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Abstract - Invasive Alien Species (IAS) of fish has
recently become issue of concern, due to their
adverse ecological effect, as well as potential risk and
danger to humans. Method of containment mostly
employed to invasive fish without harming
indigenous fish species would involve direct human
effort. The involvement of humans in physical and
direct containment of invasive fish species can be
very tedious, as it involves diving and hunting of
alien fish species. However, the use of vision based
underwater robots can greatly reduce the cost, effort
and risk involved, as well as yield more result in
shorter time. Underwater robot vision system is
primarily built upon visual recognition and tracking.
Due to the nature of underwater environment, as
well as tracking target, it becomes necessary that the
underwater tracker should have good performance.
In this study, the particle filter tracking algorithm is
employed for underwater tracking of Arapaima
Gigas, where modifications for its improvement were
proposed. The improvement is towards enhancing
the tracker performance in terms of accuracy and
tracking error using SURF-FAST fused feature for
particle filter tracking. The features used for tracking
are Speeded Up Robust Feature (SURF) and Fast
Accelerated Segment Test (FAST). The result from
fused SURF-FAST tracker was the better than single
feature FAST or SURF trackers in terms of accuracy
and tracking error. However, better performance can
be achieved with more training data for Arapaima
Gigas.

Key Words: Arapaima Gigas ;underwater; Robotic
vision; accuracy

1. INTRODUCTION

Invasive Alien Species (IAS) are non-indigenous
species whose spread or introduction threatens
biological diversity[1]. IAS consist of plants, fish,
weeds and other forms of living. The introduction of

these species are mainly due to human activities, it is
reported that at least half of the world’s invasive
species of fish are present in Malaysian waters [1].
Some of the IAS in Malaysia include Pacu (Piaractus
Brachypomus), Suckermouth Catfish (Loricariidae
Hypostomus Plecatomus), Collosoma Macroponum
and Arapaiman Gigas. Among these invasive fish
species, Arapaima Gigas and Collosoma Macroponum
have been prohibited to be cultured or reared in
Malaysian waters, [1]. Arapaima Gigas is the invasive
fish species considered in this work, which is native
to the Amazon in South America [2].

The fact that Arapaima Gigas is a tropical fish led to
its successful survival in the Malaysian ecosystem.
However, there is much concern about this specie of
fish, due to its big size, behaviour and carnivorous
feeding. Aside from human activities such as
pollution and over-fishing, rapid decline of
indigenous species in Malaysian inland waters have
been attributed to the carnivorous alien fish species,
such as Arapaima Gigas [3]. Another major concern
regarding Arapaima is the risk of attack to local
fishermen as well as tourists, which could be a
primary cause of death [4].

Currently there are a number of measures adopted
by the Malaysian Government to tackle the growth of
IAS fish population [1], it includes prevention,
containment and eradication. However, more
attention is given to preventive measures, such as
ban on the importation of invasive alien fish species.
Containment and eradication on the other hand have
not been implemented due to the high cost and
laborious effort associated with them. Thus, invasive
alien fishes already in Malaysian ecosystem will
continue to thrive, since no eradication measure in
place. In similar situation, ocean divers were engaged
in the control of crown of thorn fish using bile guns

[5].

© 2020,IRJET | ImpactFactor value: 7.529

ISO 9001:2008 Certified Journal | Page 6102



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 07 Issue: 06 | June 2020

www.irjet.net

p-ISSN: 2395-0072

An alternative method for containment will involve
the use of underwater robots, to effectively sterilize
or decapitate the invasive fish species. This approach
was proposed to control Crown of Thorn Fish in the
Australian Coral Reef [6]. A similar approach was
proposed for the control of Lion Fish invasion in
eastern seaboard of the United States[7]. The
underwater robot approach relies heavenly on visual
tracking.

In this work, an improved particle filter-based
method is proposed, using combination of Feature
from Accelerated Segment Test (FAST) and Speeded
Up Robust Features (SURF). This will form the basis
of the automated containment strategy necessary for
use with underwater robots.

2. RELATED WORK

Research on computer vision and machine learning
application in the study of underwater living things
and fishery has developed interest of researchers in
recent times. The two major application areas are
tracking and classification, the scope of this research
is limited to tracking. Abnormality detection and
analysis of fish behavior was automated by [8], in the
experiment, fish behavior is analyzed in both clean
water and chemical contaminated water, through
extracting frequent swimming patterns using
spectral clustering and trajectory tracing.

A similar work was reported by [9], where
covariance based method of fish tracking was used to
generate tracks of fish, while a hierarchical classifier
based on clustering was used to detect abnormalities
in a real-life underwater environment, coupled with
erratic movement and low-quality video.

Detection and tracking of multiple swimming fishes
in a shallow water with persistent occlusion was
reported in [10]. An ellipse fitting and extrema
detection technique was employed to detect the fish
head, while Kalman filtering alongside a region-
based feature matching was used. Trajectory linking
was used to cater for occlusion.

A detection and tracking algorithm to be used by
under-water robot for administering lethal vial to
crown-of-thorn star fish, as an autonomous robotic
solution to prevent the fish from destroying coral
reef was reported in [6]. The algorithm consisted of a
combination of particle filter with random forest

classifier, where probability of the predicted class
was used as the measurement for updating the
particle filter, while prediction was achieved using
optical flow for particle propagation, the detection
and tracking were successful in a realistic robotic
test bench.

A fish recognition method was presented in [11],
based on Generalized Color Fourier Descriptor
(GCFD). Features of fish are extracted using GCFD
technique, non-relevant information are removed
from the spectrum, leaving only the spectrum part
containing the fish, the technique was reported to be
translation and rotation invariant and has better
performance compared with other color descriptors,
the method is said to be successful in tracking.

An automatic detection and tracking of fish from
video sequences, using Gaussian Mixture Model for
identification and Kalman filtering for tracking was
demonstrated in [12]. A multi-fish tracking method
was proposed in [13] for collective (school) behavior
analysis. The authors considered a densely populated
fish school, where gliding and bending were analyzed
through good tracking information, in relation to
energy utilization.

3. PREDICTION

The general framework for Bayesian estimation is
given as:

Consider the joint distribution of
P(Yel %) P (% | Yaea)

P(X | Y )= (1)

(1% P(Y:l Yaes)

Equation 1 is the marginal distribution where
p(Xt | ylH) is the state prior and p(yt | Xt) is the
likelihood of data, but p(y, |y, ) is not explicitly
known. Thus p(y, |y, ,) can be replaced with the

variable £ .Thus:

pX 1 Y2)= B P(¥1%) P (X | Vars) (2)

Equation 2 is known as the update equation. While
the prediction equation is solved as the Chapman-
Kolmogorov Equation as expressed below:

PO Vi) = [ P(% %) P(Xa e )i (3)
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Equations 2 and 3 are solved recursively, with
different methods, thus giving rise to different
filtering techniques known such as particle filter and
Kalman filter

Most often, point estimate of X, , ()?tlt) is computed

as the posterior mean given as:

Xy = E[Xl | (Yl:t =Y )] = _th p(Xt | Vi )dxl (4)

3.1. Kalman Filters

Kalman Filter is a Markovian observer that uses
stochastic least-square to provide best estimate of
state. Using noise corrupted or inaccurate
measurement at the time instance t-1, the Kalman

A

filter computes the state estimate X and the

covariance matrix R .Kalman filter can be used to
solve the filtering problem, particularly when a linear
dynamical model and measurement models with
Gaussian processes and measurement noise are
involved [14].

The state is expressed in equation 5, where A is the
matrix which describes the state evolution, while B is
the measurement matrix, equations 7 to 9 are solved
recursively.

= ARZ, +BU_, (5)
R~ =AP,A"+Q (6)
K, =P H(HR HT +R)" 7)
% =% +K (2, -H&)

(8)

R =(1-KH)R ©)

3.2. Particle Filters

In particle filtering estimation technique, the target
density and sampling density are first identified,
namely:

P(X |Yyy) :targetdensity

p(xt | yl:t—l) : sampling density

From Bayes’ theorem, the two densities are related
as:

P 1Y) o POV %) P(X | Vi) (10)
Where p(Yy, | %) is the likelihood
The importance weight is expressed as
(i)
. P( X | Ve
w{l't)lEiMVi:l,...,N (11)

N p(xt(|;)—1 | Y1;t—1)
Where:

. N
{Wt(|lt)—l} are the unnormalized importance weights
i=1

. N
{Xf(|;)—1}i:1 are the independent identical distributed

(i.i.d) samples from p(X[ | yn_l)

The normalized importance weight is computed as:

W — p(yt lx‘('i)’l) Vi=1..,N

tt-1 — N

JEARHN

(12)

i=1

p(y )
:_Z o
N = Z (ytlxt|t—l)

j=1

(13)
15 () i
= W Z Xt(|t)—lvvt(|t)
i=1
(14)

The particle filter algorithm can be wused for
estimation as shown in the algorithm in Figure 1

© 2020,IRJET | ImpactFactor value: 7.529 |

ISO 9001:2008 Certified Journal | Page 6104



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 07 Issue: 06 | June 2020

www.irjet.net

p-ISSN: 2395-0072

xOWM 0 p(x

1. Generate { O'O}i:1 P (%) distributed
according to the initial state density

2. for k=1 to NumberofFrames do

P

3. Predict "“*Jia  according to
020 P (% 1) =1

4. Compute importance weights according

w}f);Mw =1,..,N
Z (Yt | Xt(|lt)71)
to =

5. Compute the state estimate as

- 1S i)
Xy = W Z Xt(lt)—lwt(lt)
i=1

6.
M g A"
7. Resample {X"H' "‘"l}iﬂ according to
Systematic or Vectorized
Algorithms

X
Define the resampled particles as " Ji=

8. Endfor

Figure 1: SIR Particle Filter Algorithm

The resampling algorithm of step 6 in the SIR Particle
Filter algorithm is realized either using systematic
resampling or its fast variant which is vectorized [15]
and suitable for MATLAB implementation, the
vectorized version is presented in Figure 2.

[xw]=resample(x,w)
u=rand(N,1)
we=cumsum(w)
we=wc/wc(N)

[dum, ind1]=Sort([u;wc])
ind2=find(ind1<=N)
ind=ind2-(0:N-1)
x=x(ind,:)
w=ones(1,N)./N

COONSNARWNR=

end

Figure 2: Vectorized Resampling

The motion state of Arapaima Gigas which is
assumed to be constant without acceleration is given
by a of four

state vector dimensions with

displacement and velocity components respectively :

x:[xt,yt,vxyt,vy’t]T 15

The typical equations of motion for a target are:

1 0 At O X
01 0 At
X = Y 16
00 1 0]lv,
00 0 1]v,

To ease of computation, At=1. The equation
X, =FX,_, can be split into deterministic and

stochastic, which helps to account for the noise
model. The noise model used is gaussian, given as

Xy =X, +N(0,Z) 17

The measurement of the Arapaima position is based
on the centroid of matched features between the
current frame and the template frame. This centroid,
which gives the coordinates of x and y respectively in
terms of pixels is then compared with the coordinate
of everyone of the particles,after which the likelihood
is computed

(X1 y) = [mean(xfeature)1 mean(yfeature )i| 18

Where Xfeqryre is the vector that contains the x
coordinate of the matched features between the
template and the current frame and yrqtyre is the y
coordinate of the matched features between the
template and the current frame.

In order to come up with the centroid of the object,
feature matching is performed.

4. FEATURE EXTRACTION

The two classes of features namely the scale
invariant point features and corner features are
extracted using SURF and FAST algorithms

respectively
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4.1 SURF Feature Extraction

SURF feature extraction [16] is first applied to
template, before it is applied in every frame during
tracking. The procedures are outlined below:

1. An integral image was formed using equation
20.

X =(xy)" 19
I<x j<
| (x,y) =2 > I(xy)

D D
2. Using boxfilters, Xy,DXX and W are

computed, thus yielding the following
approximations:
Ly U D

Xy Xy 21
Ly UD

Yy yy 22
Lyx O Dxx 23

3. The approximate Hessian was computed as:

. { Dy o.goxy}

approx = o.9p D

Xy yy 24

4. A non-maximum suppression is performed
on the determinant of Hessian

2
Det(Hapme) = DyxDyy —(0.9DXy) ’c

5. Using Taylor’s expansion of the Hessian, the
extrema was computed:

T 2
oH' 1 1 6°H
H(X)=H + +—¥T—2¥
. —?H1oH
X = —
ox2 X

27

6. Extract a dominant orientation for each of the
interest points

7. Build SURF features
gradient distributions

from normalized

Using the SURF feature extractor, the points in Figure
3 were detected from Arapaima Gigas tracking.

Figure 3: Extracted SURF Features from Arapaima
Gigas

4.2 FAST Feature Extraction

The following steps were followed for the FAST
feature extraction (Rosten et al, 2010) for both
template and tracked object.

1. Choosing candidate pixel for interest point with
I

certain intensity °

2. Select some threshold value t.

3. Consider a circle of 16 pixels around the candidate
pixel

4. The candidate pixel is a corner if there exists a set

of n contiguous pixels in the circle which are either

I+t

darker than ' 7' or brighter than ° where

n=12

5. To exclude large number of non-corners, the test
examines four pixels, namely 1,9,5 and 13, starting
with 1 and 9, then followed by 5 and 13.P can only be
a corner if at least three of the four pixels are either
brighter than o+t —t
not a corner. Full segment test criterion can then be
applied to the passed candidates through examining
all the pixels inside the circle.

, or darker than Io ,else Pis
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6. In order to prevent multiple corner detection in
the vicinity of the same pixel, the minimum distance
between the corners is used, if two corners are very
close, only the corner with highest score is retained,
the score can be computed as the sum of intensity
difference between p and the pixel in the run. The
FAST corner feature extraction on Arapaima tracking

frame is shown in Fig. 4

Figure 4: Corner Features of Arapaima Detected
using FAST

5. PROPOSED METHOD
5.1 Fused SURF-FAST Features

SUREF is a scale invariant feature extractors, while
FAST is a corner feature extractor. Each of the three
feature extractors returns a vector of features, which
has coordinates of the feature. Thus, SURFT and
FAST are fused, as depicted below:

o Let the feature generated by SURF feature
extractor be: Fsyrp

o Let the feature generated by FAST feature
extractor be: Fp,or

o Let the feature vector resulting from the
SURF and FAST be: FSURF+FAST

Using set theory, the fused feature set will be a union
of two features, thus:

FSURF+FAST = FSURF U FFAST 28
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Figure 5: Likelihood Stem Plot of SURF
Measurement
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Figure 6: Likelihood Stem Plot of FAST Measurement
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Figure 7: Flow chat of FUSED SURF-FAST Particle
Filter

6. RESULT
6.1 Accuracy

In order to arrive at the best of the improved particle
filters, it is desirable to employ other measures for
evaluation and quantification, such as accuracy
which was used by Jiang et. al [17].The expression
for accuracy is given in equation 31.

1 Dev < o
0 Dev > o

Where

31

length _of _ fish
0=T

Dev = Hxannot —Xest H

The length of fish is computed to be 1156, computing
the accuracy in percentage, Table 1 is presented

Table 1: Accuracy of Trackers in 500 Frames

Tracker Accuracy
PF_SURF 71.80
PF_FAST 54.20
PF_SURF-FAST_FUSED 90

6.2 Root Mean Square Error

To further ascertain the best among the trackers, the
Root Mean Square Error (RMSE) is employed [18],
through this metric, the aggregated error instead of
the running error of the trackers can be computed, as
well as visualized using a histogram plot. The Root
Mean Square Error is computed using the formula in
equation 32. The plot is also provided in Figure 9,
where the Fused SURF-FAST Particle filter having the
least RMSE of 47.5757, SURF Particle Filter having a
RMSE of 96.9382 and FAST Particle Filter with the
highest RMSE of 112.9458.

M

RMSE = \/ﬁZ(Xiannot - XieSI )2 32

i=1

120
100
80
60
40
20

SURF FAST Fused
SURF-
FAST

Figure 9: RMSE Plot for the proposed particle filter
and single feature particle filters

© 2020,IRJET | ImpactFactorvalue: 7.529 |

ISO 9001:2008 Certified Journal | Page 6108



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 07 Issue: 06 | June 2020

www.irjet.net

p-ISSN: 2395-0072

6.3 Tracking Error

The absolute tracking error was plotted for 500
frames and all the trackers were analyzed. Absolute
tracking error is expressed as:

e
33
Where

abs = |Xest ~ Xannot

€abs . Absolute tracking error

Xest . Estimated position of fish

Xannot : Ground truth

Plots of the tracking errors are provided in Figures

10and 11
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Figure 10: Absolute tracking error of single-feature
particle filters

The first plot considered, which is Figure 10 is to
evaluate the performance of the individual feature
trackers, from the plot of Figure 10, it is evident that
the PF_FAST tracker has larger tracking error from
the beginning of the tracking as compared to
PF_SUREF tracker.

CoTO%aring Absolute error Performance SURF, FAST and Fused FAST&SURF PFs
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Figure 11: Comparing SURF based and FAST
based Particle Filters and the fused SURF_FAST

Particle Filter

The particle filter for Fused SURF-FAST feature is

compared with the single feature SURF and single
Feature FAST particle filters in Figure 11, it is evident
that the Fused feature of the two single-feature
particle filters outperforms the individual feature
particle filters, thus having the least error.
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