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Visual object tracking is a fairly easy task for humans
but a challenging problem in computer vision and thereby
in humanoid implementation. Most of the existing ob-
ject tracking evaluations are performed with prerecorded
video footage, often with a stationary camera. This is
not representative of a humanoid platform. The aim of
the present thesis was to evaluate different object track-
ing algorithms’ suitability for being implemented in a hu-
manoid by testing the algorithms’ performance in real-
time using a non-stationary robotic agent. The results
reflect a general trade-off between accuracy and computa-
tional cost. Kernelised correlation filters are depicted as
a suitable choice for single-object tracking systems with
limited computational power. Deep learning tracking al-
gorithms is argued to be the better choice for systems with
sufficient computational power.

1 Introduction
Tracking an object is a task that seems seamlessly easy
for humans but is a difficult challenge in computer vision.
Humans perform multiple objects tracking daily in dy-
namic environments such as: keeping track of the traject-
ories of pedestrians and other cars while driving, following
multiple moving actors in sports events or when parents
are monitoring their children in the playground (Zelinsky
& Neider, 2008). The skill of tracking multiple objects
seems to be fundamental in humans where even two-year-
old infants display this ability (Cheng, Kaldy & Blaser,
2019) and it drastically improves from childhood to young
adulthood (Ryokai, Farzin, Kaltman & Niemeyer, 2013).
Object tracking is thereby a fairly autonomous process in
adult humans that endeavours the process of targeting its
cognitive underpinnings. In cognitive robotics, the lack
of prerequisite knowledge in an artificial system can be
utilised to investigate these types of autonomous cognit-
ive processes. In the present thesis, the task of tracking
objects will be approached by implementing tracking al-
gorithms in a non-stationary camera to evaluate different
methods to track an object.

Object tracking in humans

Humans have the ability to quickly shift between visual-
spatial content through fast ocular saccades as well as
track trajectories of moving objects through smooth ocu-
lar pursuits (Purves, 2012). In the context of object track-
ing, these two categories of ocular movements are gov-
erned by information about position and velocity (Rash-
bass, 1961). Furthermore, in order for the eye to follow an

object smoothly and not lag, there is a need for anticipa-
tion where the future trajectories are predicted (Kowler,
1989).

The anticipatory element of tracking becomes particu-
larly critical when considering the sensory delay that oc-
curs in neural transmission while processing information.
The delay is a consequence of axonal conduction in visual
sensory processing and motoric processing of the internal
commands to the musculoskeletal system (Purves, 2012).
The prevailed sensorimotor delay entails that a system
needs to make compensatory actions in order for real-
time tracking to be possible (Carlton, 1981). Nijhawan
(2008) argues that such compensation is unlikely to be
performed solely by the motor system. Visual mechan-
isms and the organisation of the central nervous system
probably contributes. When an object is in motion, time-
varying visual information, such as variation of illumin-
ation, can be collected and utilised. The compensatory
action to neural transmission delay does not have to take
place only in late neural processes of sensory-motor inter-
action. Instead, feed-forward streams of the visual-spatial
system could account for the necessary compensatory ac-
tion resulting in a less lagged sensory signal to the later
stages of motor processing. For example, in the act of
catching a ball, the visual perception might alter the cur-
rent perceived position to future predictions of the tra-
jectory to synchronise with motor signals to position the
hand instead of the motor system doing all compensatory
work.

Approaching motor control as an inference problem
has provided a possible explanation for how humans can
track in real-time despite the sensory delay that occurs
in neural transmission. Probable causation of sensory in-
put can be predicted by intrinsic generative models and
underlying mechanism that approximates Bayesian filter-
ing (Perrinet, Adams & Friston, 2014). The suggestion of
the brain performing probabilistic inference has resulted
in Bayesian models of perception, learning and cognit-
ive development (Knill & Pouget, 2004; Pitkow & An-
gelaki, 2017; Tenenbaum, Griffiths & Kemp, 2006; Ten-
enbaum, Kemp, Griffiths & Goodman, 2011). However,
the concept of the brain performing probabilistic infer-
ence is not new, it was suggested by Helmholtz (1867)
over 150 years ago.

Within the Bayesian brain hypothesis, it is postulated
that the brain is trying to infer the causation of noisy
sensory input. It is argued that the brain must handle
the uncertainty obtained with noisy sensory data through
mechanisms that approximate, if not perfectly resembles,
Bayes optimal inference in order to get perceptual rep-



resentations of such noisy data (Knill & Pouget, 2004).
In Bayesian inference, Bayes’ theorem (1) is utilised to
update conditional probabilities by newly collected in-
formation.

P (A|B) =
P (B|A)P (A)

P (B)
(1)

In (1), A is the hypothesis given the observation B.
The posterior density P(A|B) can be obtained through
dividing the product of the likelihood P(B |A) and the
prior P(A) by the marginal likelihood P(B), also termed
as model evidence. However, perfect Bayesian reasoning
inferred from the Bayes theorem is often not feasible for
many real-life scenarios. The model evidence P(B) distri-
bution of such situations becomes complex where the like-
lihood needs to be marginalised for every possible state
of the observation. This makes it intractable to calcu-
late perfectly and it can only be approximated through a
body of techniques termed variational Bayesian methods
(Galdo, Bahg & Turner, 2020). The Bayesian approach to
perception, learning and cognitive function has been use-
ful in modelling how statistical regularities in natural im-
ages can be taken advantage of to reduce their complexity
and ambiguity. By way of computer vision, these real-life
statistics of natural images can be measured to create a
basis of how to model the most probable properties of an
object based on features of the captured image (Kersten
& Yuille, 2003). Given the Bayesian approach of visual
perception, computational strategies of artificial systems
can be valuable in trying to model and understand human
cognition (Allen & Friston, 2016). Furthermore, even if
the brain would not perform explicit calculations of shifts
in probability densities, the Bayesian approach remains
valid. In updating beliefs, it is the Bayesian sampling pro-
cess that is essential for biological systems, where context
guides the choice of hypothesis and governs the sampling,
rather than the process of ideal Bayesian reasoning (San-
born & Chater, 2016).

Object tracking in computer vision

Object tracking has been portrayed as one of the key
challenges in computer vision, essential for multiple areas
such as autonomous vehicles, surveillance and robotics
(Kothiya & Mistree, 2015; Verma, 2017). The chal-
lenge arises from changeable factors, such as illumination
change, motion blur, deformation of shapes, scaling vari-
ations and occlusion, that can occur in a video when an
object is in motion (Soleimanitaleb, Keyvanrad & Jafari,
2019). This complicates the association between different
frames of the video footage because the appearance of the
same object can be substantially different from one frame
to another. Furthermore, tracking objects in real-time
complicates the task even more where accuracy needs to
be balanced with the computational load which decides
how many frames per seconds the tracker algorithm can
handle. This can be compared to the sensorimotor delays
in humans, which limits the amount of information that
can be processed within a small time frame. In other
words, just as in biological systems, the computational
load also highlights the importance of a predicting com-
ponent in artificial tracking systems.

Object detection is a prerequisite for object tracking

where the object needs to be differentiated from the
background. A non-stationary camera, as often the case
in robotics, further complicates the differentiation task
between background and object because the background
is less static compared to a stationary camera. In order to
track an object’s trajectory, its detected features must be
associated between different frames of the video sequence
that includes the same object (Kothiya & Mistree, 2015).
To detect the object in each frame of the video is thereby
not equivalent to tracking the object. If the object would
be occluded in one frame and then reappear in another
frame, a detection algorithm might classify this as an ap-
pearance of a new object.

In object tracking, the frames of the video sequence are
compared with each other to estimate the likelihood of
one object being the same object presented in a previous
frame but in a different location (Verma, 2017). There are
several approaches to this association problem in object
tracking. Commonly used tracking methods can be cat-
egorised into the following five categories: feature-based
tracking, segmentation-based tracking, estimation-based
tracking, appearance-based tracking and learning-based
tracking (Soleimanitaleb et al., 2019; Verma, 2017).

In feature-based tracking, unique features from the
detection process are used to find an object with the
most similar features in the subsequent frames. In
segmentation-based tracking, the foreground, usually
where the moving objects are located, is separated from
the background through background subtraction. The
background model can be constituted of neural net-
works that classify the characteristics of the background
and continuously update these characteristics to catch
changes in illumination and so forth (Soleimanitaleb et
al., 2019). Estimation-based tracking formulates the
tracking task as a state estimation problem where the
objects are transformed to state vectors that represent
the position, velocity and acceleration of the moving ob-
ject. The changes in the state vectors can be estimated
with Bayesian filters, where Kalman filters are often used
if the state posterior density is assumed to be Gaussian
and the particle filters are used if changes in state vari-
ables are assumed to be non-linear (see (Chen, 2003) for
more information about Bayesian filtering). Appearance-
based tracking targets to incorporate changes in the ap-
pearance of the object, which largely can be divided into
kernel-based and patch-based (see Verma (2017) for a
more elaborated description of kernel-based and patch-
based appearance models). Finally, learning-based track-
ing methods are built upon trained classifiers and super-
vised machine learning methods to extract features and
appearances from objects as well as background charac-
teristics to evaluate if an object is a target or not. Su-
pervised machine learning methods usually require offline
training before being deployed, where the classifiers are
often exposed to large sample sizes of the objects of in-
terest. Supervised machine learning with neural networks
can thereby complex and robust appearance models of
an object but does not alter the model online (Emmert-
Streib, Yang, Feng, Tripathi & Dehmer, 2020).

The presented categorisation of the tracking methods is
quite coarse and done for the purpose of highlighting the
commonly used methodology in object tracking. These
approaches are not necessarily used independently, rater,
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a single tracking algorithm usually contains a combina-
tion of the presented methods (Kothiya & Mistree, 2015;
Soleimanitaleb et al., 2019; Verma, 2017). The categor-
isation was done only for the purpose

Visual servoing

The term visual servoing was first coined by Hill (1979)
and refers to when a closed system is controlled by visual
feedback. Visual servoing can be used to control a ro-
bot’s motions in real-time based on the visual informa-
tion captured from one or several cameras. There are
two main approaches for visual servoing, termed position-
based visual servoing and image-based visual servoing
(Corke & Hutchinson, 2000). In position-based visual
servoing, features from the captures image are extrac-
ted to reconstruct a representation in Euclidean space
where geometric calculations can be used to estimate
the target position. In image-based visual servoing, the
view directly decides the motion, if the view of an object
matches the desired view of that object then the object
is in the correct position (Hutchinson, Hager & Corke,
1996). Visual servoing has been a successful method for
controlling the motion of an end-effector in humanoid for
targeting and grasping behaviour (Ardón, Dragone & Er-
den, 2018; Vahrenkamp et al., 2008). Systems with visual
servo control are thereby dependent on the quality of the
visual feedback. If tracking algorithms are to be used
to control movement they need to be accurate in their
estimation of an object’s position.

Aim of thesis

The aim of the present thesis is to implement a set of
different tracking algorithms in a system with a non-
stationary camera in order to evaluate their suitability for
humanoid implementation. The evaluation will be based
on specific performance metrics that target appropriate
properties of interest for a humanoid in an object tracking
task. These include the tracking algorithms’ suitability
to function as visual servo control as well as their robust-
ness to occlusion and deflection. The majority of eval-
uations of object tracking algorithms are conducted on
stationary cameras or with prerecorded footage (Kristan
et al., 2016; Yin, Makris & Velastin, 2007; You, Zhu, Li &
Li, 2019). The present thesis project evaluated tracking
algorithms in a setting that aspired to resemble a hu-
manoid platform. The algorithms were implemented in a
mobile artificial agent that receives visual input to track
an object and control the agent’s movement in real-time.
This setting is more appropriated, in terms of ecological
validity, for evaluating the algorithms’ suitability for hu-
manoid implementation compared to the conventionally
conducted object tracking evaluations.

2 Method
To achieve the aim of the present thesis project, the track-
ing algorithms needed to be evaluated in an appropriate
context where parameters of interest could be isolated.
The subsequent sections describe the used algorithms
and the experimental setting where the algorithms were
tested. The full code that was used for the experi-
ments along with installation instructions can be found in

the following GitHub-repository: https://github.com/
pierreklintefors/MasterThesisObjectTracking

Used tracking algorithms

The tracking algorithms that were tested are specified and
briefly described in this section. The reader is advised to
follow the referred original papers in the aspiration to
learn more about the technical details of the algorithms.
This paper will only briefly touch upon the used meth-
ods of each algorithm. The trackers: MOSSE, CSRT,
GOTURN, KCF, MEDIAN FLOW, TLD and MIL were
part of the main and extra modules of the OpenCV lib-
rary (version 3.18) (Bradski, 2000). The YOLOv4-Deep
SORT tracker is a combination of the fourth iteration of
”You Only Look Once” detection algorithm (Bochkovskiy,
Wang & Liao, 2020) and the tracking algorithm ”Simple
Online Real-time Tracking” (SORT) (Bewley, Ge, Ott,
Ramos & Upcroft, 2016) with a deep association metric
(Wojke, Bewley & Paulus, 2017). To be suitable for hu-
manoid deployment, a tracking algorithm needs to track
an object at close to real-time speed, approximately 20
frames per second. This criterion was aspired to be ful-
filled without utilising a high-end CPU or GPU which
excluded many of the available, state of the art, deep
learning trackers.

MOSSE stands for ’Minimum Output Sum of Squared
Error’ and was the first object tracking algorithm to use
correlation filters. Correlation filters are classifiers that
take features to be associated as input and returns peaks
of correlation. In terms of object tracking, correlation
filters are used to associate image features of one frame
with a subsequent frame in a video sequence (for more in-
formation about correlation filters see (Liu, Liu, Srivast-
ava, Połap & Woźniak, 2020)). MOSSE is argued to be
robust against changes in illumination, scale as well as
pose and is claimed to be able to update by a rate of 649
frames per second when run on a 2.4 GHz Intel Core 2
Duo Processor (Bolme, Beveridge, Draper & Lui, 2010).

CSRT is based on discriminative correlation filters and
was created by Lukezic, Vojír, Zajc, Matas and Kristan
(2017). The tracker works by having correlation filters
trained on compressed features in form of histograms
of oriented gradients and colour names. Histograms of
gradients represent occurrences of change in the most in-
tensive pixel values in the picture. Furthermore, the ori-
entations of the gradients can be obtained through those
changes and probable estimations of coherent objects can
thereby be extracted. The correlation filters are aided by
channel and spatial reliability maps that help the filter to
track suitable parts of the object of interest. Lukezic et
al. (2017) argues that the CSRT tracker can run close to
real-time speed on a CPU.

KCF is a tracker based on kernelised correlation filters
(Henriques, Caseiro, Martins & Batista, 2015). The KCF
increases the number of samples for training the filters by
applying cyclic shifts to every sample to strive for better
learning. It utilises circulant matrices for speeding up
linear ridge regression of the filters and also allows for
non-linear regression by applying kernel trick. The KCF
also uses histograms of oriented gradients instead of raw
pixels to improve the accuracy of tracking.

MEDIAN FLOW is a tracker that uses forward and
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backward error estimation in a point tracking algorithm
(Kalal, Mikolajczyk & Matas, 2010). The algorithm pre-
dicts and tracks the trajectory of a set of points in the
image that is selected from a bounding box. A forward
and backward error estimation then filters out half of the
predictions with the highest amount of error. Estimation
of the new bounding box is done by taking the median of
each spatial dimension of the remaining points.

TLD is an implementation of the Tracking-Learning-
Detection framework that breaks down long-term track-
ing into tracking, learning and detection (Kalal, Mikola-
jczyk & Matas, 2012). This implementation of TLD uses
the MEDIAN FLOW tracker described above. The idea
is to use detection to establish an appearance model of
the object from the previous frames which can potentially
correct the tracker. The learning part of the algorithm
estimates the errors made by the detection and updates
the detection model to avoid these errors in future frames.

MIL stands for “Multiple Instance Learning” and is
a tracking-by-detection-based algorithm (Babenko, Yang
& Belongie, 2009). The tracker utilises multiple instances
learning for an appearance model where a bag of several
image patches around the contour of the object of interest
updates the appearance model. This is combined with a
simple motion model that estimates the trajectory of the
object. Babenko et al. (2009) argues for MIL tracker
being able to run at real-time speeds.

GOTURN stands for “Generic Object Tracking Us-
ing Regression Networks” and constitutes of convolutional
neural networks that have been trained offline on a com-
bination of videos and still images (Held, Thrun & Sav-
arese, 2016). If a powerful GPU is utilised the GOTURN
algorithm can be used to track objects at a speed of 100
frames per second and can still reach a speed of above 30
with a less powerful GPU.

YOLOv4-Deep SORT is a tracking-by-detection al-
gorithm that utilises the convolutional neural network
YOLOv4 (Bochkovskiy et al., 2020) to detect and clas-
sify an object. The detection network has been trained
the COCO-dataset from Microsoft (Lin et al., 2015), con-
taining 80 different classes of objects. The full weights
of the pre-trained network make the detection algorithm
quite computational heavy and require a powerful GPU
to achieve real-time detection. As a result, a com-
pressed version of the YOLOv4 network was used, termed
YOLOv4-tiny, which runs significantly faster but with
a cost regarding reduced accuracy. The YOLOv4-tiny
was combined with SORT (Simple Online and Realtime
Tracker) with a deep learning association metric (Wojke
et al., 2017). This version of SORT uses deep convolu-
tional networks to integrate appearance information and
improves the association of the object’s features between
different frames. YOLOv4 was built and trained with the
API Darknet (Redmon, 2013–2016) and had to be con-
verted to a TensorFlow model to be compatible with the
deep SORT. This was done by implementing a protocol
from TheAIGuy (2020).

Experimental setting

The tracking algorithms were tested in an experimental
setting constituted of two moving robotic agents, one
tracker and one object mover. The tracker received visual

input through a webcam, capable of capturing 21 frames
per second with dimensions of 640 by 360 pixels. The
camera was mounted on two Dynamixel AX-12 servomo-
tors from Robotis. This gave the tracker two degrees of
freedom, allowing it to pan and tilt to keep the object
of interest centred in the image (see Figure 1a). The ob-
ject mover constituted a chain of four Dynamixel AX-
12 servomotors, corresponding to four degrees of free-
dom, where two motors were used for panning motion
and two for tilting motion (see Figure 1b). This al-
lowed the object to be rotated, which altered its ap-
pearance, as well as moved in two orthogonal directions
with correcting rotation to keep the front of the ob-
ject faced toward the tracker. The servomotors of both
agents were connected in one chain to a computer via a
USB2DYNAMIXEL device. The USB signals were con-
verted to TTL (Transistor-Transistor Logic) signals be-
fore being sent to the servos which were connected to
a 12 V power source. The experiments were conducted
with a computer running Ubuntu 20.04, equipped with an
AMD Ryzen 5 3600 6-core CPU and an NVIDIA GeForce
GT 1030 GPU with 2-gigabyte memory.

The experimental setup aimed to control the lighting to
avoid the difference in illumination between trials. This
was done by darkening the room and using artificial lights
positioned above the robotic agents. To make sure that
the illumination was constant, the hue, saturation and
lightness of the object were measured in the initiation
of every trial. The background was a white wall decor-
ated with a patterned and coloured wall sheet hanging
approximately 50 centimetres above the object moving
robotic arm. This made the background static for hori-
zontal movements, with no changes in colour, but not for
vertical movements where the camera angle included the
wall sheet.

Experimental tasks

The algorithms were tested in two experimental tasks
which aimed to capture situations that would be repres-
entative of a scenario where a humanoid is tasked to fol-
low an object. The first experiment task involved visual
servoing, where the tracking agent in Figure 1a was tasked

(a) Tracker (b) Object mover

Figure 1. The degrees of freedom of the robotic agents, (a)
the tracker had two degrees of freedom, (b) the object mover
had four degrees of freedom.
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to keep the object’s position centred in the image. The
object was attached to the robotic arm in Figure 1b that
moved in a predetermined choreography. The tracking
of each trial was initialised by the manually annotated
ground truth position of the object and visual servoing
was then based on the algorithms’ continued estimation
of the object’s position. The second experiment aimed
to test if the tracking of the algorithm could handle de-
flection from the object. This was done by turning the
camera away from the stationary object interim of track-
ing and then having it returned to the start position to
see if the tracking was recovered.

Moving sequence of the object

The object that was used for experimental tasks was a
small orange plastic cup. This single object was used
continuously for all algorithms in both of the experi-
mental tasks. This particular object was chosen because
it needed to be an existing class of the COCO-dataset,
in order to test the YOLOv4-Deep SORT algorithm, as
well as being lightweight and easy to attach to the robotic
arm.

The choreography for the object moving agent was de-
signed in a way that would adequately cover a range of
different movement and is displayed in Figure 2. The
object started from a base position where it was aligned
with the tracking agent, showing the front of the object
at a distance of approximately 40 centimetres from the
camera. The object moving robotic arm then performed
a sequence of movements where the object returned to the
base position between every transition. The object was
first moved in linear trajectories, both in horizontal and
vertical directions, which only changed the position of the
object but not the appearance. As displayed by image 2
and 4 of Figure 2, these movements kept the front side ex-
posed to the tracking agent’s point of view. However, the
horizontal linear movements of image 2 and 6 altered the
scale of the object, moving it slightly closer to the camera
due to the way these movements was executed. This is
implied by the degrees of freedom displayed in Figure 1b,
the object was moved horizontally by rotation of the bot-
tom motor while keeping the other sections of the arm
at angles of 90 degrees. In the second half of the moving
sequence, the object was moved in ways that altered its
appearance. First by partial occlusion by a screen, shown
in image 6 of Figure 2, and then by rotating the object
around its axes, shown in image 8 and 10.

Visual servoing

The motion of the tracking agent was controlled by
the visual feedback from the camera, captured via the
OpenCV library (Bradski, 2000), where pixel coordinates
of the centre of the image and the centre of the tracked ob-
ject were extracted. The motion of the tracking agent was
determined by position-based visual servoing. The servo-
motors of the tracking agent received signals to rotate in
ways that would pan and tilt the camera to minimise the
distance between the image centre and the estimated ob-
ject centre. The motors rotated different degrees depend-
ent on the measured distance and stopped moving when
the image centre and object centre was within a range
of 30 pixels. By way of position-based visual servoing,

Figure 2. Moving sequence for object during one trial. The
object returns to base position (1, 3, 5, 7) between each move-
ment. The object was moved in ways that did alter the ap-
pearance of the object (6, 8, 10) and in ways that did not alter
the appearance (2, 4)

the pixels of the image were represented in a Cartesian
coordinate system where the measured distance on the
x-axis and the y-axis controlled rotation of the pan and
tilt motors respectively.

Performance metrics

The algorithms were evaluated by the following per-
formance metrics: proportion of frames the object was
centred, computational efficiency (number frames pro-
cessed per second), tracking accuracy, tracking loss fre-
quency and the ratio between tracking loss and tracking
recovery. The proportion of frames within the trial that
the object was kept in the centre of the image served
as a good overall performance metric of the visual ser-
voing because it entailed spatial and temporal accuracy.
The other metrics gave a more detailed picture of the
shortcomings of the trackers. The tracking accuracy was
obtained by comparing the overlap between the tracker’s
bounding box and the ground truth of the object’s pos-
ition. The ground truth constituted of manual post hoc
annotation of the object’s position in each frame from
saved video footage of the trial.

3 Results
All the tracking algorithms were tested on the same mov-
ing sequence, which amounted to 41 seconds. Their per-
formance was evaluated according to the metrics that
were described in the previous section. The results are
summarised in Table 1. Video footage of each trial can
be found at: https://github.com/pierreklintefors/
MasterThesisObjectTracking/TrackingVideos

Computational speed

By comparing the frames per second (FPS) rates in
Table 1, the MOSSE tracker was the fastest, with an
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Table 1. The table contains performance metrics of the tracker algorithms in the visual servoing task, the two best values of
every metric are displayed in bold. Frames per second (FPS) is a measure of computational speed. Average precision is the
average overlap between the algorithms’ estimating bounding box and ground truth annotation. The region of interest (ROI)
is defined as when the absolute distance in pixels was ≤ 30 along both the X-axis and Y-axis of the image. The proportion of
frames with detectable object refers to the frames where the object is at least partially visible and not outside of the captured
image.

Tracker FPS Average precision Prop. of frames with ROI
centred (≤ 30 px)

CSRT 12.23 .75 .46
GOTURN 10.68 .28 .52
KCF 14.39 .66 .47
MEDIAN FLOW 15.97 .32 .85
MIL 10.36 .26 .65
MOSSE 16.26 .60 .70
TLD 11.19 .46 .43
YOLOv4-Deep SORT 12.36 .18 .09

Reported tracking losses Recovered tracking Prop. of frames with
detectable object

CSRT - - 1
GOTURN - - .49
KCF 1 - 1
MEDIAN FLOW - - .47
MIL - - .61
MOSSE 2 1 1
TLD - - .98
YOLOv4-Deep SORT 19 19 .94

average of 16.26 FPS. Close behind, the second-fastest
algorithm was MEDIAN FLOW with an average of 15.97
FPS. MIL and GOTURN were the slowest among the
tracking algorithms with FPS rates of 10.36 and 10.68,
respectively.

Spatial tracking accuracy

As shown in Table 1, CSRT and KCF were the two al-
gorithms with the highest average precision per frame.
The precision was measured in terms of how much the
estimated bounding box of the tracking algorithm over-
lapped with the ground truth bounding box where 1
would be a perfect score. Furthermore, Figure 3 shows
the success rate, in terms of the proportion of frames
where the overlap exceeded a given threshold. CSRT,
KCF and MOSSE were the only trackers that had 70%
overlap for more than half of the frames during the visual
servoing task. CSRT showed a small degree of overlap for
a high proportion of frames but for more precise estim-
ations, i.e higher overlap thresholds, KCF had a higher
success rate in the estimation of the object’s true position.

The divergences from the ground truth annotations are
visualised in Figure 5. The axes of the coordinate sys-
tems correspond to the distance in pixels between the
centre of the image and the x-coordinates as well as the
y-coordinates of the object’s centre. In every plot there
are two paths, the blue corresponds to the divergence
between the centre of the image and the estimated ob-
ject centre, the green paths show the divergence from the
ground truth annotations of the object’s centre. A higher
degree of overlap between the two paths corresponds to
a more accurate estimation of the object’s position. The
paths are only visualised for frames when the object was
visible and tracked. For example, MEDIAN Flow’s low

proportion of frames with a detectable object (47%) can
be seen by the shorter length of paths in Figure 5.

Visual servoing

The visual servoing performance can be reflected by the
proportion of frames where the region of interest (ROI)
was centred in the image. The region of interest was
defined as the centre point of tracked bounding box ±
30 pixels along both axes. In this regard, the MOSSE
tracker kept the ROI centred in the image 70% of frames
and KCF did so for 47% of the frames, as displayed in
Table 1. MEDIAN FLOW reached the highest rate at
85%, however, MEDIAN FLOW had false positives where
it lost track of the object but attached the bounding box
to the static background, this is displayed in Figure 4. As
a result, MEDIAN FLOW had a high divergence from the
ground truth along the Y-axis, seen in Figure 5 as well as

Figure 3. The proportion of frames where the algorithms’
bounding box overlapped with the ground truth annotation,
termed success rate, for different overlap threshold values.
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the low proportion of frames where the object was detect-
able in Table 1. This was also the case with GOTURN,
and MIL which both wrongfully attached the bounding
box to the background, resulting in a low proportion of
frames where the object was detectable.

Visual servoing performance is also reflected by how
centred the blue path is around the origin and axes of Fig-
ure 5. Paths that are centred around the origin indicate a
close correspondence to the tracking and the visual servo-
ing. The blue paths are therefore more centred than the
green paths because they relate to the tracked ROI which
underpinned the visual servoing of the tracking agent. By
looking at the MEDIAN FLOW, KCF and MOSSE plots
of Figure 5 the close overlay between the blue paths and
the axes of the coordinate systems are reflected by their
high values in ”Proportion of frames with ROI centred”
in Table 1. However, just as the parametric of centring
ROI, the central tendency of paths in Figure 5 does not
entail if the object was lost. Therefore, the visual servo-
ing parametrics ought to be combined with the average
precision and proportion of detectable frames in Table 1
to get the correct representation of the trial.

Tracking loss

Tracking loss was measured in both the visual servoing
task and the second task of tracking recovery. The bot-
tom half of Table 1 shows how many times the tracking al-
gorithms reported tracking loss during the visual servoing
task and if they recovered tracking after the loss. Track-
ing loss, in this regard, corresponds to the algorithms’
reports of losing the tracking and not when the bounding
box is attached to the background as in the case with ME-
DIAN FLOW, shown in Figure 4. There were more ex-
amples of this phenomena during the visual servoing task
which is reflected by ’Proportion of frames with detect-
able object’ in Table 1. This parameter shows instances
where the object no longer was visible within the frame
due to tracking futility. This was either a result of a ter-
minated tracking or erroneous tracking of another feature
of the background. Together with MEDIAN FLOW, the
GOTURN, MIL and TLD algorithms also failed to report
when they lost track of the object, attaching the bound-
ing box to something else.

In contrast, KCF, MOSSE and YOLOv4-Deep SORT
successfully reported when the tracking was lost during
the visual servoing task. The KCF lost track of the ob-
ject in the last appearance altering move where the object
was rotated along both its axes (see image 10 in Fig-
ure 2. The MOSSE algorithm lost track of the object
two times and recovered the tracking from one of the
times. The YOLOv4-Deep SORT algorithm lost track
of the object most frequently but always recovered the

Figure 4. MEDIAN FLOW losing track of the object but
keeps bounding box attached to the background.

Figure 5. Coordinate systems that displays accuracy in the
visual servoing task. The x-axis and y-axis corresponds to the
x-axis and y-axis of the captured image where the origin is
the centre. The blue path shows the difference between the
image centre and the centre of the tracking bounding box.
The green path shows the difference between the image centre
and the centre of the ground truth annotated bounding box.
Both of the trajectories displayed in the plots are measured
and displayed in pixels. If the tracking trajectory and visual
servoing would be perfect, both paths would be centred around
the origin.

tracking. However, the association between the detection
of the YOLOv4 network and the SORT metric failed on
several occasion, resulting in that the algorithm classified
the same object as multiple objects. This is illustrated in

Figure 6. The YOLOv4-Deep SORT tracker erroneously
classifies the same object as different objects.
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Table 2. Reports of tracking loss and recovery of tracking in
the turning away task. The time metric is the time it took,
in milliseconds, to recover tracking from when the object was
visible again.

Tracker Reported Recovered Time
CSRT Yes No -
GOTURN No No -
KCF Yes Yes 590
MEDIAN FLOW No No -
MIL No No -
MOSSE Yes No -
TLD Yes Yes 43
YOLOv4-Deep SORT Yes Yes 90

Figure 6. Furthermore, the CSRT was the only tracker
that did not lose track of the object and kept it in sight
throughout the whole trial.

The result of the second task, which was aimed to meas-
ure the ability to recover lost tracking is summarised in
Table 2. The performance of this task was measured with
two dichotomous variables as well as a continuous variable
of time. The first dichotomous variable conveyed whether
the algorithms were successful or futile in reporting track-
ing loss when the object was no longer visible. The second
dichotomous variable informs whether the tracking was
recovered when the object became visible again. The
time variable measured how long time it took for the
algorithms to recover tracking after the tracking agent
was returned to face the object again. The algorithms
that were successful in both reporting tracking loss and
recovering tracking were KCF, TLD and YOLOv4-Deep
SORT, whereof TLD had the fastest recovery.

Occlusion

The moving sequence of the object mover in the visual
servoing task included a movement where the object was
partially occluded by a screen, as displayed in image 6
of Figure 2. The algorithms: CSRT, KCF, MOSSE and
TLD were successful in tracking the object during its par-
tial occlusion, which is shown in Figure 7. The bounding
boxes of CSRT, KCF and MOSSE maintained a good
representation of the object during the partial occlusion
while TLD enlarged its bounding box. The algorithms
GOTURN, MEDIAN FLOW, MIL and YOLOv4-Deep
SORT lost track of the object before it was occluded.

4 Discussion
The tracking algorithms were evaluated based on their
computational efficiency, tracking accuracy, visual servo-
ing and recoverability. The fastest algorithm, in terms of
the number of processed frames per second, was MOSSE.
The algorithm with the highest tracking accuracy, in
terms of estimating the real position of the object, was
CSRT followed by KCF and MOSSE. Despite CSRT’s
high average tracking precision, it was not successful in
keeping the object centred in the image, neither did it
prove any strong recoverability. In contrast, the KCF,
TLD and YOLOv4-Deep SORT algorithms were all able
to recover from tracking loss in the turning away task,
but YOLOv-Deep SORT also showed strong recoverab-

(a) CSRT (b) KCF

(c) MOSSE (d) TLD

Figure 7. The four algorithms that handled occlusion, (a-b)
CRST and KCF, respectively, tracking the partially occluded
object with a tight bounding box, (c) the MOSSE tracker
centre the tracking bounding box around the part of the ob-
ject that is not occluded, (d) the TLD tracker expanded the
bounding box when the object was partially occluded.

ility when accumulating the recovered tracking from the
visual servoing task.

Based on these results, the discussion will mainly high-
light and compare the KCF, MOSSE and YOLOv4-Deep
SORT algorithms in order to emphasise their strength
and weaknesses regarding humanoid implementation. It
should be noted that the results from the present experi-
ments were dependent on the used equipment and exper-
imental setting. If the experiments were to be repeated
with a system with more processing power, high-speed
cameras or different image resolution the results might
have been different. However, due to limited financial re-
sources and arrangement space, it is not always feasible
to use powerful CPUs, GPUs and high-speed cameras, es-
pecially in smaller or mobile robots. The results from this
thesis project could thereby serve as an indicator of what
type of algorithms perform well with equipment that is
highly accessible and relative cheap in the present market.

Computational efficiency

The computational efficiency is an important criterion for
tracking algorithms that would be implemented in a hu-
manoid. If visual servoing is to be used for controlling
movements, the chances of calculating the correct pos-
ition of an object and the desired trajectory of a hu-
manoid’s end-effector are improved with increased pro-
cessing capacity. It is important to note that the com-
putational efficiency (FPS) obtained in the visual servo-
ing task in the present thesis project is not a true meas-
urement of the algorithms’ computational speeds. This
measurement was dependent on the used code for visual
servoing and the computational speed can be increased by
further code optimisation. However, the same code was
used consistently for all algorithms and their results are
therefore comparable with each other but not necessarily
representative of their true capacity.

The MOSSE algorithm had the highest FPS rate and
was also one of the top-performing algorithms in keep-
ing the object centred in the image. This replicates
previous results that have shown that MOSSE is faster
than the other used trackers (Chen, Hong & Tao, 2015;
Mi & Yang, 2019; Yue & Li, 2018; Zhang, Wang, Sun,
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Yao & He, 2015). The difference in speed between the
MOSSE algorithm and the deep-learning algorithms such
as GOTURN and YOLOv4-Deep SORT can be accoun-
ted for by the use of simple correlation filters instead of
advanced appearance models in the association of frames
(Liu et al., 2020). Fast Fourier transformation is used
with correlation filters to correlate features in the Four-
ier domain, which speeds up the calculations, and then
use inverse Fourier transformation to acquire the spatial
position. The MOSSE algorithm predicts the position of
the next frame by taking the maximum correlation values
from a search window and then performs an online up-
date in that location (Bolme et al., 2010). The high FPS
rate of MOSSE was probably a contributing reason to its
high proportion of frames where the ROI was centred in
the image. This can be contrasted to CSRT and KCF,
both had higher average precision than MOSSE but not
as successful in keeping the object centred. This could be
a result of their slower processing capability.

Deep neural networks rely on large numbers of distrib-
uted and different weighted computational units, termed
neurons. The combinatorial activations of those neurons,
in terms of summation exceeding a threshold, can rep-
resent multiple complex features in an image (Emmert-
Streib et al., 2020). The weights of the artificial neurons
are tuneable parameters and calculated through simple
matrix multiplication but in tremendous quantities. The
huge amount of tunable parameters makes neural net-
works appropriate for building complex appearance mod-
els but also requires many computations to be done and
a large amount of data to be kept in memory (Sze, Chen,
Yang & Emer, 2017). For training (i.e tuning the para-
meters) deep neural networks often require parallel pro-
cessing on GPUs to be feasible. Using a trained network
for inference (i.e making predictions) can be done on both
CPU and GPU but still requires more memory allocation
compared to correlation filters with calculations in the
Fourier domain. Even with the compressed deep net-
work YOLOv4-tiny, which is one of the fastest detection
networks available (Bochkovskiy et al., 2020), correlation
filter-based trackers such as MOSSE and KCF were faster
in the present experiment.

Tracking accuracy

Tracking accuracy entails both spatial and temporal ac-
curacy and is crucial in order for a humanoid to suc-
cessfully manoeuvre in relation to an object’s position,
both adjusting the angles of the cameras and orient its
end-effectors in grabbing tasks. After CSRT, the al-
gorithms with the highest tracking accuracy were KCF
and MOSSE. Previous accuracy comparisons that in-
cluded KCF and MOSSE algorithms have shown mixed
results, but KCF has been reported most frequently to
have the better average accuracy of the two (Chen et al.,
2015; Mi & Yang, 2019; Yue & Li, 2018; Zhang et al.,
2015).

The basis of KCF’s success in tracking accuracy could
be its robust learning of the object’s appearance without
a drastic increase in computational cost. KCF uses the
initial frame of the captured image to create a positive
sample of the object and then performs cyclic shifts to
produce negative samples of the object (Henriques et al.,

2015). Ridge regressions are then performed on the cyc-
lic shifted samples in form of circulant matrices to model
the appearance of the object. Circulant matrices have
the property that enables diagonalisation which is used
in a discrete Fourier transformation (Yadav & Payandeh,
2018). This enables more dense sampling without gaining
too much computational load where the KCF could have
a more complex object model and still have a relatively
high FPS rate of 14.39, as seen in Table 1. This is notice-
ably faster than the other used tracking algorithms with
complex appearance models such as the deep learning al-
gorithms (GOTURN, YOLOv4-Deep SORT), as well as
CSRT and TLD, with FPS rates of 10.68, 12.36, 12.23
and 11.19, respectively.

As its name entails, KCF uses kernelised correlation
filters, which allows for a computationally efficient way
of using non-linear regression functions. By way of non-
linear regression, more complex relationships between fea-
tures can be predicted, which makes it more powerful
than linear regression. The way non-linear regression can
be performed without the heavy computational cost is by
the ’kernel trick’ (Henriques et al., 2015). Kernel trick can
be used to train a classifier to classify support vectors that
are only linearly separable if they were to be transformed
into higher dimensions. Transforming data that contains
a lot of features into higher dimension requires multiple
polynomial combinations of the features which quickly
becomes impractical due to the computational cost. The
kernel trick is a solution to that problem where a kernel
function can calculate the dot product of higher trans-
formed data using input from the original feature space.
As a result, kernel functions can be used to obtain prop-
erties from the higher dimensional feature space without
explicitly performing the computational costly transform-
ations (Schölkopf & Smola, 2018).

The robust learning models and computationally effi-
cient proprieties makes KCF algorithm a suitable choice
for object tracking in a system with insufficient computa-
tional power for deep learning algorithms. However, with
enough computational power deep learning algorithms
tend to outperform KCF in terms of accuracy (Li, Wang,
Wang & Lu, 2018; X. Wang, Li, Li, Shen & Porikli, 2017).
Furthermore, trackers with more advanced appearance
models than KCF might be more robust to appearance al-
ternating situations with long occlusion and scale changes
(X. Wang et al., 2017).

Recoverability

Recoverability is also an important aspect of tracking in
a humanoid. If something causes the humanoid to deflect
from the object meanwhile tracking, or if the object is
fully occluded, it is important that it can recommence
the tracking when the object is visible again. For hu-
mans, this is not a difficult task as long as the object has
some unique features that make it distinguishable from
the background or other objects (Horowitz, Birnkrant,
Fencsik, Tran & Wolfe, 2006). Even if multiple objects
are highly similar, humans still perform well when track-
ing up to 4 objects(Zelinsky & Neider, 2008). Moreover,
humans also have the ability to classify novel object that
they never encountered before (Morgenstern, Schmidt &
Fleming, 2019).
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In artificial systems, this task is not as trivial. An ap-
pearance model of an object often needs to be explicitly
trained with a large number of examples in order for the
model to be robust and generalisable. However, artificial
systems’ ability to generalise is continuously improving
with clever engineering and new machine learning tech-
niques (Barbiero, Squillero & Tonda, 2020). A robust
appearance model is key for the system to successfully
recognise an object that reappears after being undetect-
able for long period. This complicates real-time tracking
where the appearance of the object needs to be mod-
elled online. With this said, it is not surprising that
a deep learning tracking by detection algorithm, such
as YOLOv4-Deep SORT, successfully recovered track-
ing lost in the conducted experiments. The YOLOv4-
network had been trained on thousands of images of each
class of the COCO-dataset, meaning that it has been ex-
posed to thousands of images of cups of various colours,
shapes and sizes. This makes it likely to detect an object
a second time, even if the object has not been visible for
a longer period.

In contrast, the correlation filter tracker MOSSE uses
the peak-to-sidelobe ratio (PSR), which measures the
strength correlation peaks, to determine if the object is
no longer visible. If the PSR value is below some set
threshold, it will stop the online update of the appear-
ance model until the PSR-value is up and thereby re-
sume the tracking when the object shows a similar ap-
pearance again (Bolme et al., 2010). This reliance on
online training makes the MOSSE algorithm less likely
than a deep learning algorithm to recover tracking if the
object is not visible for a long period. KCF also uses cor-
relation filters but has a more robust appearance model of
the object which could give it a better chance to recover
the tracking (Henriques et al., 2015; Yadav & Payandeh,
2018). This was reflected by the second experiment with
the turning away movement where both YOLOv4-Deep
SORT and KCF were successful in recovering tracking
but where MOSSE, with the simpler appearance model,
was futile in this regard.

In the present experiments, the tracked object was
part of the classes in the dataset that has been used to
train the detection network YOLOv4. This means that
as long as the object was clearly visible, the YOLOv4-
Deep SORT had a good chance of detecting the object
and establish tracking. However, the YOLOv4-Deep
SORT misclassified the object as being different ob-
jects repeatedly after short periods of detection fails.
Even if the misclassification was not a problem for
this specific experiment because it only involved single
object tracking, the frequent tracking lost resulted
in jittery movements of the tracking agent instead of
the desired smooth motion as when humans track an
object (for a more detailed view of this phenomena, see
video: https://github.com/pierreklintefors/
MasterThesisObjectTracking/blob/main/
TrackingVideos/YOLOv4DeepSort_output.avi). The
jittery motion can be improved by altering the update
rate of movement in the visual servoing code but that
would also affect the agent’s ability to follow fast and long
movements. Therefore, a more robust detection model
is preferred. This could potentially be achieved with
the fully weighted YOLOv4-network but that conveys

an increased computational cost. To reduce this com-
putational cost, the YOLOv4-network could be scaled
with a cross-stage partial (CSP) network approach. The
CSP approach has been shown to significantly improve
the speed of the YOLOv4-network, by utilising parallel
processing, while still maintaining its accuracy when
tested on the COCO-dataset (C.-Y. Wang, Bochkovskiy
& Liao, 2021).

The deep association metric attribution to the SORT
network is supposed to improve the tracker algorithm’s
performance to track an object with long periods of oc-
clusion (Wojke et al., 2017). The deep association met-
ric facilitates the association between frames in order to
keep track of the detected object. As mentioned earlier,
the experiment was conducted with single object tracking
so the misclassifications of the detection network of the
YOLOv4-Deep SORT did not affect its performance in
this task. However, in multiple tracking, this deep asso-
ciation metric becomes more important to keep track of
different objects’ trajectories.

In order to recover from tracking loss, the algorithm
must first accurately report the loss. This is an import-
ant and desired quality in humanoid to not be misguided
by background noise. For this reason, algorithms such as
GOTURN, MIL and MEDIAN FLOW, which failed to
report tracking loss and erroneously started to track the
background, are not suitable for humanoid implementa-
tion.

Limitations

The design of the conducted experiments intended to tar-
get important aspects of object tracking that are desired
in a humanoid. However, there are some limitations with
the present design that reduces the generalisability of the
results.

The conducted experiments constituted of single ob-
ject tracking to make a clean comparison between the
algorithms and reduce the data for analysis. To increase
the external validity, multiple trials of multiple objects
could be used in a multiple object tracking task. The
used algorithms are all compatible with multiple object
tracking. A further expansion of the experiments could
have been to vary the image dimensions and resolution of
the capturing camera to see how this affected the speed
and accuracy of the algorithms.

The different set of motions that were tested in the
visual servoing task was part of one movement sequence.
This meant that movements of the later stages of the se-
quence, such as the partial occlusion, were only tested
for algorithms that had not lost track before that point.
To get a more thorough evaluation of how the algorithms
handle specific types of movement, the sequence could
have been dived into multiple segments where each al-
gorithm where tested with multiple trials. However, this
will increase the amount of data for the analysis and
thereby also increase the time dedicated for ground truth
annotations.

Another quite obvious limitation with the present ex-
perimental setup was that it did not actually involve a
full humanoid robot but instead used a simplified robotic
agent. This was a result of the restrictions due to the
Covid-19 pandemic, which limited access to the lab of
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the LUCS cognitive robotics group. A humanoid robot
has a higher number of servo motors with longer signal
chains and bigger parts in motion causing vibrations that
might influence the algorithms’ performance in tracking
an object. Furthermore, with a humanoid robot, the al-
gorithms’ suitability as a visual servo control tool could
also be extended to control the end-effectors for grabbing
purposes.

Future directions

With continuing developments of powerful GPUs and
CPUs as well as computational optimisation of deep
learning networks, more robust tracking algorithms are
becoming more available and feasible for implementation
in mobile artificial agents. However, the statistical calcu-
lations of artificial neural networks do not necessarily rep-
licate the underpinnings of human cognition (Peterson,
Abbott & Griffiths, 2018; Sejnowski, 2020). Nevertheless,
the future holds great opportunities for mutually benefi-
cial exchange between neuroscience and artificial intelli-
gence (Savage, 2019). In terms of cognitive robotics, the
development of artificial systems should be done in the as-
piration to better understand the performed calculations
of biological systems. In this regard, there is potential
to further use Bayesian estimation methods in the de-
velopment of tracking algorithms that approach human
tracking behaviour as well as being feasibly computed by
the cortical architecture of the biological brain (Friston,
2005a).

Implementing the Bayesian brain hypothesis to the
functional anatomy of the brain has resulted in hierarch-
ical prediction-driven Bayesian models known as predict-
ive processing or predictive coding (Clark, 2013; Fris-
ton, 2005b; Lee & Mumford, 2003; Rao & Ballard, 1999).
Within predictive processing, perception and action are
driven by predictions, formulated as top-down signals.
The predictions are produced based on intrinsic generat-
ive models that map the causational relationship between
the world and sensory information. In other words, the
top-down stream of information is used to infer the most
probable causes of sensory input given the current know-
ledge. In this context, sensory input serves as error meas-
urements of those predictions. This is along the line with
Barlow’s efficient coding hypothesis (2012) where it can
be argued to be more efficient for a system to emphasise
uncertainty and the unexpected instead of continuously
coding a stream of bottom-up information.

Further, Karl Friston has applied his free energy prin-
ciple (Friston, Kilner & Harrison, 2006) to the predict-
ive processing and predictive coding framework. Free en-
ergy constitutes as an upper bound of surprisal (i.e the
negative log probability distribution of Bayesian model
evidence) and can be used in variational Bayes methods.
Friston also emphasises the role of enactivism in the pro-
cess of inferring causation to sensory inputs and making
predictions, termed active inference (Friston, Daunizeau,
Kilner & Kiebel, 2010). According to the active infer-
ence framework, the free energy bound can be minim-
ised, and thereby the discrepancy between prediction and
perception, by either changing the prediction or acting
upon the environment. The active inference framework
is thereby suitable for embodied agents and has been suc-

cessfully used for optimal control of humanoid movements
based on information from the perceptual input channels
(Oliver, Lanillos & Cheng, 2021). The free energy, or
variational free energy in Bayesian belief update terms,
can be defined as a complexity term subtracted with an
accuracy term as formulated in (2) (Friston, 2010).

F = DKL[q(s|π)||p(s|π)]− Eq(s|π)[ln(p(o|s))] (2)

Complexity serves as Bayesian surprise, which is the
difference between the prior and posterior Bayesian be-
liefs. This is constituted by the Kullback-Lieber diver-
gence between the recognition density given a policy for
action q(s|π), which holds the posterior beliefs, and the
prior density p(s|π) in 2. The accuracy term is the
arisen surprise given the recognition density. This for-
mulation of variational free energy advocates that the
accuracy should be maximised while decreasing complex-
ity. In other words, the modelling of causation should be
as precise as possible without changing the prior beliefs
too drastically. By this nature, minimising variational
free energy incorporates the explore-exploit relationship
where epistemic action can be made in order to increase
the likelihood for more accurate future predictions (Fris-
ton et al., 2016). This makes the active inference suitable
for modelling the task of object tracking where the model
can be learned and updated online.

Conducted simulations have shown that active infer-
ence can be used to successfully navigate in both determ-
inistic and stochastic environments (Sajid, Ball, Parr &
Friston, 2021). With the appropriate generative model,
Sajid et al. (2021) argues that active inference can be
scaled to robotic agents; something that has been real-
ised by Oliver et al. (2021) in using active inference in
body perception of a humanoid. There has also been
theoretical work where active inference has been used in
simulations to create dynamical models of ocular motion
and sensory delays in humans (Adams, Aponte, Marshall
& Friston, 2015; Perrinet et al., 2014).

In conclusion, the active inference framework is sug-
gested to be incorporated in object tracking in artificial
systems in future work. Gradient descent of variational
free energy can be used to optimise predictions, com-
patible with other Bayesian filters and neural networks
(Ueltzhöffer, 2018). Active inference has also been used
as inspiration of the human visual system to implement
generative adversarial networks (GAN) for quality assess-
ment without a reference image. Furthermore, combining
GAN in object detection and tracking can potentially im-
prove the inference of distorted object caused by occlusion
or non-rigid movement (Prakash & Karam, 2019). This
is in line with the active inference framework where gen-
erative models are used to infer probable causation based
on feature information from the sensory input.

5 Conclusion
As the general case in computer vision, there was a
trade-off between accuracy and computational cost in
the present evaluation of the object tracking algorithms.
Based on the results, the correlation filter-based track-
ers MOSSE and KCF are argued to be suitable options
for implementation in humanoids with low computational
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powered systems. KCF has the more complex learning
model of the two and is more robust to occlusion whereas
MOSSE is the faster but less accurate alternative. KCF
is therefore ultimately recommended for a low compu-
tational powered system but MOSSE will serve as the
appropriate choice if speed is of the most important es-
sence. Moreover, in high computational powered systems,
deep learning algorithms will probably be more robust
than KCF and should be used instead. With continu-
ing development and optimisation of the deep neural net-
works they could potentially become the more suitable
choice for low-end systems as well. Finally, active infer-
ence, either in conjunction with neural networks or as
an independent framework, could be suitable for object
tracking due to its biological feasibility as well as its high
relevance in prediction task and further pursuit of the
aforementioned is encouraged.
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