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ABSTRACT In practical scenarios, as the infrared detection range shrinks, the size of infrared small targets will
dynamically increase, and commonly used infrared small target detection and tracking algorithms will not be able to
continue to detect and track them stably. The MMNet (Multi task Matching Network) method is proposed to address the
above questions. Firstly, a lightweight fully convolutional neural network based on codec architecture was designed to
segment infrared images, achieve background suppression and target enhancement; Then, utilizing the significant features of
infrared small targets to further suppress false alarms; Finally, an adaptive threshold method is used to separate small targets.
In the network structure, multiple lower sampling layers are introduced to reduce computation and increase receptive fields.
The testing of real infrared images shows that this algorithm outperforms typical infrared small target detection algorithms in
terms of detection rate, false alarm rate, and operation time, and is suitable for infrared small target detection in complex
backgrounds. For unreliable tracking results, a Kalman filter is used to predict the target position. The experimental results
on the LSOTB-TIR (Large Scale Thermal Infrared Object Tracking Benchmark) infrared dataset show that the improved
algorithm has better performance, with tracking accuracy and success rate improved by 5.7% and 4.2% respectively

compared to MMNet.

INDEX TERMS Target tracking; Air target; Infrared multi-target; Data association; Multi feature fusion.

I. INTRODUCTION

Near infrared (NIR) optical positioning system is based on
the theory of multi camera stereo vision to position the
luminous targets in the NIR band in three-dimensional
space. Because of its non-contact measurement and
characteristics of working in the independent infrared band,
it is widely used in surgical navigation and industrial
measurement and other scenes [1]. The detection of NIR
luminous targets in the field of view is a key technology in
optical positioning. With the continuous development of
imaging technology, the resolution and imaging rate of
images are gradually improved. In the application scenarios
that require high accuracy and high real-time, the system
needs to be able to quickly process a large amount of image
data to complete real-time detection of specific targets,
which puts forward higher requirements for computing
performance [2].

At present, the infrared multi-target tracking method is
mainly divided into two modes: the first is the tracking
method that does not rely on the detection results. The
tracking process is to first mark the candidate box in the
initial frame, and then extract the target features in the
candidate box. According to the proposed features, use
Kalman filter [3] and particle filter method [4] to find the
target position in the next frame. However, in the infrared
scene, the similarity between targets is high, and there is
much noise in the background, so the accuracy of this
method is low and it is easy to deviate from the target. With
the rapid development of target detection technology,
another multi-target tracking method based on detection

results has become the main paradigm of current target
tracking research [5]. The basic process is: the target
detector first obtains the position of the target in each frame
of the image through offline training, and then distributes
the detection results to the existing tracks through data
association technology to generate continuous tracks.
According to the difference of data association algorithm,
multi target tracking technology can be divided into offline
tracking and online tracking. Typical offline tracking
methods include conditional random field [6], min cost max
flow network flow [7], maximum weight independent set
[8], etc. On the one hand, this kind of method can
effectively integrate the information of current frame, past
frame and future frame, which is convenient to deal with
trajectory drift, error matching and object occlusion; On the
other hand, the use of future frames will inevitably lead to
time delay and large amount of computation, which cannot
meet the real-time requirements in infrared target tracking
scenes. Therefore, it is less used in infrared multi-target
tracking. Online tracking methods [9] include the Sort
(Simple online and real-time tracking) method [10] based
on linear Kalman filter. This method first uses the motion
characteristics of the target to correlate the time sequence of
the detection response of adjacent frames frame by frame,
and then uses the Hungarian algorithm [11] to match the
trajectory with the target. Because the method uses the
motion characteristics of the target, it can also be applied to
the infrared scene. It has been studied to improve the anti-
jamming ability of data association algorithm by using
multi feature fusion method [12]. Therefore, in infrared



multi-target tracking, it is proposed to use target appearance
features, motion features and manual design features.
Apparent features are used to describe the appearance
changes of targets, which usually face problems such as
illumination changes and target deformation. Common
features include color histogram [13], gradient feature and
depth feature [14-15]. The motion feature is used to
describe the motion track of the target, which usually
adopts linear motion [16] and nonlinear motion [17].
Manual design features include improved appearance
model [18] and other methods; In order to improve the
performance of the association algorithm, some researches
have refined the data association into multi-layer computing
[19-20]. Some scholars introduced Simaese Network
feature and Kernel Correlation Filter (KCF) in single target
tracking into multi-target feature association [20-21]. Both
of them confirmed that the combination of multiple features
and improved data association are conducive to improving
the accuracy and stability of multi-target tracking. However,
due to the limitation of network training data and the
requirement of algorithm complexity [22], its application in
air infrared multi-target tracking is limited.

Since 2013, deep learning technology has promoted the
breakthrough development of visual object detection
technology [23] In recent years, some scholars have begun
to use depth learning technology to detect infrared targets
[24], but the main research object is the medium scale
infrared targets, and the research on small infrared targets is
less Literature [25 - 26] uses two depth neural networks to
suppress the background of infrared images and classify the
regions of interest, respectively, so as to achieve infrared
small target detection, but there is a situation of repeatedly
calculating image features Literature [27] uses the full
connection neural network and sliding window method to
score the whole image, and then uses the constant false
alarm rate algorithm to extract small infrared targets.
Although only one deep neural network is used, its
receptive field is limited by the size of the window, which
is easy to generate a large number of false alarms in
complex backgrounds.

In order to solve the problem of low SNR infrared detection,
and adapt to the size change of infrared target to achieve
stable tracking, this paper selects the DBT framework to
design an adaptive infrared target size detection and
tracking algorithm, which can sensitively perceive
suspected targets through local SNR screening, and at the
same time, based on the adaptive size segmentation degree
of the target size in the scene, realize the detection of large
size targets, Finally, the optimized Kalman model is used to
predict the target motion to achieve tracking. The
experiment shows that the method can effectively deal with
the detection and tracking under the dynamic change of
target size, and the processing speed meets the requirements
of engineering applications. However, MMNet updates the
target model online with fixed coefficients, and has no
occlusion processing mechanism, so the tracking success
rate is not high in some challenging environments. This
paper proposes to dynamically set the update coefficient of
the target model based on the peak sidelobe ratio, which
can be learned faster when the tracking reliability is high,
and can effectively avoid model pollution when challenged
by occlusion. At the same time, Kalman filtering is used to
predict the target position, which effectively solves the
above problems and further improves the accuracy of
infrared target tracking.

Il. Method and principle

A.MMNet Trace Framework

Liu et al. proposed a multi task framework MMNet at
the AAAI2020 meeting, which can be used to learn the
discriminant and fine-grained correlation features of
thermal infrared targets [8]. Figure 1 shows the MMNet
[28] framework, which includes three categories of
branches: sample classification branch, discriminant
matching branch and fine-grained matching branch. The
sample classification branch and the discriminant
matching branch jointly distinguish different types of
targets, while the fine-grained matching branch is used
to distinguish similar targets.
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In Figure 1, convolution (convolution), GAP (global
average pool), CF (correlation filter), Corr (correlation) and
FANet (fine-grained sensing network) represent
convolution, global average pool, correlation filter, cross-
correlation and fine-grained sensing network respectively.
The fine-grained perceptual network is the core of the fine-
grained matching branch, which is used to learn the fine-
grained correlation characteristics of thermal infrared
images, the architecture of fine-grained perceptual network
and the introduction of related modules.In order to
distinguish different types of targets, MMNet uses CFNet
[29] (correlation filter network) [9] as the basic framework
to achieve discriminant matching. Compared with shallow
features, deep features are more suitable for inter class
discrimination because they contain more semantic
information. Therefore, MNet uses the last convolution
layer of AlexNet's network to achieve discriminant
matching. Suppose a target template image Z € R255 is
given x two hundred and fifty-five x 3 and the
corresponding search area imageY€R?>2?53 | Then the

discriminant matching can be expressed as :

fdisk (Z7 Y) = g(6(¢mnv5 (Z))7 ¢conv5 (Y)) ( 1)

Broms () Represents the last convolution layer
extracted  AlexNet network ;

Where :
feature of the

8. Represents a cross correlation operator; o (- )
represents a differentiable correlation filter layer [30].

Distinguishing similar targets is the difficulty of infrared
target tracking. MMNet solves this problem by obtaining
fine-grained correlation features for fine-grained matching.
Because the shallow features have higher resolution and

contain more fine-grained feature information, MMNet uses
shallow convolution features to learn the fine-grained
correlation features [31]. Similar to discriminant matching,
fine-grained matching can be described by the following
formula.

fﬁﬂ (Z’ Y) = g(a)(¢('unv3 (Z)))7 a)(¢canv3 (Y))) (2)

Where : Brom () Represents the third layer convolution
feature of the extracted AlexNet network; o (- ) represents
the proposed fine-grained awareness network.

In order to effectively obtain the fine-grained correlation
features mentioned in the previous section, MNet has
designed a fine-grained awareness network FANet
composed of the overall correlation module and pixel level
correlation module. Figure 2 depicts the network
architecture. Given a shallow convolution layer
characteristic X € RH X W X C. Then the fine-grained

awareness network can be expressed as:

o(X) = f(9,(X),9,(X)) (3)
Where : @i © Indicates the overall related module ;
) Indicates pixel level correlation module ; YACY) It is

used to fuse the above two association features. In Figure 2,
© represents the multiplication of broadcast elements; ©
Represents batch matrix multiplication; ® Represents the
addition of broadcast elements [32],
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B.AC3 module with attention mechanism

Cao et al. [33] proposed a new instantiation method GCNet
(Global Context Network) of the global context modeling
framework in 2019, which can effectively model the global
context and obtain the global context information. GCNet
includes context modeling and transformation modules. In
the context modeling module, first use convolution and
SoftMax functions to obtain attention weights, and then
pool attention to obtain global context characteristics. In the
transformation module, the feature transformation is carried
out through convolution, so that the model can establish the
channel dependency; Finally, the broadcast addition method
is used to aggregate the global context features to the
features of the corresponding location to achieve feature
fusion, so that the model gives greater weight to important
semantic features.

Although GCNet can enable the model to adjust the channel
weight of important feature information well, it does not
have the ability to locate the global position feature
information of the target in the face of street scenes with
complex backgrounds. Therefore, inspired by the
coordinate attention mechanism [34], this paper improves
the GCNet attention module and proposes an attention
module that is more suitable for infrared target detection in
complex backgrounds. It can better obtain the position
dependency and attention weight of the target in the global
scope, and more accurately locate the target. Figure 3
shows the improved attention module. In the module, the
global average pooling in different directions is introduced
and coded separately to enhance the sensitivity of the model
to target feature channels in different directions. In the

module of acquiring target location information, the
following steps are adopted to extract and fuse location
features. The first step is to pool the input feature map
horizontally and vertically. One direction is used to capture
the remote dependency of target location features, and the
other direction can retain accurate target location
information. The second step is to splice these feature
information into channels to aggregate the location remote
dependencies in different spatial directions and generate
independent location feature mapping. In the third step, the
aggregated features with direction perception and location
information are coded, and then the channel is cut to re
divide them into location feature information in different
directions and coded again. The fourth step is to fuse the
direction sensing and position sensitive attention map with
the original feature map, so as to embed the global position
information of the target into the feature channel, so that the
model can quickly locate the target. In the last step, the
feature map embedded with position information is input
into the context modeling and transformation module to
adjust the channel weight. In order to make the attention
module lightweight, the convolution is used in both the
target location information acquisition module and the
conversion module to reduce the number of channels in the
feature map, which can significantly reduce the number of
parameters. The improved attention mechanism introduces
average pooling in different directions to embed the
location information of the target in the feature channel, so
that the model can more easily capture the long-distance
dependency between targets, greatly improve the model's
ability to locate targets, and effectively suppress the impact



of complex backgrounds on detection performance, which
is very important for target detection tasks. It is worth
mentioning that in the face of relatively conventional street
scene target detection tasks, although there is less
background feature information, the detection results are
also inevitably interfered by the background information.
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Therefore, when performing target detection tasks in
general scenes, it is also necessary to add global average
pooling in different directions to the attention mechanism to
enhance the model's ability to locate targets, Reduce the
impact of background information on detection
performance.
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Fig.3 Improved attention module

In order to verify the effectiveness of the improved
attention mechanism for street scene target detection task,
this paper uses the improved attention module to improve
YOLOVS5 network. C3 residual block is the most important
feature extraction module in YOLOVS5 [35]. It is distributed
in the model skeleton (Backbone) and neck (Neck),
composed of multiple residual structures, and integrates
feature information at different scales, which is related to
the overall feature extraction ability of the model and plays
a crucial role. In order to make the improved attention
module better adjust the feature channel weight and reduce

Repeat X times

Input

Conv1

the parameter amount, this paper only adds the attention
module to the convolution block at the end of the C3
residual block, and names the new module AC3. The
specific introduction position of the attention module is
shown in Figure 4, which is between the normalization and
the SiLU activation function. Convl, Conv2, Conv3, and
Conv4 all represent ordinary convolution blocks, including
standard convolution, normalization, and activation
functions. BN represents batch normalization, Attention
represents the Attention module, and SiLU represents the

SiL.U [24] activation function.
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Fig.4 Attention C3 module

C.Adaptive detection and tracking algorithm for infrared
target size change

In this paper, DBT detection and tracking framework is
selected, and low SNR threshold filtering is used to
establish suspect target database. Key features of suspect
targets are extracted through region growth based on gray
level, and the target database is sorted based on the SNR
and other features of suspect target database to simplify the

target database; For the problem that the target size changes
dynamically and may be wrongly detected as the
background, this paper decomposes the target that exceeds
the local SNR detection window size through adaptive size
segmentation, and then re detects and corrects the suspected
target library. On this basis, this paper uses Kalman
filtering to predict the short-term displacement of the target,
and updates the target track database in real time through



key information matching between target frames, so as to
effectively achieve target tracking. The algorithm flow

chart is shown in Figure 5.

Adaptive size
segmentation for
large targets

SNR screening - Establish Target
establishmentof — Regional growth target , Kalman ey Target
target library feature extraction chains predicts s information
Compact target
library for small

Fig.5 Our algorithm flow chart

In the pre-processing process, in order to avoid the
reduction of efficiency caused by a large number of sorting
operations, this paper selects mean filtering to initially
suppress the impact of white noise, and in order to reduce
the impact of blind elements in infrared data, the proportion
of filter center core is appropriately reduced. The adjusted
convolution core is shown in Formula (4).
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The infrared small and weak targets in complex scenes are
characterized by low contrast and low signal-to-noise ratio.
It is not effective to detect targets in a single frame image
by relying on commonly used shape, grayscale, gradient
and other features. It can be observed that the performance
of infrared small and weak targets in complex backgrounds
tends to highlight the brightness and color features in local
areas, and the noise changes violently [36]. Therefore, this
paper refers to human visual attention mechanism, That is,
human vision in complex scenes will be attracted by local
areas with sharp changes in brightness, color, etc. The
signal to noise ratio that can sensitively perceive the
brightness changes in infrared scenes is selected as the
feature basis for target preliminary screening.
First, the sliding window is used to traverse the image to
extract the local SNR. The center of the window is used as
the preselected target position, and other pixels in the
window are used as the background by default. In order to
ensure the calculation efficiency and avoid target
undetected due to too large window, the sliding window
size is set to 5 X 5. The target position is 5 pixels of the
central area (3 pixels in a single direction). Then calculate
the target signal-to-noise ratio, and judge whether the
position is a suspected small target by comparing the
brightness and other characteristics of the preselected
position pixel under the local background, that is, the ratio
between the difference between the target gray level and the
background average gray level and the background gray
level root mean square, as shown in Formula (5).

Gray,arget - Gray), "

MSE gy (5

Where: Grayuge: is the target gray scale; Grayp, is the
average gray level of the background; MSEgry is the root
mean square of the background gray scale. There is also a
crucial parameter selection in the SNR screening, namely

SNR =

the SNR threshold, which is related to the number of
suspected targets segmented. The commonly used SNR
threshold value is 2 or 3. For this paper, we choose to test
under the sea surface looking down background. When the
threshold value is 3, 178 suspected targets are extracted.
When the threshold value is 2, 1267 suspected targets are
extracted. The extraction of too many suspected targets
brings about a decline in computational efficiency and an
increase in false alarm rate. Therefore, this paper sets the
SNR threshold value as 3, and on this basis, we sort the
extracted SNR of suspected targets, Record the SNR and
position information of the first 20, middle 20 and last 20
suspected targets, and add them to the target library [37], as
shown in Figure 6.
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Fig 6 Original Signal to Noise Ratio (top) and Suspected Target after
Segmentation (bottom)

Grayscale is a significant feature that distinguishes infrared
targets from background. Therefore, after the initial
screening target database is constructed through the signal-
to-noise ratio, the key information of the target is further
extracted with the help of gray area growth. Take the position



of the initial screening target centroid as the center, and select
the size of 5 x 5. The default window edge is the background.
In order to reduce the influence of false alarm, the gray
threshold is set to 50% of the average gray level of the
background and the maximum gray level interval, and the
pixel whose gray level is greater than the gray level threshold
in the window is extracted as the target. When the target
position is at the edge of a certain direction of the window
[38], expand the edge of the window in that direction. If the
size of the target in that direction is larger than the maximum
target size in the target library, discard the suspected target; If
the size is not exceeded, re select the grayscale threshold for
the expansion window, extract the target pixel position and
its key features (size, grayscale, real signal-to-noise ratio,
etc.), and add them to the suspected target database.

Different algorithms and systems have different boundary
definitions for the size, energy strength and other
characteristics of infrared targets. In order to explain the
rationality of the definition of target size in this paper, we
analyzed it from the theoretical level and verified it by
experiments. Take 6 m first x The target plate of 6 m is input
as the target size [39], and the image size of this data set is
256 x 256 is the detector specification, and the field of view
angle matching is 10 ° x 10 ° (meeting the detection
performance requirements of imaging size more than 1 pixel
at a distance of 5 km).

The image size of targets at different distances calculated
from far and near is shown in Table 1. When the target is 1.5

km or more away from the detection system, the image size
changes more acutely with the distance change. The number
of pixels per 500 m interval increases by more than 1 pixel,
which has exceeded the category of weak point targets whose
size is generally within the range of 1 to 3 pixels. Therefore,
this paper defines the image as 5 x Those with more than 5
pixels are large-sized targets, which can not only contain
weak point targets with the size of 1-3 pixels, but also reserve
space for algorithm switching and downsampling with the
growth of target imaging pixels [40].
TABLE | IMAGING PIXELS AT DIFFERENT DISTANCES

Imaging pixel
Distance/km dimensions Pixel growth
5 1.76x1.76 -
4.5 1.94x1.94 0.18
4 2.22x2.22 0.28
35 2.51x2.51 0.29
3 2.93x2.93 0.42
2.5 3.52x3.52 0.59
2 4.4x4.4 0.88
1.5 5.9x5.9 1.5
1 8.8x8.8 2.1
0.5 17.5x17.5 8.7

In order to further illustrate the applicability of the size
definition in different scenes, this paper takes the complex
cloudy, sea antenna and sea surface overhead background
data sets as the experimental input, and the detection gates
are defined as 3 x 3, 5 x5, 8 x 8 and 12 x 12, that is, the
size target boundary, and the test results are shown in Table 2.

TABLE 2 EXPERIMENTAL RESULTS OF CORRESPONDING DETECTION GATES UNDER DIFFERENT SIZE DEFINITIONS

Gate  Complex and cloudy background Top view background of sea surface Sea antenna background

size/ Detectio  Undetecte False Frame Detectio Undetecte False Frame Detectio Undetecte False  Frame

1 n d rate/% alarm rate/H n d rate/% alarm rate/H n d rate/% alarm  rate/H
tracking rate/ z tracking rate/ z tracking rate/ z
rate/% % rate/% % rate/% %

3x3 98 2 7.4 55 90 10 7 51 91.8 8.2 5 56

5x5 98.5 1.5 7 50 94.1 5.9 2 48 93.5 6.5 3 52

8x8 98 2 6 44 95 5 5 43 92 8 3.2 46

12x1

2 94.4 5.6 15 31 91.2 8.8 12 29 88.6 114 4 31

In the test scenario, due to the adoption of 3 x 3. The
detection range of the size gate is small. When the SNR is
initially screened in the full image detection, it is easily
affected by the flicker point noise in the scene, resulting in a
false alarm rate slightly higher than 5 x 5 Gate detection. At
the same time, in the sea surface looking down multi-target
scene, the size of a target that appears for the first time
exceeds 3 x 3. The algorithm did not downsample in time,
resulting in a high rate of missed detection. In addition 3 x
Although the processing efficiency of 3 size gate detection is
improved, it will lead to more frequent downsampling,
resulting in limited frame rate increase. twelve x The size of
12 is firstly that the number of single wave gate processing
pixels is increased to 144, which greatly affects its processing
efficiency; Secondly, as the processing range of single wave
gate becomes larger, weak point targets of 1~2 pixels will be
mistakenly detected as flickering noise, resulting in missing
detection; Finally, during the initial screening of the full
picture signal-to-noise ratio, the sea clutter in the sea surface
overhead background and small clouds moving with the

background in the cloudy scene will be wrongly detected as
targets, resulting in a high false alarm rate. eight x 8
Dimension detection performance and 5 x 5 The size is
similar, but the processing frame rate decreases slightly due
to the increase in the number of pixels processed by the
single wave gate. Therefore, for the data set in this paper
where the size of weak point target gradually increases from
1 to 3 pixels, the definition is greater than 5 x The size of 5
pixels is a large target, using 5 x 5 wave gate detection is
appropriate; For other data sets, it is necessary to redefine the
size and set the detection gate according to the initial size and
change rule of the target and the actual scene noise.
IV.Experiment

A.Experimental environment

We implemented the proposed target tracking algorithm
based on MMNet algorithm framework using Matlab2016b
programming language. In order to verify the effectiveness of
the algorithm proposed in this paper, experiments were
carried out on a PC equipped with 17-10700 2.9 GHz CPU
and TX-1080 GPU, and MMNet, HCF (Hierarchical



Collaborative Features) [12], HSSNet, MCCT (Multi Cue
Correlation Filters for Robust Visual Tracking) [13],
MLSSNet, CFNet SRDCF (Spatial Regulated Discriminatory
CorrelationFilters) [14] and other seven advanced trackers
were compared.

This algorithm uses Stochastic Gradient Descent (SGD) for
network training. The training adopts the same mixed
training mode as MMNet, that is, the thermal infrared image
data set and the visible light image data set [15] are mixed as
the final training set. In terms of test set selection, this paper
selects LSOTB-TIR [16] as the test data set. LSOTB-TIR is a
large-scale and highly diversified thermal infrared universal
target tracking data set proposed in 2020, which includes four
common application scenarios in the civil field: hand-held
camera shooting scenarios, vehicle shooting scenarios, video
surveillance shooting scenarios, and unmanned aerial vehicle
shooting scenarios, covering five categories of targets:
animals, pedestrians, vehicles, ships, and aircraft. Compared
with other infrared data sets, LSOTB-TIR almost covers the

target categories of interest in thermal infrared target tracking.

In this paper, 25 typical infrared target video sequences are
selected from the above four common application scenario
datasets in civil fields for testing, and the average tracking
speed of the proposed algorithm is about 19.2 FPS.
B.Convergence rate, thermodynamic diagram and loss
analysis

In order to study the dynamic impact of different
improvement methods on model detection results, Figure 7
shows the dynamic impact of different improvement methods
on mAP (IoU=0.5) with the increase of training times. It can
be seen intuitively from the figure that the detection results of
any improved method are faster than that of the original
YOLOvVSs model. When the three improved methods are
added at the same time, the detection effect is the best and the
convergence speed is the fastest. This is due to the addition
of SSPPF and attention module, which enhances the feature
extraction ability of the model and makes the model more
focused on target information. In addition, the
reprogramming of BN also alleviates the performance
degradation of the model. It can be seen from the figure that
Strip YOLOs has achieved a good detection effect when
training to about the 100th time, which can significantly
reduce the number of training.

0.80
0.78
0.76
0.74
0.72 —— YOLOv5s
| — Strip-YOLOs With SSPPF
— Strip-YOLOs With GCNet
0.70 ~——— Strip-YOLOs With BFN
' Strip-YOLOs With SSPPF and GCNet and BFN
0 50 100 150 200 250 300
Steps
Fig.7 Dynamic influence of different improvement methods on mAP
(loU=0.5)

In order to more intuitively reflect the effectiveness of the
improved method, inspired by the class activation mapping
CAM (Class Activation Mapping) [28], this paper, based on
the confidence level of the target, draws the thermal maps in
the detection head used to detect targets of different scales
(small target 80x80, medium target 40x40, large target
20x20). As shown in Figure 8, the first and second lines
show the visualization results of small, medium and large
target feature maps of YOLOvSs and Strip YOLOs detection
heads. It can be seen from the visualization results that Strip
YOLOs pays attention to more semantic information (such as
pedestrians on the right and cars on the left in the figure).
This is because the pooling core used in the SSPPF module is
bar shaped and no longer a regular shape, which creates a
global dependency between isolated objects in the image, and
reduces the loss of pedestrian and bicycle features and the
pollution of semantic information between objects, The
feature information between targets is no longer jumbled
together, which enhances the robustness of the model. In
addition, the PPM in the MPM module can also extract local
semantic information between dense targets (such as densely
distributed pedestrians on the right side of the figure), which
makes the model rich in more semantic information. Finally,
the addition of attention mechanism also makes the model
more accurate in positioning the target, and pays more
attention to the feature information of the target. The above
further proves the effectiveness of the improvement method
in this paper.
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Fig.8 The thermal maps of the feature maps for the detection of different size target in the detection head based on the confidence degree

The loss function is very important for the deep learning
model. It reflects the internal relationship between the
predicted value and the real value, and directly affects the
quality of the model training. The smaller the loss function,
the closer the predicted value is to the true value, and the
better the detection performance of the model. The loss
composition of Strip YOLO is the same as that of YOLOVS,
including confidence loss, classification loss and boundary

box positioning loss. Figure 9 shows the impact of different
improvement methods on model loss. It can be seen from the
figure that the improved Strip YOLOs model has less loss in
the verification set than YOLOvS5s. This proves that Strip
YOLs extracts more semantic information, reduces the loss
of feature information in the image, and its predicted value is
closer to the real value.

YOLOvSs — YOLOvSs
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Fig.9 Loss comparison of different improved methods on FLIR verification set
C.Contrast experiment pooling operation for the model, this paper will use the

In order to more objectively reflect the impact of different
improved methods on model detection performance, this
paper conducts a comparative experiment on Strip YOLOs
on FLIR dataset. In this paper, the test results of YOLOvSs
are taken as the baseline, and the effects of different
improvement methods on the detection performance,
convergence rate, thermodynamic diagram of the
characteristic diagram of YOLOv5s are recorded and
analyzed respectively. 3.2.1 Effectiveness of different
improvement methods Table 3 shows the impact of different
improvement methods on YOOvS5s detection results, and
Table 4 shows the impact of different improvement methods
on the detection accuracy and recall rate of various categories
of targets. 1) Effectiveness of SSPPF. In order to reduce the
problem of feature pollution and feature loss caused by rule

SSPPF module reconstructed by strip pooling to join the
backbone network, which reduces the feature loss of the
model for long and narrow targets and the feature pollution
between unrelated targets. At the same time, the model will
establish a long-term dependency relationship in the whole
office, and enrich the global relationship between targets.
The first group of comparative experiments in Table 3 shows
the comparison of detection performance between YOLOvVS5s
and SSPPF module only. It can be seen that when the module
is added to SSPPF module alone, the model's mAP (IoU=0.5)
increases by 0.9% and F1 increases by 2.1%, which proves
that the addition of SSPPF module can make the model better
adapt to the changes of target shape, enrich more feature
information and reduce feature loss, especially for narrow
pedestrians and bicycles. The first group of comparative



experiments in Table 3 also verified this conclusion. It can be
seen from the first and second rows in Table 4 that the recall
rate of the model has increased significantly after the SSPPF
module is added, especially for relatively narrow pedestrians
(the recall rate has increased by 0.7%) and bicycles (the
recall rate has increased by 3.6%). This again proves that the
addition of SSPPF can effectively reduce the missed
detection rate of the model for long and narrow targets. In
addition, because PPM in MPM focuses important features
on smaller feature maps, and uses addition to the original
features for feature fusion, which increases the weight of
target features, the accuracy of the model is also improved
accordingly. 2) Effectiveness of AC3. In order to make the
model locate the target more accurately and reduce the
impact of complex background on the detection performance,
this paper embeds the direction sensing information and
global target location dependent features obtained by
different direction pooling operations into the channel, which
makes up for the lack of global target location information in
GCNet, and enhances the model's ability to locate the target.
The second group of comparative experiments in Table 2
shows the comparison of detection performance between the
model without attention module and the model with attention
module. It can be seen that the mAP (IoU=0.5) of the model
with attention module is improved by 0.3% and F1 is
improved by 1.6%. This is because the model is more
sensitive to the location information of the target due to the
addition of global direction pooling, and the spatial
dependency between global target locations is established.
The second group of comparative experiments in Table 3
once again supports this conclusion. From the experimental

results in the first and third lines, we can see that after adding
the AC3 module, the accuracy of the model is further
improved (the average accuracy of the three categories is
improved by 2.8%), which shows that the addition of the
AC3 module can enable the regression box generated by the
model to more accurately locate the target rather than the
background. 3) Effectiveness of BN distribution re planning.
In order to alleviate model degradation and improve
detection performance, GN is used to re plan the distribution
of normalization operations in the model, which blocks the
accumulation of BN estimation offsets. The first and fourth
rows in Table 2 show the detection performance comparison
of YOLOVvS5s after the BN distribution is not re planned and
the BN distribution is re planned. It can be seen that the mAP
(IoU=0.5) of the model is improved by 0.8% and F1 is
improved by 1.4% after the re planning, which fully proves
that the re planning of BN effectively alleviates the
performance degradation of the model and improves the
detection performance of the model. The comparative
experimental results in the first and third rows in Table 3
verify this result. It can be seen from the results that after the
BN distribution is re planned, the accuracy and recall of the
model have been greatly improved (the accuracy of bicycles
and cars have been improved by 0.4% and 1.1% respectively,
and the recall of pedestrians and bicycles have been
improved by 1.7% and 3.8% respectively). It is worth
mentioning that since only part of BN is replaced with GN
after re planning, the detection speed and parameter quantity
of the model are almost the same as those of the original
model, which will not affect the detection speed of the model.

TABLE 3 EFFECTS OF DIFFERENT MODIFIED METHODS ON MODEL DETECTION PERFORMANCE

SSPPF AC3 BEN léepo(;(l)e[/J%O.S) Bicycle/%  Car/% mAP(IoU=0.5)/% F1/% Time/ms Params/M  FLOPs/B
82.6 63.4 90.4 78.8 75.6 10.8 7.1 16.0
V 84.4 64.0 90.5 79.7 77.7 14.2 7.3 18.6
N 83.3 63.6 90.4 79.1 77.2 16.8 7.9 16.6
N 83.9 64.8 89.9 79.6 77.0 11.3 7.1 15.9
v v v 84.8 67.1 90.5 80.7 78.0 20.4 8.1 19.3
TABLE 4 THE IMPACT OF DIFFERENT IMPROVEMENT METHODS ON THE ACCURACY AND RECALL OF VARIOUS CATEGORIES OF TARGETS
P/% R/% R/%
SSPPF AC3 BFN People/% Bicycle/%  Car/% People/% Bicycle/%  Car/%
84.9 74.9 82.1 80.6 73.0 55.3 85.4 71.2
N 86.9 78.0 84.5 83.2 73.7 58.9 85.6 72.8
N 85.8 78.9 85.6 83.4 73.6 56.6 85.0 71.8
v 84.9 75.3 83.2 81.3 74.7 59.1 85.3 73.1
v v v 86.2 82.2 87.1 85.2 73.0 58.9 83.7 71.9
D.data set higher than 84%. As the detection threshold decreases, the

Seven algorithms are tested on the test data set. The ROC
curve is used to compare the detection performance of
various algorithms. The results are shown in Figure 10 The
ROC curve of our algorithm is located at the top left of other
algorithms, which shows that its detection performance is
better than other algorithms When the false alarm rate is 3.2
x At 10-6, the detection rate of this algorithm has exceeded
92%, while the detection rate of other algorithms is not

false alarm rate and detection rate of various algorithms
gradually increase Among them, the detection rate of ADMD,
MaxMedian, and FM - DNN algorithms has an obvious
growth trend, but when the detection rate exceeds the
algorithm in this paper, the false alarm rate has been greater
than 6.9 x 10-5, more than 21 times of the algorithm in this
paper 50 sheets 128 are selected in the test set x 128 infrared
images. Then the algorithm in this paper and six comparison



algorithms were tested for multiple rounds of speed. Finally,
the average time of each algorithm to process a single image
was obtained, as shown in Table 5 It can be seen that the

algorithm in this paper has the shortest operation time.
TABLE 5 AVERAGE RUN TIME OF DIFFERENT ALGORITHMS

Metho ADM IPI  LIG MaxMedi FEMDN FCN S-
d D M an N FCN
Times 0996 086 028 0219 0066  0.16 003
/s 6 4 4 3
1.0
0.8 e
: 7
i —— ADMD
0.6 — IPIM
— LG
0.4
MaxMediam
FMDNN
0.2
/ FCN
0 S-FCN
10 105 104 108 102
F,

Fig. 10 ROC curves of different algorithms

V.Conclusion

In this paper, an idea based on hierarchical data association is
proposed to solve the problem of air infrared multi-target tracking.
First of all, based on the characteristics of infrared scene, this paper
proposes to construct the similarity of three features: appearance,
motion and scale. Then a hierarchical data association method is
proposed. The experiment shows that Strip YOLO algorithm has
excellent performance on FLIR dataset, especially for long and
narrow targets in infrared images. The comparison experiment
verifies the effectiveness and rationality of various improvement
methods. In addition, Strip YOLO is also lightweight. The improved
module only adds a few parameters, ensuring the ability of real-time
detection. In the future, we will continue to optimize the main
feature extraction part of the model, improve the feature extraction
ability of the model for small targets or targets that are difficult to
detect, and at the same time ensure the real-time detection ability of
the model. Experiments show that the algorithm in this paper can
reach the capacity level of the traditional DBT algorithm in small
and weak target scenes, and the processing speed has been improved
slightly. For the scene where the size of the target selected in this
paper changes dynamically and there are large targets, The detection
and tracking rate of this algorithm is improved by about 10%
compared with the traditional algorithm.
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