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Abstract: Infrared detection, known for its robust anti-interference capabilities, performs well in all
weather conditions and various environments. Its applications include precision guidance, surveil-
lance, and early warning systems. However, detecting infrared dim and small targets presents
challenges, such as weak target features, blurred targets with small area percentages, missed detec-
tions, and false alarms. To address the issue of insufficient target feature information, this paper
proposes a high-precision method for detecting dim and small infrared targets based on the YOLOv7
network model, which integrates both local and non-local bidirectional features. Additionally, a local
feature extraction branch is introduced to enhance target information by applying local magnification
at the feature extraction layer allowing for the capture of more detailed features. To address the
challenge of target and background blending, we propose a strategy involving multi-scale fusion of
the local branch and global feature extraction. Additionally, the use of a 1 × 1 convolution structure
and concat operation reduces model computation. Compared to the baseline, our method shows a
2.9% improvement in mAP50 on a real infrared dataset, with the detection rate reaching 93.84%. These
experimental results underscore the effectiveness of our method in extracting relevant features while
suppressing background interference in infrared dim and small target detection (IDSTD), making it
more robust.

Keywords: infrared dim and small target; local–non-local feature fusion; vision system; target detection

1. Introduction

In the field of infrared target detection, the imaging system captures images based
on the thermal radiation signals emitted by the target within the 8–12 µm wavelength
range. Since infrared imaging depends on the target’s temperature and material prop-
erties, it demonstrates strong resistance to interference and can be used effectively in a
wide range of conditions. This makes it indispensable for precision guidance, surveil-
lance, and tracking [1–3]. According to the definition of dim and small targets provided
by the International Society for Optical Engineering (SPIE), a target is considered dim
and small if it occupies no more than 0.15% of the total image, has a size of fewer than
9 × 9 pixels (typically ranging from 2 × 2 to 10 × 10 pixels), and has a local signal-to-noise
ratio (LSNR) of no greater than 5 dB [4,5]. Compared to general target detection, infrared
dim and small target detection has distinct characteristics. First, the target is small and
has an inconspicuous structure in long-distance detection and early warning guidance
under infrared backgrounds, so it lacks obvious shape or texture features that are easily
extracted. Second, the target has a low LSNR, making it more susceptible to being obscured
by complex backgrounds compared to visible light images. As a result, frequent false
detections and alarms occur, significantly reducing the accuracy of target detection in
intricate environments.

The fundamental concept behind infrared dim and small target detection algorithms
involves background suppression and target energy enhancement. Currently, research
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methods in this field can be divided into two categories: detect before tracking (DBT) and
tracking before detect (TBD). DBT, also known as the detection method based on measured
data from the current frame, enhances the target and suppresses background clutter in the
image containing the target, then sets a threshold to segment the target from the processed
image. Clutter refers to background information or interference unrelated to the target,
including areas of the background and noise that are similar to the target. Traditional single-
frame detection methods include wavelet transform [6], top-hat [7] and two-dimensional
least mean square filtering [8]. Lei et al. [9] proposed a denoising threshold function
suitable for rotating multi-element infrared detection systems, which better retains target
features, though this method is not robust against varying background clutters. Li et al. [10]
employed the Gaussian Laplace filter to obtain target response maps with both large and
small pixel values, extracting targets through adaptive threshold segmentation. While this
approach achieved good detection results, the algorithm’s high complexity limits its use for
real-time detection. Deng et al. [11] utilize a continuous adaptive structure combined with
quantum genetics to optimize the overall algorithm, but this approach does not align well
with the geometric characteristics of image sequences, and it may also distort the shape of
the target due to structural elements that are either too large or too small.

TBD, or tracking before detect, refers to a detection method based on multi-frame
images, utilizing spatio-temporal information from continuous frames, such as motion
paths, brightness, and scale changes to detect the targets with consistent trajectory or
velocity priors. It firstly tracks a target by considering hypothetical potential paths in
the multi-frame data, continuously accumulates the target’s energy, and finally screens
candidate targets using a discriminant operator. Since TBD sets no threshold or merely
a low threshold for single-frame data, it retains as much information about dim and
small targets as is possible, helping to avoid the target loss problem faced by the DBT
method. By accumulating insights from multiple frames, TBD aims to accurately pinpoint
the target’s position within the image. Typical methods include the three-dimensional
matching filter [12], the optical flow method [13], the Kalman filter [14], and the particle
filter [15]. Zhang et al. [16] proposed a coarse-to-fine three-dimensional directional search
filter based on three-dimensional matching filtering to reduce computational demands.
However, the computational complexity remains high, leading to significant detection time
costs. Fu et al. [17] developed a 3D Hough transform (3D-HT) algorithm that uses two
sets of coordinates and their errors from different times to construct a 3D pipeline, but it
struggles to meet real-time performance requirements when the target’s speed changes
rapidly. Traditional algorithms rely heavily on manually designed features, which demand
extensive debugging and struggle to accommodate the diverse detection needs across
various scenarios.

In recent years, the rapid progress of deep learning has revolutionized image pro-
cessing, particularly in optical target detection and recognition. The integration of deep
learning techniques into classifier and algorithm design continues to be a major research
focus in this field [18,19]. Deep learning-based object detection methods are generally
categorized into two types. The first type uses convolutional layers to extract target features
and generate numerous candidate regions where the target may exist. The target detection
network then outputs information such as target position and category within regions, as
seen in methods like region convolutional neural networks (R-CNN) [20], fast RCNN [21],
and others. The second type directly predicts the location, category, and other relevant
information for each small region of the input image, such as in the single shot multibox de-
tector (SSD) [22]. Deep learning-based DBT methods like those of Feng et al. have modified
the structure of the channel attention module (CAM) and spatial attention module (SAM)
to achieve multi-scale feature fusion [23]. However, feature learning for dim and small
targets with heavy background clutter remains challenging due to the lack of clear texture
and shape features in infrared dim and small targets. Fan et al. [24] proposed an enhanced
convolutional neural network (CNN) for infrared images based on single-frame target
detection and recognition principles, but it also introduced more noise. Wang et al. [25]
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incorporated the adaptive fusion attention module (AFAM) into the you only look once
(YOLO)v5 model to weight features and improve detection accuracy, but its precision
remains insufficient in complex scenes.

Deep learning-based TBD methods like those of Hare et al. [26] extract short-term and
space-dimensional information from 15 consecutive infrared image sequences using a 3D
convolutional kernel, combined with a convolutional long short-term memory network
(LSTM) to capture long-term spatio-temporal information. However, issues with missed
detections and false alarms persist, and the method does not meet real-time requirements.
Lee [27] combined the LSTM prediction network with the duality of convolutional neural
networks (Du-CNN) classification network to create the cross duality of neural network
(CR-DUNN), which classifies targets from clutter by fully utilizing information from both
the present and future moments. Li et al. [28] improved detection accuracy by around 5%
through the bidirectional fusion of deep and shallow features, along with skip connections
to capture richer contextual information. However, their network model is large and
contains too many parameters, resulting in high computational resource consumption.
These methods are still falling short in accurately detecting dim and small infrared targets
in complex scenes, with continued occurrences of missed and false detections.

This paper introduces an algorithm for infrared dim and small target detection based
on local–global feature fusion to address these challenges. We are inspired by the convolu-
tional block attention module (CBAM) [29], which enhances target features in both spatial
and channel dimensions. Specifically, we design a multi-scale module that integrates global
and local features, establishing a fusion mechanism by leveraging dual information.

The magnification of the focus area enhances target features, improves target saliency,
and achieves accurate positioning by fusing with global feature information. In summary,
the main contributions of this work are as follows:

(1) To address the challenge of limited feature information in infrared dim and small
targets, we propose a novel module that zooms in on the focus area. This focus area is
initially randomly determined and then dynamically updated to match the target area
based on the output of the algorithmic model. By enhancing the detailed information
in this area while maintaining the overall characteristics of the background, our
approach improves detection performance for these challenging targets.

(2) To tackle the low contrast between infrared dim and small targets and their back-
ground, this study optimizes the multi-scale fusion structure within a dual-path
feature extraction network, which captures positional and semantic information at
different stages, enabling precise detection.

2. Methods

We present the proposed local–global feature fusion from dual input for dim and small
target detection in detail. Shown in Figure 1 is the basic network architecture.

YOLOv7 strikes a good balance between speed and accuracy, making it ideal for
applications that require real-time detection. The structure of YOLOv7 [30] is based on
the cross stage partial network (CSPNet), which consists of a backbone network and a
head network. The backbone network primarily comprises conv-batchnorm-SiLU (CBS),
max-pooling (MP), and efficient layer attention network (ELAN) modules. ELAN effec-
tively combines shallow and deep features through a multi-channel branching structure,
which captures detailed information of the target at different scales without significantly
increasing computational cost. This is especially important for detecting small targets
and handling complex backgrounds. The head network consists of three target detectors
that use a grid-based anchor mechanism to detect targets across feature maps of different
scales. With the infrared dim and small target size of 0.15%, which falls within the small
range, using multiple inspection heads to detect targets on feature maps of different res-
olutions can improve both the comprehensiveness and accuracy of detection. Building
upon the YOLOv7 architecture, our model strategically divides the input image into four
quadrants, carefully balancing the trade-off between computational speed and detection
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accuracy. Specifically, we enhance the feature information related to dim and small targets
by magnifying the local areas within the image. This localized information is then fused
with the global features extracted from the entire infrared image, resulting in improved
details for specific objects of interest. Additionally, our approach increases the receptive
field, expanding the spatio-temporal context of the target. This is achieved through a
dual-branch fusion mechanism that combines multi-scale feature information, allowing the
weight distribution of the feature map to be dynamically adjusted. Further elaboration and
specific scenarios are detailed in the remainder of this paper.
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Figure 1. Improved YOLOv7 network structure diagram. The numbers below represent the size
of each feature map. The CBS module is the basic component of the model, consisting of the conv
module and the BN module.

2.1. Local Zoom Input

The fundamental principle in object detection is based on enhancing target features
while simultaneously suppressing background noise. In deep learning, this involves
strengthening the feature representation of the target and reducing the focus on background
features, all within the constraints of limited computational resources. The vision focus
mechanism, which mimics the selective focus used by organisms when processing external
information, plays a crucial role in this process. By isolating key information relevant to
the area of interest or specific objectives from the global context, vision focus mechanisms
improve the model’s discriminative power. The core of this method lies in extracting
essential features related to the task at hand from a large pool of data and amplifying their
importance by adjusting the dimensions of the original network input, thereby improving
the model’s performance.

As shown in Figure 2, the local branch input divides the image into four quadrants,
with each quadrant representing a potential area for applying focus magnification, simulat-
ing the biological vision focus mechanism. This process enhances the capture of detailed
information from dim and small targets more effectively. The vision process is divided
into two stages at the feature extraction layer. In the initial stage, the system acquires
various features in an unbiased manner, without incorporating vision focus mechanisms.
In the next stage, a series of integrations are performed on the features obtained from
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the first stage to form a cognitive representation, which then becomes the focus of visual
attention mechanisms. This two-stage process ensures efficient feature extraction without
compromising the pixel definition of the original image.
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rectangle.

The selected local area for applying vision focus is randomly determined in the initial
frame of the input image. This selection is subsequently updated based on the output of
the previous frame for the next frame. The spatio-temporal information derived from the
image is used to update the magnified region. Given the weak characteristics of the target,
we employ the double cubic interpolation (BiCubic) algorithm to zoom in on the selected
region which is then input into the model. Equation (1) shows the above process:

ZF(x, y, z) = zoom(F(x, y, z), C) (1)

where zoom(·) represents the bicubic interpolation magnification function applied to a
selected quadrant C, and F(x, y, z) denotes the processed frame. The target’s coordinates
(x, y) are used to determine the relocation of quadrant C, where the vision focus is applied.
This design, which significantly enhances the local area, acts as an extension of the vision
focus mechanism. It magnifies both the overall and detailed information of the target
object of interest while enhancing its spatial location information, making the model more
sensitive to dim and small targets.

2.2. Feature Fusion of Multi-Scale

Most methods primarily rely on advanced features for prediction to expedite detection.
The feature map after multi-layer convolution has an expansive receptive field for the entire
image, making global perception more prominent with rich semantic information. How-
ever, it is difficult to capture the spatial information of the target simultaneously, making
systems that rely solely on high-level features less effective for detecting small-sized targets,
particularly dim and small ones. In contrast, low-level features contain precise spatial infor-
mation. Therefore, we fuse high-level features with low-level features to provide the final
detection system with both ample semantic and spatial location information, improving
the detection and precise positioning of dim and small targets in infrared imaging.

As shown in Figure 3, the input from the local region is fused with the convolutional
layer of the global region input, facilitated by the backbone’s convolutional layer. Essen-
tially, the output channels are interconnected through a concat (channel connection) layer,
which links the channels together. Afterward, the feature channels are processed through a
1 × 1 convolutional layer, which updates the focus weights for the dim and small target
regions while eliminating superfluous information.
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Figure 3. Dual-path feature fusion network.

As shown in Figure 4, the architecture of the branch input closely resembles that of the
global input. The feature map from each local input is fused with the global feature map
after passing through each convolution module, facilitated by the concat layer. The concat
layer achieves feature fusion by increasing the number of channels rather than adding new
feature maps. Due to the concat layer’s output concatenating the input channel data, we
apply a 1 × 1 convolutional layer after the concat layer to integrate the features of both
the target and the background. Each convolution is followed by a SiLU activation. During
the feature extraction stage at each branch scale, the feature map is downsampled using a
3 × 3 convolution with a stride of 2 and is then passed to the concat layer along with the
other input to achieve multi-scale feature fusion. The final feature map in the backbone
contains the largest receptive field, enriched with both semantic and spatial information.
Equation (2) represents the process:

F = SiLU
(

f1×1
(
concat

(
Fl ; Fg

)))
(2)

where f 1×1(·) denotes the convolutional kernel of size 1 × 1, and SiLU(·) denotes the
sigmoid linear unit operation. Fl and Fg correspond to the features of the local input and
global input after the convolutional layer, respectively.
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3. Experiments
3.1. Data and Experiment Setup

The complexity of infrared dim and small target detection is measured by the local
signal-to-noise ratio (LSNR). The smaller the LSNR, the smaller the intensity difference
between the target and the background, making it more difficult to detect the target. The
local signal-to-noise ratio (LSNR) is calculated as follows:

LSNR = 10 log10(Er − EB)/δB (3)

where Er is the mean intensity value of the target area, EB is the mean intensity value of the
background region surrounding the target, and δB is the intensity standard deviation of
this background region, which is three times the size of the target.



Appl. Sci. 2024, 14, 7878 7 of 16

To evaluate the performance and robustness of the proposed method, infrared images
from four different scenes were used. The dataset includes a total of 12,500 images, in-
cluding aerial surveillance, complex cloud background, and simple background, with each
image containing one infrared dim and small target. One of these datasets was taken with a
drone, five datasets were generated through simulation based on real infrared backgrounds
and targets with varying LSNR, and one additional dataset was taken on the ground. Note
that all simulated data were generated using a similar method [31] in the scene. Data1 and
data2 depict sky scenes characterized by pronounced background edge clutter, with data1
captured by drones, while data3 and data4 show complex cloud scenes, where the target
can easily blend into the clouds. Data5 and data6 consist of simpler smoother cloud scenes.
Lastly, data7 include real images captured at night by a camera on the ground. These
images are representative of the infrared dim and small targets in most sky backgrounds.
All data were labeled by experts in the field of infrared detection and machine vision using
rectangular box annotations. To ensure labeling quality, each infrared image was reviewed
by three experts, with one assigned as the responsible expert. After the initial annotation by
one expert, a second expert verifies it, and the responsible expert gives final confirmation.

Details of the dataset are shown in Table 1, and Figure 5 exhibits representative images
under varying backgrounds and signal-to-noise ratio conditions. The targets within the
images are marked with infrared rectangles, and all images are of the same size. To ensure
accurate evaluation, we partitioned the dataset into training, validation, and testing sets
using a 7:2:1 ratio, respectively. The proposed model was implemented in Python 3.8,
running on Windows 11, with CUDA 11.4 using the PyTorch 1.11.0 backend and cuDNN
8.2.0. The system was set up on a workstation with an Intel Core i5-12400F@2.50 GHz
processor with 64 GB of RAM and an NVIDIA GTX 3080Ti GPU with 12 GB of memory.
The entire training process used a batch size of 64, and it ended after 300 epochs.

Table 1. Detailed information regarding data.

Dataset Number Number of Images Size LSNR/dB

1 2000 256 × 256 2.22
2 2000 256 × 256 3.3
3 2000 256 × 256 0.49
4 2000 256 × 256 2.19
5 2000 256 × 256 −0.28
6 2000 256 × 256 2.15
7 500 256 × 256 −2.8

We utilized mAP50 and mAP50:95 as comparative metrics for evaluating the model’s
performance. Mean average precision (mAP) reflects the average accuracy across the
dataset, with mAP50 serving as an indicator of the algorithm’s overall classification ability
across different target types. mAP50:95 measures the average detection accuracy across all
10 intersection over union (IoU) thresholds, ranging from 0.5 to 0.95, with a step size of 0.05.
Generally, the higher the IoU threshold, the higher the demand on the model’s regression
ability, resulting in detection outcomes that align more closely with the actual target. In
addition, we introduce the true positive rate (Pd) and false positive rate (Fa) [32] to further
evaluate detection performance. These metrics are defined as follows:

Pd =
number of detected true detections

numer of actual targets
(4)

Fa =
number of pixels for false detections

number of total pixels in images
(5)

The Pd serves as a metric for evaluating the model’s performance in terms of correct
detection, representing the ratio of targets accurately predicted as targets to the total number
of targets. Conversely, Fa reflects the model’s precision in target detection, representing
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the ratio of instances where the background is mistakenly predicted as a target to the total
amount of the background. The Pd is plotted on the ordinate and the Fa on the abscissa to
generate the receiver operating characteristic curve (ROC) for real data.
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3.2. Experiments and Analysis

To demonstrate the effectiveness of the algorithm we proposed for infrared dim and
small target detection, we conducted ablation experiments based on YOLOv7, as well as
comparative experiments with existing advanced algorithms on datasets derived from a
variety of scenarios.

3.2.1. Ablation Study

To comprehensively validate the sensitivity of the dual-path feature fusion extraction
network to variation in infrared dim and small targets, as well as its detection efficacy across
diverse scenes, we conducted experiments on datasets with different local signal-to-noise
ratios in various scenes. Both the YOLOv7 model (baseline model) and the proposed model
were employed. The outcomes of these experiments are shown in Table 2.

Table 2. Experimental results under different scenario data.

Dataset Scene mAP50(Ours/YOLOV7) mAP50:95(Ours/YOLOV7)

1 Bright, thin cloud 0.8942/0.8463 0.5758/0.559
2 0.9964/0.97 0.8064/0.7535

3 Heavy cloud cover 0.7793/0.7522 0.5537/0.4984
4 0.9917/0.9567 0.8408/0.7924

5
Dim, thin cloud

0.75/0.7083 0.5557/0.4881
6 0.9779/0.9549 0.8138/0.7884

As is evident from the experimental results shown in Table 2, under various complex
backgrounds, the algorithm employing local–global dual-path feature fusion demonstrates
notable improvements in both mAP50 and mAP50:95 compared to the original YOLOv7.
Specifically, mAP50 exhibits an average increase of over 2%, while mAP50:95 experiences an
average increase of more than 3.6%. These findings underscore that the utilization of local
magnification enhances the network’s ability to extract both spatial and semantic feature
information from the target. In the same scene, the experiment conducted by varying the
local signal-to-noise ratio of the target reveals that even under conditions characterized by
an extremely low local signal-to-noise ratio, the performance of the dual-path feature fusion
algorithm shows an increase of more than 2.4% compared to the original YOLOv7 network,
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despite a slight decline in detection accuracy. This underscores the efficacy of the dual-path
fusion strategy in effectively enhancing the spatial and semantic feature information of dim
and small targets within complex scenes, while simultaneously reducing the interference
of noise.

To verify the effectiveness of the network module proposed in this chapter for infrared
dim and small target detection, we compared the mAP50 and mAP50:95 results from ablation
experiments conducted on data7. The experimental results are shown in Table 3.

Table 3. Ablation comparison on different combinations of modules.

mAP50 mAP50:95

YOLOv7 0.9075 0.3721
YOLOv7 + Local input 0.9232 0.3769

YOLOv7 + Local input + Multiscale feature fusion 0.9384 0.4036

As shown in Table 3, scheme one refers to the original YOLOv7 network. Scheme two
enhances the network by incorporating a local magnification branch for feature extraction.
Scheme three, building on scheme two, performs feature fusion at the end of each feature
extraction stage, integrating features from the main path. Notably, all schemes utilize the
same pre-trained weights. As observed from the detection results of data7 in Table 3, the
inclusion of a local magnification branch for infrared small targets has a certain inhibitory
effect on the background. When the main network incorporates a local branch and performs
feature fusion, both mAP50 and mAP50:95 improve compared to the YOLOv7 model. This
improvement is due to the fact that during feature extraction, the feature information of
dim and small targets tends to dilute or even disappear as the network deepens. The local
branch, however, has the ability to enhance the feature information of the dim and small
targets during this process. Additionally, the multi-scale feature fusion helps retain this
information, significantly boosting detection capabilities.

The following figure presents several detection result images of the YOLOv7 model
and our proposed algorithm on the dataset. The post-detection images are displayed in
Figure 6, where it is clear that our model demonstrates superior performance, as evidenced
by a higher confidence score.
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3.2.2. Comparison Experiments on Drone Vehicle

We compared the proposed infrared dim and small target detection algorithm with
the following representative algorithms in this field: infrared patch-image (IPI) [31]; non-
convex rank approximation minimization (NRAM) [33]; non-convex optimization with
Lp-norm constraint (NOLC) [34]; partial sum of the tensor nuclear norm (PTSNN) [35],
based on low-rank and sparse matrices; tri-layer local contrast measure (TLLCM) [36], based
on the human vision system, which transforms target salience into a local optimization
problem; new top-hat, based on mathematical morphology; local intensity and gradient
properties (LIG) [37] based on vector fields; SSD; receptive field block net (RFBnet) [38];
and infrared small-target detection U-net (ISTRU-net) [39], based on deep learning. The
parameters for each method are set according to their optimal experimental results, with
detailed parameter settings shown in Table 4.

Table 4. Parameter settings of different methods.

Method Parameter

IPI Patch size: 45, step: 10
NRAM Patch size: 50, step: 10
TLLCM GS: [1 2 1;2 4 2; 1 2 1]/16, local window size: 3
PTSNN Patch size: 20, step: 20, λL = 0.5

New Top-Hat Inner scale: 4, outer scale: 9
LIG k = 0.2, Patch size: N = 19

NOLC Patch size: 30, step: 10, p:0.6
SSD Iter: 10,000, batch size: 64, LR = 0.0001

RFBnet Epoch: 300, batch size: 32, LR: 0.0004
ISTRU-net Epoch: 500, batch size: 48, LR: 0.0001
Proposed Epoch: 300, batch size: 64, LR = 0.001

The visualization results of different methods for various scenes and different local
signal-to-noise ratio sequences are shown in Figure 7. The detected targets are marked with
red rectangles, while false alarms are unmarked.

To evaluate the detection efficiency of various algorithms, Table 5 shows the detection
time of each algorithm on different data sequences, providing an intuitive demonstration
of the real-time performance of these algorithms. NOLC, NRAM, PSTNN, and IPI, which
belong to low-rank sparse algorithms, generally exhibit moderate speeds. Additionally,
IPI employs global fixed weights, which contributes to an increase in computation time.
TLLCM requires a lengthy computation time due to its reliance on calculating locally
related features. Although the new top-hat has a fast detection speed, it is characterized
by a low detection rate and a high false alarm rate. LIG faces challenges in enhancing
algorithm speed due to the time required for calculating multi-scale direction diversity.
With sufficient computational resources, our proposed algorithm outperforms other deep
learning algorithms, boasting the shortest average detection time across all datasets. It
also shows an improvement of more than 16.3% in detection time compared to RFBnet,
demonstrating superior real-time processing capability.

In the experiment, the model’s inference speed on the PC is approximately 57 frames
per second (FPS). In scenarios that require real-time processing, such as drone target
detection and aerial monitoring, the algorithm can be deployed on field programmable
gate arrays (FPGA) to achieve real-time processing capabilities, though several challenges
remain. This is part of our ongoing research, and we aim to further optimize the model
and increase the processing speed to meet real-time demands.
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Table 5. Average time consumption (sc) of data1–7 obtained by 11 methods.

Methods Data1 Data2 Data3 Data4 Data5 Data6 Data7

IPI 0.322 0.294 0.312 0.291 0.309 0.296 0.315
NRAM 0.145 0.146 0.151 0.153 0.162 0.164 0.157
TLLCM 0.183 0.185 0.188 0.193 0.185 0.186 0.221
PTSNN 0.082 0.073 0.072 0.071 0.081 0.079 0.0734

New Top-Hat 0.026 0.027 0.023 0.026 0.024 0.022 0.028
LIG 0.131 0.132 0.136 0.137 0.125 0.124 0.236

NOLC 0.137 0.134 0.154 0.153 0.145 0.143 0.162
SSD 0.066 0.069 0.056 0.058 0.076 0.079 0.080

RFBnet 0.019 0.021 0.022 0.023 0.021 0.020 0.021
ISTRU-net 0.285 0.287 0.276 0.277 0.289 0.278 0.351
Proposed 0.017 0.018 0.017 0.018 0.018 0.017 0.018
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To further demonstrate the detection performance of our method, the ROC curves for
the real data are shown in Figure 8. Under the same false alarm rate, a higher detection rate
indicates better performance and robustness of the detection method. Our method achieved
a higher Pd and lower Fa than other methods when applied to real data. Furthermore, the
ROC curve of our proposed method is closer to the upper left, indicative of its superior
performance. Additionally, our method maintains a satisfactory detection rate even under
conditions with an extremely low false alarm rate, demonstrating that it is well suited to
meet the stringent requirements of dim and small target detection in infrared imaging.
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3.2.3. Analysis

In Figure 7, it becomes evident that the algorithm we proposed can effectively identify
targets within infrared dim and small target datasets, which exhibit varying local signal-to-
noise ratios across diverse scenes. However, other algorithms, except for RFBnet, encounter
several issues. Although TLLCM detects the target, it produces many false alarms and
cannot effectively filter out background noise. Similarly, LIG, IPI, PTSNN, and new top-hat
are not immune to sporadic false alarms and struggle to suppress local high-light clutter.
Both NARM and NOLC also remove valid signals around the target during the detection
process, resulting in missed targets. There are many continuous and uniform cloud layer
results in the results of the LIG, and its ability to suppress long strip noise is limited.
The new top-hat shows commendable detection performance in simple backgrounds, but
its performance in cluttered backgrounds requires improvement. Although the SSD and
ISTRU-net algorithms detect most of the targets in the dataset, they fail to detect the target
in the data3 sequence, indicating a deficiency in handling interference from high-intensity
cloud backgrounds. It is important to note that when the difference between the target and
the background is too small, specifically when the LSNR is less than −4.4, the algorithm’s
detection performance drops sharply, with the mAP50 falling below 0.38, or the target
becoming completely undetectable.

To further analyze the improvement of the algorithm we proposed compared to
YOLOv7, we visualize the curves of losses, mAP50, and mAP50:95, as shown in Figure 9.

It is clear that, compared to the YOLOv7 model, our network model shows faster loss
reduction during the initial training stages. The decline slows down around 50 epochs
before eventually stabilizing and converging. Throughout the training process, our model
minimizes jitter and enhances stability, demonstrating superior performance in detecting
dim and small infrared targets.
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4. Conclusions

In long-distance infrared detection, targets are characterized by their small size and
sparse feature information within complex scenes, posing significant challenges for the
accurate and efficient detection of dim and small targets. To address challenges related to
dim and small target feature information, low signal-to-noise ratio, and detection difficulties
in infrared images, we propose a dim and small target detection algorithm that mimics
vision focus via dual-input information and fuses locally extracted feature information
with global features in a multi-scale manner. Our approach utilizes local components
to suppress complex background input and amplify target features. Simultaneously, the
fusion design incorporates global and local input features at multiple scales, enabling the
extraction of both spatial and semantic information during dim and small target detection.
Furthermore, incorporating a 1 × 1 convolution module and using the concat operation
effectively reduces the computational load of the model during the feature extraction and
fusion process. Experimental results show that the mAP50 and mAP50:95 of the proposed
algorithm improve by more than 2% and 3.6%, respectively, on datasets with different
scenes and noise compared to the baseline algorithm, achieving an average accuracy of 75%
even in complex scenes. In the future, we will continue refining the vision focus mechanism
and further enhance the model’s generalization ability. Our goal is to achieve accurate
detection of dim and small targets in various infrared scenes while better adapting to the
analysis and processing requirements of infrared environments.
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