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A bstract

A system  is described to recognize fish species by com puter vision and a neural ne tw ork  program . The vision system 
m easures a num ber o f  features o f  fish as seen by a cam era perpendicular to a convej-or belt. T he features used here  are the 
w idths and heights at various locations along the fish. First the m easured values are used as input values to a neural network, 
together with the inform ation on the species. The netw ork is trained to recognize  th e  species from  these input data. To 
decrease the tim e to train  the netw ork, a learn ing  rate, a m om entum  factor and the e lim ina tion  o f non-contributing connections 
and nodes w ere introduced. Testing o f  the netw ork show ed that m ore than 95%  o f  th e  fish could be classified correctly. 
©  2001 E lsevier Science B.V. All rights reserved.
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1. Introduction

As part of the EU -project Integrated quality assur­
ance o f  chilled fo o d  fish  at sea  a  vision system  has 
been developed to determ ine the w eight o f flatfish on a 
conveyor belt passing a cam era (Storbeck and Daan, 
1991 ). Due to the constraints o f the project, the weight 
estim ation procedure was lim ited to  plaice (Pleuro­
nectes p latessa  L.), although the m ethod was applic­
able to other species. However, observed vo lum e- 
weight relationships were species dependent (Fig. 1). 
Therefore, for fish not sorted to species, a  m ethod 
capable to determ ine the fish species is a necessity.
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Because the sam e fish fed into the system may 
produce different num bers, a solution should be robust 
enough to tackle th is problem . Strachan et al. (1990) 
describe various m ethods used to determ ine species. 
Shape analysis appears to  be the m ost prom ising one, 
classifying a correct fraction o f 90%  of the fish seems 
possible. However, building a database with shape 
descriptors is a com plex job , while matching an 
observed pattern w ith all those present in the database 
takes up a lot o f com puting time.

People are much better than machines at classifying 
objects but they are not quicker (M cLelland et al., 
1986). This implies that an approach in which the 
m achine mimics the way people classify objects they 
observe m ight do a better jo b  than conventional ones 
based on analytical methods. However, simulating 
hum an complexity o f the brains is not feasible. This 
w ould m ean constructing a network that mimics
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Fig. 1. Observed relationships between the measured volume by the Fish-Vol system and the weight of fish for plaice, sole, dab and whiting 
(from Storbeck and Daan, 1991).

IO10 neurons each having connections to 103—IO5 
fellow neurons (Rum elhart and M cLelland, 1986). 
M ynsky and Papert (1969) pointed out that for m ost 
problem s a netw ork m ust at least have three layers to 
be able to m ap a num ber of input values to a specified 
output pattern. The first layer is used as input, the 
second is a so-called hidden layer and the third one is 
the output layer.

To circum vent the construction of a com plex data­
base with shapes and a matching algorithm, a flexible 
system  with use of a neural network is presented.

A h e liu m -n eo n  laser (LIM A B, 2 mW, class 3B) 
with a w aveleng th  o f 632.8 nm is placed at an angle o f 
45° to the p la n e  o f  the belt. By putting a cylindrical 
lens in the la se r  bundle the latter spreads out in one 
direction and a  b righ t light line perpendicular to the 
direction of m ovem ent o f the conveyor belt is created 
(Storbeck and D aan , 1991).

For the im ag e  processing, three VM E-bus based 
printed circuit boards from DATACUBE Inc. were 
used: M A X SC A N  frame grabber, ROISTORE video 
m em ory and M A X G R A PH  display unit. The latter is

2. Method

The configuration used is described by S torbeck and
Daan (1991). By viewing a projected line under an 
angle from  a different direction, a cam era “ sees” a 
curved line, representing the shape of the object. (Fig. 2).

The system  incorporates a small conveyor belt with 
a length o f 1.7 m and a width of 0.4 m. The speed of 
the belt is 0.21 m/s. On top of this belt a construction 
was m ade to hold a video cam era (SONY, XC-77CE) 
with a 8 -16  m m  zoom  lens. The axis o f the cam era is 
orientated perpendicularly above the belt in  such a 
way that the scanlines of the im age are parallel to  the 
direction of the m ovem ent o f the belt.

Cam era

.L ase r source

Projected laserline
Flatfish

------------------  M oving d irection  o f conveyor belt

Fig. 2. Concept of the vision system that computes the volume of a 
fish on a conveyor belt (from Storbeck and Daan, 1991).
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not essential but is handy during the developm ent 
phase of the software to see w hat is happening on a 
separately connected video m onitor (PHILIPS, 
CM 8833). For developing the software, the VME- 
system  is connected to a w orkstation (SUN 4/330, 
SUNOS 4.0.1). This is the platform  w e used to  gen­
erate and train the neural network. The com puter 
program  is based on a sam ple program  from  Parker 
(1989), modified to perform four tasks: (1) generating 
a network, (2) training the netw ork w ith a learning set, 
(3) testing it and (4) exporting the network. This 
export file can be imported by the com puter program  
that is used to m easure the volum e of the fish. It uses 
the trained network to guess the fish species.

Storbeck and Daan (1991) describe how the start 
and the endpoint o f the curvature o f the distorted line 
determ ines the width of the fish at various locations 
along its length. Fig. 3 shows how the width and the 
observed distortion of the projected laser line were 
encoded into a pseudo im age. Length of the fish was 
scaled to the width of the pseudo im age. A t the bottom 
of the pseudo image, the w idth o f the fish is repre­
sented by proportional colum ns with pixel values of 
+  1 (Rosenfeld and Kak, 1982). F rom  the top of the 
pseudo image sim ilar colum ns are created that are 
proportional to the m axim um  distoition o f the laser

max. — 
distortion P

max.
distortion

□ 1 
□ -1

width

Fig. 3. Coding of the measured width and maximal distortion 
along the movement direction of the fish into a pseudo image, 
which is the input layer to the neural network, (here a 12 x 12 
raster is displayed for clarity, in reality a 20 x  20 raster was used).

line along the le n g th  o f the fish. The rest o f the pixels 
got values o f - 1 .  A ll the pixel values were then used 
as the input values fo r the input nodes of the neural 
network.

The concept o f  the network is based on conven­
tional backpropagation  (Rum elhart e t al., 1986). 
Im provem ents w e re  m ade by using a sigmoidal trigger 
function

G(x) =    V — r

defining the o u tp u t level o f a node, where t  is a 
threshold value th a t influences the level at which 
the output value changes from a low value to a high 
one and vice versa, and  a  a param eter that changes the 
steepness of the trig g er function, i.e. the sensitivity of 
the output value to  the  input values. To regulate the 
speed o f learning, a  m echanism  is used to change the 
weights o f a connection  in the following way:

Aw,-(t) =  p{ 1 -  fj.)xi§ +  /i AWi(t -  1)

in which Awj(i) is the change in w eight after learning 
cycle t, p  the factor tha t influences the learning rate, p 
the m om entum  fac to r and <5 the backpropagated error:

<5 =  G'(x)Y^Wjôj
j

G '(x) is the first derivative of the sigm oidal trigger 
function G(x). The index i runs over the domain of all 
connections that prov ide input to the node and the 
index j  covers all connections to which the node 
provides its output. T he m om entum  param eter deter­
mines how history o f  changes influence a new weight 
change. The effects o f introducing the learning rate 
and the m om entum  factor were tested on a traditional 
XOR network.

In the neural net there can be connections that have 
only a small w eight factor. They lim it the influence of 
the underlying node to  the higher one. An algorithm 
was introduced to rem ove such connections from the 
network and if this resulted in a  situation where a 
hidden node had no connection to another layer, this 
node was also rem oved, including all its remaining 
connections.

D uring sea trials fresh  caught fish was used to train 
and test the network. A  sam ple w ith sole (Solea solea), 
plaice, whiting (M erlangius merlangus), dab 
(.Limanda limanda), cod (Gadus morhua) and lemon
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Table 1
Number of fishes used for training and tests

Species Training set Test set

Sole 50 50
Plaice 48 48
Whiting 42 43
Dab 46 46
Cod 16 16
Lemon sole 49 48

sole (.M icrostomus kitt) was split random ly in two, a 
training set and a test set. Table 1 shows the num ber of 
fishes actually used for separate training and testing.

3. Results

The effect o f introducing a m omentum factor {¡i) is 
shown in Table 2. W ith a  factor 0.9 the learning speed 
was a factor o f  10 higher. A  learning rate (p) o f 4.0 
gave also a faster convergence than a rate o f 0.4.

The output layer o f the network consists o f eight 
nodes. The network was trained in such a way that 
node K (k  =  0 , . . . ,  7) had to be one when a fish of 
species w ith identification num ber k  had passed the 
vision system, while all the other output nodes rem ain 
zero. The idea behind this is that the node value can be

Table 2
Speed improvement by introducing a momentum factor for a 
simple three-layer XOR network

Momentum Number of iterations needed

0 400
0.9 38

used to operate o n  a valve that causes the fish to be 
moved into a b in  w ith  num ber k .

The first n e tw o rk  had an input layer o f 40 nodes, a 
hidden layer w ith  20 nodes and an output layer with 
eight nodes, o f w h ich  only the first six w ere used in 
this study. A fter tra in ing  this network, only 60%  of the 
fishes of d iffe ren t species were classified correctly. 
Results im p ro v ed  considerably when two hidden 
layers w ere im plem ented . The final network consisted 
o f 400 input n o d e s , two hidden layers with 30 nodes 
each and one o u tp u t layer with eight nodes. The 
network was fu lly  connected, giving a total of 
13080 connections. Com putations were very slow. 
Therefore, a s tra teg y  was adopted to elim inate those 
connections w h o se  weight were below som e thresh­
old. This red u c tio n  o f the netw ork had two advantages. 
Com putation b ec am e  less tim e consum ing and the 
convergence w ith in  each set o f learning iterations 
showed a steep increase. A fter 600 learning cycles 
(each cycle u s in g  about 250 fishes for training) and 
after elim ination o f  all connections w ith a weight less 
than 0.6 after every  50 learning cycles, a network 
rem ained w ith 447 nodes and 676 connections 
between them. W ith  this strategy, training of the net­
work took about 15 m in and classification was done in 
7.6 ms.

Table 3 show s how the test set w ith fishes was 
classified. O ut o f  251 fishes, five w ere classified 
incorrectly.

4. Discussion

The idea tha t synapses with a relative sm all weight 
do not contribu te significantly to the output of a 
node worked qu ite  well. The netw ork underw ent a

Table 3
Results of classification by the network

Species Classified by the network as Error (%)

Sole Plaice Whiting Dab Cod Lemon sole

Sole 50 0 0 0 0 0 0
Plaice 0 47 0 1 0 0 2
Whiting 0 0 41 0 2 0 5
Dab 0 0 0 46 0 0 0
Cod 0 0 1 0 15 0 6
Lemon sole 1 0 0 0 0 47 2
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Fig. 4. Contours of the six fish species used (after Knijn et al., 
1993).

considerable reduction and this resulted in a faster 
convergence. Also the introduction o f a momentum 
factor (/à) gave good results. U sing a learning rate (p) 
gave im provem ent but o f less significance.

The idea to use a pseudo im age as input for the 
neural net was a lucky one. Before this idea emerged, 
the convergence of the networks was slow and the 
results were not very encouraging. After using a 
pseudo image, m ost of the w ork was tuning the number 
o f input nodes and the num ber of hidden layers. 
Information collected for weight estimation should 
also reveal the species o f the fish. Deciding which 
information to use was m ore an art than a science. The 
final choice made is by no means the ‘one and only’ 
solution for solving this problem . It ju st did the trick.

The equipm ent was used to com pare the selectivity 
of two fishing gears and cam e up w ith tables of 
different species caught by the gears, together with 
the lengths and weights. The fact that the system isn ’t 
influenced by physical forces m akes it possible to use 
it on a rolling and pitching ship. It also dem onstrates 
that it is robust enough to  be used in a production 
environment. Freshly caught fishes w ere directly pro­
cessed without any preparation.

Because the condition o f a fish changes with the 
season of the year, its geom etry changes also. As the 
network can be trained w ithin a reasonable am ount of

time, b e fo re  each trip a new recent learning set co 
be offered to  the system, after which it can be used 
production.

That th e  trained network classifies a lemon sole 
being a so le  can be expected, because o f their si 
larity in  co n to u rs  (see Fig. 4). The sam e holds for i 
and p la ice . W hiting and cod also show sim ilar c 
lines. W ith  this in mind, the network did its job qi 
well. N ea rly  98% was classified correctly (Table
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