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Abstract—The paper proposes a novel approach for gray
scale images segmentation. It is based on multiple features
extraction from single feature per image pixel, namely its
intensity value, using Echo state network. The newly extracted
features - reservoir equilibrium states - reveal hidden image
characteristics that improve its segmentation via a clustering
algorithm. Moreover, it was demonstrated that the intrinsic
plasticity tuning of reservoir fits its equilibrium states to the
original image intensity distribution thus allowing for its better
segmentation. The proposed approach is tested on the benchmark
image Lena.

Index Terms—reservoir computing, Echo state network, intrin-
sic plasticity, image segmentation

I. INTRODUCTION

Echo state networks (ESN) belong to a novel and rapidly
developing family of reservoir computing approaches [1]-[3]
whose primary aim was development of fast trainable recur-
rent neural network (RNN) architectures able to approximate
nonlinear time series dependencies.

Following different view point to dynamic reservoir struc-
ture and its properties, in [4] a novel approach for features
extraction from multidimensional data sets using ESN was
proposed. It was successfully tested on numerous practical
examples, among which clustering and segmentation of multi-
spectral images [5]. Similar works dealing with ESN features
extraction for image segmentation were reported in [6]-[9].
Other works propose to train ESN to classify image pixels
based on their preliminary extracted features [10]-[15]. All
these works are focused on colour image segmentation having
multiple features per pixel, e.g. RGB grades. The gray scale
images however have a single feature per pixel that is its
intensity.

The aim of the presented here investigation is to adapt the
reservoir approach from [4] to uni-dimensional features data
such as gray scale images and to test whether such an approach
could enhance gray images segmentation via clustering. The
core of the approach in [4] was to use the reservoir equilibrium
states corresponding to each one of the multidimensional fea-
ture vectors as new, hopefully better feature vector of different
dimension. Fitting the ESN to reflect the input data structure
was achieved using an approach for tuning of reservoir internal
connectivity called Intrinsic Plasticity (IP) [16], [17].

In present work the IP tuned ESN reservoir with one
dimensional input (pixel intensity) was exploited to extract

multiple features per pixel (reservoir equilibrium states) of
a gray image. The approach was investigated in details on
a famous image called “Lena” that was benchmark subject
in numerous image processing and analyses techniques. The
original features and ESN extracted ones before and after IP
tuning were compared with respect to their distribution as
well as with respect of the quality of image segmentation via
clustering by several approaches applied by far to Lena image,
namely kmeans, fuzzy c-means, subtractive clustering [18],
hard thresholding and multi-level image thresholding using
Otsu’s method [19].

The paper is organized as follows: the next section intro-
duces ESN, IP tuning algorithm and adapted to gray scale
images approach for features extraction; the following section
presents obtained features of Lena image and the outcome
of different clustering approaches; the paper finishes with
concluding remarks and direction for future work.

II. ESN APPROACH FOR GRAY SCALE IMAGES FEATURES
EXTRACTION

The structure of an ESN reservoir is shown on Fig 1.

Fig. 1. ESN reservoir with parameters for IP tuning.

It incorporates a pool of neurons with sigmoid activation
function f7°° (usually the hyperbolic tangent) that has ran-
domly generated recurrent connection weights. The reservoir
state (k) for the current time instant k£ depends both on its
previous state r(k — 1) and the current input u(k) as follows:

r(k) = fr(diag(a)W ™ u(k)+W"r(k—1)+diag(b)) (1)

Here W and W7 are input and recurrent connection
weight matrices that are randomly generated according to



recipes given by [3]; a and b are vectors called gain and bias
that are set to 1 and 0 respectively in most applications.

In order to adjust the reservoir to the structure of its input
data, [16], [17] proposed an approach called Intrinsic Plasticity
(IP) tuning that achieves desired distribution of reservoir
output via changes in the gain a and bias b in equation (1).
The procedure is gradient algorithm minimizing Kullback-
Leibler divergence between actual and target distributions. In
case of hyperbolic tangent activation function the proper target
distribution is normal (Gaussian) with mean p and variance o

Prorm = (1/0/2m)e7=1)7"/20%) 2)

Thus the training rules for IP tuning of gain and bias vectors
derived in [16] are:

Aa =n/a+ Abx 3)

Ab= —n(=p/o® +r/0*(20% +1—r? +pur)) (4

Here 7 is learning rate and z = W + W7 is the net
input to the reservoir neurons. The Algorithm 1 presents the
IP tuning procedure. All original vectors of features f(i),i =
1+ ny are fed consecutively to the ESN reservoir with zero
initial state r(0) = 0 for nyp IP tuning iterations (usually 3-
5 are enough as in [16]). In present research, like in [4] the
IP tuned reservoir neurons equilibrium states 7. are exploited.
The Algorithm 2 present the features extraction procedure.

Algorithm 1 IP tuning

IP tuning of ESN
2: Generate initial ESN reservoir

r(0) =0
4 a(0)=1
b(0) =0

6: for k=1-+n;p do
for i=1-+n; do
8 @) =W"fG) +
r(i) = tanh(a(i — 1)x(i) + b(i — 1))
10: a(i) = a(i—1) + Aa(i)
b(i) = b(i — 1) + Ab(i)
122 end for
end for

Wresr(i — 1)

Algorithm 2 Features extraction
Extract features from IP tuned ESN
2: for i =1+ ny do
r(0)=0
4. for k=1-+n; do
x(k) = W f(i) + Wresr(k — 1)
6: r(k) = tanh(az(k) +b)
end for
8 ri=rk)
end for

All original vectors of features f(i),i = 1+ ny are fed
consecutively n;; times as constant input u(k) = f(i) =
const.,k = 1 + n; to the ESN reservoir with zero initial
state 7(0) = 0 until it settles to a new equilibrium state
re(f(i)) = r(ny). ny is number of iterations needed to
achieve steady state r. = r(k) = r(k — 1) of the reservoir.
Achieved in this way equilibrium states of the ESN reservoir
r? for each original features vector f(i) are considered as new
features.

In [4] it was investigated how the IP tuning of a randomly
generated ESN reservoir led to clearer separation of the orig-
inal multidimensional data after its projection to low dimen-
sional space. The effect of IP tuning on reservoir equilibrium
state was further investigated in [20] demonstrating that it
increases equilibrium states memory capacity and is strongly
influenced by the original data structure.

Provoked by the needs of gray scale images clustering a
modified approach for features extraction was proposed. In
contrast to [4], here from each single feature per pixel (that is
its intensity value f(i) = pi(i),? = 1+ n,;) multiple features
corresponding to ESN reservoir neurons equilibrium states ¢
were obtained. Here ny = n,,; is the number of the gray image
pixels; pi(i) is ¢ — th pixel intensity; The obtained in this
way multidimensional feature vector r for each pixel pi(i) is
subject to clustering.

III. RESULTS AND DISCUSSION

In order to investigate effects of proposed features extraction
approach a benchmark image Lena was used. The original
colour image was converted to gray scale and pixels intensities
pi were scaled in range [—1, 1]. Next, all pixels intensities were
applied to tune the gain and bias parameters of a randomly
generated fully connected ESN reservoir with size n, = 10
and spectral radius 0.9. The target Gaussian distribution of
IP tuning was with zero mean and variance 0 = 0.1 and
number of IP tuning iterations was set to n;p = 5. The
number of iterations needed to achieve reservoir steady state
was estimated to n;; = 50.

For the seek of comparison features were extracted by
initial and IP tuned reservoir as shown on Fig. 2. Fig. 3
shows histograms of the original image pixels intensities
versus those of features extracted by initial and IP tuned ESN
reservoirs. The observed effects of IP tuning are following: the
reservoir equilibrium states were squeezed in narrow interval,
the distribution of new equilibrium states reflects the original
data distribution.

Next kmeans clustering algorithm was applied to separate
image pixels into clusters using all original and all extracted
by initial and IP tuned reservoir features. From Fig. 3 is
clear that features extracted from IP tuned reservoir can be
visually separated into three groups - having maximum around
—0.3, 0.1 and 0.3 respectively that is in accordance other
segmentation approaches tested on Lena image. So the number
of clusters was set to three here. The representative features
from the three groups in Fig. 3 (neurons 1, 3 and 8) were
selected for clustering too.



Fig. 2. Gray image features extraction.
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Fig. 3. Histogram of the original image pixels intensities shifted by —0.5 (top)
vs. equilibrium states distributions of initial (middle) and IP tuned reservoir
(bottom).

Comparison of the original gray image and its segmentation
via kmeans clustering are shown in Fig. 4. While segmentation
using features extracted by initial random ESN reservoir looks
blurred, the results achieved using IP tuned reservoir reveal
sharper discrimination between image regions. Segmentation
via representative features (neurons 1, 3 and 8) seems quite
similar to that achieved using all features extracted by IP tuned
reservoir. Looking at Fig. 4, it is observed that the results
achieved using features extracted by IP tuned reservoir look
quite similar to those obtained by kmeans clustering of original
image pixels intensities. However, IP tunned reservoir features
revealed a little bit more details from the original image, e.g.
shades on the shoulder, contours in the background stuff etc.

For the seek of comparison the gray image was segmented
using original pixels intensities and several clustering ap-
proaches: kmeans, hard thresholding using fixed threshold
levels equally distributed within range of pixels intensities,
multi-level thresholding using Otsu’s method [19], fuzzy
c-means clustering and subtractive clustering [18]. Fig. 5
presents comparison of the original gray image and its seg-
mentation by enumerated clustering approaches. It is obvious
that kmeans segmentation outperforms all other approaches
achieving sharper segmentation of the image.

Fig. 6 and 7 present results from kmeans clustering using
individual features extracted by the initial and IP tuned reser-
voirs respectively.

Feature by feature comparison shows that IP tuning allows



kmeans segmentation from initial reservoir features. kmeans segmentation from IP tuned reservalr features ‘segmentation from IP features of neurons 1, 3 and 8

Fig. 4. Segmentation of the original gray image (on the top) into three clusters by kmeans clustering. Second row, from left to right, represents the clustering
results achieved using all features extracted by the initial reservoir (left), by the IP tuned reservoir (middle) and by it representative neurons 1, 3 and 8 (right).

threshold segmentation multtheshold segmentation from original features fuzzy c-means segmentation from original features ‘subclust segmentation from original features Vmeans from original featires

Fig. 5. Segmentation of the original gray image (on the top) into three clusters using original image pixels intensities. Second row from left to right, represents
the clustering results achieved via hard thresholding, multi-level threscholding, fuzzy c-means, subtractive clustering and kmeans clustering.
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Fig. 6. Gray Lena image (on the top) and its segmentation from individual features extracted by initial reservoir.
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Fig. 7. Gray Lena image (on the top) and its segmentation from individual features extracted by IP tuned reservoir.

to achieve sharper discrimination between regions with differ-
ent grades of pixels intensities. Besides, looking at individual
features results, becomes clear that each neuron acts as a filter
revealing different image characteristics. For example, neuron
8 of IP tuned reservoir reveals differences in pixels intensity
at the left top corner of the original image that are not reveal
by anyone of the rest of exploited features while it fails do
distinguish shades at the right top corner of the image.
Looking at Fig. 6 and 7 leads to the conclusion that reservoir
equilibrium states can be considered as image projections from
different view points in the space. Thus in dependence on
some additional, e.g. expert information, a proper for a given
aim projection can be chosen for image segmentation. Close
comparison of segmentation results from the original and IP
tuned reservoir features however is in favour of the IP tuning
approach since it reveals sharper discrimination of shapes in
some regions of the image, e.g. some light bunches in the hair,
shades on the shoulder, contours in the background stuff etc.

IV. CONCLUSIONS

The obtained results demonstrated that the proposed ap-
proach for gray images features extraction allows to reveal
various hidden features discovering different view points to the
image. They can be exploited in dependence on the specific
needs and opinions of the experts in particular area interested
in given image segmentation.

These preliminary results are good basis for further devel-
opment of hierarchical (deep) approach for gray images seg-
mentation combining ESN and various clustering approaches.

Further investigations with different kind of gray images,
e.g. X-ray photos, tomography images etc. can reveal various
directions of application of the proposed approach.

Combination of blind clustering with expert knowledge
could help to further refine the approach adjusting it to specific
expertise needs. A prospective direction of future work is
also development of a support system for experts that will
be able to choose the proper image projection among the
automatically generated numerous projections generated from

features extracted by IP tuned reservoir.
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Abstract. The paper proposes a novel approach for gray scale images
segmentation. It is based on multiple features extraction from single
feature per image pixel, namely its intensity value, using Echo state
network. The newly extracted features - reservoir equilibrium states -
reveal hidden image characteristics that improve its segmentation via a
clustering algorithm. Moreover, it was demonstrated that the intrinsic
plasticity tuning of reservoir fits its equilibrium states to the original
image intensity distribution thus allowing for its better segmentation.
The proposed approach is tested on the benchmark image Lena.

Keywords: Reservoir computing - Echo state network - Intrinsic plas-
ticity - Image segmentation.

1 Introduction

Echo state networks (ESN) belong to a novel and rapidly developing family of
reservoir computing approaches [1,3,11] whose primary aim was development of
fast trainable recurrent neural network architectures (RNN) aimed to approxi-
mate nonlinear time series dependencies.

Following different view point to dynamic reservoir structure and its proper-
ties, in [4] a novel approach for features extraction from multidimensional data
sets using ESN was proposed. It was successfully tested on numerous practical
examples, among which clustering and segmentation of multi-spectral images [6].

Similar works dealing with ESN features extraction for image segmentation
were reported in [12,17,18,19]. Other works propose to train ESN to classify
image pixels based on their preliminary extracted features [2,8,9,10,13,14]. How-
ever, these works are focused on colour image segmentation and few of them
applied the original approach from [4].

In [7] the task for gray scale tomography images segmentation using approach
from [4] was put to consideration. The core of the original approach was to use
the reservoir equilibrium states corresponding to each one of multidimensional
input data. Fitting of the ESN reservoir dynamics to reflect the input data
structure was achieved using an approach for tuning of ESN reservoir internal

* Supported by ...
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connectivity and dynamics called Intrinsic Plasticity (IP) [16,20]. In present work
a modified version of the approach from [6] for segmentation of gray scale images
was proposed. In order to enhance original image the IP tuned ESN reservoir
was exploited to extract multiple features from a single feature per pixel of a
gray image that is its intensity value.

In present work the approach was investigated in details on a famous image
called ”Lena” that was subject to numerous image segmentation approaches.
Comparison with original features and extracted ones by randomly generated
ESN reservoir and its IP tuned version were compared with respect to their dis-
tribution and clustering results using kmeans algorithm. The results were com-
pared with several clustering approaches applied by far to Lena image, namely
fuzzy c-means, subtractive clustering [21], hard thresholding and multi-level im-
age thresholding using Otsu’s method [15].

The paper is organized as follows: the next section 2 introduces ESN, IP tun-
ing algorithm and adapted to gray scale images approach for features extraction;
the following section presents obtained features of Lena image and the outcome
of different clustering approaches; the paper finishes with concluding remarks
and direction for future work.

2 ESN approach for gray scale images features extraction

The structure of an ESN reservoir is shown on Fig 1. It incorporates a pool of
neurons with sigmoid activation function f7¢* (usually the hyperbolic tangent)
that has randomly generated recurrent connection weights. The reservoir state
r(k) for the current time instant k£ depends both on its previous state r(k — 1)
and the current input u(k) as follows:

r(k) = fr(diag(a)W™u(k) + W r(k — 1) + diag(b)) (1)

Here W™ and W"® are input and recurrent connection weight matrices that
are randomly generated according to recipes given by [11]; a and b are vectors
called gain and bias that are set to 1 and 0 respectively in most applications.

In order to adjust the reservoir to the structure of its input data, [20,16]
proposed an approach called Intrinsic Plasticity (IP) tuning that achieves desired
distribution of reservoir output via changes in the gain ¢ and bias b in equation
(1). The procedure is gradient algorithm minimizing Kullback-Leibler divergence
between actual and target distributions. In case of hyperbolic tangent activation
function the proper target distribution is Gaussian one.

For the aim of time series modelling the readout of reservoir is a linear com-
bination of its current state whose parameters are the only trainable parameters
of this recurrent neural network structure. In present research however, like in
[4] only the reservoir neurons equilibrium states are exploited. All original vec-
tors of features f;,7 = 1 + ny are fed consecutively n;; times as constant input
u(k) = fi = const.,k = 1+ n; to the ESN reservoir with zero initial state
r(0) = 0 until it settles to a new equilibrium state r.(f;) = r(n;). Achieved
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Fig. 1. ESN reservoir with parameters for IP tuning.

in this way equilibrium states of the ESN reservoir ri for each original features
vector f; are considered as new features.

In [4] it was investigated how the IP tuning of a randomly generated ESN
reservoir led to clearer separation of the original multidimensional data after
its projection to low dimensional space. The effect of IP tuning on reservoir
equilibrium state was further investigated in [5] demonstrating that it increases
equilibrium states memory capacity and is strongly influenced by the original
data structure.

Provoked by the needs of gray scale images clustering in [7], a modified
approach for features extraction was tested. In contrast to the original work [4],
in current work from each single feature per pixel (that is its intensity value
pi(i),i = 1 + ny;) multiple features corresponding to ESN reservoir neurons
equilibrium states r? were obtained. The Algorithm 1 for features extraction
from gray image is summarized below.

Here n,; denotes number of gray image pixels; pi() is ¢ — th pixel intensity;
nrp is number of IP tuning iterations and n;; is number of iterations needed
to achieve steady state r. = r(k) = k(k — 1) of the reservoir. The obtained
in this way multidimensional feature vector r? for each pixel pi(i) is subject to
clustering.

3 Results and discussion

In order to investigate effects of proposed features extraction approach a bench-
mark image of Lena was used. The original colour image was converted to gray
scale and pixels intensities pi were scaled in range [—1, 1]. Next, all pixels inten-
sities were applied to tune the gain and bias parameters of a randomly generated
fully connected ESN reservoir with size n,, = 10 and spectral radius 0.9. The tar-
get distribution of IP tuning was Gaussian with zero mean and variance o = 0.1
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Algorithm 1 Pseudo code of the proposed approach
IP tuning of ESN
2: Generate initial ESN reservoir
r(0) =0
4: for k=1-+n;p do
for i =1+ np; do

6: r(k) = £ (diag(a)W™pi(i) + W r(k — 1) 4 diag(b))
Adjust vectors a and b
8: end for
end for

10: Extract features from IP tuned ESN
for i =1+ n,; do

12:  r(0)=0
for k=1-+n; do
14: r(k) = fr°*(diag(a)W™pi(i) + W r(k — 1) + diag(b))
end for
16:  ri=rk)
end for

and number of IP tuning iterations was set to nyp = 5. The number of iterations
needed to achieve reservoir steady state was estimated to n;; = 50.

For the seek of comparison features were extracted by initial and IP tuned
reservoir as shown on Fig. 2. Fig. 3 shows histograms of the original image pix-
els intensities versus those of features extracted by initial and IP tuned ESN
reservoirs. The observed effects of IP tuning are following: the reservoir equilib-
rium states were squeezed in narrow interval; the distribution of new equilibrium
states reflects the original data distribution.

Since in most segmentation approaches tested on Lena image, it was shown
that clustering into three classes achieves better results, next kmeans clustering
algorithm was applied to separate image pixels into three classes using all original
and all extracted by initial and IP tuned reservoir features. Since from Fig. 3 is
clear that features extracted from IP tuned reservoir can be visualy separated
into three groups - having maximum around —0.3, 0.1 and 0.3 respectively,
representative features from these three groups (neurons 1, 3 and 8) were selected
for clustering too. Comparison of the original gray image and its segmentation via
kmeans clustering with are shown in Fig. 4. While segmentation using features
extracted by initial random ESN reservoir looks blurred, the results achieved
using IP tuned reservoir reveal sharper discrimination between image regions.
Segmentation via representative features (neurons 1, 3 and 8) seems quite similar
to that achieved using all features extracted by IP tuned reservoir.

Fig. 5 and 6 present results from kmeans clustering using individual features
extracted by the initial and IP tuned reservoirs respectively.

Feature by feature comparison shows that IP tuning allows to achieve sharper
discrimination between regions with different grades of pixels intensities. Besides,
looking at individual features results, becomes clear that each neuron acts as a
filter revealing different image characteristics. For example, neuron 8 of IP tuned
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initial after |IP

Fig. 2. Gray image features extraction.
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Fig. 3. Histogram of the original image pixels intensities shifted by —0.5 (top) vs.
equilibrium states distributions of initial (middle) and IP tuned (bottom) reservoir.
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| (A

kmeans segmentation from initial reservoir features kmeans segmentation from IP tuned reservoir features segmentation from IP features of neurons 1, 3 and &

Fig. 4. Segmentation of the original gray image (on the top) into three clusters. Sec-
ond row from left to right, represents the kmeans clustering result achieved using all
features extracted by the initial reservoir (left), by IP tuned reservoir (middle) and
using equilibrium states of representative neurons 1, 3 and 8 from IP tuned reservoir
(right) respectively.

reservoir reveals differences in pixels intensity at the left top corner of the original
image that are not reveal by anyone of the rest of exploited features while it fails
do distinguish shades at the right top corner of the image.

Looking at Fig. 5 and 6 leads to the conclusion that reservoir equilibrium
states can be considered as image projections from different view points in the
space. Thus in dependence on some additional, e.g. expert information, a proper
for a given aim projection can be chosen for image segmentation. Close compar-
ison of segmentation results from the original and IP tuned reservoir features
however is in favour of the IP tuning approach since it reveals sharper discrim-
ination of shapes in some regions of the image, e.g. some light bunches in the
hair, shades on the shoulder, contours in the background stuff etc.

For the seek of comparison the same gray image was segmented using original
pixels intensities and several clustering approaches: kmeans, hard thresholding
using fixed threshold levels equally distributed within range of pixels intensities,
multi-level thresholding using Otsu’s method [15], fuzzy c-means clustering and
subtractive clustering [21]. Fig. 7 presents comparison of the original gray image
and its segmentation by enumerated clustering approaches.

It is obvious that kmeans segmentation outperforms all other approaches
achieving sharper segmentation of the image. Looking at Fig. 4, it is observed
that the results achieved using features extracted by IP tuned reservoir look quite
similar to those obtained by kmeans clustering of original image pixels intensities.
However, IP tunned reservoir features revealed a little bit more details from the
original image, e.g. shades on the shoulder, contours in the background stuff etc.
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nitial reservoir, neuron 2 intial reservoir, neuron 3

initial reservoir, neuron 4 nitial reservoir, neuron 5

initial reservoir, neuron 7 initial reservoir, neuron 8 initial reservoir, neuron 9

initial reservoir, neuron 10

Fig. 5. Gray Lena image (top) and its segmentation from individual features extracted
by initial reservoir.
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1P tuned reservair, neuron 1 IP tuned reservoir, neuron 3

1P tuned reservoir, neuron 5 IP tuned reservair, neuron &

IP tuned reservoir, neuron 7 IP tuned reservoir, neuron 8 IP tuned reservoir, neuron 9

IP tuned reservoir, neuron 10

Fig. 6. Gray Lena image (top) and its segmentation from individual features extracted
by IP tuned reservoir.
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entation from original features

fuzzy c-means segmentation from original features. subclust segmentation from original features

Fig. 7. Segmentation of the original gray image (on the top) into three clusters using
original image pixels intensities. Second row from left to right, represents the clustering
result achieved via hard thresholding and multi-level threscholding. Third row from
left to right represents results from fuzzy c-means, subtractive clustering and kmeans
clustering respectively.
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4 Conclusions

The obtained results demonstrated that the proposed approach for gray images
features extraction allows to reveal various hidden features discovering different
view points to the image. They can be exploited in dependence on the specific
needs and opinions of the experts in particular area interested in given image
segmentation.

These preliminary results are good basis for further development of hierarchi-
cal (deep) approach for gray images segmentation combining ESN and various
clustering approaches.

Further investigations with different kind of gray images, e.g. X-ray pho-
tos, tomography images etc. can reveal various directions of application of the
proposed approach.

Combination of blind clustering with expert knowledge could help to further
refine the approach adjusting it to specific expertise needs. A prospective di-
rection of future work is also development of a support system for experts that
will be able to choose the proper image projection among the automatically
generated numerous projections generated from features extracted by IP tuned
reservoir.
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