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Abstract—The cost of fish feeding is usually around 40 percent
of total production cost. Estimating a state of fishes in a tank
and adjusting an amount of nutriments play an important role
to manage cost of fish feeding system. Our approach is based on
tracking nutriments on videos collected from an active aquacul-
ture fish farm. Tracking approach is applied to acknowledge
movement of nutriment to understand more about the fish
behavior. Recently, there has been increasing number of re-
searchers focused on developing tracking algorithms to generate
more accurate and faster determination of object. Unfortunately,
recent studies have shown that efficient and robust tracking of
multiple objects with complex relations remain unsolved. Hence,
focusing to develop tracking algorithm in aquaculture is more
challenging because tracked object has a lot of aquatic variant
creatures. By following aforementioned problem, we develop tuna
nutriment tracking based on the classical minimum cost problem
which consistently performs well in real environment datasets.
In evaluation, the proposed method achieved 21.32 pixels and
3.08 pixels for average error distance and standard deviation,
respectively. Quantitative evaluation based on the data generated
by human annotators shows that the proposed method is valuable
for aquaculture fish farm and can be widely applied to real
environment datasets.

Index Terms—Productivity, Fish Feeding, Nutriment, Tracking
Algorithm, Real Environment Datasets

I. INTRODUCTION

Aquaculture is the one of farming type in which aquatic
creatures require acceptable environment for living habitat
and availability nutriment to increase productivity and sustain
healthy growth [1]–[4]. Within current requiring acceptable
habitat, water quality is also a vital component to enlarge fish
fertility rate [3]–[6]. Water quality can be obtained by cleaned
often and give optimal amount of nutriment. Increasing num-
ber of nutriment can affect a lot of foods wasted in the water
and quality of water occurs highly polluted. On the other hand,
reducing feeding will lead starvation and drop fish quality. So
that, management of nutriment delivered is vital component to
balance productivity rate [7], [8].

The cost of fish feeding is usually around 40 percent of
total production cost [9]–[11]. Estimating a state of fishes
in a tank and adjusting an amount of nutriments play an
important role to manage cost of fish feeding system. It is
applied to control the amount of nutriment and realizes the fish
behavior in tank. Lately, application to monitor fish behavior

has been adopted by a telemetry-based approach [12], [13]
and a computer vision(CV)-based approach [14]–[20].

A telemetry-based approach is a technique attaching an
external transmitter by mounting, or surgical implantation in
the peritoneal cavity [12]. Attaching a transmitter in each fish
will spend higher cost and its transmitter can only set in
large fish. When their fishes had been farmed, attachment will
always be given to new fishes. On the other hand, CV-based
approach studies are not required complexity analysis such as
ripple activity and tracking analysis in which, small number of
fishes and small tanks with special environment assist creating
result. Tracking approach is applied to acknowledge movement
of nutriment to understand more about the fish behavior. Fish
behaviors can be obtained by combination between tracking
analysis and ripple activity. Then, these fish behaviors can
be a decision to start and stop fish feeding machine by
understanding of ripple activity after giving several nutriments.
By explaining of fish behavior, tracking nutriment is important
and it is required to analyze the complexity data in real
environment.

Recently, there has been increasing number of researchers
focused on developing tracking algorithms to generate more
accurate and faster determination of object. Tracking can be
represented as a graph problem which can solved by a frame-
by-frame [21]–[24] or track-by-track [25], [26]. Interpretation
of tracking problems with data association mostly uses a
graph, where each detection is called as vertex, and each
edge is pointing any possible link among them out as object
tracked. Data association can be declared as minimum cost
problem [27]–[30] with learning cost problem [31] or motion
pattern maps [32]. Alternative formulations to solve optimiza-
tion problems is minimum clique problem [33] and lifted
multicut problem [34] where its formulations follow body pose
layout to obtain estimated model. Recently, efficient and robust
tracking of multiple objects with complex relations remain
unsolved. Hence, focusing to develop tracking algorithm in
aquaculture is more challenging because tracked object has
a lot of aquatic variant creatures. By summarizing afore-
mentioned problems, we proposed tuna nutriment tracking
based on the classical minimum cost problem [28]–[30] where
each detection calculates minimum distance among them and
creates a trajectory to be tracked line. By collaborating with



an active aquaculture fish farm, we develop tuna nutriment
tracking using trajectory mapping. A video camera is placed
above the boat with a highly disturbance of ocean wave and
many dense nutriments. The camera captures between ocean
surface and fish feeding machine. After that, videos transfer
to a computer for further analysis the behavior of fish.

The aim of this research is tracking approach to acknowl-
edge the behavior of tuna. For next, it can be useful to improve
the production profit in fish farms by controlling the amount
of nutriment in optimal rate.
To summarize, we make the following contributions:

• We propose tuna nutriment tracking based on trajectory
mapping which can perform well as well as human
annotator results.

• We propose a new novel small nutriment tracking method
with collecting information of leading line into ripple.

• We show significantly improvement result of trajectory
mapping in real environment datasets.

II. THE PROPOSED METHOD - TRAJECTORY MAPPING

Our formulation is based on the classical minimum cost
problem where each detection calculates minimum distance
among them and creates a trajectory to be tracked line. In
order to provide some background and formally introduce our
approach, we start by providing flowchart and algorithm of
tuna nutriment tracking. We then explain how the proposed
method works to real environment. The proposed trajectory
mapping contains a data normalization process, tuna nutriment
detection and tuna nutriment tracking. The system flowchart of
the proposed method is shown in Fig. 1, and the algorithm of
the proposed trajectory mapping is represented in Fig. 2 where
D and Tf are input video and trajectory of time-ordered tuna
nutriment, respectively.

A. Data Normalization

For data normalization, image stabilization is applied to
reduce a hand-held camera and ocean waves. Image stabi-
lization is created by transformation from previous to current
frame using optical flow for all frames. [35] accumulates rigid
transformation χ to obtain linked between frame L. New rigid
transformation χφ in frame φ can be written as:

χφ =χφ−1 + (
1

γ

φ+γ∑
τ=φ−γ

Lτ )–Lφ−1,

D̂ =χφ{D},

(1)

where D̂ is output video after applied image stabilization and
γ is smoothing radius where the radius is number of frames
used for smoothing and defined by 30.

B. Tuna Nutriment Detection

The idea of tuna nutriment detection is to produce boundary
box in each nutriment associated in tracking method. In
implementation of tuna nutriment detection, YOLOv3 [36]
accumulates bounding box of tuna nutriment prediction B =

(x̂, ŷ, ŵ, ĥ) by training model with bounding box P = (px,
py , pw, ph) of ground truth data where px, py , pw, and ph
are centroid x, centroid y, width, and height of bounding
box in ground truth data, respectively. ςx and ςy represent the
absolute location of the top-left corner of the current grid cell.
w and h are the absolute width and height to the whole image.
Bounding box of tuna nutriment prediction B can defined as:

x̂ = δ(px) + ςx

ŷ = δ(py) + ςy

ŵ = epw ∗ w
ĥ = eph ∗ h

(2)

where δ is model followed by [36].

C. Tuna Nutriment Tracking
In order to represent tracking of tuna nutriment, introducing

how to collect set of tuna nutriment prediction correspond-
ing to time-ordered path in the graph is important. We are
given σc(n) = {C1, C2, C3, . . . , Cn} as input centroid of
tuna nutriment predictions where n is the total number of
nutriment for all frames of video D̂. Each tuna nutriment
prediction is represented by Cn = {x̂cn, ŷcn}. Definition
of a trajectory is denoted as centroid of time-ordered tuna
nutriment predictions T f (nf ) = {Cf1 , Cf2 , Cf3 , . . . , Cfnf

}
where nf is the number of detections formed by trajectory
f . So that, % = {n1, n2, n3, . . . , nnf

} can be denoted as the
total of number of nutriments appearing in every time-ordered
trajectory T f (nf ).

1) Problem Statement: The problem can be represented
with an undirected graph G = (V,E), where V :=
{1, ..., n}, E ⊂ V 2, and each node f ∈ V denotes a unique
detection Cf ∈ σc. The task of dividing the set of tuna nutri-
ment predictions into trajectories can be observed as grouping
nodes in graph. Fig. 3 shows that each trajectory T f (nf ) =
{Cf1 , Cf2 , Cf3 , . . . , Cfnf

} in the scene can be mapped into
a group of nodes {(f1, f2), (f2, f3), . . . , (fn−1f , fnf

)}. To
produce each Cf[1,nf ]

, trajectory mapping is applied in next
section.

In two-dimensional trajectory, the component of trajectory
is divided by horizontal and vertical direction. In vertical
direction, acceleration is constant and has quadratic func-
tion. Trajectory mapping applies the idea of acceleration and
chooses quadratic function as basis.

To produce quadratic function yc = ac3x
2 + ac2x + ac1 as

a result of trajectory T f , we apply polynomial fitting [37]
defined by calculation of x̂cnf

to form Vandermonde matrix V
with 3 columns as results of ac.

1 x̂c1 (x̂c1)
2

1 x̂c2 (x̂c2)
2

1
...

...
1 x̂cnf

(x̂cnf
)2


ac1ac2
ac3

 =


ŷc1
ŷc2
...
ŷcnf

 (3)

(3) can be inverted directly. To yield the solution vector ac, it
can be defined as:



Fig. 1: Flowchart of the proposed trajectory mapping. The input video is received and applied image stabilization as data
normalization. (a) Creating model for tuna nutriment detection using YOLOv3 [36] and obtaining bounding box for each tuna
nutriment prediction in all frames of a video. (b) Tuna nutriment prediction as input tracking approach to be initialization for
nf = 1 detection. After that, we obtain upper and lower limit trajectory T ul , T lf and the maximum height of all tuna nutriment
predictions δ1. Next, we find the value of Cf2 using the shortest distance between Cf1 and all tuna nutriment predictions in
nf appearing in inside area between T uf (1) and T uf (1). Its process is repeatedly until nf . Next, we obtain final trajectory as
tracking result.

ac = (XTX)−1XTY , (4)

2) Tuna Nutriment Predictions Cfnf
where nf = 1 as

Initialization Point Detection: Tuna nutriment predictions Cf1
are obtained from every tuna nutriment prediction Cn in
around cutting area of w. To define cutting area, we use
centroid x̂f1 as component of Cf1 by thresholding in w which
is defined as:

w ∗ γ ≤ x̂f1 ≤ w, (5)

where γ is an input parameter and empirically defined as 0.9.

Direction of nutriment is calculated by leading
nutriment to ripple area around sea levels. We are
given a pair set of ripple area detection σr(nf ) =
{(R11, R12), (R21, R22), (R31, R32), . . . , (Rnf1, Rnf2)}
as time-ordered ripple predictions in number of
detections nf . Each ripple prediction is represented by
Rnf1,2 = {x̂rnf

, ŷrnf
, ŵrnf

, ĥrnf
}. We divide component of

ripple prediction to be an area of top-left αnf
= (x̂αnf

, ŷαnf
)

and bottom right θnf
= (x̂θnf

, ŷθnf
) of ripple detection by

following:



Fig. 2: Algorithm of the proposed trajectory mapping. Iterative
method are applied to improve trajectory T f by collecting
each centroid of nutriment in every frame.

x̂αnf
=x̂rnf

−
ŵrnf

2
,

ŷαnf
=ŷrnf

−
ĥrnf

2
,

x̂θnf
=x̂rnf

+
ŵrnf

2
,

ŷθnf
=ŷrnf

+
ĥrnf

2
,

(6)

To obtain more feature, we need to know possibly coverage
area for possibly nutriment appearing in next frame by creating
upper and lower limit trajectory T uf and T lf , respectively.

Fig. 3: Visualization of trajectory of tuna nutriment pre-
dictions T f = {Cf1 , Cf2 , Cf3 , . . . , Cfnf

} in which ev-
ery tuna nutriment predictions is connected by node
{(f1, f2), (f2, f3), . . . , (fn−1f , fnf

)}.

Upper and lower limit trajectory T uf (nf ) and T lf (nf ) formed
by trajectory f are initialized by following:

T uf (nf ) ={Cf1 , δnf
, αnf

},
T lf (nf ) ={Cf1 , θnf

},
(7)

where δ is the maximum height of all nutriment detections in
nf . (7) can be simplify by substituting nf = 1 to be:

T uf (1) ={Cf1 , δ1, α1},
T lf (1) ={Cf1 , θ1},

(8)

where δ1 = (
x̂α1 + w

2
, min
1≤z≤n1

ŷcz).
3) Tuna Nutriment Predictions Cfnf

where nf = 2: To be
a candidate of Cf2 , we use all tuna nutriment predictions n
appearing in the inside of area between yu = au3x

2+au2x+a
u
1

and yl = al3x
2+ al2x+ a

l
1. Vector au and al are produced by

calculating T uf (nf − 1) and T lf (nf − 1) with Vandermonde
matrix shown in (3) and (4), respectively. Given σκ(µ) =
{κ1nf

, κ2nf
, κ3nf

, . . . , κµnf
} is a set of candidate Cfnf

. Cfnf

is defined by the nutriment predictions which have shortest
distance denoted by:

Cfnf
= argmin

µ
(Z(fnf−1)− σκ(µ))T

(Z(fnf−1)− σκ(µ)) (9)

where Z(fnf−1) = {C1
fnf−1

, C2
fnf−1

, C3
fnf−1

, . . . , Cµfnf−1
}.

(9) can be simplify to be;

Cf2 = argmin
µ

(Z(1)− σκ(µ))T (Z(1)− σκ(µ)), (10)

Updating upper trajectory T uf (nf ) can be defined as:

T uf (nf ) ={Cf1 , Cf2 ,
∑nf

z=1 δz
nf

, αnf
}, (11)



4) Tuna Nutriment Predictions Cfnf
where nf = 3:

Minimum requirement for trajectory of quadratic functions
must have at least 3 tuna nutriment predictions collected. To
produce Cf3 , (9) is applied using nf = 3 as parameter. Then,
updating upper limit trajectory T uf (nf ) is denoted as follows:

T f (nf ) =T
u
f (nf ), (12)

5) Tuna Nutriment Predictions Cfnf
where nf ≥ 4: To

precise accuracy of trajectory T f , we refine its trajectory
by collecting more tuna nutriment prediction Cfnf

. Tuna
nutriment prediction Cfnf

is calculated using the nearest
nutriment detection in area of yu = au3x

2 + au2x + au1 with
tolerance degree from quadratic function between ±30 degree.

To handle losing tuna nutriment prediction, we used pre-
viously tuna nutriment prediction by calculating the speed of
nutriment in next frame.

x̂cfnf
=3x̂cfnf−1

− 3x̂cfnf−2
+ x̂cfnf−3

,

ŷcfnf
=ac3(x̂

c
fnf

)2 + ac2x̂
c
fnf

+ ac1,
(13)

where ac1, ac2, and ac3 are coefficients of quadratic function
formed by trajectory T f

III. EXPERIMENT

In this section, we first explain the details of our datasets.
We then describe evaluation approach to calculate error rate
distance and show quantitative evaluation with various of nf
to discover an optimal value.

A. Datasets

We report our datasets containing 1 video which has in-
terference of hand-held camera and ocean waves with 419
frames. Each dimension of frame has 1920 × 1080 pixels.
Its video sequences are in MOV format with frame rate 30
frames/second. Range size of nutriment is starting from 9× 6
to 13× 36 pixels.

B. Evaluation Approach

Evaluation approach is defined by measuring minimum
euclidean distance based on number of nutriment collected
with ground truth T g . Best trajectory T ∗ with minimum error
rate distance is defined as:

T ∗ = argmin
nf

(T g − T (nf ))T (T g − T (nf )), (14)

where nf ∈ [3, 9].

C. Quantitative Evaluation with various of nf = [3, 9]

Quantitative evaluation is computed by performance of
detected nutriment and precision trajectory showed in Fig.
4. Number of detected nutriment is defined as percentage of
detected nutriment divided by ground truth of nutriments ap-
pearing in frame. Meanwhile, precision trajectory is computed
by total number of nutriments having trajectory leading to

Fig. 4: Accuracy detected nutriment and precision trajectory in
various nf ∈ [3, 9]. The optimum value of detected nutriment
and precision trajectory is nf = 6.

Fig. 5: 95% Confidence interval of error rate distance in
various of nf ∈ [3, 9]. The lowest error rate distance of
proposed method is nf = 6.

ripple area divided by detected nutriment. Fig. 5 and Table
I show the confidence interval and statistical analysis of error
rate distance in various of nf . The results show that the
optimal value of nf is 6 in which this parameter produces
smallest error rate distance.

IV. RESULT

In this section, we compare proposed method and state-
of-the-art benchmark methods on our datasets. After that, we
show the figures to explain the advantage of the proposed
method and computational time between proposed method and
state-of-the-art benchmark methods.

A. Evaluation Result

Precision of mAP in object detection is computed by
performance YOLOv3 [36] to train our datasets with 10k



TABLE I: Statistical analysis of various nf ∈ [3, 9] for
quantitative evaluation using one-samples T-Test.

nf n Mean
(pixels)

Std. Dev.
(pixels)

Std. Error
(pixels)

95% Confidence
Interval of the Diff.

Lower
(pixels)

Upper
(pixel)

3 30 185.47 93.81 17.13 150.44 220.5
4 30 78.58 33.64 6.14 66.02 91.14
5 30 25.17 13.97 2.55 19.96 30.39
6 30 21.32 3.08 0.56 20.18 22.48
7 30 35.12 19.34 3.53 27.9 42.35
8 30 32.67 4.19 0.76 31.11 34.24
9 30 44.1 13.32 2.43 39.12 49.07

Fig. 6: mAP result during training model using YOLOv3 [36].
After 7k iterations, curve of mAP of model has more stable.

iterations with 416 × 416 pixels for image resizing from
1920 × 1080 pixels. Fig. 6 displays training result of our
datasets using YOLOv3 [36] and reaches 67% of maximum
mAP with 10k iterations. We also tested proposed methods
and state-of-the-art benchmark results. There are many state-
of-the-art methods using multiple object tracking (MOT) [38]–
[44]. These methods perform well using six publicly available
datasets on pedestrian detection, MOT and person search
provided by [45]–[47]. In evaluations, we choose JDE [38]
to represent MOT as benchmark method because JDE is
very fast and accurate based on re-implementation of faster
object detection compared with [39]–[44]. We also use SORT
[48] as benchmark methods and add our detection model to
completely understand performance of tracking method.

In Fig. 7a, the proposed method is demonstrated to be able
to track small nutriment while JDE and SORT with original
YOLOv3 and our detection model perform poor (Fig. 7b, 7c,
7d) without tracking results of nutriments even SORT is able
to detect some nutriments. By our experiment, the benchmark
methods fail to run our datasets because the size of nutriment
is too small (maximum size is 13× 36 pixels) and the speed
of nutriment is fast (average nutriment movement from start
to end node is 23.8 frames).

B. Implementation Details

For analysis of the computational complexity and exe-
cution time of the proposed methodology, a computational

TABLE II: Hardware and software environment for running
proposed method and benchmark methods for comparison.

Spesification

Hardware
CPU Intel Core i7-9700 CPU @3.00GHz (8 CPUs)
RAM 16 GB
GPU NVIDIA GeForce GTX 745

Software
OS Windows 10 Pro 64-bit

IDE Microsoft Visual Studio Professional 2017
v.15.9.25

Language Python 3.6 64bit

TABLE III: Comparison computational time proposed method
and benchmark methods.

Methods N Mean
(fps)

Std.
Dev.
(fps)

Std.
Err.
(fps)

95% Confidence
Interval of the Diff.
Lower
(fps)

Upper
(fps)

Ours 419 1.93 0.61 0.03 1.87 1.99
JDE 419 1.87 0.07 0.00 1.86 1.87
YOLOv3 + Sort 419 0.45 - - - -
Our Detection +
Sort 419 0.47 - - - -

time analysis is conducted using a video with 419 frames.
Table II shows the specification of hardware and software
for comparison. Table III compares the computation time (in
fps) for proposed method, namely trajectory mapping and
benchmark approaches: JDE and SORT with original YOLOv3
and our detection model. For average and standard deviation
of computational time, we reach 1.93 and 0.61 fps, while JDE
spends 1.87 and 0.07 fps, respectively. SORT only provides
average computational time without information of computa-
tional time for individual frame. Computational time for both
detection model of YOLOv3 and our detection model with
SORT performs worst and these benchmark approaches reach
0.45 fps and 0.47, respectively. By analyzing computational
complexity, proposed method runs faster than JDE with the
different speed is 0.6 fps.

V. CONCLUSION AND DISCUSSION

Tracking approach is the one of features to analyze fish
behavior to create a decision to optimize the amount of
nutriment. Recent studies have shown that it is possible to
track movement objects in entire of frames on video. However,
there is no agreement to track multiple small nutriments in the
video which has interference of hand-held camera and ocean
waves. In this paper, tuna nutriment tracking using trajectory
mapping in application to aquaculture fish tank has been
presented and demonstrated to be promising for interference
video containing multiple small nutriment datasets. We have
demonstrated tuna nutriment tracking using trajectory mapping
and the method consistently performs well on the interference
video with good precision trajectory result. We expect our
approach to open the door for future work and to go beyond
for feature extraction of ripple activity and focus on integrating
tracking approach and ripple activity to be a decision to control
fish feeding machine.



(a) Trajectory Mapping (b) JDE

(c) YOLOv3+SORT (d) Our Detection Model + SORT

Fig. 7: Observation of proposed method namely trajectory mapping shown in (a) and benchmark method results shown in
(b), (c), and (d). Left and right images for each method represent first node of nutriment and nutriment tracked after several
frames, respectively. In trajectory mapping method, red curve is defined as trajectory result of proposed method. Red box in
each image represents ground truth of nutriment. We can see that both red curve and red box in trajectory mapping show
precisely tracked result and it proves that trajectory mapping creates trajectory very well while benchmark methods perform
poor without tracking results of nutriments even SORT is able to detect some nutriments.
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