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Automated human tracking in real time has been applied in many areas such as security, surveillance, trafc control, and robots.
In this paper, an improvement of the Camshift human tracking algorithm based on deep learning and the Kalman flter is
proposed. To detail an approach by using YOLOv4-tiny to detect a human in real time, Camshift is used to track a particular
person and the Kalman flter is applied to enhance the performance of this algorithm in case of occlusion, noise, and diferent light
conditions. Te experiments show that the combination of YOLOv4-tiny and the improved Camshift algorithm raises the
standard of speed as well as robustness. Te proposed algorithm is suitable for running in real time and adapts well to the same
color and diferent light conditions.

1. Introduction

In recent years, object tracking has become a feld that has
a lot of research and development. Object tracking is applied
to track the movement of target objects, such as human
tracking, moving target tracking, security, and trafc sur-
veillance. Particularly, human tracking is often used in real
life with many applications such as robot vision, trafc
monitoring, education, and so on. Any human tracking
algorithms need to solve detection and tracking problems
across multiple frames [1]. However, the drawbacks of al-
gorithms are neither high speed nor high accuracy. In ad-
dition, the ability to work in complex backgrounds, light
sources, and many other diferent conditions is also
a challenge that attracts many researchers.

More recently, a lot of deep-learning approaches have
been developed to boost accuracy. Te merit of this ap-
proach is automating feature extraction, high fexibility,
and detecting objects with high accuracy. Tis approach
needs a lot of data to train as well as improve accuracy. For
example, YOLO [2] has been the best object detection
model recently. Tis algorithm has both high speed and
high accuracy. Nevertheless, YOLO needs high-

performance devices to ensure computation complexity
and training network as well. To reduce parameters and
optimizer the network structure, YOLO-tiny is created.
Tis YOLO version is suitable for mobile, embedded
devices without changing too much accuracy. R-CNN [3],
Fast R-CNN [4], and Faster R-CNN [5] are good detection
models. Yet, due to a two-stage network, it is slow on
mobile devices. ResNet [6] and VGG [7] are well-known
models. Te structure of these models is still applied in the
later deep learning models. Te disadvantage is that the
number of parameters is too much, leading to difculties
in the training and real time as well.

To track the target human, the information of the targets
is extracted by a detection algorithm that is then handled by
tracking algorithms. Tracking algorithms predict target
human motion based on color, contour information, and so
forth. For instance, Meanshift [8] is the fast-tracking al-
gorithm.Tis method uses the color feature to determine the
target and has many strengths in case of low cost compu-
tation or need the robust and efective algorithm, but
Meanshift proved inefective when noise such as background
and full occlusion by other objects. SORT [9] is an efective
and easily implemented algorithm. However, SORT is left
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withsome problems with linear Kalman flters and ID
switches. Te Camshift [10] algorithm tracks the target
object based on the original color. To be more specifc, the
Camshift algorithm tracks an object by applying the
Meanshift method to a region of interest in the image called
the “histogram backprojection.” Histogram backprojection
is based on a histogram model of a feature. Tis model then
is used to search for a similar feature in an image. Camshiftis
an efcient algorithm, with high processing, and is easy to
implement. Due to the development based on the Meanshift
algorithm, the algorithm is easily infuenced by background
colors or textures.

To improve the disadvantage of similar color or complex
context, a lot of methods are proposed to improve the ac-
curacy of target tracking such as the point-based Kanade
Lukas Tomasi colour-flter (PKLTF) [11] is a single-target
tracker which is constructed based on the Kanade Lukas
Tomasi approach and Meanshift algorithm. It is a robust
method that can deal with high appearance changes in the
target, occlusion, and loss of the target while the tracking
process. Many studies presented the solution of combining
many features to increase accuracy. Target Tracking Scale
Adaptive [12] is based on combining local binary pattern
operator and nonlinear Meanshift. In recent years, we
witnessed many applications of correlation flters [13–15].
Tere are lots of advantages such as dealing with high-
speedreal-time tracking, scale, rotation, and partial occlu-
sion. High-speed KCF tracker [16] is concerned with the
adaptive ability to the problems of scale and obscurity,
besides the incredible tracking speed of up to 170 fps. A
particle swarm tracking algorithm is based on the increasing
inertia weight PSO [17] or the method using color features
[18].Te algorithm has the advantage of global tracking, so it
can deal with shortcomings as the tracker falls into the local
problem. Nevertheless, when the target is fully obscured, the
tracker will get lost of the tracking target. YOLOv3-Camshift
[19] is an efective and robust tracking algorithm.Tis ability
comes from the high performance of YOLOv3 in object
detection and the high speed of Camshift. However, the
drawback of Camshift is its high sensitivity with similar
colors and light changes. Hence, in complex conditions, the
tracking result is often moving around the target. Te
Kalman flter-Camshift algorithm [20] is an algorithm de-
veloped to improve the disadvantage of Camshift. It has
good performance and high tracking speed. Te Kalman
flter provides an efcient method to fnd the target object
and overcome the defect of occlusion in the process of
tracking a moving object. Nevertheless, when the target is
occluded or changes shape signifcantly, both Camshift and
Kalman flter predict the object’s position incorrectly.
Moreover, when the target object changes direction or speed,
the Kalman flter is easily drifted over time.

In this paper, a human tracking system based on deep
learning and improved Camshift is proposed. YOLOv4-tiny
is combined with Camshift and Kalman flter [21] to increase
the efectiveness in tracking the target human. YOLOv4-tiny
is used to detect, and then the Camshift–Kalman flter tracks
the target human. Te contributions of the paper are shown
as follows:

(1) Improving the accuracy of the human tracking
system and usingYOLOv4-tiny improve the de-
tection accuracy as well as the ability to work in
real time.

(2) By solving the problem of occlusion or noise in the
Camshift algorithm, the Kalman flter makes good
Camshift’shortcomings. Te Kalman flter increases
tracking precisely when the object disappears or part
occlusion.

(3) Te experimental results show that the proposed
algorithm adapters help in tracking humans with
real-time speed (12 fps). Te system also solves full
occlusion, complex color, and diferent light
conditions.

In this section, we reviewed the merit and drawbacks of
deep learning, tracking algorithms, and the combination of
them to overcome that weak point. In Section 2, the
structure of YOLOv4-tiny and the concept of tracking
human algorithms are provided.Te result and discussion of
the proposed method will be shown in Section 3. Te
conclusions are shown in the last section.

2. Materials and Methods

2.1. System Architecture. Te proposed algorithm is shown
in Figure 1. Firstly, an initial search window is initialized
manually from the frst frame.Te ROI region is created and
then converted to HSV color space. A weighted Gaussian
mask is applied to reduce the infuence of the background
noises. H channel is used to establish the histogram of ROI.
Subsequently, in the next frame, YOLOv4-tiny is utilized to
detect the target human. If humans are detected, the fore-
ground is extracted which shows the best candidate objects.
Otherwise, the Kalman flter is applied to predict a new
target position based on the information on the target’s
motion in the previous frame. Next, the Camshift algorithm
determines the center of distribution density. Te Kalman
flter calculates the new predicted position of the target. A
position deviation is the distance of the candidate target
being determined by the Camshift and Kalman flters.
Bhattacharyya distance is calculated to compare similar
distribution densities. If the position deviation is smaller
than a threshold and the Bhattacharyya distance is also
smaller than certain thresholds, the position of the target is
determined at the midpoint of the Kalman flter and
Camshift. We repeat the process by starting from the human
detection step until the last frame.

2.2. YOLOv4-Tiny. YOLOv4-tiny is a small version of
YOLOv4.Te primary diference between YOLOv4-tiny and
YOLOv4 is that the network size is dramatically reduced,
and the number of convolutional layers in the CSP Darknet
backbone is compressed [2]. Figure 2 shows the network
structure of YOLOv4-tiny.

YOLOv4-tiny support input image size is 416× 416 and
uses the CSPDarknet53-tiny network as a backbone [2].
Tree CSP Block is used to extract feature maps with
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diferent scales [22]. Following each convolutional layer is
Batch Normalization and Leaky ReLU activation that re-
duces the amount of calculation and improves the accuracy.

YOLOv4-tiny has two scale featuremaps 13×13 and 26× 26.
YOLO4-tiny has two YOLO heads; YOLO head used the
feature map obtained by FPN to make the fnal prediction.
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Figure 1: Te fow chart of the proposed algorithm.
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Figure 2: YOLOv4-tiny structure.
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Tis structure of YOLOv4-tiny helps reduce computation
while maintaining the accuracy of the network [2]. Figure 3
shows the structure of CSPBlock.

When training YOLOv4-tiny, calculating the loss
function is very important. Loss functions represent the
learning of the model. Given an image, the task of YOLOv4-
tiny is to return bounding box coordinates and the name
(class) of the object that is needed to detect. Te model
divides the feature map into S × S grids, each grid generates
B bounding box. Terefore, S × S × B bounding boxes are
created for the input image. Te center of an object lies in
some grid; the bounding boxes in this grid will predict the
object. YOLO used the feature map obtained by FPN to
make the fnal prediction. To evaluate the algorithm,
precision-recall is represented by equations (1) and (2).

precision �
true positive

(true positive + false positive)
, (1)

recall �
true positive

(true positive + false negative)
. (2)

When training models, the loss function consists of the
loss of the predicted center coordinate (loss1), the loss of the
prediction bounding box (loss2), the loss of the predicted
class (loss3), and the loss of predicted confdence (loss4). Te
formula is shown as follows [23]:

loss � loss1 + loss2 + loss3 + loss4,
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where xi, yi are the positions of the prediction bounding
box, xi, yi are the actual positions reached from training
data, wi, hi are the width and height of the predicted
bounding box, wi,

hi are the actual width and height
reached from training data, Ci,

Ci are the confdence score,
the intersection part of the predicted bounding box, and
the actual box, respectively, βobjij confrm whether the j
prediction bounding box in a cell i has an object, λcoord is
a factor to adjust the prediction loss of the prediction box,
and λnoobj is a factor to adjust when no target is there in the
single grid.

2.3. Camshift Algorithm. Camshift is a nonparametric al-
gorithm and is developed based onMeanshift [24]. Camshift
does not need to train such as deep learning models, instead
Camshift tracks objects based on the original color of the

object. Tis leading is difcult to track objects if the color or
texture changes a lot. Te main diference between Camshift
and Meanshift is every frame Camshift recomputes auto-
matically the size and rotation of the searching window and
measures the distance coefcient by using the Bhattacharyya
parameter [25]. Tis algorithm is an efective method of
seeking the local maximum in the density distribution in
a stable size and rotation of the window per frame’s video.
Figure 4 shows the fowchart of Camshift.

Camshift converts input images from RGB color into
HSV color, due to Camshift’s ease of sensitivity with noises.
Te result of converting is three components being in-
dependent, which comprises H (Hue), S (Saturation), and V
(Value) in the HSV space [26]. Te H channel makes the
color histogram. Ten, calculating the color probability
distribution map shows the appearance probability of
each pixel.

Te zero-order and the frst-order distance are defned as
follows [26, 27]:

Te zero order

M00 � 
x


y

I(x, y). (4)

Te frst order

M10 � 
x


y

xI(x, y),

M01 � 
x


y

yI(x, y).
(5)

Te centroid of the moving target is defned by

xc �
M10

M00
,

yc �
M01

M00
.

(6)

Te size of the search window is

s �

����
M00

256



; the length is 1.2s. (7)

Te size of the search window is adjusted by using the
value of M00 [26]. Te center of the search box is moved to
the location of the centroid mass. If the window moving
distance exceeds a certain threshold, the centroid position
and size of the search window are recalculation [28]. Tis
calculation step is repeated until the center position of the
search window and center of mass are smaller than the
threshold. Te search window size and position are used as
initialization values in the next frame.

2.4. Kalman Filter. Te Kalman flter is a typical tracking
algorithm. Te Kalman flter uses a series of measurement
values, which are afected by noise or error, to estimate the
target position in order to increase accuracy compared to the
use of only one measurement value. Te Kalman flter
minimizes the error of the estimation such as position and
velocity in the next frame.
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In this study, the center of the target object is esti-
mated by the Camshift algorithm, and then it improved
the smoothness by using the Kalman flter. Te position of
the moving target in the next frame can be predicted based
on the coordination in the current frame. To detail, the
tracking process is a Kalman flter using the tracking
parameters from Camshift, then the position of the hu-
man is estimated, and subsequently, the output of the
Kalman flter is the prediction of object position in the
next frame.

Te Kalman algorithm can predict accurately the object
which is needed for tracking, even when the tracking object
is fully occluded. Additionally, the Kalman flter requires

small computational power. Te Kalman flter uses the in-
formation including the position of the object in a frame at
time k, the size of the object, width, and length of the search
window of the object as input parameters [21]. Te variable
parameters at time k of the Kalman flter are two vectors
including the state vector and the measurement vector [29].
Te state vector equation is defned as follows:

sk � xk, yk, Wk, Lk, xc, yc( . (8)

With (xk, yk) as the initial positions, (Wk, Lk) are the
width and length of the search window and (xc, yc) are the
centroids of the object.
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Figure 4: Te fowchart of the Camshift algorithm.
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Te measurement vector equation is defned as follows:

zk � xk, yk, Wk, Lk( . (9)

With (xk, yk) as the initial positions, (Wk, Lk) are the
width and length of the search window.

Te Kalman flter estimate state s is given by equation
(10) as follows:

sk � Aksk−1 + wk−1, (10)

where A is the state transition matrix and wk−1 is the noise
process.

A �

1 0 1 0 0 0

0 1 0 1 0 0

0

0

0

0

0

0

0

0

1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (11)

Measurement equation

zk � Hksk + vk. (12)

With H as the measurement matrix, vk are the stands for
noise.

H �

1 0 0 0 0 0

0 1 0 0 0 0
0

0

0

0

1 0 0 0

0 1 0 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (13)

wk−1 and vk are the white Gaussian noise presented by the
equation as follows:

p(w) ∼ N(0,Q), (14)

p(v) ∼ N(0, R). (15)

Equation (14) is the probability distribution of the
process noise w(t) that is assumed a normal distribution
with a mean of 0 and a covariance matrix Q. Te covariance
matrix Q shows the degree of dispersion of random vari-
ables. Q is often used to evaluate the correlation between
variables. Likewise, equation (15) means that the probability
distribution of the measurement noise v is assumed with
a mean of 0 and a covariance matrix R. Te covariance
matrix R represents the measurement noise covariance. Tis
matrix is often used to estimate experimentally or in the-
oretical models.

Assuming independence from the state and the mea-
surement vectors, the process noise wk−1 and measurement
noise vk are considered to be normally distributed and have
white distributions. Te noise process and the measurement
noise are presented as follows:

wk−1 �

1

1
1

1
1

1
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vk �
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0.1
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0
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.

(16)

Te updated state of the Kalman flter comprises pre-
diction and correction equations.

Predicting equations

s−
k � Ask−1 + wk,

P−
k � APk−1A

T
+ Q.

(17)

Correction equations

Kk � P−
kH

T HP−
kH

T
+ R 

− 1
,

sk � s−
k + Kk zk − Hs−

k( ,

Pk � 1 − KkH( P−
k .

(18)

Te estimation error is used for all state vectors [29]:

Ex � xKalman − xCamshift. (19)

To verify the estimation error of the Kalman flter and
Camshift for human tracking, equation (19) is applied for all
parameters of state vectors (xk, yk, Wk, Lk, xc, yc). Table 1
shows the results of the error calculation of the parameters of
state vectors in good lighting room and poor lighting room
conditions.

2.5. Similarity Measure. Te Bhattacharyya coefcient [30]
is used as a similarity function to calculate the degree of
similarity between two probability distributions. Tis is an
efcient way to measure the similarity of two probability
distributions. In this paper, the Bhattacharyya coefcient is
used to compare the similarity between two histograms of
the target model and the candidates. Tis measure locates
the object correctly, and the distance between two histo-
grams must be minimized. Te Bhattacharyya coefcient
[28] expression is given as follows:

BC(p, q) �

�������������������

1 − 
u

���������
q(u)∙p(u)



uq(u)∙up(u)



, (20)

where qu(u � 1 . . . n) is the color histogram of the current
tracking target. pu(u � 1 . . . n) is the color histogram of the
target model.

If the result of the Bhattacharyya coefcient equation
(20) is closer to 0, this means that the two color histograms
are more similar. By contrast, if the result is closer to 1, the
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diference between the two color histograms is greater [31].
Terefore, setting a detection threshold is needed when
tracking failure occurs.

3. Results and Discussion

Tis section presents the results to demonstrate the accuracy
and efectiveness of the proposed algorithm in three diferent
scenarios. Te scenarios are tested in good lighting room,
poor lighting room, and outdoor conditions. Good lighting
room and poor lighting room conditions are evaluated with
multiple people using the same shirts and diferent shirts.
For outdoor conditions, only the case of the same shirts is
performed. Furthermore, the results are compared with
traditional Camshift [10] in three diferent conditions, as
mentioned previously.

In order to train the YOLOv4-tiny model, 3600 images
are collected from a smartphone camera and 2400 images are
taken fromGoogle Images.Tis model is trained on the local
computer with the operating systemWindows 10 Pro 64-bit,
processor Intel Core i5-8500 CPU @ 3GHz (6 CPUs) and
memory 8GB RAM. Te pretrained model is used to save
training time on the COCO dataset combined with our
dataset.

Te tracking system uses a combination of Camshift and
Kalman flter algorithms. Hence, the input parameters of the
Kalman flter (the position in x, y of the object, the size of the
object, as well as the width and length of the search window
of the object) are automatically calculated by the Camshift
algorithm.Te noise covariance matrices (Q, R) are assumed
to be constant. Te values of the process noise covariance
matrix Q and measurement noise covariance matrix R are
presented as follows:

Q �

1 0 0 0 0 0

0 1 0 0 0 0

0

0
0

0

0

0
0

0

1 0 0 0

0 1 0 0
0 0 1 0

0 0 0 1
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,

R �

0.1 0 0 0

0 0.1 0 0
0

0

0

0

0 0

0 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(21)

Te accuracy of traditional Camshift [10] and the pro-
posed system are evaluated by the total number of frames
and the number of false frames in each case. Te accuracy is
calculated as follows:

accuracy(%) � 100 −
false frames × 100

total of frames
. (22)

Table 2 shows the results of Camshift and the proposed
system. Overall, the outcome showed a signifcantly higher
value between the two algorithms. In the traditional Cam-
shift [10], it is very easy to lose the target when the object is
the occlusion or in low light conditions. Te highest ac-
curacy of traditional Camshift is 90.86% in good light
conditions, and the lowest only occupies 47.04% in poor
light conditions. Te FPS of traditional Camshift is higher
than the proposed algorithm, reaching 25. However, the
result of the proposed system peaks at 97.77% in good light
conditions, and the lowest accuracy is 94.01% in poor light.
Te performance of the proposed system is higher sharply

Table 1: Te results of error calculation of the parameters of state vectors.

Condition Case Frame E(x) E(y) E(W) E(L) E(xc) E(yc)

Good lighting room

Multiple people using the same shirt

2 2 −3 −3 −6 −1 −2
15 1 0 3 1 0 −3
30 0 1 1 −2 −1 −1
35 −27 −18 −16 −59 −2 2
45 −16 6 5 −5 1 0

Multiple people using the diferent shirt

2 0 5 3 1 0 −5
15 −1 2 0 −2 −1 3
25 14 −11 7 13 4 0
30 23 2 13 8 −3 0
35 2 0 1 −3 0 −1

Poor lighting room

Multiple people using the same shirt

2 −1 −3 −1 −5 1 −1
30 −2 −3 0 −2 0 1
120 −1 −4 1 −6 −1 0
130 5 −6 5 −8 1 −2
160 60 4 −2 −48 0 1

Multiple people using the diferent shirt

2 0 1 −1 −11 0 0
20 3 1 0 −8 −1 −2
25 34 −3 −2 −16 0 3
30 1 2 −3 −10 −3 1
35 0 3 −1 −9 0 1

Journal of Robotics 7



Ta
bl

e
2:

T
e
ex
pe
ri
m
en
ta
lr
es
ul
ts

of
th
e
pr
op

os
ed

sy
st
em

an
d
tr
ad
iti
on

al
C
am

sh
ift
.

C
on

di
tio

n
Te
st

ca
se

Tr
ad
iti
on

al
C
am

sh
ift

[1
0]

T
e
pr
op

os
ed

sy
st
em

N
um

be
r
of

fr
am

es

N
um

be
r

of
fa
lse

fr
am

es

A
cc
ur
ac
y

(%
)

FP
S

N
um

be
r
of

fr
am

es

N
um

be
r

of
fa
lse

fr
am

es

A
cc
ur
ac
y

(%
)

FP
S

G
oo

d
lig
ht
in
g
ro
om

co
nd

iti
on

s
(7
00

lu
x)

M
ul
tip

le
pe
op

le
us
in
g
th
es
am

es
hi
rt
s

35
2

13
6

61
.3
7

25
35
2

12
96
.5
9

12
M
ul
tip

le
pe
op

le
us
in
g
th
e
di
fe
re
nt

sh
ir
ts

40
5

37
90
.8
6

25
40
5

9
97
.7
7

12

Po
or

lig
ht
in
g
ro
om

co
nd

iti
on

s
(1
00

lu
x)

M
ul
tip

le
pe
op

le
us
in
g
th
es
am

es
hi
rt
s

38
9

20
6

47
.0
4

25
38
9

23
94
.0
8

12
M
ul
tip

le
pe
op

le
us
in
g
th
e
di
fe
re
nt

sh
ir
ts

48
1

13
1

72
.7
7

25
48
1

25
94
.8
0

11

O
ut
do

or
co
nd

iti
on

s
(9
52
2
lu
x)

M
ul
tip

le
pe
op

le
us
in
g
th
es
am

es
hi
rt
s

32
6

11
8

63
.8
0

25
32
6

10
96
.9
3

12

8 Journal of Robotics



when compared with traditional Camshift [10]. Te pro-
posed algorithm has an FPS range from 11 to 12 enough for
the system to still work in real time.

Te proposed algorithm is tested with the likeness and
diferent shirts in diferent light conditions. Te green
point is Camshift, the red point is the Kalman flter, and
the blue bounding boxes are human detection. Figures 5
and 6 show the result of the test in good light conditions.
Te results show that the proposed algorithm works well
in this condition. Te algorithm detects all people in the

frame, and the tracking algorithm still tracks the target
humans even when it is occlusion by another human. In
good light conditions, the results using traditional
Camshift [10] reach an accuracy of 90.86% in diferent
shirt conditions. Tis is also the highest accuracy of
Camshift in three test conditions. Regarding the case of
the same shirts, due to sensitivity with similar colors
shirts, the accuracy of Camshift is down to 61.37%. Be-
sides, Camshift switches to tracking other humans when
the target human is occlusion.

(a)

(b)

Figure 5: Te result of the test in good lighting room condition is that people have diferent color shirts. (a) Te proposed method. (b) Te
traditional Camshift.

(a)

(b)

Figure 6: Te result of the test in good lighting room condition is that people have the same shirts. (a) Te proposed method. (b) Te
traditional Camshift.
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Figures 7 and 8 show the test experiments in poor
lighting conditions with the same and diferent color
shirts. Sometimes, YOLOv4-tiny cannot detect all humans
in the frame. Camshift centroid has the deviation from the
Kalman centroid when the target human is occlusion by
the other human. However, the proposed system still
tracks the target human. Te accuracy of the proposed
method is 94.80% and 94.08% in the diferent and same
color shirts, respectively. In traditional Camshift [10],
such as the test in good lighting room conditions,

Camshift faces difculty in tracking the same color target.
Te accuracy of this case is lowest at 47.04%. In the case of
diferent shirts, when the target human is obscured. Te
tracking bounding box of Camshift is mounted on the wall
because its color is somewhat similar to the shirts. Te
accuracy reaches 72.77% in this case.

To evaluate more about the ability of the proposed al-
gorithm in complex conditions, the algorithm is tested in
outdoor conditions with the same shirts. Figure 9 shows the
test results with traditional Camshift [10] and the proposed

(a)

(b)

Figure 7: Te result of the test in poor lighting room condition is that people have the same color shirts. (a) Te proposed method. (b) Te
traditional Camshift.

(a)

(b)

Figure 8: Te result of the test in poor lighting room conditions is that people have diferent color shirts. (a) Te proposed method. (b)Te
traditional Camshift.
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system in outdoor conditions. Te Camshift algorithm still
tracks the target human until the human is covered by other
people. Due to the same color shirts, Camshift fails to follow
the target. While the proposed algorithm tracks the target
human even in case it is obscured by the same color shirts.
Te accuracy of Camshift and the proposed method are
63.80% and 96.93%, respectively.

4. Conclusions

In this study, an improvement of Camshift based on deep
learning and the Kalman flter algorithm is proposed for
tracking a target human. To be more detailed, the proposed
system is designed based on the combination of YOLOv4-
tiny, Camshift, and Kalman flter.Tis algorithm can be used
in real time because of its fastness and robustness. Te
experiments pointed out that the proposedmethod can track
humans in difcult conditions such as the same color,
disappearing problem, or light change conditions. Te
proposed system solves the problem of occlusion or noise in
the traditional Camshift algorithm. By testing and com-
paring our method with the traditional Camshift, our
method achieves better results with a higher accuracy
dramatically. Te tracking speed is 12 FPS and can meet the
requirement in real time. However, the lowest accuracy of
the proposed system in poor light conditions is 94.08%. In
the future, deep reinforcement learning will be applied to
improve object detection in complex light conditions as well
as increase the accuracy of the model.
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