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Present work was aimed to design Mamdani- Fuzzy Inference System (FIS), Sugeno -FIS and Sugeno-Adaptive Neuro-
Fuzzy Inference System (ANFIS) model for the prediction of CPUE of fish. The system was implemented using MATLAB 
fuzzy toolbox. A prediction of CPUE was made using the models trained.  The accuracy of fuzzy inference system models 
was compared using mean square error (MSE) and average error percentage. Comparative study of all the three systems 
provided that the results of Sugeno-ANFIS model (MSE =0.05 & Average error percentage=11.02%) are better than the two 
other Fuzzy Inference Systems. This ANFIS   was tested with independent 28 dataset points. The results obtained were 
closer to training data (MSE=0.08 and Average error percentage=13.45%).  

[Keyword - Artificial Neural Networks (ANNs), Fuzzy Inference System (FIS), Adaptive Neuro-Fuzzy Inference System 
(ANFIS), Catch per Unit Effort (CPUE)]. 

Introduction 
Catch per unit effort (CPUE) is used widely in 

fisheries management and marine conservation efforts 
as a direct proxy of abundance1, 2. CPUE values were 
estimated as the total catch of fish per hour (in kg per 
fishing effort or hour). A fish catch forecast or 
prediction is based on the number of environmental 
factors. The environmental factors-Chlorophyll-a and 
diffuse attenuation coefficients (Kd_490) were taken 
as input variables for fish catch prediction (in terms of 
CPUE). Chlorophyll-a (Chl-a) is the primary 
phytoplankton pigment for photosynthesis of marine 
algae in the ocean which is the main food for fish that 
determine the fish assemblage area or potential fish 
zone. So, Chl-a was incorporated in prediction 
models, was expressed in mg/m3. Besides Chl-a, 
Kd_490 may be used to describe the optical properties 
of ocean water. It increases with biomass and 
decreases with non-algal turbidity3. Kd_490 gives a 
clear idea of transparency of the water column and 
assumes importance, as predator fish species (viz., 
tuna, sharks, jacks, etc.) depend on sighting the prey 
for efficient foraging. It is expressed in m-1. The 
retrieval of these factors for forecasting involves 
fuzziness in both spatial and temporal resolution as 
many times we could not get the value at a particular 

space and time. We would rely on other low or high 
spatial resolution and also on different temporal 
resolution-composite value retrieved from weekly or 
fortnightly or monthly data. Fuzziness is involved 
during the different stage of image processing of said 
factors. Therefore, the fuzzy had been incorporated in 
various aspects and ambiguities in these factors for 
better prediction of catch4. The said environmental 
data, being inherently fuzzy in nature, had a very high 
non-linear relationship with fish catch, requires highly 
complex processing. The Artificial Neural Networks 
(ANN) method is very robust in dealing with non-
linear relationships5 and has been preferred by many 
authors over linear statistical models. To integrate the 
best features of fuzzy systems and neural networks, 
Adaptive Neuro-Fuzzy Inference System model 
(ANFIS) was also applied to the obtained data set. 
The ANFIS is ideal for uncertain, ambiguous and 
complex estimation and forecasting6. The fuzzy 
inference system had been used in ranking and 
classification of fishing area7. ANFIS had been used 
in carrying capacity assessment for cage fish farm in 
Daya Bay, China8. The work done in Agrawal et al., 
(2013)9, Ghatage et al., (2012)10 and Esmaeili et al., 
(2012)11 is purely based on ANFIS technique. 
Mamdani Mamdani FIS had been used to classify 
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of a pure fuzzy logic system where the fuzzy rule base 
consists of a collection of fuzzy IF-THEN rules24. The 
fuzzy inference engine used these fuzzy IF-THEN 
rules to determine a mapping from fuzzy sets in the 
input universe of discourse to fuzzy sets in the output 
universe of discourse based on fuzzy logic 
principles24. In order to build the models, we defined 
the fuzzy sets consist of two parameters: Chlorophyll-
a and Diffuse attenuation coefficient (Kd_490) as the 
input variables and log(CPUE) as an output variable. 
Each variable had three linguistic terms.  

a) Mamdani’s Method: Mamdani’s Fuzzy 
Inference Method is the first rule-based model and 
most commonly seen fuzzy methodology developed 
by Mamdani, E.H and Assilian S. (1975)25. Mamdani 
model combines inference results of rules using 
superimposition and not the addition. Hence it is a 
non-additive rule model. The Mamdani model use 
rules whose consequent part is Fuzzy Set: 
 

Ri :If x1 is Ai1 and x2 is Ai2 and … and xp is Aip is 
Then y is Ci, i=1,2,…,M      … (2) 
 
Where ‘M’ is the number of fuzzy rules, xj∈Uj (j=1, 
2,…p) are the input variables, y∈Y is the output 
variable, and Aij and Ci are fuzzy sets characterized by 
membership functions μAij((xj)  and μCi(y) 
respectively. The steps in the system are Fuzzify 
inputs, Apply fuzzy operator, Apply implication 
method, Aggregate all outputs, Defuzzification 
http://www.mathworks.in/products/fuzzy-logic) 30.  

Sugeno, or Takagi-Sugeno-Kang (T-S), a method 
of fuzzy inference was introduced in 1985; it is 
similar to the Mamdani method in many respects. The 
first two parts of the fuzzy inference process, 
fuzzifying the inputs and applying the fuzzy operator, 
are the same. The main difference between Mamdani 
and Sugeno is that the Sugeno output membership 
functions are either linear or constant.  

A typical rule in a Sugeno fuzzy model has the 
linear form. 

If Input 1 = x and Input 2 = y, then  
Output is  z = ax + by + c    … (3) 

For a zero-order Sugeno model, the output level z 
is a constant (a=b =0). 

The steps of implementing Sugeno fuzzy systems 
are similar to Mamdani systems except the output is 
linear. The linear relationship that exists between two 
independent variables and one depended variable can 
be termed as 
 
Y= a1X1 + a2X2+ constant … (4) 
 

Y is log(CPUE) value, and X1 and X2 are 
Chlorophyll-a and Diffuse attenuation coefficient 
(Kd_490). The said two parameters and the output are 
subjected to multiple regression analysis with the least 
square fit and hence determined the coefficient for 
low, medium and high log(CPUE) linguistic labels 
which were shown in Table 1.   

The values of a1, a2 are given as Params of respective 
membership functions in Matlab in the form of [a1 a2 
constant](http://www.mathworks.in/products/fuzz
y-logic)30. The Sugeno- ANFIS technique was 
originally presented by Jang in 1993 (Jang et al., 
1993)26. ANFIS is an adaptive network. An adaptive 
network is composed of nodes and directional links 
associated with the network. It is called adaptive 
because some, or all, of the nodes, have parameters 
which affect the output of the node. These networks 
are capable of learning a relationship between inputs 
and outputs. ANFIS combines the benefits of the two 
machine learning techniques (Fuzzy Logic and Neural 
Network) into a single technique26. An ANFIS works 
by applying Neural Network learning methods to tune 
the parameters of a Fuzzy Inference System (FIS)9.  

The steps required to implement ANFIS to 
modeling are: define input and output values; define 
fuzzy sets for input values; define fuzzy rules; and 
create and train the Neural Network. To implement 
and test the proposed architecture, MATLAB Fuzzy 
Logic Toolbox (FLT) from MathWorks was selected 
as the development tool. The ANFIS editor GUI menu 
bar can be used to load a FIS training initialization, 
save the trained FIS, and open a new Sugeno system 
to interpret the trained FIS model. 

Using a given input/output data set, the toolbox 
function anfis constructs a fuzzy inference system 
(FIS) whose membership function parameters are 
tuned (adjusted) using either a backpropagation 
algorithm alone or in combination with a least squares 
type of method. This adjustment allows fuzzy systems 
to learn from the data they are modeling. 

Table 1 — The value of a1, a2 and constant for low, medium and 
high log(CPUE) linguistic labels of the triangular membership
function 

log(CPUE) linguistic labels a1 a2 Constant 

Low log(CPUE) -0.379 0.431 0.244 
Medium log(CPUE) 0.422 -0.561 0.524 
High log(CPUE) -4.144 4.583 0.683 



Steps in d
Step 1: Lo
Step 2: In
Step 3: Vi
Step 4: AN
Step 5: Te
Training 

input/output 
and modeled
Sugeno type
for log(CPU
selected was
technique wh
to some deg
grade. Then
structure of 
the network 

The num
equal to the 
architecture,
first-order Su

(1): IF 
1= 1 + 1 +

(2): IF  
+ 2.  

 
Where: x an
sets, fi are 
specified by
design para
training pro
Each layer i
all the nodes
(1) are the 
which are gi 

1, i= ( ),
1, j= j( ),

 

Fig. 2 —

YAD

developing a m
oading Data 

nitializing and
iewing FIS St
NFIS Trainin
esting Data ag

data set t
data of the 

d the FIS. Th
e fuzzy infere
UE) modeling
s grid partitio
herein each d
gree that is 
n the new 
new FIS is d
is shown in f

mber of mem
 number of r
 two fuzzy 
ugeno model 

   1

+ 1.  
  2 AND

nd y are the in
the outputs

y the fuzzy ru
ameters that 
cess. ANFIS
s explained i
s are adaptive
fuzzy memb
ven by the fo

 =1,2,3 
, j=1,2,3 

— ANFIS Archite

DAV et al.: PRE

model using A

d Generating F
tructure 

ng 
gainst the Tra
that contain
system was 

he FIS was l
ence system 
g. The parti
ning, and is a

data point belo
specified by
FIS is gene
determined. T
figure 2.  
mbership func
rules. To pre
IF-THEN ru
are considere
 AND  

D   2 ,TH

nputs, Ai and 
s within the
ule, and pi, q
are determin
 has five-lay
n detail below

e nodes. The o
bership grade
ollowing equa

ecture (Agrawal 

EDICTION OF C

ANFIS  

FIS 

ained FIS 
ns the desi

loaded to tr
loaded from 
prepared earl

itioning meth
a data cluster
ongs to a clus

y a members
erated, and 
The structure

ctions must 
sent the ANF

ules based on
ed:  

 1, THE

HEN 2= 2 +

Bi are the fuz
e fuzzy reg

qi, and ri are 
ned during 
yer architectu
w. In Layer (
outputs of La
e of the inpu
ations: 

… 
… 

et al., 2013)9 

CATCH PER UN
 
 

red 
rain 
the 
lier 
hod 
ing 
ster 
hip 
the 

e of 

be 
FIS 
n a 

HEN 

+ 2 

zzy 
ion 
the 
the 

ure. 
(1), 

ayer 
uts, 

(5)  
(6) 

Where
lingui
this no
memb
functi
(2), th
fuzzy 
the in
they p
layer 
 

2, i=
 

The
In Lay
N, to 
the fi
outpu
 

 
(Agra

Ou
streng
outpu
of the
polyn
outpu

(Agra
Wh

ri are 
only o
the su
outpu
 

 
(Agra

The
algori
and le
hybrid
until 

NIT EFFORT (C

e x and y are
istic labels (lo
ode function.
bership fun
ion was cons
he nodes are
operators; it

nputs. They a
perform as a s
can be repres

= ( )∗
ese are the so
yer (3), the no
indicate that

iring strength
ut of this layer

awal et al., 20
utputs of this 
gths. In Laye
ut of each nod
e normalized
omial (for a

ut of this layer

awal et al., 20
here is the
the conseque
one single fix
ummation of 

ut of the mode

awal et al., 20
e learning a
ithm that is a
east squares m
d learning al
Layer (4) an

CPUE) OF FISH

e the inputs to
ow, medium,
 ( ) and j(

nction (Tria
sidered in thi
e fixed nodes
t uses the AN
are labeled w
simple multip
sented as .  

j( ), ,j=1,2,3

o-called firing
odes are also 
t they play a
hs from the
r can be repre

13)9 
layer are ca

er (4), the no
de in this laye
d firing stren
a first-order 
r is given by  

13)9 
e output of La
nt parameters

xed node label
f all incoming
el is given by 

 

13)9 
algorithm for
a combinatio
methods. In th
lgorithm, nod
nd the conse

H 

o node i and 
, high) associ

) can adopt 
angular me
is example). 
s. This layer

ND operator t
with π, indic
plier. The outp

3 

g strengths of 
fixed nodes l

a normalizatio
 previous la

esented as 

 

alled normaliz
odes are adap
er is simply th
ngth and a f

Sugeno mo

ayer (3), and 
s. In Layer (5
led with    Σ  
g signals. Th

r ANFIS is 
on of gradien
he forward p
de outputs go
equent param

63

j are the 
iated with 
any fuzzy 

embership 
In Layer 

r involves 
to fuzzify 
ating that 
put of this 

 … (7) 

f the rules. 
labeled by 
on role to 
ayer. The 

… (8) 

zed firing 
ptive. The 
he product 
first-order 
del). The 

… (9) 

pi, qi, and 
5), there is 
 performs 

he overall 

… (10) 

a hybrid 
nt descent 
ass of the 
o forward 

meters are 



64

determined b
the error sign
parameters a
rules were fo
after Sugeno
(1985)28. Th
were plotted
 
Results and

Input var
Diffuse atten
variable is lo
the normaliz
contains thre
"High". The 
are a triangu
show math
expressions. 
design of F
surface view
were shown i
 
μL(x) ={  1 i

                
μM(x) ={  
                
                
μH(x) ={ (
                
The outp

under Sugen
derived fro
analysis. Th
labels of lo
design of F
different me
7 and 8 resp
the rule view
provides AN
neuro fuzzy 
membership
existing dat
selecting tw
Diffuse atte
output as l
testing datas
Figure 10. A
was generate

De- norm
predicted va

by the least sq
nals propagat
are updated u

formed by firs
o and Kang (
he changing la
d as a surface 

d Discussion 
riables of FI
nuation coeff

og(CPUE). All
zed range [0, 
e fuzzy sets su
membership 

ular function. 
hematical e
These fuzzy s
FIS, different

w of log (CPU
in Figure 3, 4 

f x=0             
    =    0      if
  (x-0.1)/0.4,
    = 1    if     
    = (0.9-x)/0

(x-0.6)/0.4,  i
         = 1 if x

put membersh
no method is
om existing 
e Params giv

og(CPUE) we
FIS, surface
mbership fun

pectively. The
wer in the V
NFIS tool to
systems. The
 functions for
ta. The FIS 
wo inputs n
enuation coe
log(CPUE) v
set in the AN
After the train
ed.  
malization w
alue using th

INDIAN

quares. In the
te backward, 
using gradien
st-order Suge
(1988)27; Tak
aws of two in
graph. 

IS were: Ch
ficient (Kd_49
l the variables

1]. The nor
uch as: "Low"
functions of a
Eq.(11), Eq.(

equations o
sets are shown
t membership
UE) under M
and 5 respecti

   = (0.4-x)/0
f     x>0.4       
  if  0.1≤x≤0.
 x=0.5 

0.4, if 0.5≤x≤
f  0.6≤x≤1 

x=1} 
hip function 
s linear. Thi

data throu
ven to the dif
ere shown in
e view of l
nction  were s
e outputs are

View menu (F
o model the 
e major objec
r inputs and o

system was
namely: Chlo
fficient (Kd_

value. Loade
NFIS model 
ning, the stru

was done to
he equation (

N J. MAR. SCI.,

e backward pa
and the prem

nt descent26.T
eno fuzzy mo
kagi and Suge
nputs vs. out

hlorophyll-a a
90). The out
s accept values
rmalized inter
", "Medium" a
all the fuzzy s
(12) and Eq.(
of members
n in Table 2. T
p function a

Mamdani meth
ively. 

0.4, if 0≤x≤0.4
} … (
5 

≤0.9   } … (12

… (
of log(CPU

s linear data
ugh regress
fferent linguis
n Table 1. T
log(CPUE) a
shown in Fig
e analyzed us
Fig. 9)  Mat
data based 

ctive is to cre
outputs from 
s structured 
orophyll-a, a
_490) and o

ed training a
were shown

cture of the F

o compare 
(1). Forecasti

, VOL. 48, NO. 
 
 

ass, 
mise 
The 
odel 
eno 
tput 

and 
tput 
s in 
rval 
and 
sets 
13) 

ship 
The 
and 
hod 

4 
11) 

2) 

13) 
UE) 
a is 
ion 
stic 
The 
and 
. 6, 
ing 
tlab 
on 

eate 
the 
by 

and 
one 
and 

n in 
FIS 

the 
ing 

accur
terms
Avera
better
obtain
memb
MSE 
come
log(C
MSE 

 

Simila
databa
log(C
respec
obtain
11.02 
averag
indepe
in Tab

Inpu

Chl-

 

 

Fi

01 JANUARY 2

acy of a m
 of Mean Sq
age Error. L
r the forecas
ned from dif
bership funct

and avera
s to be 0.

CPUE) predi
is defined as

arly, the Sug
ase. The MSE
PUE) predic
ctively in th
ned with AN

average erro
ge error per
endent 28 da
ble 3. 

Table 2 — Cla

ut field Ou

-a, Kd, log

ig.3 — Design o

2019 

model is com
quare Error (

Lower the M
ting method

fferent FIS m
tions was sho

age error p
25 and 31

iction in M
s  

geno model w
E and averag

ction come t
he Sugeno 

NFIS method
ors as a perce
rcentage wer
ata set points,

ssification of Inp

utput field R

g(CPUE) 
0

of log(CPUE), F

mmonly mea
(MSE) or in 

MSE or avera
. Summary o

model using t
own in Tabl

percentage c
.25 respecti

Mamdani me

was used for 
ge error perce
to be 0.19 a
method. Th

d had 0.25 M
entage.  The 
re also calcu
, and they we

put and Output f

Range Fuz

0-0.4 
0.1 -0.9 

0.6-1 

L
Med

H

IS (Mamdani M

asured in 
terms of 

age error, 
of results 
triangular 
e 3.  The 

calculated 
ively for 
ethod.The 

  

the same 
entage for 
and 27.79 
he results 
MSE and 
MSE and 
ulated on 
ere shown 

field 

zzy sets 

Low=L 
dium=M 

High=H 

Method) 



MSE and
ANFIS wer
method. The
similar resea
artificial neu
networks Fu
and predictiv

Hence it 
model cons
function pe
methods, co
on complete
28 test data
method us
performed b
method in 

 

Fig.5 — The S
Chl-a and Kd in

 

YAD

d average er
re remarkabl
e experimenta
arches have 
ural network

uzzy (ANFIS 
ve errors have

could be c
structed usin
erformed be
oncerning ab
e 138 data po
a set. Also, 
sing triangu
better as the
terms accur

Surface view of 
n Mamdani FIS 

Fig.4

DAV et al.: PRE

rror percenta
ly less than 
al results of th

shown that 
ks, and Fuzz
method) has 

e been remark
concluded th
ng triangula
etter among
bove-said acc
ints and also 
it was foun

ular membe
e compariso
acy measure

log (CPUE) wi

4 — Membership

EDICTION OF C

age in case 
the other F

his study and 
combination 

zy logic, neu
been success

kably decreas
hat the ANF
ar membersh

g all the F
curacy measu
on independ

nd that Suge
rship funct

on to Mamd
e, mean squ

ith respect to inp

p functions of Ch

CATCH PER UN
 
 

of 
FIS 
the 
of 

ural 
sful 
sed.  
FIS 
hip 
FIS 
ure 

dent 
eno 
ion 

dani 
uare 

puts

hlorophyll-a, Kd

 

F
 

Fig.7 —
Chl-a a

NIT EFFORT (C

d, log(CPUE) in 

Fig.6 — Design 

— The Surface 
and Kd in Sugen

CPUE) OF FISH

Mamdani metho

of log(CPUE), F

 

view of log(CP
no FIS  

H 

od 

FIS (Sugeno Me

PUE) with respe

65

ethod) 

ect to inputs 



66

error (MSE
above said d

The predi
different FI

 

 

) and averag
data.  
icted value o
IS methods 

Fig.8 — Out

Fig. 9 — F

INDIAN

ge error per

of log(CPUE)
after de-no

tput membership

FIS rule editor &

F

N J. MAR. SCI.,

rcentage on 

) obtained fr
ormalization 

p function of low

& viewer with inp

Fig. 10 — loadin

, VOL. 48, NO. 
 
 

the 

rom 
on 

indepe
shown
predic
actual 

w, medium and h

 

puts-Chl-a & Kd
 

 

ng of training an

01 JANUARY 2

endent 28 test
n in Table 4 w
cted values wi
l values as c

high, log (CPUE

d and output-log 

nd testing data

2019 

t data points a
with real valu
ith ANFIS m

compared to 

) potential in Su

(CPUE) in Suge

after model tra
ues of log(CP

method were c
Mamdani an

ugeno FIS 

eno FIS 

 

ained were 
PUE). The 
closer with 
nd Sugeno 

 

 



method. Co
Mamdani a

 

 

YAD

onsidering th
and Sugeno 

Fig. 11 

Fi

DAV et al.: PRE

hat, ANFIS 
methods i

— FIS rule edit

g. 12 — Structu

Fig.13 —

EDICTION OF C

in compare 
in performan

or & viewer with

ure of FIS develo

— Average testi

CATCH PER UN
 
 

to 
nce 

evalua
could 

h two (2) inputs 

 

oped by ANFIS f
 

 

ing error on train

NIT EFFORT (C

ation of differ
be recommen

and one (1) outp

for log(CPUE) P

ning and testing 

CPUE) OF FISH

ent criteria wa
nded for predic

put in ANFIS m

Predictio modelin

data 

H 

as superior; th
cting log (CPU

model 

 
ng 

 

67

his method 
UE).  

 



68

 

Conclusion 

Table 4 — Pre

Original log(
Value

1.518
1.217
1.438
1.217
1.334
1.290
1.387
1.294
1.270
1.585
1.504
1.905
1.988
2.217
1.979
1.953
1.968
1.622
1.344
1.690
1.817
1.733
1.602
1.646
1.618
1.431
1.376
1.601

 

edicted value of 
independen

(CPUE)  
e 

ANF
Out

8 1.4
7 1.4
8 1.6
7 1.6
4 1.4
0 1.5
7 1.4
4 1.4
0 1.4
5 1.5
4 1.5
5 1.4
8 1.5
7 1.5
9 1.4
3 1.4
8 1.4
2 1.6
4 1.6
0 1.6
7 1.6
3 1.5
2 1.6
6 1.5
8 1.4
1 1.5
6 1.4
1 1.5

Fig:14 

INDIAN

log (CPUE) in d
t test data points

FIS
tput 

Mamda
FIS Outp

469 2.040
416 1.894
668 2.048
663 2.048
459 1.916
534 2.047
485 1.692
488 2.040
488 2.040
542 2.043
527 2.043
473 2.013
515 2.043
532 2.044
461 1.928
483 2.039
496 2.041
610 2.046
619 2.046
614 2.046
630 1.722
545 1.670
613 1.605
562 2.046
463 1.881
556 2.044
489 2.041
568 1.646

— The Surface 

N J. MAR. SCI.,

different FIS on 
s 

ani 
put 

Sugeno
FIS Outp

 1.984
 1.876
 1.896
 1.890
 1.978
 1.874
 1.753
 2.028
 2.028
 2.004
 2.013
 2.013
 1.971
 1.958
 1.958
 2.028
 2.013
 1.966
 1.947
 1.946
 1.794
 1.775
 1.745
 1.912
 1.927
 1.984
 1.996
 1.776

view of log (CP

, VOL. 48, NO. 
 
 

Concl
To 

predic
used. 
and al
inform
introd
(CPUE
Infere
Adapt
(ANF
sugge
was 
System
28 in
were 
averag
an ad
netwo
approa
and le
data. 
techni
 

28 

o 
put 

Table 3

 Metho

Mamd
Metho
Sugen
ANFI

PUE) with respec

01 JANUARY 2

lusion 
manage the u

ction, different
Fuzzy sets ar
llow decision-
mation is inc
duced the initi
E) prediction
nce System 
tive Neuro-F
IS). The comp
sted that the
better than 

ms. The devel
ndependent da

very encou
ge error pe
dvantage that
ork to tune t
ach which is 
east square me

This reveals
ique in the pre

3 — Summary o
using Tri

ods Mean

Train

dani 
od 
no Method 
S 

ct to inputs Chl-

2019 

uncertainty in 
t Fuzzy Infere
re suitable for 
-making with 
omplete or u
ial attempts fo
n of fish us

(FIS), Suge
Fuzzy Infer
parative study
e result of 

the two o
loped ANFIS 
ataset points.
uraging in 
ercentage.Suge
t it is integr
the FIS para
the combinat
ethod using th
s application
ediction of CPU

of results obtaine
iangular member

n Square Error (M

ning Data Testin
Data

0.25 0.22

0.19 0.18
0.05 0 .08

 
a and Kd in AN

the processes
ence System (

approximate 
estimated val

uncertain29. T
for catch per u
sing Mamdan
eno FIS and
ence System

y of all the thre
Sugeno-ANF
ther Fuzzy 
 model was te
 The results
terms of M
eno-type AN
rated with th

ameters by th
tion of backpr
he input/outpu

n potential o
UE of fish.  

ed from different
rship function 

MSE) Average Erro

ng 
a 

Training Data

2 31.25 

8 27.79 
8 11.02 

FIS 

s of CPUE 
(FIS) were 
reasoning 

lues where 
This study 
unit effort 
ni- Fuzzy 

d Sugeno-
m model 
ee systems 
IS model  
Inference  

ested with 
s obtained  
MSE and  
NFIS has  
he neural  
he hybrid 
ropagation 
ut training 

of ANFIS 

t FIS model 

r Percentage

a Testing 
Data 

27.78 

25.63 
13.45 



YADAV et al.: PREDICTION OF CATCH PER UNIT EFFORT (CPUE) OF FISH 
 
 

69

Acknowledgment  
The authors are grateful to the Director CIFE, 

Mumbai for providing the facilities to carry the work. 
The authors are also thankful to Indian National Centre 
for Ocean Information Services (INCOIS) Hyderabad, 
India for providing the fish advisory data. This paper 
forms part of Ph.D. thesis of the first author. The 
authors sincerely thank Director, IIT Bombay, for 
providing necessary facilities for the study. 
 
References 
1 Harley, S. J., Myers, R. A., & Dunn, A., Is catch-per-unit-

effort proportional to abundance? Can. J. Fish.Aquat. Sci. 58, 
(2001), 1760-1772. 

2 Yadav, V. K., Jahageerdar, S., Ramasubramanian, V., Bharti, 
V.S. and Adinarayana, J., Use of different approaches to 
model catch per unit effort (CPUE) abundance of fish. Indian 
Journal of Geo-Marine Science, 45(12) :( 2016), 1677-1687.  

3 Anand, A., Kumari, B, Nayak, S.R. and Murthy K. Y.V.N., 
Locating oceanic Tuna resources in the eastern arabian sea 
using remote sensing. Journal of the Indian Society of 
Remote Sensing, 33(4): (2005), 511-520 

4 Yadav, V. K, Krishnan, M., Biradar, R. S., Kumar, N. R. and 
Bharti, V. S., A comparative study of neural-network & 
fuzzy time series forecasting techniques  Case study: 
Marine fish production forecasting, Indian Journal of Geo-
Marine Science, 42(6):(2013), 707-716 

5 Lek, S., Delacorte, M., Baran, P., Dimopoulos, I., Lauga, J. 
and Aulagnier S., Application of neural networks to 
modeling nonlinear relationships in ecology. Ecological 
Modelling, 90,(1996b), 39-52 

6 Mirbagheri, M., Fuzzy-logic and Neural Network Fuzzy 
forecasting of Iran GDP growth. African Journal of Business 
Management, 4(6): (2010), 925-929 

7 Sylaios, G.K., Koutroumanidis, T. and Tsikliiras, A.C., 
Ranking and classification of fishing areas using fuzzy 
models and techniques. Fishery management and Ecology, 
17, (2010), 240-253. 

8 Huang, H., Jia, X., Lin, Q., Guo, G. and Liu, Y., Application 
of Adaptive Neuro-fuzzy inference system to Carrying 
Capacity Assessment for CageFish Farm in Daya Bay, 
China. Seventh International Conference on Fuzzy Systems 
and Knowledge Discovery (FSKD 2010)  

9 Agrawal, A. T., and Ashtankar P. S., Adaptive Neuro-Fuzzy 
Inference System for Health Monitoring at Home. 
International Journal of Advanced Science and 
Technology,55,( June 2013)   

10 Ghatage, S.R., Dongle, T. D., Kulkarni, T .G. and 
Mudholkar, R. R, Development of Fuzzy Inference 
Scheme for LC Oscillator Design, International Journal 
of Engineering Research and Development, 3(12):(2012), 
91-98 

11 Esmaeili, M., Fkhrzad,  P. and Hasanzadeh, M., Forecasting 
NOKIA Sale by Adaptive Neuro-Fuzzy Inference Systems 
(ANFIS), Proceedings of the 2012 International Conference 
on Industrial Engineering and Operations Management 
Istanbul, Turkey 

12 Mahalakshmi,  P. and Ganesan, K., Mamdani fuzzy rule-based 
model to classify sites for aquaculture development.Indian J. 
Fish., 62 (1): (2015),110-115 

13 Tseng, F. M., Yu, H. C., and Tzeng, G. H., Combining neural 
network model with seasonal time series ARIMA model. 
Technological Forecasting and Social Change, 69, (2002), 71–87. 

14 Nayak, P. C., Sudheer, K. P., Rangan, D. M., and Ramasastri, K. 
S., A neuro-fuzzy computing technique for modeling hydrological 
time series. Journal of Hydrology, 291, (2004), 52–66. 

15 Niskala, H., Hiltunen, T., Karppinen, A., Ruuskanen, J., and 
Kolehmainen, M., Evolving the neural network model for 
forecasting air pollution time series. Engineering 
Applications of Artificial Intelligence, 17, (2004), 159–167. 

16 Karunasinghe, D. S. K., and Liong, S. Y., Chaotic time series 
prediction with a global model artificial neural network. 
Journal of Hydrology, 323, (2006), 92–105. 

17 Oliveira, A. L. I., and Meira, S. R. L., Detecting novelties in 
time series through neural networks forecasting with robust 
confidence intervals. Neurocomputing, 70(1–3): (2006), 79–92 

18 Gareta, R., Romeo, L. M., and Gil, A., Forecasting of 
electricity prices with neural networks. Energy Conversion 
and Management, 47, (2006), 1770–1778 

19 Aznarte, J. L., Sanchez, J. M. B., Lugilde, D. N., Fernandez, 
C. D. L., Guardia, C. D., and Sanchez, F. A., Forecasting 
airborne pollen concentration time series with neural and 
neuro-fuzzy models. Expert Systems with Applications, 
32(4): (2007), 1218–1225 

20 Jain, A., and Kumar, A. M., Hybrid neural network models 
for hydrologic time series forecasting. Applied Soft 
Computing, 7(2): (2007), 585–592 

21 Bharti, V.S., Inamdar, A. B. , Purusothaman, C. S. and 
Yadav,  V.K., Soft Computing and Statistical  Technique - 
Application to Eutrophication Potential Modelling of 
Mumbai Coastal Area.  Indian Journal of Geo-Marine 
Science,47(2):(2018),365-377 

22 Kansan V., and Kaur A., Comparison of Mamdani-type and 
Sugenotype FIS for Water Flow Rate Control in a Rawmill. 
International Journal of Scientific & Engineering Research, 
4(6): (2013), 2580-2584 

23 Yen, J., and Langari, R., Fuzzy Logic: Intelligence, Control, 
and Information. United States: Prentice Hall,(1999) 

24 Asklany, S.A, Elhelow K., Youssef, I.K and El-wahab, M. A., 
Rainfall events prediction using rule-based fuzzy inference 
system, Atmospheric Research 101,(2011),228–236. 

25 Mamdani, E.H., and Assilian, S., An experiment in linguistic 
synthesis with a fuzzy logic controller.International Journal 
of Man-Machine Studies, 7(1): (1975), 1-13 

26 Jang, J. S. R., ANFIS: Adaptive-Network-Based Fuzzy 
Inference System.IEEE Trans. Systems, Man, and Cybernetics, 
23(3), May-June, (1993), pp. 665-684. 

27 Sugeno, M. and Kang G.T., Structure identification of fuzzy 
model. Fuzzy Sets and Systems, 28, (1988), 15-33. 

28 Takagi T. and Sugeno M., Fuzzy identification of systems 
and its applications to modeling and control. IEEE Trans, on 
Systems, Man and Cybernetics, 15, (1985), 116-132. 

29 Fausto, C. A., Takagi-Sugeno Fuzzy Inference System for 
Developing a Sustainability Index of Biomass. Sustainability, 
7(2015).12359-12371 

30 http://www.mathworks.in/products/fuzzy-logic 
 


