced branch extracts explicit edge features to enrich target 
representations and improve detection performance. 

• We design a Fast Fourier Convolution (FFC) adapter to extract high-frequency infor-
mation from infrared images, effectively mitigating the domain gap between natural 
and infrared imagery and enhancing the base model’s feature extraction capability. 

• Extensive experiments on benchmark infrared datasets demonstrate that our method 
outperforms existing state-of-the-art approaches in terms of both precision and 
robustness, even when trained on a small sample size.
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2 Related Work 

2.1 Single-Frame Infrared Small Target Detection 

As an important branch of target detection, infrared remote sensing target detection has 
produced a series of important research results after years of development. Early single-
frame infrared small target detection methods are mainly model-driven methods, which 
can be divided into three major categories: filtering-based methods [5, 6], human visual 
system-based methods [7–12], and low rank based methods [13–18]. These methods 
primarily rely on manually crafted features. 

In recent years, with the rapid growth of infrared data and significant improvements 
in computing power, deep learning methods have been widely applied in infrared remote 
sensing target detection. Wang et al. [28] propose a conditional Generative Adversar-
ial Network MDvsFA, comprising of two generators and one discriminator, with each 
focusing on reducing either missed detection rate and false alarm rate. Dai et al. [23] 
proposed an infrared small target detection network ACM-Net based on the asymmet-
ric contextual modulation (ACM) feature fusion. Liu et al. [25] proposed the Densely 
Nested Attention Network (DNANet), which integrates and fully exploits the contextual 
information of small targets. UIU-Net [29] uses residual U-blocks to preserve feature 
resolution despite network depth increases. ISTDU-Net [30] introduces feature map 
groups during down-sampling to prioritize small target features, and a fully connected 
layer in the jump connection suppresses background structures. Liu et al. [31]  pro-
posed a segmentation approach that combines CNNs with transformers. By leveraging 
the self-attention mechanism of transformers, the method captures interactive features 
over a broader spatial range, enabling improved spatial context awareness. SCTransNet 
[26] introduces a spatial channel cross-Transformer block (SCTB) to improve feature 
discrimination by capturing both local and global dependencies. While infrared small 
targets typically lack rich texture information, they contain abundant physical cues such 
as edge shapes and frequency characteristics. Zhang et al. [32] proposed a novel Infrared 
Shape Network (ISNet). It focuses on accurately detecting the shapes of small targets by 
incorporating TFD-inspired edge blocks to enhance edge information, and employing 
Two-Direction Attention Aggregation (TOAA) to suppress noise and capture detailed 
shape features. 

While deep learning methods have advanced, their performance heavily relies on 
large-scale and high-quality annotated datasets. However such datasets remains scarce 
and costly to obtain. To mitigate this dependence, we leverage foundational segmentation 
models pre-trained on natural images for IRSTD. 

2.2 Segment Anything Model 

SAM [27] is a general object segmentation model proposed by the Meta AI team, aim-
ing to achieve the goal of” segmenting anything.” It demonstrates strong generalization 
and versatility through training in large-scale, diverse datasets, becoming a representa-
tive foundational model in computer vision. The core architecture of SAM includes an 
image encoder, a prompt encoder, and a mask decoder. The image encoder uses Vision 
Transformer (ViT) [33] to extract global features, the prompt encoder processes various
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forms of user prompts (such as points, boxes, or masks), and the mask decoder generates 
precise segmentation results based on these prompts. Its efficient architectural design 
ensures real-time responsiveness, enabling SAM to dynamically adjust input prompts 
and generate segmentation masks in real time. 

Subsequently, several studies have fine-tuned the structure of SAM to enhance its 
performance on more challenging tasks [4, 17, 23, 35]. For instance, MedSAM [34] 
creates a large and diverse data set to fine-tune SAM for medical image segmentation. 
While acquiring extensive professional data is often challenging, parameter-efficient 
fine-tuning has gained increasing attention. Parameter-efficient fine-tuning [35, 36] typ-
ically involves freezing the parameters of foundational models while introducing learned 
adapters to customize them for specialized tasks. For instance, to adapt SAM to medical 
images, Med-SA [35] placed MLP-based bottleneck adapters along the self-attention 
and residual connection paths of the ViT block in SAM. Given that SAM is a prompt-
based interactive segmentation model, AutoSAM [37] proposed learning an image-based 
prompt encoder to adapt the frozen SAM for medical image segmentation, rather than 
incorporating adapters into its core feature block. 

2.3 Edge-Aware Enhancement for Small Target Detection 

Infrared (IR) small targets typically occupy only a few pixels in the image, resulting 
in limited semantic and structural information. This scarcity of intrinsic features, cou-
pled with their low contrast against complex backgrounds. Since convolutional neural 
networks (CNNs) primarily rely on texture cues for recognition, integrating edge-aware 
enhancement can effectively highlight structural boundaries, thus compensating for the 
weak appearance features of small targets. To this end, edge information is an important 
feature for object detection [38], and therefore, this information is needed to be pre-
served in the enhanced images to effectively amplify target representations and improve 
detection performance. 

Recently, increasing attention has been paid to leveraging the edge information of 
small targets, including infrared shape network (ISNet) [32], gradient-guided learning 
network(GGL-Net) [39] and shape-biased representation network(SRNet) [40]. Yang 
et al. [41] proposes an Edge-enhanced Labeling Network, called SAM2-ELNet, which 
incorporates a labeling module and an edge attention mechanism. In addition, various 
studies have explored the use of edge information to enhance performance in medical 
image analysis tasks. For example, Zhou et al. [42] introduce a learnable Dense Residual 
Gradient Operator (DRGO) to enhance edge- aware feature representations. To preserve 
edge details, Zeng et al. [43] incorporate an Edge Enhancement Module (EEM) that 
effectively retains and integrates edge information to refine segmentation results. 

3 Proposed Method 

3.1 Network Overview 

In this section, we provide a detailed discussion of the overall framework of the E2SAM, 
as shown in Fig. 1. The framework consists of two branches: one for target mask pre-
diction and the other for extracting target edge information. Both branches adopt an
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encoder-decoder structure. Given that SAM [27] is supervised on natural images, its 
style differs significantly from infrared remote sensing images. To optimize the perfor-
mance of the pre-trained encoder, we design a Fast Fourier Convolution Adapter (FFC 
Adapter) to extract high-frequency components of infrared images. Additionally, the 
encoder of the edge detection branch is used to extract image edges. Finally, the mask 
decoder generates the target mask. 

Fig. 1. Overall architecture of the proposed model. 

3.2 Branch a: Edge Feature Extraction 

The edge detection branch utilizes a lightweight encoder-decoder structure. The encoder 
hierarchically extracts edge features through convolutional layers and down- sampling 
operations, formulated as: 

Fee 
i = CNN Down Fce 

i−1 , i = 1, ..., 4, (1)

Fee 
0 = CNN (I), (2)

where Fee 
i denotes the edge features extracted by the encoder at the i-th level, 

CNN(·) represents convolutional feature extraction, and Down(·) performs spatial 
downsampling. 

The decoder reconstructs the feature maps via upsampling and convolutional layers, 
progressively refining edge details: 

Fed 
i+1 = CNN UP Fed 

i , i = 1, ..., 4 (3)

Fed 
1 = Fee 

4 (4)

Here, Fed 
i represents the edge features at the i-th decoder level, and UP(·) denotes 

upsampling.
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3.3 Fast Fourier Convolution Adapter (FFC Adapter) 

To bridge the domain gap between natural and infrared images, the FFC Adapter is 
introduced to explicitly capture high-frequency components. As shown in Fig. 2,  it  
consists of three modules: The Patch Embed (PE) module first divides the input image
I ∈ RH×W× 1 into patches and projects them into embeddings. Following this, the FFC 
Block performs Fourier domain analysis to extract high-frequency information from 
these embeddings. Finally, a Linear Layer transforms the resulting features to match the 
target dimension for subsequent processing in the network. 

Fig. 2. Structural of the Fast Fourier Convolution (FFC) adapter. 

The process is formalized as: 

Fhe = Linear(FFC(PE(I ))), (5)

where Fhe denotes the high-frequency embeddings, Linear(·), FFC(·), and PE(·) corre-
spond to three distinct modules: the Patch Embed block for dividing input into patches, 
the FFC block for high-frequency information extraction, and the Linear block for 
dimension transformation, respectively. 

3.4 Branch B: Mask Prediction 

The mask prediction branch consists of a mask encoder and a mask decoder. The encoder 
employs ViT-Tiny as the feature extraction backbone, initialized with EfficientSAM 
weights pre-trained on a large-scale data set. Specifically, given an input infrared image 
I ∈ RH×W× 1, the image is first divided into multiple patches, which are then fed into 
the Embed Block to obtain corresponding feature embeddings Fme 

i ∈ RL× C, where the 
subscript i and superscript me denote the i-th Embed Block and mask encoder respec-
tively, and L represents the token length of the feature embedding. The encoder integrates 
high-frequency and edge features to adaptively extract infrared-specific features. This 
process is formulated as: 

Fme 
i = EB Fme 

i−1 + Fhe + Fee 
i−1 , i = 1 , ..., 4, (6)

Fme 
0 = PE(I ). (7)
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where EB(·) and PE(·) represent the feature extraction Embed Block and patch-dividing 
Patch Embed block respectively. 

Compared to the structurally complex mask encoder, the mask decoder shares a sim-
ilar architecture with the edge decoder, consisting of lightweight CNN blocks primarily 
designed for feature aggregation and spatial resolution recovery. 

Similar to the edge decoder, the mask decoder differs mainly in that it integrates the 
edge features Fed 

i extracted by the edge decoder during the resolution recovery process. 
The decoding process of the mask decoder can be described as follows: 

Fmd 
i+1 = CNN UP Fmd 

i + Fed 
i , i = 1, ..., 4, (8)

Fmd 
1 = Fme 

4 . (9)

The final outputs are a predicted mask and an edge map, supervised by mask and 
edge losses, respectively. 

3.5 Loss Function 

Dice Loss. To evaluate the consistency between predicted masks and the ground truth, we 
employ the Dice loss, which originates from the Dice similarity coefficient. It quantifies 
the proportion of the overlap relative to the total region of both sets, formulated as: 

LDice = 1 − 
2 · |P ∩ T | + ε

|P| + |T | + ε 
, (10)

where P denotes the predicted positive region, T represents the ground truth, |P ∩ T| 
indicates their intersection, and ϵ is a smoothing factor to prevent division by zero.

Edge Loss. For boundary supervision, we adopt a joint loss function that integrates 
Dice loss with the binary cross-entropy (BCE) criterion: 

Ledge = Ledge Dice + λLedge BCE , (11)

where λ is a hyper parameter that balances the two loss terms, empirically set to 10.
The final training objective combines both the edge loss edge loss Ledge and the Dice 

loss for mask prediction Lmask Dice : 

Ltotal = Ledge + Lmask Dice . (12)

4 Experiments 

To validate the effectiveness of the proposed method, we conduct comprehensive exper-
iments from multiple perspectives, including few-shot performance and generalization 
capability. Specifically, the method is evaluated on public datasets and compared with 
existing deep learning-based approaches. Furthermore, ablation studies are carried out 
to assess the contribution of each module.



88 Z. Li et al.

4.1 Datasets and Evaluation Metrics 

Datasets. We conduct experiments on two public IRSTD datasets, including NUDT-
SIRST [25] and IRSTD-1k [32]. NUDT-SIRST contains 1327 infrared images, with 
663 training images and 664 test images. IRSTD-1k has 1001 infrared images, which is 
divided into 800 training images and 201 test images. 

Evaluation Metrics. We use the following three metrics to evaluate the comparison 
methods together with ours. 

Mean Intersection Over Union (mIoU). 

mIoU = 
1 

N 

N 

i=1 

TP[i] 

T[i] + P[i] − TP[i ]
(13)

where N represents the total number of samples. TP[i], T[i], and P[i] denote the total 
number of correctly predicted pixels, ground truth target pixels, and predicted target 
pixels, respectively, pixels belong to real targets, and pixels predicted as the target, 
respectively. The value of mIoU reflects the similarity between the detected target and 
the real target to a certain extent. 

Probability of Detection (Pd). 

Pd = 
N pred
Nall 

(14) 

where Npred is the number of targets correctly predicted by the model and Nall is the total 
number of real targets. We determine whether it is a positive sample by comparing the 
deviation of the predicted and real target centroids. Specifically, if the deviation of the 
target centroid is less than the deviation threshold, we consider these targets as correctly 
predicted targets; otherwise, we regard these pixels as erroneously predicted pixels. 

False-Alarm Rate (Fa). Fa is the ratio of the total number of target pixels incorrectly 
predicted by the model Nfalse to the total number of pixels in the image Nall. 

Fa = 
Nfals e

Nall 
(15) 

4.2 Implementation Details 

To validate the effectiveness of our method, we conducted experiments with the following 
configuration: The experimental environment utilized two NVIDIA GTX 3090 GPUs for 
training, with CUDA version 11.3, Ubuntu 20.4.6 operating system, and PyTorch 1.12.0 
deep learning framework running on Python 3.8. For images with varying resolutions in 
the dataset, we uniformly resized them to 1024 × 1024 pixe ls.

We then employed a combination of random flipping and rotation for data augmen-
tation. During training, we adopted the Adam (adaptive moment estimation) optimizer
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with an initial learning rate of 5 × 10 − 4. The total training epochs were set to 500, 
with learning rate decay to one-tenth of the original value at the 200th and 300th epochs. 
Additionally, validation was performed every 20 epochs to update t he weight.

parameters and save the optimal model. Considering both parameter efficiency and 
performance, we employ the image encoder from EfficientSAM [44] as the mask encoder 
in our proposed framework. During training, we freeze the mask encoder parameters and 
only fine-tune the FFC adapter, mask decoder, and edge detector. For inference, only the 
mask prediction branch generates the final output. 

4.3 Experimental Results 

Few-shot Comparison Experiment. To evaluate the effectiveness of the proposed 
method under few-shot settings, we conducted extensive experiments on two public 
datasets: NUDT-SIRST and IRSTD-1K. Specifically, we randomly sampled 30%, 50%, 
and 80% of the original training sets from both datasets to construct training subsets. 

Quantitative Results. The comparison results with other methods on both datasets are 
presented in Tables 1 and 2. From left to right in Tables 1 and 2, it can be observed 
that the detection performance of the model improves consistently as the size of the 
training data increases (from 30% to 50% and then to 80%). This demonstrates that the 
performance of data-driven methods heavily depends on the scale of the training data. 
The underlying reason is that data-driven models aim to fit the common patterns within 
the data, and a larger, more diverse dataset allows for better generalization and higher 
detection accuracy. 

Table 1. Few-shot comparison experiments on NUDT-SIRST dataset with miou (%), pd (%), and 
fa (10−6)  metrics  .

Method 30% 50% 80% 

mIou Pd Fa mIou Pd Fa mIou Pd Fa 

ACMNet 60.72 85.79 8.13 64.23 95.03 24.36 65.26 95.87 35.07 

UIUNet 69.46 81.27 19.44 83.04 96.93 6.92 85.07 95.34 12.18 

DNANet 87.09 97.46 22.13 88.18 97.57 7.54 90.65 98.20 2.53 

ISTDU 84.37 96.93 19.58 86.26 97.57 26.35 88.83 97.78 34.20 

IRSAM 61.33 62.71 23.28 64.03 64.50 5.88 64.53 64.83 4.57 

Ours 88.11 97.06 18.32 89.19 97.81 15.32 91.95 98.13 9.65
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Table 2. Few-shot comparison experiments on IRSTD-1K dataset with miou (%), pd (%), and fa 
(10−6) metrics. 

Method 30% 50% 80% 

mIou Pd Fa mIou Pd Fa mIou Pd Fa 

ACMNet 58.14 85.19 25.93 60.48 88.55 17.63 63.18 87.88 31.22 

UIUNet 57.89 80.81 13.11 60.17 82.49 7.648 63.30 84.85 19.26 

DNANet 60.94 87.53 16.80 61.01 87.54 11.16 65.64 87.21 15.01 

ISTDU 60.33 86.54 18.28 61.72 90.91 12.49 65.36 89.23 6.756 

IRSAM 62.14 74.06 35.91 63.06 81.19 17.09 63.02 75.55 41.72 

Ours 61.21 85.64 14.10 63.29 89.99 9.26 66.07 90.15 10.32 

From a dataset-specific perspective, the proposed method consistently achieves the 
highest mIoU scores under all few-shot training settings, reaching 88.11%, 89.19%, 
and 91.95%, respectively. This can be attributed to the strong few-shot generalization 
capability of the SAM image encoder. Specifically, under the 30% training data setting, 
our method achieves an mIoU of 88.11%, outperforming DNANet’s 87.90%, indicating 
superior ability in capturing fine structural details. In addition, our method achieves a 
lower false alarm rate (Fa) compared to DNANet, suggesting fewer false detections. 

Similarly, on the IRSTD-1K dataset, our method continues to show superior per-
formance. With 30% of the training data, our approach achieves the best mIoU and 
second-best Fa, while Pd reaches a competitive 85.64%. With 50% of the training data, 
the proposed method surpasses the runner-up ISTDU-Net (61.72% mIoU), and achieves 
the second-best Pd and Fa, at 89.99% and 9.26 × 10 − 6, respectively. When the full 
80% of the training data is used, our method achieves the best performance with an 
mIoU of 66.07% and a Pd of 90.15%, as well as the second-best Fa.
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Fig. 3. Visual comparison of detection results under different training sample sizes (30%, 50%, 
and 80%) 

Qualitative Results. To intuitively demonstrate the detection performance of different 
methods, we conducted qualitative visualization experiments under various representa-
tive scenarios, as shown in Fig. 3. It can be observed that the proposed method con-
sistently exhibits superior performance across datasets of different sizes. Specifically, 
our method detects more targets with more accurate shapes and significantly fewer false 
alarms. In challenging scenarios where targets are extremely small, difficult to distin-
guish from the background, or exhibit low contrast, our method can still accurately 
localize targets with nearly no false alarms, as illustrated in the first row of the Fig. 3. 
Notably, from rows 2 to 6 in the Fig. 3, the proposed method consistently outperforms 
other methods in both target localization accuracy and shape fidelity. The detected masks 
are closer to the ground truth annotations, which can be attributed to the integration of 
the mask prediction branch and the edge detection branch. 

Generalization Comparison Experiment. To evaluate the generalization capability 
of the proposed method across different scenarios, we conducted cross-dataset experi-
ments using public datasets and compared the results with those of other state-of-the-art 
methods, as shown in Table 3.
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The experimental setup is as follows: we selected training and testing sets from 
different datasets to simulate domain shift conditions. Specifically, two publicly avail-
able datasets, NUDT-SIRST and IRSTD-1K, were used to construct two experimental 
settings: 

• Setting A: The model is trained on the training set of NUDT-SIRST and evaluated 
on the test set of IRSTD-1K. 

• Setting B: The model is trained on the training set of IRSTD-1K and evaluated on 
the test set of NUDT-SIRST. 

Table 3. Cross-dataset generalization comparison experiments. 

Method Setting A Setting B 

mIou(%) Pd(%) Fa(10−6) mIou(%) Pd(%) Fa(10−6) 

ACMNet 21.56 85.52 359.28 35.00 66.77 53.06 

UIUNet 28.78 83.17 105.26 41.16 66.46 23.16 

DNANet 27.49 74.75 81.44 43.27 69.42 34.95 

ISTDU 34.20 84.51 78.02 39.18 67.30 53.50 

Ours 31.16 88.45 44.37 44.30 70.69 19.95 

Quantitative Results. From the overall analysis of the results presented in Table 3,  it  
is evident that the proposed method, which leverages a pre-trained foundation model, 
exhibits significantly better generalization performance compared to other data-driven 
approaches. In both experimental settings, our method achieves outstanding detection 
performance. Specifically, under Setting A, the proposed method achieves the best overall 
performance across most evaluation metrics. Under Setting B, the proposed method 
achieves the best results across all three metrics: mIoU, Pd, and Fa, with values of 44.30%, 
70.69%, and 19.95 × 10 − 6, respectively. These cross-dataset results demonstrate 
the strong generalization capability of our approach across different infrared imaging
scenarios.
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Fig. 4. Visual comparison of detection results under different generalization scenarios. 

Qualitative Results. To visually compare the generalization ability of different methods, 
we present qualitative detection results under several typical generalization scenarios, 
as shown in Fig. 4. The results demonstrate that the proposed method exhibits superior 
generalization performance across these scenarios. 

From the analysis of the detection results in the first and second rows, it can be 
observed that for targets with high distinguishability, all methods are able to detect the 
target, but our method significantly reduces the false alarm rate. For previously unseen 
background scenes, other methods fail to correctly recognize the target, while our method 
successfully locates the target, as shown in the last two rows of the Fig. 4. 

4.4 Ablation Study 

To validate the effectiveness of the components of the proposed method, ablation exper-
iments were conducted on the RSTD-1K data set, with the results presented in Table 4. 
The experimental details are as follows: 

• w/o FFC Adapter: In this variant, we removed the Fast Fourier Convolution (FFC) 
adapter from the network. 

• w/o Edge Branch: In this variant, we removed the edge detection branch responsible 
for extracting edge information. 

• w/o Edge Encoder: In this variant, we disabled the skip connection between the mask 
encoder and the edge encoder. 

• w/o Edge Decoder: In this variant, we disabled the skip connection between the mask 
decoder and the edge decoder.
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Table 4. Impact of fundamental components. 

Method mIou(%) Pd(%) Fa(10−6) 

Ours 67.26 90.55 6.71 

w/o FFC adapter 63.65 86.89 9.34 

w/o edge branch 61.74 84.85 28.24 

w/o edge encoder 62.30 88.55 24.18 

w/o edge decoder 62.37 85.86 14.82 

From the overall analysis of the data in the Table 4, it can be seen that the proposed 
network achieves optimal scores in all three metrics. When the FFC adapter is removed 
from the network, the detection performance declines to varying degrees, as shown by 
a 3.6% decrease in mIoU, a nearly 4% decrease in Pd, and a slight increase in false 
alarm rate (Fa). This may be because the FFC adapter learns the frequency domain 
representation of targets in infrared images during training, extracting high-frequency 
features from the images to guide the base model in extracting infrared target features, 
thus reducing performance deviation caused by style domain differences. 

From the data in the last three rows of the Table 4, it can be concluded that the pro-
posed dual-branch network design enhances the model’s detection performance. When 
the edge detection branch is removed, the model performance drops significantly, with 
mIoU decreasing from 67.27% to 61.74%, Pd dropping from 90.55% to 84.85%, and 
the false alarm rate (Fa) increasing to four times the original value. This is because the 
lightweight edge detection branch effectively extracts the physical edge information of 
targets in infrared images during supervised training, and its fusion with the encoder and 
decoder of the mask branch through skip connections helps the mask branch accurately 
detect the targets, thus improving detection performance. 

Additionally, to explore the impact of integrating edge information at different stages 
of the mask encoder and decoder on the model’s detection performance, we removed the 
skip connections in either the encoder or decoder of the proposed method. The results, 
shown in rows 4 and 5 of the Table 4, indicate a decline in performance compared to 
the proposed method (data in row 1), with the worst performance observed when both 
connections are removed (row 3 data). The data and analysis from the Table 4 validate 
the effectiveness of the components in the proposed method. 

5 Discussion 

While the proposed E2SAM demonstrates strong performance across few-shot and cross-
domain scenarios, its real time applicability and scalability remain important consider-
ations for practical deployment. Moreover, performance degradation in precise shape 
reconstruction is still observed under large domain shifts. Future work may consider 
developing domain adaptation strategies to reduce style discrepancy between natural 
and infrared images. Additionally, pre-training SAM-like models directly on large-scale 
infrared datasets could enhance feature extraction for this specific modality. Explor-
ing semi-supervised or zero-shot learning approaches and integrating prompt-based
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adaptation mechanisms could also improve model flexibility in low-resource settings. 
Extending E2SAM to handle temporal dynamics in video sequences or more complex 
multi-target scenes remains another promising direction to strengthen its practical utility. 

6 Conclusion 

In this article, we present a novel E2SAM for infrared small target detection tasks that 
fully leverages the powerful feature extraction capability of the base model. At the same 
time, the algorithm is specifically designed with an improved architecture suitable for 
infrared remote sensing image target detection, addressing the fact that the base model 
is trained with supervision on natural images. To reduce the interference caused by 
the differences in image characteristics, we designed a dual-branch network architec-
ture and a Fast Fourier Convolution (FFC) adapter. The edge detection branch extracts 
target edge features through supervised learning, while the FFC adapter learns the high-
frequency features of the image and fuses these features with edge features, guiding the 
base model to more effectively extract target features in infrared images. Experiments 
on public datasets show that the proposed method can maintain excellent detection per-
formance even when trained on a small sample size. Additionally, the method demon-
strates outstanding scene generalization ability, validating its effectiveness in practical 
applications. The experimental results further demonstrate that the proposed design can 
effectively alleviate the impact of the characteristic differences between infrared and 
natural images on detection performance, providing an efficient and robust solution for 
infrared image target detection based on pre-trained models. 
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