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1. Introduction

This paper presents a novel camera-display approach to

the analysis and control of fish schools.

Animals’ collective behaviors are characterized by the dy-

namics of individuals and the interaction among them. Even

though each individual interacts with its local neighbors

based on some local interaction rules, a group of animals

shows interesting behaviors as a whole [8], [9]. Among them,

the analysis of fish schools is now particularly important

since fish are often used for social behavior analyses in ge-

netic and pharmacological studies. In addition, once we suc-

cessfully understand the behavior of fish schools not only

from a macroscopic aspect but also through the detailed

modeling of a group, such as how information propagates

through the individuals in the group, one will be able to

predict and even control the entire group behavior by in-

jecting external inputs from outside to a small number of

constituent fish. The idea of controlling a group behavior

of “agents” is now attracting scientists in a variety of fields

including complex networks and control theory [5], [6].

One of promising approaches to the analysis of fish schools

is to provide some stimuli to a fish group and observe the

responses. Moving striped patterns are often used to elicit

a schooling behavior [2] since the patterns cause fish an op-

tomoter response (OMR), i.e., each fish tries to maintain a

fixed visual field. However, the response depends on not only

the stimuli but the state of fish. Thus, a real-time feedback

control of stimuli becomes important to closely analyze the

mechanism of the interaction. In fact, the use of a robotic

fish replica was recently proposed to analyze fish behaviors,

for example, how fish groups escape from a predator [10].

Our main idea of analyzing and controlling a live fish

school is the use of artificial movements of “imitated” fish on

a monitor screen. A video-based fish-group control has sev-

eral advantages compared to existing methods: (i) a video

has much more freedom than actual robots in terms that we

can generate an arbitrary number of fish as graphical objects

and move them in arbitrary patterns, and (ii) a video is suit-

able for a long-term real-time analysis compared to robots
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Fig. 1 Camera-display system. (a) shows the system configura-
tion with the xy-coordinate system. (b) is an example
of captured image, where black ones are live fish and the
textured ones are fish-like graphics on the monitor screen.

in terms of endurance. The proposed video-based approach

therefore enables us to design a variety of experimental set-

tings in order to understand the underlying mechanism of a

fish school, for example, via real-time video-based feedback

control.

However a fundamental question “whether live fish ac-

tually form a school with fish-like graphic objects” is unre-

vealed in the literature. The objective of this paper is there-

fore to open up a new arena of computer vision applications

by answering the question via the following contributions:

( 1 ) We design a camera-display system with a simple track-

ing method to evaluate the video-based fish control.

( 2 ) We provide a qualitative analysis to show whether live

fish can be synchronized with moving fish-like graphics.

The requirements and design of the proposed system are

discussed in Section 2, and the tracking method is shown in

Section 3. The analysis of fish synchronization with video

stimuli is provided in Section 4 and concluded in Section 5.

2. Camera-Display System for Analysis

The system should be designed to offer appropriate prop-

erties for future analyses, and we are particularly interested

in the following requirements:

• The system has high fault-tolerance so that the models

of fish (e.g., individual dynamics and interaction) can be

estimated from long-term collected data using machine

learning techniques.

• The system can be used for a variety of fish types with

approximately 2-4cm length since (i) it allows us to

use compact experimental environments, and (ii) many

model fish species (zebrafish, medaka, etc.) in biological

experiments have this size.
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Based on the above requirements, we design a camera-

display system as simple as possible. The point is that, since

visual stimuli are moving objects on a screen, the important

information of fish movements to be analyzed is almost par-

allel to the monitor plane. To analyze the two dimensional

trajectories of fish, the system basically requires a single

viewpoint. Nevertheless, the overlapping of fish may cause

assignment errors. There are several choices to overcome the

overlapping issue. One option is to utilize multi-viewpoint

cameras, which requires calibration underwater. We how-

ever do not take this option since the configuration of the

water tank can easily change due to the installation of a

separator, etc., during each experiment. Instead, we here

focus on using a single color camera with a simple tracking

method to know its basic capability for future extensions

(e.g., the use of time-of-flight cameras).

The proposed system consists of a fish tank, a camera,

and a display monitor attached to one of the wide sides of

the tank (Fig. 1 (a)). The monitor presents the movements

of several fish-like graphics, where the side views of fish is

used. The camera is mounted on the opposite side of the

monitor, and it captures images containing both live fish

and displayed fish. The spatial mapping of displayed posi-

tions on the screen to camera pixels is calibrated with grid

points. A separator is installed in the fish tank so that the

swimming area of fish can be narrowed.

The direction of the monitor placement is also an impor-

tant issue. Considering the fact that a fish has a wide visual

field in the horizontal direction but the visual field of the

vertical direction depends on species, we choose to place

the monitor screen not the bottom (or top) but the side

of the fish tank. In the tracking and analysis, we use the

xy-coordinate system depicted in Fig. 1 (b).

3. Multi-target Tracking with GMM

3.1 Requirements for Motion Analysis

Although the tracking technique is not the main focus of

this paper, and in fact multi-target tracking techniques have

been vastly studied, we here discuss what is an appropriate

method for our particular goal. We first divide the existing

tracking techniques into two categories in terms of how prior

and observation are combined.

Prediction-oriented methods utilize the framework of se-

quential Bayesian filtering such as particle filter [4], [7] and

unscented Kalman filter [10]. In these tracking methods,

the estimation of the state at frame t can be inferred from

the observation at time t and the predicted state given from

previous frames. Detection-oriented methods, on the other

hand, mainly rely on the observation at time t and try to

find the best fit of the mixture model (e.g., Gaussian mixture

mode, GMM) to the observation. An iterative procedure,

such as the expectation-maximization (EM) algorithm or a

gradient-based energy minimization method, is used for the

fitting in each frame since the solution cannot be found as

a closed form in many mixture models [1], [10], [11]. Here,

these iterative procedures utilize the result in frame t − 1,

or its one-step prediction, as the initial values at t.

Since our goal is to analyze tracked data rather than to

realize robust tracking, and we even consider the use of man-

ual correction as a post processing, it is plausible to rely on

the input data as strong as possible. While the balance be-

tween data term and prediction (prior) is determined by the

parameters of variances in a sequential Bayesian filter, it

sometimes suffers from the tuning of these parameters.

Besides, the appearance of every fish in our environment

is similar and difficult to be distinguished based on their

texture or color (see also Fig. 1 (b)). As a result, shape in-

formation becomes an important clue to separate overlapped

targets. Indeed, we tested particle filters with several shape

models, such as a trained model from actual fish images [1],

and found that, for the side view of fish, a simple shape

model with ellipses can yield comparable accuracy.

We therefore decided to extend an existing detection-

oriented approach with GMM [11] as a simple and conve-

nient tracker. Note also that we do not need to account for

the change of the number of fish since we capture the whole

area in the tank.

3.2 GMM-Based Tracking with a Dynamic Over-

lapping Measurement

Given a binary image Bt at frame t, where Bt(x, y) ∈
{0, 1} denotes whether the point (x, y) is a foreground pixel,

1, or not, 0, the method tries to fit a mixture of N Gaussian

distributions to the sample set Pt = {(x, y) |Bt(x, y) = 1}.
Here, each Gaussian corresponds to an ellipse-shape target.

Namely, Gaussian component N (µ
(i)
t ,Σ

(i)
t ) represents tar-

get i at frame t, where µ
(i)
t ∈ R2 is the mean vector and

Σ
(i)
t ∈ R2×2 is the covariance matrix. These values can be

estimated from Pt via the EM algorithm with initial val-

ues predicted from the previous frames, for example, via the

Kalman filter [11]. Finally, the sequence of mean vectors,

{µ(i)
t }t, is considered as the trajectory of target i.

We here extend this GMM-based tracking by introducing

the use of (1) a dynamic prior only when one target has

other targets nearby and (2) a size prior for fish.

Let µ
(i)
pred,t be the predicted position from the previous

frames and µ
(i)
ML,t be the original maximum likelihood (ML)

estimation in a M-step. To include the predicted informa-

tion not only for the initial value but also in the M-step of

the EM algorithm, we consider the problem of model fit-

ting as a maximum-a-posteriori (MAP) estimation instead

of the ML estimation. Suppose the prior has a Gaussian

distribution and simply assume that the covariance matrix

is proportional to the solution by ML estimation. Then the

MAP estimation of the position becomes

µ
(i)
MAP,t = α

(i)
t µ

(i)
pred,t + (1− α

(i)
t )µ

(i)
ML,t, (1)

where α
(i)
t ∈ [0, 1] is a dynamically adjusted weight; we de-

sign the weight so that it becomes a large value when the

prediction of target i is close to other targets’ predictions.

The question here is how to measure the distance between
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two ellipse-like objects. While one option is to directly evalu-

ate the overlapped areas of simulated ellipse pairs by chang-

ing their radii, an algebraic definition of distance is desirable

for lower computational costs. However, the collision analy-

sis of ellipses is difficult in general [3]. We therefore exploit

the Bhattacharrya distance between two Gaussians,

DB(i, j, t) =
1

8
||µ(i)

t − µ
(j)
t ||2

Σ
(ij)
t

−1 + ln
|Σ(ij)

t |
1
2

|Σ(i)
t | 14 |Σ(j)

t | 14
,(2)

where Σ
(ij)
t = (Σ

(i)
t + Σ

(j)
t )/2,

to measure how close two ellipses are. Using this measure,

we adjust the weights in Eq.(1) by a sigmoid function

α
(i)
t = αmax(1 + exp{(min

j
DB(i, j, t)−Dthres)/σα})−1,

which takes almost αmax when target i has other targets

much closer than Dthres, and zero when target i is isolated.

A reasonable choice of Dthres is as follows. We first note

that, when a target is a filled (i.e., uniformly distributed) el-

lipse with semi-major axis a, semi-minor axis b, and orienta-

tion θ, it can be shown by an integral calculation that these

ellipse parameters correspond to the covariance Σ through

R(θ) [diag(a2, b2)]R(θ)T = 4Σ, R(θ) : rotation matrix,

and hence ||(x, y)T −µ||Σ−1 = 2 is the ellipse equation corre-

sponding to N (µ,Σ). The condition when two ellipses i and

j with the same covariance Σ contact each other is given by

||µ(i) − µ(j)||Σ−1 = 4. Substituting this into the first term

of Eq. (2), and noting that the second term is zero for the

equal Σ, we have DB = 2, which can be used for Dthres.

As a prior for fish size, we set the upper bound λub and

lower bound λlb on the eigenvalues of Σ so that the major

and minor axis lengths of the detected ellipses are bounded.

We also set the upper bound on trace(Σ), which avoids to

fit large ellipses with the both axis lengths are close to λub.

4. Analysis of the Synchronization be-

tween Fish Graphics and Live Fish

We conducted an experiment on how live fish respond to

and are synchronized with the periodic fish motion gener-

ated on a monitor screen by using the proposed system.

4.1 Methods

Three rummy-nose tetras (Hemigrammus bleheri) with

approximately 3cm size were installed in an acrylic fish tank

(length 35cm × height 30cm × width 20cm), where the

species was chosen because of the tight schooling behavior.

From preliminary experiments, they tend to respond to vi-

sual stimuli from a display monitor (1920× 1080 [pixel]) *1

while they tend not to move when the number of individuals

was less than three.

A captured texture image of the same species was used for

fish graphics. The textured object was copied to generate a

group with three individuals arranged in a triangle forma-

tion (Fig. 2 (a)). A periodic constant-velocity motion with

*1 Iiyama ProLite T2735MSC

(a) Fish objects used
for visual stimuli

display #1
display #2
display #3

0

200

400

600

800

1000

1200

3200 3400 3600 3800 4000 4200 4400 4600 4800 5000 5200

frame

x [
pix

el]
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Fig. 2 Visual stimuli. (a) shows the arrangement of graphical
objects used in dynamic visual stimuli. (b) is an example
of the movements of three fish objects. Note that two of
them with the same x positions are overlapped.

a cycle length Tv in x-coordinate was used for the moving

pattern of the fish objects on the screen, where the trajec-

tories of their centroids are shown in Fig. 2 (b). The cycle

length Tv depends on each session, and the number of cy-

cles was 15. The motion includes 0.75 [sec] intervals at the

peaks, and the direction of each object texture was flipped

when they change the moving direction. A blue color was

used for the background of the graphics, which was easily

distinguished from the foreground objects. The monitor was

turned on before each session, while the fish graphic objects

appear and disappear suddenly in the beginning and the end

of stimuli. The stimuli were started after 3 to 4 minutes each

session began, and the lengths of the stimuli were approxi-

mately 2 minutes, which vary depending on the period Tv of

the stimuli. Additional 4 to 5-minute data after the stimuli

disappeared in each session were also used.

The movements of live fish were captured by a color cam-

era (1296 × 964 [pixel]) *2 in 15 fps. Three sessions of ex-

periments were conducted, where Tv = 7.5 [sec] for session 1

and 3, and Tv = 8.7 [sec] for session 2 were used. In session

1 and 2, three individuals were randomly selected from other

fish tank, while in session 2 and 3, the same set of individu-

als were used. From the captured image sequences, the 2-d

trajectories of three fish were obtained semi-automatically:

the movements of fish were first tracked automatically by

the method described in the previous section and then cor-

rected manually so that the analysis in this section does not

contain assignment errors. Each sequence had 9000 frames

and the number of errors (i.e., the occurrence of switching of

fish IDs) was 31 times in 27000 frames (0.11 [%]); it was in

an acceptable range for human to detect manually. Finally,

the sequences of three fish (i = 1, 2, 3) were obtained in each

session s ∈ {1, 2, 3}.

4.2 Measurements for synchronization analysis

The sequence of x-coordinate positions of each fish was

used in the analysis since the movements in this direction

were dominant compared to those in y direction. In partic-

ular, we evaluate how the degree of synchronization can be

significantly increased during the presentation of the visual

stimuli (in what follows, this interval is denoted as “on”),

compared to before or after the presentation (these intervals

are denoted as “before” and “after”, respectively).

Let fv = 1/Tv [Hz] and ϕv [rad] be the major fre-

*2 Point Grey Research, Chameleon CMLN-13S2C
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quency and the phase of the fish object motion at session

s ∈ {1, 2, 3}. Since these fv and ϕv are known, the degree of

the synchronization between the motion of the live fish and

that of the presented stimuli can be evaluated by observ-

ing how both the frequency and its phase of live fish become

close to fv and ϕv, respectively. Specifically, to compare the

degree of synchronization in two intervals, we define the fol-

lowing measurement. Let {x(i)
t }t be the trajectory of fish i

in x direction. The phase information of the live fish i can be

evaluated by the cross-correlation of sinusoidal function and

sequence {x(i)
t }t. We therefore define the following value in

the interval Ik = [bk, ek] with length |Ik| = ek − bk + 1:

γ
(i)
k =

1

|Ik|

ek∑
t=bk

x
(i)
t cos(2πfv(Tdt) + ϕv), (3)

where Td = 1/15 [sec] is the sampling period of sequence

{x(i)
t }t, and k ∈ {before, on, after}; session index, s, is omit-

ted in the notations. Note that the value is normalized based

on the length of the interval.

Hypothesis: The value γ
(i)
k is significantly larger un-

der the visual stimuli. We used Welch’s t-test by assuming

{c(i)t | t ∈ Ik} is a normally distributed sample set, where

c
(i)
t := x

(i)
t cos(2πfv(Tdt) + ϕv). In each session, we used

two types of null hypotheses γon = γk, k ∈ {before, after}.

4.3 Results

We first qualitatively observe how the amplitude of fre-

quency changes over time. Figure 3 shows the spectrogram

(the short-term Fourier analysis) of the velocity of single fish

motion in session 3. The frequency has strong peak around

fv = 1/7.5 [Hz] during the graphic objects’ movement was

presented (Ion = [3584, 5259]). However, in other session,

such as in session 2 (fv = 1/8.7 [Hz]), the fish motion took

almost the same frequency as the presented stimuli during

all the period in the session, which suggests the amplitude

of the frequency is not adequate to closely analyze the fish

response.

To quantitatively verify the synchronization between live

fish and stimuli, we calculated the correlation γ
(i)
k defined

in Eq. (3) for each session s ∈ {1, 2, 3}, as shown in Fig. 4.

From the Welch’s t-test (5% significance), we found that γ
(i)
on

was significantly larger than γ
(i)
before or γ

(i)
after in 15 out of 18

(= 3 sessions× 3 individuals× 2 interval pairs).

While the number of experiments is still limited, these pre-

liminary results indicate that it is possible to analyze and

control live fish using fish-like graphic objects on a monitor

screen. From a detailed analysis of each individual, we ob-

served some fish did not only follow but tried to take a lead

of the fish-like graphics. This causes the loss of synchroniza-

tion and eventually makes the γon smaller. Meanwhile, this

behavior indicates that a real-time feedback control needs

to be incorporated.

5. Conclusion

We proposed a camera-display approach to the interaction

analysis of fish schools, where we utilized the movements
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Fig. 3 Spectrogram of fish velocity (session 3, individual i = 2).
The frequency of stimuli, fv = 1/7.5 [Hz], is depicted by
a white dashed line, where Ion = [3584, 5259] [frame].
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Fig. 4 Synchronization analysis. Each bar denotes the correla-

tion γ
(i)
k in each interval k ∈ {before, on, after}. F1, F2,

and F3 denote fish IDs.

of fish-like graphics on the monitor and tracked fish motion

patterns with a simple tracking algorithm. The experiments

have shown that the movements of live fish can be signifi-

cantly synchronized with the stimuli and the response can

be quantified by the proposed framework. This results thus

afford possibility for novel collective behavior analyses using

video-based feedback control in future study.
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