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Abstract

Aiming to the problem of pedestrian tracking with frequent or long-term occlusion in complex

scenes, an anti-occlusion pedestrian tracking algorithm based on location prediction and deep feature

rematch is proposed. Firstly, the occlusion judgment is realized by extracting and utilizing deep fea-

ture of pedestrian’ s appearance, and then the scale adaptive kernelized correlation filter is intro-

duced to implement pedestrian tracking without occlusion. Secondly, Karman filter is introduced to

predict the location of occluded pedestrian position. Finally, the deep feature is used to the rematch

of pedestrian in the reappearance process. Simulation experiment and analysis show that the pro-

posed algorithm can effectively detect and rematch pedestrian under the condition of frequent or long-

term occlusion.
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0 Introduction

Pedestrian tracking is an important research area of
computer vision and pattern recognition. It has been ap-
plied in many fields such as video monitoring, automatic
driving, and unmanned aerial vehicle. Especially in
the field of security, pedestrian tracking is considered
as the most fundamental technique to complete trajecto-
ry analysis, traffic monitoring, gait recognition, and so
on'"?'. Tt is well known that pedestrian is difficult to
be detected accurately when they are occluded, even
caused the phenomenon of losing track. In terms of the
duration of occlusion, pedestrian occlusion is mainly
divided into the short-term occlusion and the long-term
occlusion. Besides, in terms of the area of occlusion,
it can be divided into the partial occlusion area and the
complete occlusion'®’.

In general, the tracking processes of pedestrians
that are completely occluded can be mainly divided in-
to 4 stages: (1) Target tracking before occlusion; (2)
Occlusion judgment of pedestrian; (3) Prediction of
pedestrian position under complete occlusion; (4) Re-
match of pedestrian under reappearance or loss. Bolme
et al. ™) used the correlation filtering to solve the pe-
destrian tracking problem. The filter is designed ac-

cording to the minimum output sum of squared error
(MOSSE) , which can localize the pedestrian accord-
ing to the criterion of maximum of the response. But
given the fact MOSSE only utilizes the gray feature, it
is easy to cause tracking drift problem in some complex
situations. Henriques et al. "*! proposed a novel kernel-
ized correlation filter (KCF), the ridge regression of
linear space is mapped to the high-dimensional space
by kernel function. The real-time and accuracy of pe-
destrian tracking are effectively improved. And on that
basis, Li and Zhu'® designed a new scale adaptive
kernel correlation filter tracker with feature integration
(SAKCF), which furtherly improves the accuracy of
target tracking. Aiming to the problem of partial occlu-
sion, Huang et al.'”! proposed an anti-occlusion and
scale adaptive kernel correlation filter ( ASAKCF) , the
occlusion judgment mechanism of ASAKCF can effec-
tively deal with partial and short-term occlusion prob-
lems. In Ref. [8], the Kalman filter'”' and the cam-

' were combined. Kalman filter and

shift strategy[m
camshift strategy are separately utilized to the position
prediction and identification of occluded target. Aiming
to the problem of complete occlusion, Ma and Wang'""'"*'
introduced the online target detection mechanism after
the tracking failure. Among them, Ref. [11] used sup-

port vector machine (SVM) online detection method to
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deal with occlusion or loss of tracking rematch prob-
lem. In Ref. [12], the single shot multi box detector
(SSD )™ was applied into the correlation filter to
identify and locate the target, its advantage is the abili-
ty to long-term track the target. Although the above al-
gorithms can solve partial and complete occlusion prob-
lems to some extent, they still have some defects such
as weak detection ability and poor matching effect.

A novel anti-occlusion pedestrian tracking algo-
rithm based on location prediction and deep feature re-
match (ALPDFE) is proposed in this paper. Iis goal is
to solve the tracking problem of pedestrians under fre-
quent or long-term complete occlusion. The algorithm
uses the deep feature of pedesirian’ s appearance to
judge the occlusion. When the pedestrian is not occlu-
ded, SAKCF is used to estimate pedestrian location
and scale. When the pedestrian is occluded, the loca-
tion is predicted by Kalman filter. When pedestrian re-
appears, the deep feature and YOLOv3 method"'*) are
used to realize the judgment and rematch of pedestrian
tracking. The main contributions of this paper are as
follows : Firstly, we design a new occlusion judgment
method which uses the deep learning strategy to extract
pedestrian features. Secondly, in order to accurately
estimate the pedestrian location in the occlusion or non-
occluded conditions, we propose a location prediction
structure by combining correlation filter with Kalman
filter.
process, the deep features and target detection method

Thirdly, aiming to the pedestrian reappear

are introduced to realize the pedestrian rematch
process.

1 Scale adaptive kernelized correlation filter

1.1 Kernelized correlation filter

(1) Filter train

Giving the training sample of tth frame (u,, y,),
the goal is to train the filter h, which minimizes the
squared error between sample #, and its regression tar-
get y,. u, can be obtained by the circulant matrix based
on the pedestrian’ s appearance feature, y, is consid-
ered as the filter response, which will take the maxi-
mum response value in the pedestrian location. The
mathematical expression for the above model is as fol-
lows.

. n i i\ 2
min 3" (Fu) -y + A |k, |5
t
i = 1 ’2 : ot % n ( 1 )
where i denotes the index of training samples, A de-
notes the regularization parameter used to prevent over-

fitting. According to the basic knowledge of kernel
function, h, is represented by the feature mapping

function ¢.

h,= Y, ale(u) (2)
where a, denotes the filter parameter after mapping.
According to the properties of circulant matrix and Fou-
rier transform, the solution of filter e, is quickly calcu-
lated in the frequency domain.

a =y/(K(u,, u) + 1) (3)
where ~ denotes the frequency domain form after Fou-
rier transform, ¥, is the ideal filter response, K denote
the kernel matrix in the frequency domain. The inverse
Fourier transform of @, is the required solution .

The expression of K corresponds to the kernel
function. For Gaussian kernel function, the kernel ma-
rix*) K is express as

K(”t’ ut) =
exp( - = Cllu, I* + I, |* -2F7 (& ©R)))
(4)

where F~' denotes the Fourier inversion operation, #
denotes the complex conjugate operation, o denotes the
parameter of Gaussian kernel, © denotes the dot-prod-
uct operation.

(2) Pedestrian location

Let u', and @', represent the sample model and fil-
tering parameter model of tth frame, respectively. In-

put u,,, for the ¢ + 1 frame, the filter response J,,, can

t+1

be calculated in the frequency domain.

Vo = K(u,,, v',)0a, (5)

The Fourier inversion of y,,, is y,,;. The coordi-
nate corresponding to the maximum value of y,,, is the
pedestrian location.

(3) Filter update

As the appearance of pedestrian changes, update
u', and @', with new sample #,,, and filter parameter

a, ., based on the i + 1 frame pedestrian location.

{ulu-l = (1 - ﬂ)u’t + nl_lul (6)

@, = (1 - ”’I)[l’t 7 &t+1
where 7 denotes the learning rate.

1.2 Scale adaption

KCF is fixed size on the sample during the track-
ing process, so it is unable to deal with the scale varia-
tions of target. Based on the scale pyramids strategy,
SAKCF'® can realize the adaptive regulation of pedes-
trian scale by sampling different-sized candidate re-
gions. Define the sth frame pedestrian size and the
scale pool as W x H and s.

s = jgf j=l2--Fk (7)
here, j denotes the index of scale. In the ¢ +1 frame,
sampling the image according to s, we can obtain some
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image patches u)  of size s;W x s;H. Andu’  is adjus-
ted to the fixed size by bilinear interpolation, the filter
response of #” | can be obtained by Eq. (5).

y(ul,) = F'(K(u', u} ) Oa) (8)
The different filtering responses y (u’ ) for differ-

ent s; can be obtained. s denotes s; corresponding to the
maximum value of filter response.
s’ = argmax{y(u’ )| s; e sf (9)
Therefore ,

scale and s', the ¢ + 1 frame pedesirian scale is consid-

ered as s'W x s'H.

according to the ¢ frame pedestrian

2  Anti-occlusion pedestrian tracking algo-
rithm

Although SAKCF has a better tracking perform-
ance, it cannot handle the tracking problem of com-
plete occlusion effectively. According to 4 stages char-
acteristics of complete occlusion tracking process, a
novel anti-occlusion tracking algorithm is proposed.
Specifically, it is divided into the following 3 steps. In
the 1st step, a new occlusion judgment approach is de-

Input Conv 1
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I\J
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signed. In the 2nd step, the pedestrian position is pre-
dicted during tracking failure and occlusion by Kalman
filter. In the 3rd step, a new rematch strategy is pres-
ented for pedestrian reappearance.

2.1 Occlusion judgment

Appearance feature will be changed when pedes-
trians are occluded. Therefore, we calculate the track-
ing quality according to appearance features to deter-
mine whether there is occlusion. In recent years, the
deep leamning techniques have emerged as effective
methods for the representation of appearance feature,
which can learn features automatically from data. Wo-
jke and Bewley'™ designed the light weight convolu-
tional neural network (LWCNN) that its architecture is
shown in Fig.1, and used the deep cosine metric
learning method to encode similarity directly into the
training objective. The algorithm can obtain the better
results for pedestrian re-identification. Using the ex-
tracting idea of pedesirian appearance features in

Ref. [15],

lows.

the tracking quality is calculated as fol-

Residual 9 Densel0

/ 128 | (] 128
32% 32( o8 | 1681_/ 128

3x3/2 3x3/1 3x3/2 3x3/1

Fig.1 The network architecture of LWCNN

Let a 128 x 64 RGB color image paich enter into
LWCNN,

RGB color image through a series of convolutional lay-

and the feature size is mapped as 16 X 8

rs. A global feature vector m of length 128 is extrac-
ted by fully-connected layer.
s Mg | (10)

The appearance features m, and m, of the above 2

m=[m,m,

image patches are extracted separately. Then the simi-
larity between the feature vectors can be calculated as

T
m, -m
(p( ml ’ m2) 1 : ( 11 )
[y (|2 | my |,
where || - | , denotes the 2-norm of vector.

the same pedesirian has a
higher degree of similarity in different frames when there
is no occlusion as Fig.2(a). The similarity is low when

As shown in Fig. 1,

different person or existing occlusions as Fig.2(b) and
Fig.2(c). Thus,
tracking quality is effective.

the method used to calculate the

n

F 2"
r&!

Patch:
-
Similarity:  0.867 0.628 0.28 0 81
Scene: . (c) Different  (d) Adjacent
(a) Normal (b) Occlusion person frame

Fig.2 Cosine distance of deep features for different patch

Constructing the feature template set M. The
maximum cosine distance by calculating between m
and M is used to represent the tracking quality.

=¥(m,M) = max{P(m,, m) | m, e M}
=1,2,---, N (12)
where, N denotes the size of M.

It is worth noting that suppose only pedestrian
deep feature form the previous frame is used as tem-
plate, because the transformation of pedestrian appear-
ance is slow in the adjacent frame, even if there is oc-
clusion, they will have a high similarity. The template
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is updated at a fixed interval in Ref. [16 ], which can
not only decrease calculation amount, but also avoid
the problem of template drift. Thus, the deep features
m of pedestrian every Y apart frame can be extracted
and then the tracking quality ¢ is calculated. If ¢ is
more than the threshold ¢,, it can be considered that
the tracking result is normal and m can be used to up-
date the feature template.

M=(M®m)[N] (13)
here, @ denotes add the m template to the feature
template set M. [ N] is for selecting the latest N fea-
tures, the update process is shown as Fig. 3.

According to the size of pedestrian and back-
ground complexity, ¢, is taken usually between 0.77
and 0. 83. Combined with the video frame rate and the
target moving speed, Y is taken usually between 6 and

12.

Remove feature

N

Feature_1: | |
Feature_2: [ ]

[
Feature_N: [

]
]

f Add new feature
n ]

Fig.3 The update process of feature template

2.2 Occlusion prediction

When g is less than ¢,, the pedestrian is occlu-
ded, the appearance information of image is not availa-
ble. The pedestrian location can be determined by the
dynamic model of pedestrian motion. Assuming that
the pedestrian motion model is known in adjacent
frames, and Kalman filter is used to predict the pedes-
trian location. The model of state transition and obser-
vation is

X, =Ax, +® (14)
z, = Hx, +v (15)

where , x, and z, denote the state vector and observation
vector of pedestrian at the ¢ time, respectively. A and
H denote state transfer matrix and observation matrix,
respectively. Process noise @ and observation noise v
meet Gaussian noise with covariance @ and R, respec-
tively. The state of pedestrian can be defined as

X = (cx,vx,cy,vy)T (16)
where, ¢, and ¢, denote the coordinate of the location
center point of pedestrian motion, v, and v, correspond
to the horizontal speed and vertical speed respectively.
c,] " and

the concrete realization of Kalman filter is described as

Defining the observation vector asz = [ ¢

x

X0, = Axy,
P, 6 =AP,A" +Q
K, = Pml;HT(HPmnHT +R) o (17)
X = Xpais ¥ Ky (Zq — HE )
Py =Py, - K HP,,,
where, x,,,,, and P, are the prediction value of pe-

destrian state and pedestrian state error covariance at
the ¢ time. x,, and P,, are the estimation value of pe-
destrian state and pedestrian state error covariance at
the ¢ + 1 time, respectively, K,,, is the filter gain at the

t+1
t+1 time.

2.3 Rematch

In order to rematch pedestrian, it is necessary to
consider pedestrian detection method. Due to the slow
operation speed, low precision, and poor anti-interfer-
ence ability, the traditional detection method is ex-
tremely limited in practical applications. YOLOv3 is
considered as a general object detection algorithm
based on deep learning!"*’ | which can determine the
spatial location and scale of persons based on the given
image. In addition, because of the special algorithm
structure of YOLOv3, it has better real-time character-
istics.

YOLOv3 is introduced to implement pedestrian
detection when the number of consecutive occlusion
frames 6, is more than the threshold 6,. Defining the
output E of detection as

E = {egf =12 (18)
where, [ denotes the number of persons in the current
frame image, e, denotes the position and scale informa-
tion of the /th person.

In order to determine whether there is a tracked
target in E, it is necessary to exiract the deep features

of pedestrian to obtain the feature matrix M = {m,,
m,, -, m;}. The maximum similarity is computed
according to Eq. (12).

q =max§1[’(m§,M)|mé«EM} (19)

Suppose the maximum similarity ¢’ corresponds to
the /th person. When ¢’ is greater than ¢, , the match is
considered successful. Otherwise, the match fails.

2.4 The implementation steps of ALPDFE
The flowchart of ALPDFE is shown in Fig.4, and

the implementation is summarized in Algorithm 1.
3 Simulations and analysis
Two scenarios are selected to verify the feasibility

and validity of the proposed algorithm based on differ-
ent occlusion scenes. Video 1 is the Human 3 of visual
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Fig.4 The flowchart of ALPDFE

Algorithm 1 The implementation of ALPDFE

Input: Video sequence with a total of V frames
Output; Tracks of pedestrian.

Step1l. Fort =1,2,---,V
Step 2: Read the tth frame image.
Step3: Ifg ==0
Step 4. According to SAKCF, we firstly solve the pedes-
trian location.
Step 5. If (mod(¢, Y) ==0)&&(0, ==0)
Step 6: Calculate the tracking quality ¢ by Eq. (12),
and then perform Step 11 to Step 14
Step 7. Else
Step 8. If 6, > 6,
Step 9. Use YOLOV3 to solve the feature matrix M ;
Step 10 . Calculate ¢' by Eq. (19)
Step 11. If ¢ >qo0rq >gq,
Step 12.. Let 6, is equal to zero, we can update SAKCF
and the feature template set by Eq. (6) and
Eq. (13), respectively. And then go to step 18.
Step 13. Else
Step 14. 0, =6, +1;
Step 15. Go to step 17.

Step 16 Else

Step 17 Calculate the position of pedestrian by
Eq. (17) and solve ¢ by Eq. (12), and then
perform Step 11 to Step 14.

Step 18:  Get the current prediction position.

Step 19: end

17 Video 2 is a real time tracking

tracker benchmark
of pedestrian in the campus. Pedestrians are occluded
frequently or completely in the video. Using one pass
evaluation ( OPE) mode evaluates performance from
both qualitative and quantitative aspects. Qualitative
analysis is the following 2 aspects: frequent occlusion
and long-term occlusion. And Quantitative analysis is
from the following 2 aspects: distance accuracy and o-
verlap accuracy. The ALPDFE is compared with Siam-
FC, KCF, ASAKCF, ALP and SAKCF. And in order
to compare the effectiveness of the location prediction
step and rematch step, the anti-occlusion pedestrian
tracking algorithm based on location prediction ( ALP)
is introduced into ablation experiment. Unlike ALPD-
FE, ALP includes only location prediction part by Kal-
man filter. The simulation parameters are set as fol-
lows ; the occlusion threshold §, = 4, the tracking qual-
ity threshold ¢, = 0. 8, the model updating interval Y =
10, the size of feature template N = 4.

3.1 Qualitative analysis

(1) Frequent occlusion

Testing video uses a typical Human 3 video seg-
ment, pedestrians are frequently occluded by obstacles
and reappearance. The tracking effect is shown in Fig.5.
At the 10th frame, the pedestrian is not occluded, and
all algorithms can track accurately. At the 35th frame,
the pedestrian is occluded by other fast moving pedes-
trians. As SiamFC lacks the occlusion processing
mechanism, first tracking drift phenomenon occurs.
However, because the occlusion is small and it has
similar appearance color to the pedestrian, the SAKCF



HIGH TECHNOLOGY LETTERSIVol. 26 No.4|Dec. 2020

407

and KCF still can continue to track. The pedestrian is
occluded frequently from the 60th frame to the 150th
frame. It can be seen that both SAKCF and KCF fail to
track. At this point, ASAKCF, ALP and ALPDFE still
can track continuously. At the 750th frame, ALP and
ALPDFE show better tracking performance after a fast
focal length change. As the tracking time increases,
due to error accumulation and complex background,

ASAKCF fails to track. Although ALP does not include

] siamFC

e XCF

sl ASAKCF

the rematch part, it can effectively predict target loca-
tion by Kalman filter when the frequent occlusion oc-
curs, so it almost does not lose target in the whole
tracking process. Because ALPDFE adds the rematch
strategy for the phenomenon of tracking failure, pedes-
trian location is revised constantly. Therefore, ALPD-
FE has better tracking performance than the other 4 al-

gorithms.

s SAKCF L ALP [l ALPDFE

Fig.5 The tracking result of video 1

(2) Long-term occlusion

Video 2 is a long-term occlusion process for pe-
destrians. In this video, pedestrians pass through the
parking lot and have 100 frames of continuous occlu-
sion. There is interference from vehicles and other
moving pedestrians, which increases the difficulty of
pedestrian tracking.

The same initial position for the above 6 algo-
rithms in the first frame is set. Their tracking perform-
ances are shown in Fig. 6. At the 15th frame, all algo-
rithms are tracking normally. At the 160th frame, pe-
destrian is occluded, and pedestrian is almost occluded
completely at the 174th frame. After that, SiamFC,
KCF, ASAKCF and SAKCF cannot continue to track
pedestrian. ALP and ALPDFE can predict the pedes-
trian location by Kalman filter when pedestrian is oc-
cluded completely. It can be seen that only ALP and
ALPDFE does not lose pedestrian track at the 195th
frame. Due to the increase of occlusion time, the phe-
nomenon of tracking drift appears for ALP. The re-
match strategy of ALPDFE is executed when a continu-
ous loss occurs, and the pedestrian can be tracked at

the 271th frame, the other 5 algorithms fail to track
moving pedestrian.

3.2 Quantitative analysis

(1) Center location error

Fig. 7 shows the center location error curve of the
above 6 comparison algorithms. In Fig.7(a), the er-
rors of SiamFC, KCF, ASAKCF, and SAKCF are
gradually increased at the 35th, 50th, 50th and 1600th
frame , respectively. The center location error of all al-
gorithms is small, and pedestrians can be tracked nor-
mally in the first 50 frames. At the 50th frame, pedes-
trian is occluded, ASAKCF, ALP and ALPDFE can
continue to track pedestrian, and other 3 algorithms
lead to large location errors. As tracking time goes on,
the center location error of ASAKCF also increases ob-
viously at the 1 600th frame, because there is similar
interference in the background which indicates the fail-
ure of pedestrian tracking. And when there is pedestri-
an occlusion or pedestrian tracking drift, ALP can use
the prediction mechanism of Kalman filter to predict
pedestrian position, which maintains the continuity of
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e SiamFC

] KCF |l ASAKCF sl SAKCF [l ALP [ ALPDFE

Fig.6 The tracking result of video 2

tracking to some extent. Compared with ALP, ALPD-
FE can use not only the prediction mechanism but also
the rematch strategy to reposition the pedestrian, so it
obtains a low location error. In Fig. 7(b), SiamFC,
KCF, ASAKCF and SAKCF have similar location error
curves. The above 4 algorithms can track normally
when pedestrian is not occluded before the 175th
frames. After the 175th frame, SiamFC, KCF, ASA-
KCF and SAKCF stay in the initial occlusion location
when the pedestrian is completely occluded. As the
movement of pedestrian is linear approximately, the er-
ror curve of center location increases linearly. After the

reappearance of pedestrian, pedestrian cannot be

W =g
—+— KCF
600 | =-p-= ASAKCF
N —6— SAKCF
—o— ALP
§ 500 wg ALPDFE
=l
S L
-§ 400
2
= 300 |
Q
g
© 200
100 -
04
0 200 400 600 800 1000 1200 1400 1600
Frame
(a) Video 1

tracked again because the pedestrian location is greatly
deviated before and after occlusion. ALP and ALPDFE
utilize the location prediction by Kalman filter during
occlusion, which can reduce the central location error
of the occlusion process in the 175th — 270th frames.
However, ALP can not rematch pedestrian after a long
period of occlusion, Kalman prediction is prone to pro-
duce large tracking error. In addition, due to adding
the rematch strategy in the ALPDFE, its tracking pre-
cision is effectively improved when pedestrian reap-
pears by reducing the central location error after the
270th frame.

700 T -
—#— SaimFC
600
1=
g 500 |
5}
£ 400
g
E 300
5
8 200
100
04 =
0 50 100 150 200 250 300 350
Frame
(b) Video 2

Fig.7 Center location error

(2) Precision and success rate of tracking

Tracking precision is calculated according to the
ratio which the number of center location error in the
error threshold is relative to the total number of frames.
Success rate is the ratio which the number of overlap

within the threshold to total number of frames. Fig. 8
shows the normalized tracking precision curve and the
success rate curve of test video for 6 algorithms.
Fig.8(a) shows the precision curve, it can be seen
that the tracking precise of ALPDFE is better than that
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of ALP. The result also shows that the results in
Fig.8(a) illustrate the effectiveness of rematch strate-
gy in ALPDFE, because the only difference between
ALPDFE and ALP is that ALP lacks rematch steps. As
the error threshold increases, the precision curve of
SiamFC, KCF, SAKCF, ASAKCF, ALP, and ALPD-
FE gradually increases, then they flattens out at the lo-
cation thresholds of 10, 5, 5, 20, 10 and 10, respec-
tively. The SiamFC, KCF, and SAKCF locks the judg-
ment and process for occlusion, which cause the failure
of pedestrian tracking, or the tracking precision is low.
ASAKCF can only deal with partial occlusion prob-

Precisions

0 5 10 15 20 25 30 35
Location error threshold

(a) Tracking precision curve

40 45 50

lems, and its tracking precision is lower than ALPDFE
with rematch strategy. Fig.8(b) shows the success
rate curve of the above 6 algorithms. As the overlap
threshold is larger, the requirements for successful
tracking are more demanding. Therefore, the success
rate curves of SiamFC, KCF, SAKCF, ASAKCF, ALP
and ALPDFE show firstly flat and then downward tend-
ency at the overlap thresholds of 0.7, 0.7, 0.7, 0.3
,0.4 and 0. 4, respectively. In Fig.8(b), it can be
seen that the tracking success rate of the ALPDFE is
better significantly than other 5 algorithms.

<<<<<

e
o0

——
—<— ALPDFE

&
=

<
'

Success rate

=
¥}

Oru “ -

0 02 04 06 0.8 1
Overlap threshold
(b) Tracking success rate curve

Fig.8 Precision and success rate of tracking

4 Conclusions

Aiming to the problem of pedestrian tracking un-
der occlusion, state prediction and rematch strategy is
synthetically considered into the design of proposed al-
gorithm. A novel anti-occlusion pedestrian tracking al-
gorithm based on location prediction and deep feature
rematch is proposed. In the realization of ALPDFE,
the pedestrian appearance features are used to deter-
mine whether the occlusion phenomenon of pedestrian
exists. When the occlusion phenomenon occurs, Kal-
man filter is used to predict the pedestrian position.
Besides, when pedestrian reappears, pedestrians can
be matched and repositioned by using YOLOv3 meth-
od. The simulation experiments and theoretical analysis
show that ALPDFE can improve the anti-occlusion
In addition, the
SAKCF can be replaced by other existing trackers in
the framework of ALPDFE, and ALPDFE has strong

extensibility. In the real scene of pedestrian tracking,

problem of pedestrian tracking.

we need consider more complex environmental charac-
teristics such as the pedestrian density, the rapid
change of pedestrian scale and the lighting change of
surrounding environment. Therefore, designing the ac-

curate and rapid scale estimation method and enhan-
cing the anti-interference capability of pedestrian track-
ing model will be the focus of the follow-up study.
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