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Background: Cows actions are important factors of cows health and their well-being. By monitoring the individual
cows actions, we prevent cows diseases and realize modern precision cows rearing. However, traditional cows actions
monitoring is usually conducted through video recording or direct visual observation, which is time-consuming and
laborious, and often lead to misjudgement due to the subjective consciousness or negligence.

Methods: This paper proposes a method of cows actions recognition based on tracked trajectories to automatically
recognize and evaluate the actions of cows. First, we construct a dataset including 60 videos to describe the popular
actions existing in the daily life of cows, providing the basic data for designing our actions recognition method.
Second, eight famous trackers are used to track and obtain temporal and spatial information of targets. Third, after
studying and analysing the tracked trajectories of different actions about cows, a rigorous and effective constraint
method is designed to realize actions recognition by us.

Results: Many experiments demonstrate that our method of actions recognition performs favourably in detecting the
actions of cows, and the proposed dataset basically satisfies the actions evaluation for farmers.

Conclusion: The proposed tracking guided actions recognition provides a feasible way to maintain and promote cows
health and welfare.

Keywords: public framework; actions recognition; visual tracking; precision agriculture; cows health

Author summary: People often use cows actions to achieve scientific feeding and improve cows welfare, and then
promote the quality and production of cows. However, traditional cows actions monitoring is usually conducted through
video recording or direct visual observation, which is time-consuming and laborious, and often lead to misjudgment due
to the subjective consciousness or negligence. We propose a method of cows actions recognition based on tracked
trajectories to automatically recognize and evaluate the actions of cows.The method provides a feasible way to maintain
and promote cows health and welfare.

INTRODUCTION

By employing various kinds of networks, the internet of
things catches comprehensive sensing data anytime,
anywhere, and quickly transmits the data with locations
or tags to its center servers to monitor objects [1].
Recently, people often use it to track cows and monitor
environment in breeding sheds (such as gas composi-
tions, humidity and temperatures) to improve cows wel-
fare and their products while reducing the cost and
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labour force. As shown in Fig. 1, the information of
cows is obtained by smart cameras or sensors firstly.
Then, it is transmitted to different computing equip-
ments to do data fusion, storage and intelligent monitor
process. Finally, the real-time monitoring information is
spread to different users such as farmers, managers and
experts to achieve precision cows rearing.

In the modern precision cows rearing, an important
problem is how to recognize the actions of cows because
cows actions reflect the health status of cows and affect
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An example of precision cows rearing. By smart cameras and sensors, the sensing data is transmitted and

computed by intelligent equipment on networks. Different users use the processed sensing data to monitor environment and

breeding.

cows welfare. Real-time recognition of cows actions can
detect diseases early and improve welfare [2—4]. For
example, when a cow is suffering from lameness, it will
cause a serious decrease in milk yield [5], and the
performance is a significant reduction in standing time
[6]; lying down for too long, the cow is more likely to
be sick [7]; when the cow is in estrus, the walking time
increases to four times that of normal condition [8,9].
Real-time recognition of the actions intensity of cows,
such as quantity, duration, frequency, helps to grasp the
health level and estrus status of cows in time, and
provides a reference for improving the welfare of cows.
Some actions recognition methods and framework have
been proposed [10-12], but most of them focus on
dealing with persons [13,14], motor vehicles [15—17]
and so on. As far as we know, there are no researches
about the actions recognition of cows. In fact, recog-
nizing the actions of cows is one of the key factors about
the precision rearing according to the expert opinion
[18]. They help farmers to monitor the cows rearing and
further to promote the quality and production of cows,
such as milk.

In the traditional rearing model, people recognize the
actions of cows by manual operation which leads to long
implement time, high cost and manual errors [19]. This
is unacceptable for farmers when they are striving
between high profit and low cost. Therefore, it is extre-
mely necessary to propose a framework to identify the
actions of cows automatically and accurately [20]. By
the identifying method from the framework, people
monitor the health and welfare of cows based on the
automatically computed actions, which is much more
efficient, accurate and convenient with low cost than the
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traditional methods. On one hand, with the actions
information, farmers design scientific feeding schemes
to improve the quality and quantity of cows, such as
milk. On the other hand, in the research areas, cows
actions are the important information for agricultural
experts [18]. These experts use the actions information
to study the comfort and emotion of cows, and the
relationship between them and the produce capacity.
Therefore, this paper proposes a framework for actions
recognition of cows. Our main contributions are:

* A public framework is proposed to automatically
recognize the popular actions of cows from their
monitored videos. This framework performs as a
part of intelligent monitor system about the
intelligent agriculture which helps farmers to
achieve precision cows rearing.

* For this framework, we set up a dataset for cows,
which includes 60 videos with eleven challenges
(such as occlusion and deformation). We define the
ground truth (GT) for all videos which describes the
target region on each frame of a video.

* For this framework, we define an algorithm to
identify five popular actions of cows including
standing, walking, jumping, lying and running. This
proposed algorithm provides a normal form for
people to define the method to recognize the actions
of cows.

* We use eight trackers to track our cows dataset.
From the tracking results, we find that different
trackers are suitable for solving different challenges.
Therefore, we summarize which tracker should be
used for videos with different challenges.
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RELATED WORK

This paper proposes a tracking guided actions recog-
nition to automatically and accurately recognize the
actions of cows. It is implemented in three phases:
building a new dataset of cows, extracting actions infor-
mation using related trackers, designing an algorithm to
detect cows actions and validating the actions algorithm
on the new dataset. Therefore, we describe the related
work from the following three aspects.

Dataset for cows

This paper aims at recognizing and analysing the actions
of cows. To track and obtain a large amount of available
actions information of cows, a specialized dataset is
required to describe the popular actions of cows. This
dataset should include a great deal of videos which
cover the popular actions existing in the daily life of
cows. Then, people can design algorithms to recognize
and analyse the actions of cows based on it.

However, although much effort has been devoted to
the collection and annotation of image datasets contain-
ing thousands of image categories, cows actions datasets
lag far behind. We learned about some public datasets to
evaluate the actions and the trackers used in actions
detections, such as the HMDB51 [11] and the UCF101
[12] for actions detection and the VOT dataset [14] and
the TB-100 [16] for tracking. Regretfully, these actions
datasets are constructed only for human actions [21].
However, these existing tracking datasets are mostly
concerning human not cows (such as pedestrians and
athletes [22]) and man-made objects (such as cars and
bikes) [23]. Although some videos in VOT and TB-100
referring cows, which are too few and not good enough
for the actions detection of cows, these actions data do
not meet the needs of cows actions analysis. In addition,
some people have constructed the data to deal with
animals motions such as the work proposed in [19, 20].
However, these data are defined for catching the
movements, they cannot calculate and analyse the trajec-
tories of cows and identify their actions automatically.

To address this issue, we collected the most special
actions video dataset of cows with five actions
categories to-date. These videos are either shot at the
cow farms or downloaded from the Internet. Similar to
the existing datasets [14,16,24], we carefully choose
these videos because they have some representative
actions of cows and cover eleven kinds of challenges for
tracking or actions recognizing (such as occlusion,
motion blur, deformation). In the meanwhile, the
number of these videos is 60 totally, which is enough for
researchers to do the basic research of the actions
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analysis of cows.
Tracking algorithms

We use some present famous tracking algorithms as the
basic trackers to test our dataset and collect temporal
and spatial information of the tracked cows. The
correlation filter trackers [25,26] and the trackers based
on deep learning [27-30] have recently shown excellent
performance in tracking targets while dealing with some
challenges such as target deformation, occlusion, illumina-
tion variation, cluster background, scale variation. In the
visual tracker benchmark [8], totally about 29 trackers
are described, which are also worth considering.
Although many trackers have been proposed, we only
select eight representative trackers for our framework to
test our dataset. We select these trackers because they
are very robust and fast in tracking target, and their
codes or executable files have been published for free
use. These eight trackers are the CSK [17], CT [31],
DFT [32], KCF [33], RPT [34], BACF [35], SiamFC
[36] and CREST [37].

To gain a better insight into the performance of trac-
kers, we use each of the above trackers with their default
and optimal parameters to test every video in our
dataset. At the beginning, we manually specify the target
region on the first frame of each video. Then in the rest
frames, the states of target (namely the width, the height,
the x-coordinate and y-coordinate of upper left point of
target region) are automatically computed by one
tracker. Finally, the recorded tracking results are used to
achieve the automatic actions analysis of the related
COWS.

Actions recognition

Recently, many methods about actions recognition have
been proposed [38, 39]. Most of them are defined for
human but not for cows. Some most related works about
actions recognition are as follows. Dollar et al. [40]
defined the sparse spatio-temporal features to construct
the method to recognize the behavior of human and
rodents. Yin et al. [41] proposed a 3D facial expression
database for facial behavior research, which focuses on
3D human facial expressions. Ben et al. [42] proposed
an intrinsic sparse coding and dictionary learning
formula for efficient coding of motion-recognized 3D
skeleton sequences. Tang et al. [43] defined a deep
progressive reinforcement learning method for actions
recognition in skeleton-based videos. Gallego et al. [44]
suggestd a unified framework to solve several computer
vision problems of event cameras: motion, depth, and
optical flow estimation, which are used to find point
trajectories to optimally align with event data for people
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or cows. In addition, more methods about actions recogni-
tion can be reviewed from the work in [45—47].

A famous kind of actions detection method is based
on the tracked trajectories of moving object [48, 49].
Following this way, we propose a new detection
method: considering the tracking information, analysing
the cow’s trajectory and establishing a constraint rule to
detect the cow’s actions. We define five kinds of actions
to describe the popular behaviours existing in the daily
life of cows. These actions include standing, walking,
jumping, lying and rumning. From the change in the
target center, we derive target’s displacement in the
plane. Besides, we derive target’s displacement outside
the plane from the change of the target size. Constraint
rules are designed to constrain physical quantities such
as displacement and velocity, so as to achieve the
purpose of detecting actions.

OUR FRAMEWORK AND ACTIONS
RECOGNITION

In this section, we first propose a dataset about the
actions of cows. Then, we define the method to
recognize the actions based on the state changes of
cows. Finally, we evaluate how to get the states of cows
by the existing eight trackers.

Our dataset

Our dataset includes 60 videos, with which we recog-
nize the representative and popular actions of cows.
Figure 2 shows the first frames of these videos and the
targets specified by the red rectangles. This dataset not

only provides some important references for cows
breeding experts, but also represents the common
challenges in the actions recognition of cows in their
daily activities. Here, we use the same challenges
defined in the framework for trackers [16], because all
the challenges of the two frameworks are introduced by
the same problems namely the changes of target and
background. Totally, eleven challenges are used in this
paper.

The videos of our dataset as shown in Fig. 2 are
collected by downloading from Internet or shooting in
different environments with various directions and
angles. The yellow words are the name for each video.
The red rectangle describes the target used to do actions
recognition. We manually specify the target rectangle on
each frame for every video, and record four parameters
of its state including the width, height, the x-coordinate
and y-coordinate of the rectangle center. The fifth
parameter namely the depth of target is computed based
on the above four parameters and the size of a video.
This state record is the ideal value to analyse the actions.
But when to automatically recognize the actions, we
need a tracker to automatically compute the target
rectangle of each frame based on the target object from
the first frame. At that time, the specified rectangles of
this dataset are used as the GT (ground truth) to evaluate
the efficiency of all the trackers used in our framework.

Our actions include standing, walking, jumping, lying
and running. For example, we construct seven videos
(from Jumpl to Jump7 in Fig.2) to describe the
different kinds of jumping. We divide our dataset into
five classifications based on the action of each video.
Then, the proposed 60 videos are denoted by: seven of

Figure 2.
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Our dataset. Each image with red rectangle circled target is the first frame of a video.
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them are for jumping, while another seven videos for
lying, eight videos for running, eighteen videos for
standing and twenty videos for walking.

Actions analysis

This paper proposes the algorithm to recognize actions
of cows based on the state changes of target object. By
the tracking trajectories and motion tendencies of a
target, we obtain the changes of its states. This section
utilizes the videos about cows as an example to describe
our method. To avoid the interferences caused by
moving camera and other man-made factors, the came-
ras are required to be fixed to shoot the videos. Here, a
cow to be analyzed performs only one action in a video.
If a cow does multiple actions in a video, we will first
divide the video into multiple sub-videos, so that the
cow performs only one action in each sub-video.

To analyse the changes of target states, we define five
parameters to record the state. As each target state is
described by a rectangle, we first define four parameters
based on it. They are cx (x-coordinate of target rectangle
center), cy (y-coordinate of target rectangle center), w
(the width of target rectangle) and 4 (the height of target
rectangle). These parameters vary greatly in different
kinds of actions. For instance, when a cow walks
horizontally, its cx changes a lot while its cy and size
remain unchanged. Totally, we define five actions,
namely standing, walking, jumping, lying and running.
For the changes of states are related to the depth of
shooting scene, we introduce a new parameter d to
describe the depth of target. For example, when the cow
is far away from the camera, its small change in size or
displacement may lead to big movement. The depth d is

defined by:
d=10,% \IyxIy/S, (D

where S (S = w=h) is the area of target rectangle, /,, and
I, are separately the width and height of the image. ¥, is
the coefficient and set to be 300 based on our
experiments. As d is only related to the size of target
and frame, it successfully describes the movement of a
target along different directions under the fixed camera.
Then d is an important parameter in addition to
cx,cy,w,h.

The change rate of each parameter is an important
measurement for actions identification. For example,
both walking and running have great changes in the size
and depth of target, but running has much bigger change
rate than walking. We first define the range of those
parameters:

Afzfmalx_fmin- (2)
f refers to parameters (¢,cx,cy,w,h,d). If fist, A, =A,
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is the number of frames, in which ¢,,,, t,.. are the first
and the last frame. If f is cx, A; = A, is the range for
the cx and cx,y,, CXpa 1S 1ts minimum and maximum in a
video. Similarly, A, = A, is for cy, while A, = A, is for
target width, A, = A, is for target height and A, = A, is
for dept. Then, we define the change rate v, Ve,V Viow
by:

Ve = (A D) * IW*IH/§7

Vex = (A(‘X/A[) * VIW >kIH/§9 (3)
vcy = (Ac\*/Al)* VIW*IH/E,

— ./ 2 2 2
Viotal = Vex + ch + Va~©s

where v,,v.,,v,, are the change rates of d,cx,cy for a
video. v 18 their combination and describes the move

\/IW*IH/g as the weight

to adjust the change rates where S is the average area of
target rectangle to reduce the interference from the
different distance between target and camera. By using
the above five parameters and its change rates, we
define the actions of cows.

rate in any direction. We use

The action of standing

Standing describes the action that the body of a cow
remains in a small region in a video. Then in this action,
the change of parameters is very small even equal to
zero. Figure 3 describes the action of a standing cow.
From Fig. 3A, we know the state of the cow nearly
remain same from #0086 to #0211. We define standing
action by:

Acx < ﬁcx * W’

Acy < 190)' *f, (4)
A, <0,*=w,
A, <, *h.

ey 0oy, ¥,y are set to 0.15 based on our experiments.
w,h are the average of w and 4 in a video. The first item
in Eq. (4) requires that the change of cx must be limited
in a small range based on the target width. When w is
small, it means the cow is far from camera. At this
situation, the small-scale change of cx refers to big-scale
displacement. Therefore, we use w to define the
reasonable range of cx. The situations of A,,,A,, and A,
are similar. Meanwhile, d remains unchanged. In this
paper, we describe the changes of target states for a
video by the curves as Fig. 3B. The red rectangles as
shown in Fig. 3A describe the target regions. The red,
green, blue, black and pink curves in Fig. 3B separately
describe the changes of five parameters frame by frame.
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The *Aeo<> represent the positions of the frames in

Fig. 3A on these curves. In this paper, we take the upper
left corner of an image as the origin point of
coordinates. The yellow point in an image describes the
center location of the target. As shown in Fig. 3B, the
curves of cx,cy,w,h and d nearly maintain unchanged in
the whole video which means that the cow is in the state
of standing by Eq. (4).

The action of walking

Walking describes the action that a cow moves in a
small speed. Taking cows as example, for the movement
occurs in any direction, its cx can change on small-scale
or large-scale (as Fig. 4A, a cow walks horizontally).
However, the body of cow fluctuates little in this action,
then the cy varies in a small region. At the same time,
the moving speed is neither too fast nor too slow.
Otherwise when the speed is very high, the cow is
running. Therefore, we define the action of walking as:

{Acy <Oyxh, B,=025,

5
al=10,a'2=30. ()

@ < Vi < @2,
The first item of Eq. (5) limits the range of A, within a
certain threshold decided by the coefficient ., and the
average of target height 4. We set ¢, = 0.25 based on
the experimental experience. By the second item, the

AR B
700 F ——ah
600 | — ¥
—_—w
£ 500 —h |4
—d
400 | 1

walking speed v, 1S also within a certain range, which
we set it between 10 and 30 for the cow. Figure 4
describes the walking action of a cow from #0006 to
#0121. For this video, the A, is 17<49(d,, *E) and the
Ve 18 21.3 (< 30), so we conclude that the cow is
walking base on Eq. (5).

Figures 5 and 6 describe the action of walking along
random direction with similar performance. Take Fig. 5
as an example, the curves in Fig. 5B change as follows,
The d curve declines slowly which means the target is
coming to camera. The cx curve ascends slowly which
indicates the target is moving to right, and the ¢y curve
slightly increases which indicates the body fluctuation is
very small. For this video, by its A, = 46 < 73(¢, *Z),
Vo = 24.1 from #0042 to #0100 frame, we conclude the
walking action by Eq. (5).

The action of jumping

Jumping describes the action that a cow jumps up and
down greatly in a period. The main characteristic for this
action is that the cy of target rectangle changes in a
large-scale. In vertical jumping, the ¢y of cows fluc-
tuates a lot in a short time. Generally, the jumping of
cows usually are repeated in a short time, which caused
many continuous local maximums and minimums on the
curve of cy. For example, when jumping arrives at the

Stand11

200

100 oot R e

0 50 100 150 200
Frame

cx,cy,w,h,d of bounding box

Figure 3. The action of standing about video (stand11). (A) Six target rectangles and their centres; (B) The five curves of

state parameters.

20 40 60 80 100 120

Frame

Figure 4. The action of walking about video (walk7). (A) Six target rectangles and their centres; (B) The five curves of state

parameters.
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lowest point, a local minimum appears. To differentiate
with the action of running, the speed of cy is limited in a
small range. Therefore, we define the action of jumping
by:

Ay >0 xh, 9!, =0.5,
Ar(cy, + 02, xh) < Uy €Yini)s k>0, (6)
Bl < Viotal <ﬁ23 Bl = 10, Bz =30.

The first item in Eq. (6) requires that the A, must be
bigger than the average height of target 4. The second
item describes the minimum at time ¢ by setting cy,

smaller than the element in set U which includes cy,_, at
time (t—k) and cy,(t+k). The third item limits the
speed of cows in a small range in the action of jumping.
In this paper, we set #, = 0.3, k=5 for the second item
based on many experiments.

Figure 7 describes an example of jumping action for a
cow. As shown in Fig. 7B, according to the green curve,
we know that the cy fluctuates greatly, and many
minimums and maximums appear. At the same time, the
moving speed (Vi =22.4) is not fast. Therefore, we
detect the cow in Fig. 7 is jumping based on Eq. (6) and
this is also satisfying the intuitive judgements of users.

B Walk14

0 20 40 60 80 100
Frame

Figure 5. The action of walking about video (walk14). (A) Six target rectangles and their centres; (B) The five curves of

state parameters.

B Walk19

o o
o o

o o
o o

cx,cy,w,h,d of bounding box
- N w B w0 (2]
o o
o o

0 50 100 150 200 250
Frame

Figure 6. The action of walking about video (walk19). (A) Six target rectangles and their centres; (B) The five curves of

state parameters.

B Jump2

cx,cy,w,h,d of bounding box

Frame

Figure 7. The action of jumping about video (jump2). (A) Six target rectangles and their centres; (B) The five curves of

state parameters.
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The action of lying

Lying describes the action that how a cow achieves lying
on land or its bed from standing state. We decide this
action by three continuous steps. First, the cow is
standing. We decide it by the small changes of the
center point and size of the cow. Second, the cow is
changing its state from standing to lying. We decide it
by the great declines about the cy. Third, the cow is
lying on land or its bed and just shaking its body in a
little range. The center position and size remain
unchanged in this step. Therefore, we define the action
of lying by:

tc);min < tcyima)u
fi fir  Jp fir —
Al <907 xh, 90" =0.15,
A > 9% xh, 9 =0.5,
thi thi o, 1 thi _
A < 9%k, 97 =0.15.

(7

As the coordinates for an image start from its upper left
corner, the coordinates become bigger and bigger from
left to right and from top to bottom. Therefore, the first
item of Eq. (7) indicates that the cy changes from small
to large to describe the state change from standing to
lying. Here, we use A/, AX‘, Al to separately describe
the A, in the first, second and third step. Then, the
second item describes the first step of lying down which
requires A/[" is less than a threshold namely ¢/ s h. The
third item describes the second step which requires the
Ay¢ is larger than a threshold namely ¢ sh.
Meanwhile, the ¢y changes considerably in a short time
before reaching f., ... The fourth item describes the
third step which requires the A is less than the
threshold " +h. It means that cy is unchanged from
foy mx to the last frame. Finally, we set ¢/ =0.15,
92 =0.5, 9% = 0.15 based on our experiments.

Figure 8A shows an example of lying. Figure 8B
describes the parameters curves for this action.

According to the green curve in Fig. 8B, the ¢y is almost
unchanged from #0001 to #0055. Then, from #0056 to
#0096 frame, it increases greatly. Finally, from #0097 to
the last frame, the cy is unchanged again. Then, by Eq.
(7), we detect that it is the action of lying.

The action of running

Running describes the action that a cow moves in a high
speed on any direction. For this action, the state of cows
changes faster. It means that the speed of running cow is
higher than that of walking and jumping. In addition,
compared to walking, the body of running cow
fluctuates much greater and faster especially on the
parameter cy. Figures 9A and 10A separately show the
running in horizontal direction and top-right direction.
Based on the above analysis, we define the action of
running:

{%>md,%:mi ®)

Viotal > Y Y= 30

The first item of Eq. (8) makes the change range of cy
larger than a certain threshold decided by the coefficient
¥, and the average height of target /4. The second item
of Eq. (8) requires that the speed of v, must be greater
than the threshold y. According to many experiments,
we set ¢, = 0.25 and y = 30. As v,y =37 in Fig. 9, we
denote it as running by Eq. (8).

As shown in Fig. 10B, the curve of d slowly declines,
and the curve of w increases greatly. This indicates that
the target is close to camera. At the same time, both the
curves of cx and cy increases. It means the movement of
target occurs along both horizontal and vertical
direction. In addition, its v, is equal to 36.8. Then, the
action is detected as running by Eq. (8). On the contrary,
an increase in d in Fig. 11B indicates that the target is
moving away from the camera. Moreover, its Vi 1S
equal to 34.2 that the action is also detected as running

by Eq. (8).
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Figure 8. The action of lying about video (lie2). (A) Six target rectangles and their centres; (B) The five curves of state

parameters.
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Challenges of videos in our dataset

We list the challenges of every video in our dataset as
shown in Table 1. We use the same eleven challenges
from the framework [16] to denote the challenges of our
dataset. These challenges include illumination variation
(IV), scale variation (SV), occlusion (OCC), deforma-
tion (DEF), motion blur (MB), fast motion (FM), in-
plane rotation (IPR), out-of-plane rotation (OPR), out-
of-view (OV), background clutters (BC), and low
resolution (LR). Please review more details about these
challenges in Tracking framework [16].

As shown in Table 1, the challenges are corresponding
to different actions of cows, meanwhile the same kind of
actions usually have similar challenges. For example,
the challenges for the actions about moving are much
more complicated than those in static state. Specifically
speaking, the running or jumping cows will always
bring more challenges especially MB, FM, SV and so
on. In addition, as cows are gregarious animals, the
challenges such as BC, OCC and OV are very common
in the videos of its daily life. Moreover, cows often walk
outdoors so that the variation of illumination also affects
the performance of the tracking algorithms.

B Run1

1500

1000

a
o
o

cx,cy,w,h,d of bounding box

0 50 100 150 200

Figure 9. The action of running about video (run1). (A) Six target rectangles and their centres; (B) The five curves of state

parameters.

B Run7
700

— CX

a o
o o
o o

S
o
o

= N W
o o o
o o o

cx,cy,w,h,d of bounding box

o

Figure 10. The action of running about video (run7). (A) Six target rectangles and their centres; (B) The five curves of state

parameters.

#0020 | B Run2
_ ) 00 F - - - 77

#0030 #0037 #0048

M N
- - Frame

cx,cy,w,h,d of bounding box

Figure 11. The action of running about video (run2). (A) Six target rectangles and their centres; (B) The five curves of state

parameters.
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Table 1 The challenges of videos in our dataset shown

in Fig. 2

Videos  Challenges

liel BC LR

lie2 SV DEF IPR

lie3 BC Y% ov

lie4 BC DEF

lie5 BC

lie6 BC oCC

lie7 v BC LR MB

runl SV OCC DEF FM BC IPR OPR
run2 v SV OCC MB FM LR
run3 M NY% oV BC

run4 FM BC OCC [IPR

runs NY BC LR IPR FM
run6 NY DEF FM IPR

run7 SV FM MB IPR

run8 SV DEF FM OPR MB
walkl SV OCC IPR BC

walk2 SV BC IPR

walk3 OCC [IPR BC NY%

walk4 MB BC OCC LR oV IPR SV
walk5 BC MB occC

walk6 IPR SV DEF

walk7 OCC BC oV FM
walk8 BC MB LR

walk9 OCC BC ov Y%
walkl0 LR MB NY%

walkll SV DEF IV FM OPR
walkl2 SV BC

walkl3 SV BC IPR

walkl4 IPR BC NY%

walklS5 OCC OPR

walkl6 OPR MB NY%

walkl7 SV OoCC oV OPR
walkl8 SV BC OPR DEF
walkl9 MB BC OoCcC Sv DEF
walk20 OCC MB Y% DEF
jumpl OCC DEF FM OPR SV  BC
jump2 FM DEF SV OPR BC
jump3 FM  DEF IPR

jump4 FM SV OCC [IPR BC
jumps SV OCC FM DEF BC IPR
jump6 FM SV OCC OPR DEF
jump7 SV DEF OPR IPR FM
stand 1 SV DEF

stand2 BC OoCC

stand3 IPR DEF

stand4 DEF OPR SV

stand5 BC DEF

stand6 BC NY% DEF

stand7 NY DEF IPR oV
stand8 v BC SV DEF OPR
stand9 SV DEF OPR

stand10 IPR OCC DEF

standl1 SV IPR DEF

stand12 BC oCC

stand13 SV DEF OV IPR
stand14 BC LR MB

stand15 BC OPR MB

standl6 BC OCC MB

stand17 LR MB BC

stand18 IV LR OCC

360

TRACKING RESULTS AND ACTIONS
RECOGNITION RESULTS

Our experiments are implemented based on matlab
2016a on a regular PC (64-bit winl0 operating system,
Intel Core i15-4200 H 2.80 GHz processor, NVIDIA
GeForce GTX 950 M graphics card, 4 GB RAM). To
verify the reliability, rationality, and diversity of our
dataset, we choose eight trackers, including five
classical trackers from visual tracker benchmark [16]:
CSK [17], KCF [33], CT [31], DFT [32], RPT [34], a
correlation filter tracker BACF [35], two deep learning
trackers SiamFC [36] and CREST [37], and analyse the
robustness and accuracy of these trackers on the videos
of our dataset. Then, the users of our benchmark can
select the right tracker according to the evaluations of
these trackers.

We use precision and success rate to quantitatively
analyse the tracking effect of the trackers. In tracking
precision evaluation, a widely used standard is the
center position error, which is defined as the euclidean
distance between the center position of the tracking
target and the ground truth. We calculate the percentage
of frames whose center position error is less than the
error threshold to evaluate the tracking precision of a
tracker. We use a precision error threshold equal to 20
pixels.

Accurate tracking not only needs to determine the
center of the target, but also to determine the size of the
target. Another evaluation criterion is the overlap rate of
the bounding box. Assuming that the tracking bounding
box is B, and the ground truth bounding box is B,t, the
overlap rate is defined as S =B, B,l|/IB,\UB,l. We
calculate the percentage of frames whose overlap rate S
is greater than the given threshold to evaluate the
tracking success rate of a tracker. The threshold of
overlap rate we used is 0.5.

Figure 12 shows the average tracking precision and
success rate of eight trackers on 60 cows videos. The
tracker BACF based on correlation filtering achieves the
best results both in tracking precision and success rate.
In terms of precision, it’s 0.24 higher than the second-
ranked SiamFC; in terms of success rate, it’s 0.27 higher
than the second-ranked CREST, which means that
BACF is more suitable for tracking our cows dataset.
Trackers based on deep learning, SiamFC and CREST,
ranked second in precision and success rate,
respectively. This shows that trackers based on deep
learning are more accurate than traditional trackers, but
when tracking new objects, they take time to retrain to
fully show their advantages.

Tables2 and 3 respectively show the tracking
precision and success rate of eight trackers for different

© The Author(s) 2022. Published by Higher Education Press
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Success plots
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Figure 12. Precision and success rate of eight trackers on the cows dataset. (A) Precision of eight trackers; (B) Success
rate of eight trackers.

Table 2 Precision of eight trackers for eleven challenges

Challenges Trackers
SiamFC CREST BACF KCF RPT CSK DFT CT

v 1.000 0.671 0.736 0.695 0.741 0.964 0.708 0.711
SV 0.605 0.539 0.590 0.553 0.532 0.486 0.419 0.448
OCC 0.536 0.525 0.599 0.556 0.536 0.539 0.457 0.366
DEF 0.667 0.586 0.630 0.603 0.622 0.586 0.523 0.466
MB 0.813 0.748 0.854 0.744 0.706 0.705 0.520 0.623
FM 0.520 0.497 0.534 0.474 0493 0.463 0.378 0.340
IPR 0.585 0.488 0.588 0.594 0.531 0.507 0.525 0.392
OPR 0.599 0.473 0.548 0.453 0.454 0.453 0.243 0.390
oV 0.348 0.484 0.531 0.456 0.331 0.331 0.243 0.226
BC 0.675 0.672 0.739 0.700 0.665 0.665 0.553 0.520
LR 0.859 0.774 0.915 0.845 0.742 0.781 0.676 0.568
Table 3 Success rate of eight trackers for eleven challenges

Challenges - Trackers

SiamFC CREST BACF KCF RPT CSK DFT CT

v 0.842 0.807 0.818 0.646 0.756 0.669 0.647 0.490
SV 0.619 0.613 0.646 0.532 0.582 0.463 0.433 0.423
oCC 0.598 0.631 0.682 0.612 0.602 0.577 0.539 0.459
DEF 0.704 0.693 0.710 0.611 0.645 0.576 0.540 0.480
MB 0.694 0.707 0.769 0.663 0.662 0.588 0.542 0.526
FM 0.513 0.523 0.553 0.448 0.435 0.392 0.318 0.242
IPR 0.651 0.606 0.647 0.589 0.593 0.532 0.486 0.390
OPR 0.686 0.636 0.638 0.501 0.539 0.480 0.403 0.456
ov 0.493 0.539 0.672 0.456 0.426 0.354 0.254 0.282
BC 0.705 0.698 0.743 0.657 0.677 0.637 0.581 0.535
LR 0.747 0.757 0.771 0.736 0.689 0.597 0.567 0.503

challenges. For the challenges of IV, SV, DEF and OPR, finds an object similar to the target in the first frame
SiamFC performs better than other trackers because it every time it tracks, so as to reduce the impact of target
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deformation and illumination variation. BACF
outperforms other trackers for the challenges of OCC,
MB, FM, OV, BC and LR, because BACF considers
large enough background around the target, so that when
the target disappears or is occluded temporarily, or the
frame is blurred, BACF can still track the target when it
appears again. Therefore, it is more appropriate to use
SiamFC to track cows that are active in places with
illumination variation, such as grassland. For running
and jumping actions that may cause motion blur, it’s
better to use BACF to track. For gentle movements,
such as standing, walking and Ilying down, BACEF,
SiamFC, CREST are all suitable.

In order to verify the effectiveness of our proposed
cows actions recognition algorithm, we use overall
accuracy and single type of actions accuracy to evaluate
our actions recognition algorithm. The overall accuracy
refers to the ratio of the number of videos where cows
actions are correctly recognized to the total number of
videos, and single type of actions accuracy refers to the
ratio of the number of videos where one type of cows
actions (such as standing) is correctly recognized to the
total number of videos for that type of actions. We first
use the artificially annotated ground truth data
representing the cows’ motion trajectory in 20% of the
videos of each type of actions on the cows dataset to
adjust the coefficients and thresholds in the cows actions
recognition algorithm, so that the actions recognition
algorithm can achieve the highest accuracy on the
ground truth data, and the remaining 80% of the videos

are used to verify the actions recognition algorithm.
Next, we use the selected eight trackers to obtain the
tracking trajectories of cows in videos respectively, and
then use the recognition algorithm to determine the
actions corresponding to the input tracking trajectories,
that is, to recognize the actions of cows in videos.

Table 4 shows the overall accuracy and five type of
actions accuracy of our proposed cows actions
recognition algorithm under eight trackers. In terms of
overall accuracy, the accuracy of the BACF-based
actions recognition algorithm reaches 0.91, achieving
the best results, while the CREST-based and SiamFC-
based actions recognition algorithms rank second and
third respectively. The result shows that, under the
premise that the tracker can accurately track the target,
the cows actions recognition algorithm we proposed can
correctly recognize the cows’ actions in the videos in
most cases. In terms of single type of actions accuracy,
the trackers can track gentle actions stably, such as
standing and lying, so that the recognition accuracy will
be higher. However, when tracking such violent actions
as running, there are often challenges such as motion
blur, deformation, which will lead to tracking instability
or failure, thus reducing the recognition accuracy.

In addition, we demonstrate the efficiency of the eight
selected trackers by Table 5. Usually, for the same
tracker, the process time will become longer when the
target region becomes bigger. The numbers in Table 5
are the frames per second (FPS) for different trackers
referring to different videos. The bigger number means

Table 4 The accuracy (acc) of the proposed cows actions recognition algorithm under eight trackers
Acc
Trackers
Overall acc Standing acc Walking acc Running acc Jumping acc Lying acc
SiamFC 0.87 0.94 0.88 0.50 0.80 1.00
CREST 0.89 0.94 0.82 0.83 0.80 1.00
BACF 0.91 0.94 0.82 0.83 1.00 1.00
KCF 0.81 0.94 0.65 0.50 1.00 1.00
RPT 0.85 1.00 0.76 0.50 0.80 1.00
CSK 0.74 0.94 0.59 0.33 0.60 1.00
DFT 0.68 1.00 0.53 0.00 0.40 1.00
CT 0.70 0.83 0.59 0.50 0.40 1.00
Table 5 The FPS of different trackers for five videos
Trackers
Videos SiamFC CREST BACF CSK CT DFT KCF RPT
runl 86.5 2.2 6.5 100.5 25.6 10.1 90.4 5.0
lie2 97.1 3.8 13.8 229.5 63.6 33 80.5 34
jump2 112.0 42 26.8 519.6 77.3 15.2 230.6 6.0
stand11 88.7 2.5 14.8 219.4 40.5 4.9 104.9 2.9
walk7 85.3 2.0 16.1 81.0 66.7 6.8 88.2 1.0
362 © The Author(s) 2022. Published by Higher Education Press
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faster process. SiamFC, CSK and KCF for tracking will
have higher real-time performance.

CONCLUSIONS

In this work, we propose a new method of tracking
guided actions recognition for cows. This is an
important part of the intelligent monitoring in precision
cows rearing. We establish a dataset on cows actions,
which enriches the dataset on cows actions. Moreover,
we propose a set of theoretical methods to analyse the
actions of the tracked cows from the data tracked by the
trackers. At the same time, we summarize which tracker
should be used for videos with different challenges.
SiamFC is more reliable for tracking objects whose
appearance changes due to the challenges like
deformation (DEF), scale variation (SV), out-of-plane
rotation (OPR). For the target with occlusion (OCC),
motion blur (MB), fast motion (FM), BACF is more
suitable for tracking. In a word, for the videos monitored
precision cows rearing, our proposed method automa-
tically and accurately recognizes the actions of cows
which provides important information for experts and
farmers to improve the quality and production of cows.
At present, we are dealing with short videos captured by
fixed cameras, and a cow to be analyzed performs only
one action in a video. However, in the actual production
scene, the camera may be shaken, which makes the
video quality decline, resulting in tracking deviation. It
is necessary to use video pre-processing method to
deblur or denoise the video to improve the video quality,
and then recognize the cow’s actions. In the future, we
will propose more actions about cows such as drinking,
eating, following, sleeping, which are very important for
cows rearing. However, these actions need some
assisted information such as the recognition of trough
and water tank.
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