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Abstract: Thermal infrared detection technology can enable night vision and is robust in complex
environments, making it highly advantageous for various fields. However, infrared images have low
resolution and high noise, resulting in limited detailed information being available about the target
object. This difficulty is further amplified when detecting small targets, which are prone to occlusion.
In response to these challenges, we propose a model for infrared target detection designed to achieve
efficient feature representation. Firstly, an interval sampling weighted (ISW) module is proposed,
which strengthens the fusion network’s spatial relationship modeling, thereby elevating the model’s
generalization capability across diverse target-density regions. Next, a detection head founded on 3D
attention (TAHNet) is introduced, which helps the network more comprehensively understand the
feature details of the target. This enhances the accuracy of the model in identifying the target object’s
location, reduces false positives and false negatives, and optimizes the network’s performance. Fur-
thermore, to our model, we introduce the C2f module to transfer gradient information across multiple
branches. The features learned using diverse branches interact and fuse in subsequent stages, further
enhancing the model’s representation ability and understanding of the target. Experimental outcomes
validate the efficacy of the proposed model, showcasing state-of-the-art detection performance on
FLIR and KAIST thermal infrared datasets and showing strong antiocclusion and robustness in
complex scenes.

Keywords: ISW module; TAHNet; C2f module; attention mechanism; one stage detector; infrared
detection

1. Introduction

Object detection is a crucial task within the domain of deep learning computer vision,
which aims to recognize a particular object within an image or video, pinpointing both its
location and category [1].

Notably, significant progress has been achieved in object detection through convolu-
tional neural networks (CNNs), especially in visible light conditions where the algorithm
performs exceptionally well. Nevertheless, under conditions of low visibility and extreme
weather, object detection is inevitably affected by various factors, which interfere with
the identification and localization of the target object, suffering from problems such as
missed detection and false alarms in practical applications. This leads to a sharp decline
in performance. To tackle this puzzle, infrared detection technology has emerged, finding
widespread use in diverse domains like cellular tumor diagnosis [2], privacy preserva-
tion [3], marine rescue [4,5], UAV navigation [6,7], and autonomous driving [8,9]. As a
result, detecting infrared objects in real time with precision within low-contrast conditions
has become a challenge to solve.

Traditional infrared target detection algorithms exhibit instability under such extreme
conditions, making infrared detection complicated and elusive. Researchers have made ef-
forts to overcome these difficulties, and some advanced research results have been achieved

Appl. Sci. 2024, 14, 249. https://doi.org/10.3390/app14010249 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app14010249
https://doi.org/10.3390/app14010249
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-5057-8431
https://doi.org/10.3390/app14010249
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14010249?type=check_update&version=1


Appl. Sci. 2024, 14, 249 2 of 20

in the field of infrared target detection based on deep learning [10]. Luo et al. [11] pro-
posed guided attention to color thermal infrared images in a richer semantic encoding way
to enable the perception of the environment at night. However, this novel colorization
strategy has insufficient generalization ability for different scenes and lighting conditions.
Colorization may distort the colors in the image, creating confusion and thus reducing
accuracy. Chen et al. [12] attempted to use optical images to compensate for the missing
information in infrared images by proposing an integrated detector to fuse the features of
thermal and multiple RGB modalities. This competitive approach, however, introduces
noise and inconsistency among the data from different modalities, which diminishes the
quality of the integrated information. Chen et al. [13] achieved the fusion of encoding
and decoding features of input features by using the features generated by a deconvo-
lution scaling decoder, but, in fact, the use of deconvolution layers leads to the loss of
spatial information. Zhao et al. [14] introduced a contrast enhancement coefficient as the
weighted part of the loss function, aiming to boost the accuracy of small infrared targets.
Yet, such adjustment creates a more complicated loss function, which relies too much on
prior assumptions and is effective in some specific scenarios but cannot adapt to all intricate
scenarios. Although the above methods have achieved leading results in some environ-
ments, distinguishing between target and background in realistic, involved, and diverse
scenes where color and texture information are lacking in infrared images is still a difficult
task, and the performance o the developed methods is often unsatisfactory in practical
applications. For this reason, in the face of complex scenes of infrared target detection, it is
urgent to establish a powerful and robust model to advance the ability of feature expression
and create new breakthroughs for infrared exploration in intricate environments.

In general, object detection can be achieved through two primary detection strate-
gies. The first strategy follows a two-stage approach, with faster R-CNN [15] serving as
an example. This approach comprises two key phases: initially, potential object regions
are generated by the algorithm, and then the generated candidate regions are classified
and adjusted more finely by the CNN. While this strategy offers heightened accuracy, it
tends to be time-consuming and not suitable for practical scenarios like unmanned driving.
The other is an end-to-end single-stage strategy, including YOLO series [16–18], SSD [19],
RetinaNet [20], etc., which tries to solve the problem of object boundary box localization
using regression methods and completes object detection and localization simultaneously
without the need for additional region proposal steps. It significantly surpasses the two-
stage model in speed and can provide real-time detection, making it particularly well suited
for scenarios with stringent real-time requirements, like running on edge devices [21].
Hence, more and more scholars focused on single-stage detection algorithms and devel-
oping more robust and efficient network models to design detectors. This trend indicates
that the demand for accuracy, reliability, and efficiency is constantly increasing, which also
means that object detection algorithms need to be continuously optimized to meet these
new requirements.

The one-stage object detection model generally comprises three key components: a
fundamental backbone, a feature-enhanced fusion network in the neck, and a parallel head.
These three components collaboratively capture elements from the feature map, ensuring
precise object detection [22]. The backbone captures the encoding of features in the input
image at different levels. The enhanced feature fusion network acts as a bridge between
the backbone network and the head to further refine features. Through upsampling and
downsampling operations, the features of diverse dimensions are obtained, and features
of diverse scales are fused and compressed to optimize the overall performance of object
detection. The prediction network performs object classification and regression of bound-
ing box positions to generate object detection results employing enhanced features. This
means that the quality of the feature extraction plays a pivotal role in determining the
outcome of the ultimate prediction. Wen et al. [23] used lightweight PConv to replace the
original convolutional layer to reduce parameters and introduced coordinate attention in
the backbone to enhance the ability to position the target. Du et al. [24] introduced BIFPN
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to improve the fusion network so that it could capture and utilize multiscale features more
effectively, thus enhancing the performance of the object detector. Wei et al. [25] proposed
the use of a radius-aware loss function to consider the radius between the prediction
result and the target to better evaluate the accuracy of the prediction. Regarding architec-
ture, the head can be categorized into two main methods: anchor-based and anchor-free
detection approaches [26]. Among them, the former has stable training, accurate target
position regression, and is advantageous when dealing with dense target distribution.
In contrast, the anchor-free detection method has higher detection speed, lower computa-
tional complexity, but may behave unstably when the target is occluded. Since there is no
predefined anchor box, the algorithm may have difficulty in handling cases of occluded
targets, resulting in decreased detection accuracy. It is worth mentioning that the current
one-stage model YOLOv5, which achieves a flawless blend of accuracy and pace, uses an
anchor-based detection method.

To ensure the stability and adaptability of an infrared detection model in complex
scenes, this study selected the lightweight YOLOv5 framework as the benchmark model for
infrared detection. This study identified three areas where the model needs improvement:
(1) Due to the complexity of the real environment and the very weak characteristics of
infrared targets, there are still problems such as weak anti-interference ability in the face of
multi-scale targets. For example, in the verification of some occluded targets, the model
cannot accurately identify them, resulting in reduced accuracy. (2) The fusion feature map
is not weighted by the prediction network, which leads to the neglect of important infor-
mation; yet, in real-life scenes, there is often intricate and abundant contextual information
around the object to be detected. (3) Enhancements are required for feature extraction
in the model’s backbone. Fine-grained features, including basic contour and texture, are
crucial for object detection. However, the current model has shortcomings in low-level
feature extraction, resulting in the omission of part of the crucial information about the
target. This inadequacy prevents the accurate expression of features for the target to be
detected, consequently reducing the detection precision. To tackle these issues, through a
series of experiments, it was proven that the improved model significantly optimizes the
average precision while maintaining the original running speed. Notably, improving these
points proves advantageous in achieving more accurate detection, especially in the case
of small infrared targets that are easily occluded in complex scenes. The following are the
contributions of this paper:

1. We propose a novel interval sampling weighting module in the neck-strengthening
feature fusion network; the ISW module converts the feature information from the
plane dimension to the channel dimension through interval sampling, which helps to
retain more comprehensive positional information. Furthermore, a multidimensional
collaborative attention mechanism is introduced to screen and strengthen the features
before dimensionality reduction, so that the network focuses on the regions related
to the target in the image, thereby expanding the perception range, improving the
accuracy, and reducing unnecessary information.

2. A 3D-attention-based detection head is proposed. TAHNet boosts model target
sensitivity, so that the model may correctly locate and recognize the target. Especially
in the face of complex scenes or occlusion, it is helpful for weakening the interference
of background noise and optimizing the precision in model detection.

3. The C2f is employed as the core feature extraction module of the model. By paral-
leling more gradient flow branches, the model can obtain more plentiful and hierar-
chical feature representations, which can accelerate the speed of feature extraction
and effectively handle objects of diverse scales and shapes, thereby improving the
model’s resilience.

2. Related Studies

The attention mechanism plays a pivotal role in an object detection model, empow-
ering it to concentrate on particular areas within the input information, understanding
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and processing essential information in the image more accurately [27]. By selectively
dampening invalid information, the model’s perception ability is refined. Conventional
attention methods comprise spatial attention [28] and channel attention [29]. Spatial at-
tention prioritizes the spatial information of the image while disregarding channel-level
details. This may result in the model lacking a profound understanding of the image’s
semantics. Improperly designed channel attention, in some cases, may cause the model to
excessively rely on certain feature channels, ultimately compromising its generalization
ability. However, hybrid attention methods, like CBAM attention [30], follow a two-step
approach to learning channel and spatial information, independently calculating weights
for the channel and spatial dimensions, which inevitably increases the computation time.
In light of this concern, this study opted for a more efficient multidimensional attention
method that processes weights between different dimensions synchronously.

2.1. Multidimensional Collaborative Attention

The MCA [31] is a generalized lightweight multidimensional collaborative atten-
tion module. Depicted in Figure 1 is the network framework, which designs adaptive
squeeze and excitation conversion operations to collect dependencies across three dimen-
sions: width, height, and channel. It operates on an input feature tensor of dimensions
F ∈ RC×H×W , in which the channel direction feature (C × H × W) is directly mapped to
the adaptive process of squeeze and excitation conversion. The channel direction weight
is then computed utilizing the sigmoid(y = 1

1+e−x ). Similarly, in the width and height
branches, the dimensions of the input feature tensor undergo reordering (the width and
height dimensions after conversion are F̂W ∈ RW×H×C and F̂H ∈ RH×C×W , respectively),
and the weights along the width and height dimensions are determined through employ-
ing adaptive transformation operation and the sigmoid function. Upon completing these
operations, the two dimensions of the space are arranged into the original dimensional
features (C × H × W). Finally, the aggregated features from the three branches are inte-
grated by computing their average values. The output is a weighted refined feature layer
that encapsulates the collective information obtained through the collaborative attention
mechanism acrossmthe width, height, and channel dimensions.

In the case of the width direction, this mechanism can be implemented using the
following mathematical formula:

F̂W = PMH(F) (1)

F̃W = Tex(Tsq(F̂W)) (2)

F
′
W = sigmoid(F̃W)⊗ F̂W (3)

F
′′
W = PMH

−1(F
′
W) (4)

where PMH represents a 90◦ counterclockwise rotation along the H axis; F̂W is the di-
mension after rotation; Tsq and Tex define squeeze conversion and excitation conversion
procedures, respectively; PMH

−1 is a 90◦ clockwise rotation to convert to the original
dimension; F

′
W is the weight after sigmoid processing; F

′′
W is used to obtain the feature layer

after conversion to the original dimension.

2.2. SimAM Module

SimAM [32] is a parameter-free and efficient three-dimensional attention. According
to the importance of information carried by neurons in various regions, different attention is
allocated, making the network prioritize crucial features within the target district, thereby
enhancing the feature representation of the target. Different from traditional methods,
the 3D weights obtained by the module are directly calculated using a specific energy
function, and no additional subnetworks are needed to generate them. The analytical
solution defined by the function can infer the 3D weights for the current neuron. It
is worth explaining that the existing attention module treats all neurons of the same
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dimension equally. This module distributes an exclusive weight to individual neurons while
simultaneously considering the importance of both channel and spatial dimensions, which
is more in line with the characteristics of human attention. In addition, the SimAM module
has been embedded into some classical network structures to verify its generalization in
disparate tasks.

Figure 1. MCA network structure.

In visual neuroscience, neurons carrying different amounts of information activate
in diverse ways, and the way to find neurons carrying more important information is
to determine whether the target neuron and surrounding neurons are linearly separable.
Linear separability can be achieved by minimizing the energy function formulation. First,
the energy function after introducing the regularization term is described as follows:

et(wt, bt, y, xi) =
1

M − 1

M−1

∑
i=1

(−1 − (wtxi + bt))
2 + (1 − (wtt + bt))

2 + λw2
t (5)

where t and xi are the target and surrounding neurons of the input feature X = RC×H×W

in a single channel, respectively; M = H × W represents the quantity of neurons within
that channel; and i denotes the index of the spatial location. wt and bt are the weight and
bias transforms.

Secondly, the specific forms of the analytical solutions of wt and bt are defined using
Equations (6) and (7).

wt = − 2(t − µt)

(t − µt)2 + 2σ2
t + 2λ

(6)

bt = −1
2
(t + µt)wt (7)

where µt =
1

M−1 ∑M−1
i=1 xi and σ2

t = 1
M−1 ∑M−1

i (xi − µt)2 represent the mean and variance
of every neuron except t, respectively. Then, the minimum energy can be calculated
as follows:

e∗t =
4(σ̂2 + λ)

(t − µ̂)2 + 2σ̂2 + 2λ
(8)

Here, µ̂ = 1
M ∑M

i=1 xi and σ̂2 = 1
M ∑M

i (xi − µ̂)2. Equation (5) shows that the lower the
energy, the more pronounced the distinction between the target neuron and other neurons,
so the significance of the target neuron may be represented using 1

e∗t
. At this point, we use

E to define e∗t across all channels and spatial dimensions, and then we apply the sigmoid to
1
E as the 3D weight and multiply it by the original input feature.

X̃ = sigmoid(
1
E
)⊙ X (9)
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3. Proposed Methods and Model Architecture
3.1. Overall Framework of the Proposed Model

In order to increase the model’s detection accuracy, an infrared target detection frame-
work with high feature expression ability was developed and is presented in Figure 2.
The C2f module is introduced as the backbone feature extraction module of the model,
and the gradient information flows into multiple branches to improve the efficiency of data
calculation. Each branch can focus on different features, such as edge, texture, color, etc.,
thereby heightening the expression capacity of the network. Furthermore, enhancing the
gradient mobility in the network helps with mitigating the vanishing gradient problem,
leading to more efficient training. Specifically, the module contains two convolutional
layers and adopts a channel-splitting structure. One branch uses residual maps and the
other branch processes information by stacking bottlenecks to form n paths. The C2f_ 2 of
the backbone in Figure 2 represents n = 2. SPPF is used in the final phase of the backbone
network to mitigate the loss in the receptive field, enabling the capture of multiscale infor-
mation from the input data, which is very important for detecting objects with different
scales in the image. At the same time, the feature layers P3, P4, and P5 are selected to
integrate with the abstract feature mapping enhanced by the neck network, and the spatial
detail information in the deep features is further extracted through the ISW module to
increase the model’s the information representation power, which can capture more compre-
hensive local and global information, thereby improving detection precision. Additionally,
we selected TAHNet as the head prediction network. The postprocessing part follows
the original advanced method of YOLOv5, and the bounding box loss function employs
CIOU [33], whose expression is described in Equation (10), which is mainly employed to
assess the alignment between the predicted box and the real box. Finally, through a series
of comparative test evaluations, it is demonstrated that the network model proposed in the
study shows excellent performance in complex conditions.

Figure 2. The global network framework of the detection model. The backbone network uses the
C2f module for feature extraction, where C2f_ 2 indicates that the channel split parallelizes two
bottleneck structures.
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LCIOU = 1 − IOU + ρ(θ) + γv (10)

γ =
v

1 − IOU + v′ (11)

v =
4

π2 (arctan
wgt

hgt − arctan
w
h
)2 (12)

where IOU stands for the ratio of the intersection region of the predicted box and the actual
box to the union area. ρ(θ) reflects the center distance term and the diagonal length term. v
characterizes the width-to-height ratio term, and γ is an equilibrium coefficient. wgt and
hgt stand for the width and height of the true target box, and w and h denote the width and
height of the predicted box.

3.2. SPPF Module

Drawing inspiration from the He Kaiming SPPNet [34], the SPP module processes
features across distinct levels through parallel multiple max pooling layers. Employing
pooling kernels with a consistent step size but distinct sizes (specifically, a pooling layer of
13 × 13, 9 × 9, and 5 × 5) to process features. The output information layer of each pooling
operation maintains the same scale. Following this, the feature maps generated by the
four branches are concatenated and spliced according to the channel direction. The SPPF
module extends the functionality of the SPP module while improving the efficiency under
the same calculation results. Its structure is indicated in Figure 3, which adopts serial mode
to connect three pooling layers with 5 × 5 pooling cores. Through this sequential pooling
operation, the receptive field of each pooling layer can be expanded, enabling the network
can grasp the broader scope of global context features. In addition, this approach helps
mitigate the loss of spatial information, ultimately enhancing the model’s robustness.

Figure 3. The SPPF network structure composition. 1 × 1 is the convolution layer, and 5 × 5 is the
maximum pooling operation.

3.3. Interval Sampling Weighted Module

Pooling and convolution with a step size of two are usually used for downsampling in
object detection, but these two traditional downsampling methods introduce information
loss because they directly discard part of the information. In contrast, interval sampling
avoids the risk of feature loss through selectively decreasing the sampling rate. More
importantly, the downsampling mode of interval sampling is more in line with the charac-
teristics of deep features, so can retain more comprehensive spatial information, alleviate
the spatial mismatch problem, and help capture the overall structure and global context of
the target. The neck region has more abundant contextual and semantic information and
usually contains object information of distinct scales. The interval sampling downsampling
method can not only be used to balance the training importance of the target dense region
and the target sparse region but also can better adapt to the objects of these distinct scales
to more precisely retain and transfer the relevant information in the feature fusion process.
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According to the above viewpoint, this paper proposes an interval sampling weighting
(ISW) module. Combined with the module framework chart illustrated in Figure 4 and the
following equation, the input feature tensor is set as F ∈ RS×S×C1 . Firstly, the original tensor
is split into four portions of the spatial dimension information F

′
x ∈ R S

2 ×
S
2 ×C1 (x ∈ 1, 2, 3, 4.)

employing interval sampling, and then the channel dimension information is merged in the
direction of the channel to comprehensively obtain abstract semantic features. In addition,
the use of multi-imensional collaborative attention before 1 × 1 convolution dimensionality
reduction to dynamically adjust sample weights and suppress irrelevant or redundant
features makes the model focus on the features that are more challenging for network
training and generalization. At the same time, the noise in the 1 × 1 convolutional input
is weakened, which is beneficial for the target detection task with large context depen-
dence and elevates the precision of detecting targets. The final output feature layer is
Y ∈ R S

2 ×
S
2 ×C2 .

F
′
x = IntervalSampling(F) (13)

Y = Conv(MCA(Concat(F
′
1, F

′
2, F

′
3, F

′
4))) (14)

Figure 4. ISW module network structure.

3.4. TAHNet

The detection head body of YOLOv5 includes three detectors, three scales of grid-
based preset prior boxes allocated in each prediction feature layer, and the predictor is
utilized to slide the processed fusion feature layer [35]. When the predictor slides to a
specific grid, its confidence parameters and regression parameters are predicted for each
prior box. However, while this process is efficient, it ignores the fact that diverse regions in
each feature map differ in importance. This means that the prediction network does not
take into account the correlation between the information features, which may result in a
diminished capacity for the model to generalize effectively and thus hinders its adaptation
to complex and diverse scenarios.

Intending to verify the preceding ideas, this paper puts forward a detecting head
(TAHNet) based on three-dimensional attention, as depicted in Figure 5. Before the fusion
feature map derived from the neck network serves as the input for the head prediction
network, the SimAM module is introduced to perform three-dimensional weighting pro-
cessing on the input feature map, which can specifically select and highlight the target area,
supply more accurate important feature information in the local region of interest, and give
more weight to the features related to the target. Thus, the global abstract information can
be effectively utilized. The integration of global features helps with understanding image
semantics more accurately and supplies richer feature representations, which improve both
the detection precision and the model’s generalization power. The TAHNet detection head
output feature layer effects are illustrated in Figure 6.
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Figure 5. TAHNet structure rendering.

Figure 6. Visual comparison between TAHNet and original detection head heat map.

4. Experiment and Analysis
4.1. Dataset and Experimental Environment

In this study, we chose the FLIR and KAIST datasets for the exploitation of thermal
infrared target detecting and the evaluation of algorithm performance.

FLIR dataset: The FLIR dataset mainly contains thermal infrared images, which are
images captured by thermal infrared cameras to capture the heat distribution of objects in
the scene, making it able to provide unique information at night and in low-light conditions.
The acquisition of infrared data was completed on streets and highways in California
during both day and night, covering a range of scenes, involving but not confined to
outdoor environments, day and night changes, buildings, and traffic scenes. We selected
10,228 frames of infrared images with annotated resolution 640 × 512 in the dataset, which
included the categories person, bicycle, and car. To increase the diversity of the dataset
and balance the sample distribution, we repartitioned the training dataset and the testing
dataset, where the quantity of samples was 8862 and 1366, respectively. In addition,
negative samples were introduced in the training phase to help the network study the
background information of the object more accurately, increase the model’s generalization
capacity, and make the detecting model better-adapted to a variety of different scenarios in
the testing phase.
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KAIST dataset [36]: The KAIST dataset contains 95,328 aligned thermal infrared and
visible images, each with a resolution of 640× 480. With the intent of improving the training
efficiency and reducing the risk of overfitting, the original dataset was cleaned to remove
redundant or unnecessary samples. When training a model, a cleaner dataset can speed up
the convergence process and reduce the overfitting of the model to noisy and abnormal
conditions. The cleaned version of the dataset contained 9858 thermal infrared images
with a 9:1 training and test set partition ratio, and we labeled the category “pedestrian”.
We experimentally verified that cleaning data increased the overall quality of the data,
ensured that the dataset met the requirements of the task, and helped with more accurately
evaluating model performance.

Table 1 shows the configuration of the specific hardware devices used for model
training and the evaluation framework of the software platform that provided environmen-
tal support.

Table 1. Framework for the evaluation of the experimental platform.

Name Configuration

CPU Intel(R) Core(TM) i7-12700K
Operating systems Win 10

GPU NVIDIA GeForce RTX 3060
GPU memory size 12G

Deep learning framework Pytorch 1.12.0
Programming language Python 3.7

Dependent package CUDA 11.7 + CUDNN8.3.2

Hyperparameter initialization holds a key position in object detecting tasks, and setting
the appropriate intensity can make the model learn more efficiently. The hyperparameter
configuration in this study is shown in Table 2. The input sample size of the network
was set to 640 × 640; the learning rate and momentum were 0.01 and 0.9; the selection of
regularization technology weight attenuation and batch size was 0.005 and 16, respectively;
and the training cycle length of the model was 100 epochs.

Table 2. Hyperparameter settings for model training.

Hyperparameter Initialization

Image size 640
Learning rate 0.01
Momentum 0.9

Weight decay 0.005
Batch size 16

Training epoch 100

4.2. Performance Evaluation Metrics

Intending to analyze a model’s results for different categories and the overall perfor-
mance, precision (P) is utilized to evaluate the veracity of the model predicting positive
samples, recall (R) is employed to evaluate a model’s power to identify all positive samples,
whereas the F1 score thinks about the overall performance of precision and recall. The
average precision (AP) characterizes the area under the PR curve, representing the average
of the model’s predicting precision over different classes, and the mean average precision
(mAP) is the average of the average accuracy over all classes. These metrics enable a thor-
ough evaluation of an object-detecting system’s performance in predicting both positive
and negative classes and provide an overall insight into the effect of the model. Specifically,
the expressions for precision and recall are:
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P =
TP

TP + FP
(15)

R =
TP

TP + FN
(16)

where TP (true positive) stands for the quantity of true positive examples, FP (false posi-
tive) reflects the quantity of negative examples that are misjudged as positive examples,
and FN (false negative) presents the quantity of positive examples that are misjudged as
negative examples.

The F1 score is a comprehensive evaluation index, which is the harmonic mean
between [recision and recall, and is suitable for the comparison of different model perfor-
mances. Its equation is expressed as follows:

F1 =
2 ∗ P ∗ R

P + R
(17)

In object detection tasks, the average accuracy is evaluated by quantifying the area
beneath the precision–recall (PR) curve. For each category, the values of the precision
and recall under that category are calculated, and then the average accuracy is calculated
based on the PR curve. The average accuracy mean provides a comprehensive performance
assessment of the model over the entire dataset, taking into account multiple categories of
prediction accuracy. The AP and mAP expressions are shown in Equations (18) and (19).

AP =
∫ 1

0
P(R)dR (18)

mAP =
1
N

N

∑
i=1

AP(i) (19)

4.3. Analysis of Ablation Experiment

Ablation contrast experiments are scientific research methods designed to help re-
searchers understand the effects of different components of a target detection model on its
overall performance. This means that by modifying certain components, settings, or the
model’s parameters, the contribution of these factors to the model’s performance can
be fully deduced from the findings of the experiment. In this section, the detection per-
formance effects of ISW, TAHNet, and C2f modules when used alone and in different
combinations are discussed in detail. This experiment was verified on the public FLIR
dataset, and a series of comparative tests were conducted based on the framework of the
YOLOv5n model.

As illustrated in Table 3, when the three proposed modules act on the network at the
same time, the model performance is the best. However, the interaction between modules
is not all shared facilitation; for example, the recall of ISW+TAH modules combined in a
stack is 0.7% lower than that of TAH modules alone. The reason for this phenomenon is
that when two modules are used at the same time, if there is a lack of complementarity, in-
volving overlapping information or trying to deal with conflicting information, information
disharmony occurs, resulting in performance degradation. The optimal incremental order
of different module combinations is given and the growth curve of its mAP is intuitively
displayed in Figure 7.

Benchmark module + TAH: First, select the detection header of the optimized network
to increase the positioning ability of the model. When the improved TAH policy is applied
to the network alone, the weight value is obtained via function mapping, and the new
parameter number and complexity are not introduced. Compared to the benchmark model,
the precision, recall, F1, and mAP of the improved detection head increase by 0.7%, 2.0%,
1.0%, and 1.1%, respectively, reducing the problem of missing detection targets.
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Benchmark module + TAH + C2f: Secondly, to strengthen the feature extraction
capability of the backbone, the C2f strategy is proposed to introduce more abundant
gradient information. On the basis of TAH, C2f is added to network training to further
improve the model’s detection effect. The test outcomes showed that the recall increased by
3.3%, mAP increased by 1.9%, and the generalization capacity of the network increased.

Table 3. Comparison of network performance under various combinations modules, where ✓ stands
for the module currently in use.

ISW TAH C2f Precision Recall F1 mAP

85.5 71.3 78 80.9
✓ 86.8 72.8 79 81.9

✓ 86.2 73.3 79 82.0
✓ 85.7 72.1 78 81.4

✓ ✓ 86.4 72.6 79 81.8
✓ ✓ 86.5 73.2 79 82.3

✓ ✓ 85.6 74.6 80 82.8
✓ ✓ ✓ 86.8 75.7 81 84.0

Benchmark module + TAH + C2f + ISW: In the end, to develop the feature fusion
power of the network for multiscale targets, the ISW module was developed to capture
spatial semantic information more comprehensively. The recall, precision, F1, and mAP
of the overall model increased by 4.4%, 1.3%, 3.0%, and 3.1%, respectively, indicating
that the detecting performance of the network on easily blocked infrared objects was
effectively improved. Therefore, the experiment verified that these three modules have
good complementarity and can make up for the defects of different modules to improve
the overall performance and achieve optimal performance.

Figure 7. The mAP performance curves for incremental ordering of modules. The curve shows that
the combination of Benchmark+TAH+C2f+ISW has the best performance.

4.4. Comparison of Diverse Models on FLIR Dataset

To further verify the efficacy of the proposed method, several different single-stage
target detection algorithms were selected by utilizing the uniform equipment and infrared
dataset and setting the uniform experimental arguments. The performance of the infrared
target detection algorithm in a complex environment was compared using various detection
and evaluation indices.

Figure 8 includes the visual effect presentation of the original label, YOLOv5, YOLOv7-
tiny, and the method proposed in this study. Obviously, our proposed model has excellent
performance in detecting easily occluded infrared objects in intricate conditions, which
improves the model’s resistance to noise and interference. For example, on account of
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the low contrast of infrared images in a real environment, the distinction between the
target and the backdrop becomes blurred, increasing the difficulty of detection. During the
detection using YOLOv5 and YOLOv7-tiny, there was a situation of missing detection,
and no distant infrared small target was identified. However, the green circle marked in
Figure 8 indicates that the network proposed in this paper could comprehensively identify
all objects and avoid missing detection, indicating that the improved model has certain
universality and adaptability, not limited to specific types of targets, provides a reliable
solution for application in actual scenes, and can better maintain detection performance
even in the case of intricate conditions or occlusion.

The data in Table 4 clearly reveal that compared with the most advanced target-
detecting models at present, the method in this study provides leading improvements
in several indicators, with mAP, precision, and F1 scores reaching 84%, 86.8%, and 81%,
respectively. Specifically, the proposed algorithm achieves mAP and F1 that are 16.1%
and 13% higher than those of the SSD algorithm, while the model size is only one-fortieth,
demonstrating improved detection results. In addition, our method mAP outperforms the
latest lightweight YOLOv7-tiny algorithm by 5.2% in terms of precision. The above analysis
illustrates that the method in this study has a strong feature expression ability, which is
more in line with real needs and is more stable and reliable for practical use. Figure 9
concisely and intuitively illustrates the overall trend in the model across diverse metrics to
better understand the holistic performance characteristics of the model.

(a)

(b)

(c)

(d)

Figure 8. Visual effects of diverse infrared detection models based on FLIR dataset. (a) Ground truth
of the original label; (b) YOLOv5n; (c) YOLOv7-tiny; (d) ours.
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Table 4. Performance contrast of diverse one-stage models. The best data are described in bold.

Method Size (MB) Params (M) mAP F1 R P

SSD 181.3 91.7 67.9 68 66.2 69.8
YOLOv3-tiny 17.4 8.7 68.4 69 61.5 78.0

YOLOv5n 3.7 1.8 80.9 78 71.3 85.5
YOLOv7-tiny 11.7 6.0 83.1 79 77.3 81.6

Ours 4.4 2.1 84.0 81 75.7 86.8

Figure 9. Various one-stage models’ performance indicators comparison chart.

Within the realm of infrared detection, on account of the open source and data diversity
of the FLIR dataset, many scholars have explored of infrared object detection with a basis
in this public resource in recent years. Therefore, aiming at the three categories of AP
and mAP indicators, this study selected the most popular and excellent infrared image
detection methods to carry out a succession of comparative analyses. In addition to the
YOLO series, the comparison method also included MMTOD-CG, TermalDet, CMPD,
and other multimode detectors based upon the complementary information fusion of
visible and infrared images. Table 5 lists the experimental results of all the above models.

The superiority of the presented strategy is clearly observable in Table 5, where
mAP reaches the highest level of 84% of all comparison models. Specifically, the latest
multispectral pedestrian detection CMPD method achieves more reliable multimodal
feature fusion by attaching a confidence subnetwork; BU(AT, T) adopts a domain adaptation
strategy to retain more visible domain feature information; and these methods achieve
good results. However, the average -recision in the Person category is 15.5% and 9% lower
than ours, respectively. Among the other methods, the highest mAP value was achieved
by the most advanced multistage detector Cascade R-CNN and anchor-free detection
algorithm YOLOX; and our method achieved values 3.5% and 2.8% higher than theirs.
The contrasting results of the data mentioned above prove the validity and rationality of
the module presented in this study. In addition, Figure 10 displays the F1 score curve and
the PR curve for each category of our model.
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Table 5. Performance effect of various algorithms on FLIR dataset when IOU = 0.5. The best two data
are described in bold.

Method Person Bicycle Car mAP

PearlGAN [11] 54.0 23.0 75.5 50.8
MMTOD-CG [37] 50.3 63.3 70.6 61.4

CMPD [38] 69.6 59.8 78.1 69.2
IARet [39] 77.2 48.7 85.8 70.6

YOLOF [40] 67.8 68.1 79.4 71.8
FCOS [41] 69.7 67.4 79.7 72.3

BU(AT,T) [3] 76.1 56.1 87.0 73.1
BU(LT,T) [3] 75.6 57.4 86.5 73.2

TermalDet [42] 78.2 60.0 85.5 74.6
YOLO-FIR [43] 85.2 70.7 84.3 80.1

Cascade R-CNN [44] 77.3 84.3 79.8 80.5
YOLOX [45] 78.2 85.4 80.2 81.2

Ours 85.1 76.8 90.1 84.0

(a) (b)

Figure 10. Performance curves of the proposed infrared target detection method. (a) PR curves;
(b) F1 curves.

4.5. Comparison of Various Models on KAIST Dataset

For the sake of evaluating the universality and reliability of the algorithm, the model’s
performance was further verified on the cleaned KAIST pedestrian dataset in this study.
The results, as displayed in Table 6, in comparison with the most progressive YOLO
series models, the algorithm’s performance presented in this study is better, achieving
ideal results in various evaluation indicators. This demonstrates that our model boasts
a powerful capacity to generalize and can be flexible given the detecting requirements
of various environments. Specifically, our precision, recall, F1 score, and mAP are as
high as 96.6%, 92.2%, 94%, and 97.5%, outperforming the baseline model by 2.4%, 2.5%,
2%, and 2.7%, respectively. In general, our mAP is 2.7 to 17.9% higher than that of other
methods, and the running time is reduced by 50 to 84%, confirming that our model is
highly adaptable to different datasets and reduces the risk of performing well on a single
dataset while having sufficient generalization ability. Figure 11 provides a more intuitive
and clear data comparison trend to fully assess the overall effectiveness of the method
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as well as visually demonstrate the excellent performance of our approach on various
performance indicators.

From the visual detection effect diagram in Figure 12, it is observable that our
model’s detecting efficacy in complex scenes perfectly coincides with the detection target
box of the original mark. Even with interference in the vicinity or unsatisfactory con-
ditions, the method maintains highly accurate detection, indicating that the proposed
model has excellent target information feature transmission ability and generalization
ability and can correctly identify and locate infrared targets in practical applications with
excellent performance.

Table 6. Performance data of different IR detection models based on the KAIST dataset. *-labeled
model results are from [43], and the best data are described in bold.

Method Precision Recall F1 mAP Time/ms

YOLOv3 * 73.5 76.9 75 79.6 25
YOLOv4 * 76.9 75.8 76 81.0 37

YOLO-ACN) * 76.2 87.9 82 82.3 20
YOLO-FIR * 92.1 88.1 90 93.1 12
YOLOv5n 94.2 89.7 92 94.8 5

Ours 96.6 92.2 94 97.5 6

Figure 11. Various YOLO series detection models’ performance indicators comparison chart.
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Figure 12. Visual effects of detection based on original markers and the proposed model on KAIST
pedestrian dataset.

5. Conclusions

To create an innovative solution to the challenges of background noise interference
and target occlusion loss information in thermal infrared images, this study proposed an
infrared object detecting algorithm with a basis in deep learning with efficient feature
extraction in complex scenes. With superior accuracy and robustness compared to other
mainstream models in this field, this algorithm effectively overcomes some of the obstacles
posed by thermal infrared images. To achieve these results, our proposed method utilizes
an ISW module to expand the perception field of the fusion network for input data, which
is beneficial for dealing with different sizes and occluded targets in infrared images. Ad-
ditionally, TAHNet enables the detection head to better handle various shapes and poses,
further enhancing the model’s robustness. Finally, the C2f module optimizes the feature
extraction process, comprehensively capturing different features in the image and more
accurately identifying the infrared target.

Infrared target detection remains a dynamic research area with vast potential for
exploration. The algorithm presented in this study has strong feature expression capacity;
in the future, our primary research emphasis will be on developing a lightweight network
framework, aiming to attain a harmonious balance between exceptional precision and
swift computation. Simultaneously, we intend to validate the detection performance
across a broader spectrum of infrared target datasets. With advancing technology and
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the development of more practical applications, we expect to see increasingly advanced
systems that accurately detect infrared targets in real time.
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