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Abstract—In feed forward neural networks, hidden layer 
neurons’ saturation conditions, which are the cause of flat 
spots on the error surface, is one of the main disadvantages 
of any conventional gradient descent learning algorithm. In 
this paper, we propose a novel complementary scheme for the 
learning based on a suitable combination of anti saturated 
hidden neurons learning process and accelerating methods 
like the momentum term and the parallel tangent technique. 
In our proposed method, a normalized saturation criterion 
(NSC) of hidden neurons, which is introduced in this paper, 
is monitored during learning process. When the NSC is 
higher than a specified threshold, it means that the algorithm 
moves towards a flat spot as the hidden neurons fall into 
saturation condition. In this case, in order to suppress the 
saturation of hidden neurons, a conventional gradient 
descent learning method can be accompanied by the 
proposed complementary gradient descent saturation 
prevention scheme. When the NSC assumes small values, no 
saturation detected and the network operates in its normal 
condition. Therefore, application of a saturation prevention 
scheme is not recommended. We have evaluated the proposed 
complementary method in accompaniment to the gradient 
descent plus momentum and parallel tangent, two 
conventional improvements on learning methods. We have 
recorded remarkable improvements in convergence success 
as well as generalization in some well known benchmarks. 
 

Index Terms—Backpropagation, hidden neurons’ 
saturation, normalized saturation criterion, momentum term, 
parallel tangent gradient. 

I. INTRODUCTION 
N ARTIFICIAL Neural Network (ANN) as a 
computational model of the human brain, may be 

considered as the universal approximator of the measured 
data in the multidimensional space. There are two types of 
approximator: global and local. The most important 
example of a global and local ANN based approximator is 
Multilayer Perceptron (MLP) or feed forward neural 
networks and Support Vector Machine (SVM) with Radial 
Base kernel Functions (RBF), respectively. The learning 
from examples and generalization ability are the most 
important properties of ANN [1]. 

The gradient descent optimization procedure by the 
error backpropagation (BP) [2], has been generally used to 
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train MLP or feed forward neural networks. Unfortunately, 
BP and its variants suffer from flat spots, which are mainly 
due to the hidden neurons saturation. Two main 
techniques currently used to deal with saturation problem 
of feed forward networks include hardware methods (e.g. 
using extra hidden neurons to guarantee convergence) and 
software methods [3]-[5]. Software methods are of special 
interest as they prove much more cost effective and 
versatile. Some software methods include Weigend weight 
regularization [6] and renewing saturated units by adding 
anti saturating terms [7]-[8]. 

In this paper, we propose a complementary scheme for 
learning based on a novel combination of saturation 
prevention method and two common BP’s improvements. 
In the next two sections, we briefly present the error 
backpropagation algorithm and some common improved 
learning techniques including the momentum and the 
parallel tangent as deflecting search direction besides the 
gradient descent and adaptation of learning rates. In 
section 4, an added modifying term for error function, to 
prevent saturation in hidden neurons, is discussed. After 
that, we present our proposed complementary method in 
details. In order to evaluate the efficiency of the proposed 
methods, we use the proposed complementary method 
along with some accelerating methods like momentum 
term and parallel tangent technique. Then, we compare the 
performance of the proposed algorithms with some 
relevant algorithms in classification some well known 
problems including parity generators and the modified 
XOR, as binary benchmarks, Iris and Sonar data sets 
classification, as real world problems. 

II. BACKPROPAGATION ALGORITHM 
A generic representation of an overall performance of a 

BBP (Batch BP) learning system is a cumulative measure 
of the output error. This error function, formulated in 
Batch Sum Squared Errors (SSE) format, is given by the 
relation 

2

1 1

1 ( )
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P S

S i i j
j i

E d o
P

 (1) 

where P  and S  are the number of patterns and output 
neurons respectively, i  indexes neurons in the output 
layer, j  indexes a certain training pattern, io  indicates 
the obtained value from a certain output neuron, and 

id  indicates an output neuron desired value corresponding 
to io . 

BP algorithm is founded on the manipulation  
of the gradient descent method,  which requires  the weight  

A Complementary Method for Preventing 
Hidden Neurons’ Saturation in 

Feed Forward Neural Networks Training 
P. Moallem and S. A. Ayoughi 

A

www.SID.ir



Arc
hi

ve
 o

f S
ID

IRANIAN JOURNAL OF ELECTRICAL AND COMPUTER ENGINEERING, VOL. 9, NO. 2, SUMMER-FALL 2010 128

 
Fig. 1.  Orthogonal steps near the optimum point. 
 
correction term be proportional to sensitivity of the error to 
change in the weights or gradient of the error [2]. 

SS
KKKK EWWWW 11  (2) 

where S  is a positive value included to control the 
stepwise adjustment of the learning process. 

III. COMMON IMPROVEMENTS IN TRAINING 
In this section, we present some common improvement 

techniques in training of feed forward neural networks that 
we well use them later. 

A. Momentum Term 
Momentum term prevents search aberrations by 

monitoring two consecutive gradient steps in order to curb 
or promote the second. Momentum term is normally a 
fraction of the previous weight correction 

1K K
S SW E W  (3) 

where -1 KW  is the previous weight correction, and  is 
the momentum rate that can be selected dynamically. Two 
significant advantages of applying momentum term during 
the process of learning are to stabilize as well as accelerate 
the process [9]. 

B. Parallel Tangent Gradient 
Parallel tangent (ParTan) gradient effectively 

accelerates convergence through a geometric phenomenon 
in the neighborhood of the optimum point [10] where the 
gradient descent tends to takes undesirable small 
orthogonal steps collectively known as the zigzagging 
phenomenon. This happens where the objective function 
appears as concentric ellipsoidal contours as in Fig. 1. 

The search path is normally expected to zigzag in a 
manner similar to one illustrated in Fig. 1, i.e. bold arrows 
denoted by indexed P’s. The dotted lines intersecting at P* 
in Fig. 1 evidently yield an alternative path to reach the 
optimum point, a very desirable and interesting property 
which compensates for the retardations in this area. The 
general model of ParTan gradient consists of "two phases 
namely climbing through the gradient and acceleration 
through the parallel tangent" [10] as shown by the 
improved path of consecutive G’s and A’s in Fig. 2. 

Adding the parallel tangent gradient deflection 
direction, which is called acceleration direction A , the 
weight update formula is rewritten as 

K K
S SW E A  (4) 

where  is acceleration rate and 
2 1 2 4K K KA W W  (5) 

 
Fig. 2.  Improved search path by parallel tangent gradient. 
 

Experimental results of using parallel tangent gradient 
in feed forward neural network learning show that it not 
only accelerates, but also stabilizes the learning and can 
avoid local minima in learning process [10]-[11]. 

C. Adaptive Step Sizes, DS-  and PTGVLR 

A constant value for step size can measure too large in 
one iteration, but too small in the next, depending on the 
contours of the error surface. A large value for the step 
size can make the weight vector fluctuate around a 
minimum, while for too small values convergence can be 
retarded. A dynamic step size assuming an optimum local 
value yields harmonious progression of the learning 
process. This has brought about a whole genre of self-
adaptation of learning rate schemata. 

In this research, we have used the "Dynamic Self 
Adaptation" technique to adapt the step sizes. The 
dynamic self-adaptation method of learning rate [12] can 
enhance the dynamic properties of the standard algorithm. 
This method first assigns an initial value to the learning 
rate  ( init= ), then in each epoch, 1  and 2  are 
computed by 

1 1

2 1

/
.

K

K

 (6) 

where -1K  is the learning rate of the previous step and 
=1.839  is nearly optimum for the elliptical contours 

[12]. Now either of these rates ( 1  or 2 )  which  yield  a  
smaller value for the objective function is selected as the 
rate for that epoch. 

DS-  (Dynamic Self-adaptation of learning rate, , 
and momentum, ) [12] and PTGVLR (Parallel Tangent 
Gradient with Variable Learning Rates) [11] are methods 
which respectively make use of momentum term and 
parallel tangent to improve the convergence of the 
standard BP. These methods will be used to be compared 
with the proposed methods. 

IV. ANTI SATURATING TERM FOR ERROR FUNCTION 
In this paper, we used the Logistic Sigmoid as the 

neurons’ activation function 
1( )

1
'( ) ( )(1 ( ))

xf x
e

f x f x f x
 (7) 

Derivative of this function reaches its maximum at 
0.5x , and is symmetric about this point falling to zero 

as approaching its extremes on the sides. This implies the 
weight changes will reliably be greatest when a neuron 
receives an approximate mid-range value, which means 
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more information is passed through the layer being 
updated. On the other hand, sliding down to either side, 
the gradient will be very small, where the neurons are 
saturated and minute weight changes occur. In  fact,  if  
some neurons perpetually operate in their saturation 
region, the network may remain retarded on a flat plateau 
of the error surface for an uncertain number of iterations. 
Under such conditions the algorithm is trapped in flat spot, 
and it may never reach a solution region. 

When the hidden layer neurons saturate no information 
is allowed to pass in either forward or backward directions. 
This phenomenon appears in the form of flat spots on the 
error surface. To prevent saturation conditions of the 
hidden layer neurons, Wang et al. [7] have formulated a 
modifying term for the standard error function. We have 
studied the modified error function for a two layer 
network, capable of mapping any classification or decision 
boundaries, presented in batch format given by 

1

2

1 1

2 2

1 1 1

1 ( )
2

1 ( ) ( 0.5)
2

L

L L

Modified S AntiSat
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i i j
j i
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i i j i j
j i i

E E E

d o
P

d o y
P

 (8) 

where SE  is the standard error function, with the same 
notations as in (1), AntiSatE  is the anti saturating term, L  
and -1L  index the output layer and the hidden layer 
respectively, lS  indicates the total neurons in layer l , iy  
indicates the output value from the hidden layer neurons. 

The term 1 2
1

( 0.5)lS
ii

y  is to suppress improper 
saturation in hidden layer units per training pattern set. 
This term is meant to incorporate the behavior of the 
hidden layer neurons in the gradient descent operations, in 
such a way that the network harmoniously gropes for the 
global minimum. Now we can hope that error function 
minimization algorithm indicates an optimized network, 
with no unit in retard. 

The idea is to inhibit the saturation of hidden layer 
neurons when SE  is  large  and  the  network  is  nowhere  
near the global minimum; "the output does not 
approximate to the desired signal". AntiSatE  is a product of 
SSE and 1 2

1
( 0.5)lS

ii
y , therefore besides inhibiting the 

saturation condition, when SSE approaches zero, this term 
will become small enough to yield convergence. 

Adding this modifying term to the standard error 
function leads to a modifying term for the weight 
correction 

S S AntiSat AntiSatW E E  (9) 

where S  and AntiSat  are the step sizes along the gradient 
of SE  and AntisatE  respectively. Here, SE  is the gradient 
of the standard error function, while AntisatE  can  to  be  
computed by following relations. 

For hidden layer parameters 
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For output layer parameters 
1

2

1

( 0.5)
LP P S

Antisat S
pjL L

j

E E y
w w

 (11) 

where 

1

1 for bias    
'(.) for weight

pj
L

y
fw

 (12) 

In general, neural networks are application sensitive and 
the exact same network can perform very differently from 
case to case. Saturation of hidden layer neurons can occur 
on certain occasions under limited conditions during the 
training process. The added term ( AntiSatE ) to the standard 
error function being repeated in all iteration could mean 
excessive computational burden in many applications. 

When inhibition of saturation of hidden layer neurons is 
not called for, this modification to the error function is 
redundant, if not a potential source of insidious errors [13]. 
Therefore, to enhance the efficiency of the error signal, we 
propose a dynamic monitoring criterion to alternate 
between the promoting methods. In the next section, we 
will present how common improvements in feed forward 
neural network training can be accompanied by the 
proposed complementary method. 

V. OUR PROPOSED COMPLEMENTARY METHOD 
In this section, we propose a novel complementary 

saturation prevention learning scheme. In the proposed 
methods, when hidden neurons move towards saturation 
condition the anti saturating term is applied to prevent 
saturation, while in normal condition, the conventional 
learning methods is used 

A. Motivation 
When a number of neurons perpetually operate in their 

saturation region, the network remains retarded on a flat 
plateau of the error surface for an uncertain number of 
iterations and therefore an anti saturating term helps 
renewing the saturated neurons. In this region, the 
gradient is so low that sign difference of two successive 
weight correction terms has no effect on the gradient 
search. Therefore here we recommend the application of 
the anti saturating only. In downhill directions or when the 
gradient shows significant oscillations the momentum 
term rises to a considerable amount, the anti saturating 
term is of no function, the momentum term can accelerate 
or stabilize the search [9]. This is our first alternating 
promoting method. 

As shown in Fig. 1 and Fig. 2, in the neighborhood of 
the optimum point, where there are apparently no 
deformations on the error surface to delay the search, 
gradient descent tends to takes undesirable small 
orthogonal steps collectively known as the zigzagging 
phenomenon. Here the parallel tangent gradient, as a 
deflective method, effectively accelerates convergence. 
Concurrence of the hidden neuron saturation and 
zigzagging phenomena is out of question. Therefore, in 
our paper the gradient parallel tangent is used when the 
anti saturating term is not called for. This is the second 
alternating method we shall examine. 

In many improving methods of BP, such as momentum 
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and parallel tangent gradient, no mechanism for 
prevention of neurons’ saturation is incorporated. We 
conjecture that applying the anti saturating term along 
with such methods, in the way that will follow, can 
improve many features of learning. 

B. A Mathematical Symptom Indicating Saturation 
Condition 
Saturation conditions of hidden layer neurons can be 

detected through monitoring a mathematical criterion that 
we named 'Normalized Saturation Criterion', which is 
calculated as [14] 

1
2

1 11

1 ( 0.5)
0.25

LSP

i j
j iL

NSC y
P S

 (13) 

where P  is the number of patterns, -1LS  is the number of 
hidden neurons of the feed forward neural network, iy ’s 
are hidden neurons’ outputs and 0.5 is the midrange of 
hidden neurons’ outputs, which is determined by the 
LogSig activation function.  

Since neuron output is kept within the range of 0 to 1 by 
Logsig, NSC  will be in the range of [0,1]. A small value 
for NSC  indicates normal operation of the hidden 
neurons; while the maximum value of NSC ,  that  is  1,  
means hidden units are fully saturated. We have found out 
that outside a certain value of NSC , namely _NSC Thr , 
entails saturated behavior of hidden units. 

C. The Proposed Complementary Saturation Prevention 
method, SP_DS- , and SP_PTGVLR 

To alternate between antisaturating and promoting 
methods (e.g., momentum and parallel tangent) we 
invariably monitor normalized saturation criterion ( NSC ) 
in every epoch. When NSC  assumes small values, no 
saturation detected; conventional promoting methods are 
applied to improve gradient descent learning procedure. 
When NSC  rises to a predetermined threshold, a 
saturation condition is detected; we apply the anti 
saturating term to prevent flat spot formation on the error 
surface. Therefore, each learning iteration is carried out by 
the following algorithm: 

 Optimize SE  in (1) through one gradient descent 
step. 
 If NSC < _NSC Thr  take  a  promoting  step,  such  as  
momentum or parallel tangent, else optimize AntiSatE  
in (8) through one gradient descent step. 

In this paper, we examine performance improvements 
made by our proposed complementary method to DS-  
and PTGVLR learning algorithms. We have named the 
proposed methods SP_DS-  (Alternating between 
saturation prevention term and momentum with adaptive 
step sizes), and SP_PTGVLR (Alternating between 
saturation prevention term and parallel tangent gradient 
with adaptive step sizes). All step sizes in the proposed 
methods, as in DS-  and PTGVLR, i.e. step sizes along 
the gradient of the standard error function ( S) and the 
gradient of the anti saturating term ( )AntiSat , the 
momentum constant ( ) and the parallel tangent constant 
( ), either applied on a epoch, are adapted through 
dynamic self adaptation of [12]. This provides a fair 
comparison between the proposed and compared methods. 

In SP_DS-  and SP_PTGVLR, in normal conditions 
that we use momentum and parallel tangent terms along 
with gradient descent we evaluate the standard error 
function (1) for calculating the optimum step sizes, while 
in the saturation conditions the modified error function (8) 
is used. 

VI. SIMULATIONS 
In order to evaluate the performance improvements 

made by our proposed algorithms, SP_DS-  and 
SP_PTGVLR, we have carried out some classifications and 
compared the results with the PTGVLR (Parallel Tangent 
Gradient with Variable Learning Rates) [11] and DS 

- (Dynamic Self-adaptation of learning rate, , and 
momentum constant, ) [12] methods which respectively 
make use of the parallel tangent and the momentum term 
to improve the convergence of the standard BP. In order to 
adapt their step sizes, these methods employ the dynamic 
self adaptation method of [12]. 

Furthermore, we have compared these methods with the 
well-known IRPROP algorithm [15]. Resilient 
backpropagation (RPROP) is a signed based learning 
algorithm with individual step size for each weight. In 
IRPROP, when the sign of partial derivative changes, the 
corresponding step size is decreased but it doesn't modify 
the corresponding weight. Moreover, it is ensured that in 
the next step the weight is updated using the reduced step 
size and not based on the sign of two previous steps. In all 
simulations, the initial values of the learning rates are set 
to 0.1 and  and  in  IRPROP  are  set  to  1.2  and  0.5  
[15], respectively. In order to compare the results of the 
execution times, we have developed a visual C++ console 
application to compare competency of these five 
algorithms. We ran the application on a 2.0 GHz Core Dou 
processor and 512 MB RAM on a windows XP platform.  

The initial values for weights and biases in layer l  are 
selected using a random generator with uniform 
distribution between -r  and r , where r  is set to 

3
1l

r
N

 (14) 

and lN  is the number of inputs of neurons in layer l  and 
1lN  is the total number of input weights to a sample 

neuron, including its bias. 
The stop criteria in successful runs were: when the SSE 

reduces to less than 0.025 in real classification problems or 
when all errors at the output layer reduces to less than 0.1 
in binary classification problems, within the maximum of 
20000 epochs. The results were derived form 1000 
independent training trials. We employed the proposed 
algorithms and the compared algorithms, PTGVLR,  
DS- ,  and  IRPROP,  to  classify  some  binary  and  
real data. 

A. Binary Classification Problems 
Reduction in the convergence success is known to be 

one of the main disadvantages of hidden neuron 
saturation. Therefore, the convergence success should be 
increased when a hidden neuron saturation prevention 
algorithm works well. In order to evaluate this ability,  
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Fig. 3.  Plot of convergence successes versus _NSC Thr  for SP_DS-  and 
SP_PTGVLR. 

 Fig. 4.  Plot of epoch means versus _NSC Thr  for SP_DS-  and 
SP_PTGVLR. 

TABLE I 
COMPARISON OF ALGORITHMS’ PERFORMANCES IN PARITY GENERATOR PROBLEMS 2-2-1, 4-4-1 AND MODIFIED XOR 2-2-1 (CS: CONVERGENCE SUCCESS, 

EM: EPOCH MEAN, ET: EXECUTION TIME) 
 

Binary Problems 2 bit Parity Generator 2-2-1 4 bit Parity Generator 4-4-1 Modified XOR 2-2-1 
Algorithms CS (%) EM ET (Sec) CS (%) EM ET(Sec) CS (%) EM ET(Sec) 

DS-  35.7 28.7 7.1 11.1 205.2 60.7 21.7 36.6 10.2 
SP_DS-  86.4 51.2 10.7 72.3 379.5 195.7 66.2 93.8 32.6 

PTGVLR 43.1 30.9 7.2 10.1 303.2 75.3 28.3 40.0 9.4 
SP_PTGVLR  88.0 60.4 15.9 73.1 438.1 281.7 70.3 86.3 44.6 

IRPROP 49.1 81.6 25.1 13.3 603.8 286.9 62.2 152.3 28.3 

 
convergence performance of the proposed complementary 
anti-saturation methods in classification of some well-
known binary problems have been recorded. The n -bit 
parity generator has 2n  binary training patterns. The 
parity generators are challenging problems since their 
error surfaces contain some local minima. The error 
surfaces of the parity generator problems are very hilly and 
contain flat spots, therefore ideal for assessing saturation 
proof algorithms. In these types of problems we will need 
an 1n n  network. We have tried out 2 and 4 bit parity 
generators. The 2-bit parity generator is in fact, the well 
known historical feed forward neural network problem, 
XOR. The 4-bit parity generator is more involved with 
numerous local minima and flat spots in its error surface. 

The conventional XOR problem has 4 training patterns, 
including (0, 0), (1, 1), (0, 1), and (1, 0) as inputs with 
corresponding outputs 0,0,1, and 1. The modified XOR 
problem has an additional input (0.5, 0.5) with 1 as its 
corresponding output. This problem is a good benchmark 
to evaluate the performance of the learning algorithms in 
escaping from local minima, since the error surface of 
modified XOR has only one global minimum and a 
number of local minima [16]. 

In order to demonstrate the effect of _NSC Thr  value 
on the performance of the proposed methods, we have 
carried out some simulations on modified XOR 2-2-1 (two 
input neurons, two hidden neurons and one output 
neuron), with different values of _NSC Thr  in the range 
of [0,1]. The results of these simulations including the 
convergence successes and the epoch means for SP_DS-

 and  SP_PTGVLR  are  presented  in  Figs.  3  and  4,  
respectively. Since NSC  (i.e., (13)) only assumes positive 
values, for _NSC Thr = 0, NSC  is always greater than its 
threshold, which means permanent utilization of EModified 

(i.e., (8)). Whereas, increasing _NSC Thr  results in less 
utilization of EModified, and for _NSC Thr = 1 the algorithm 
only uses the momentum term in SP_DS-  and the 
parallel tangent direction in SP-PTGVLR throughout 
learning. As depicted in Fig. 3, permanent utilization of 
the modifying term yields poor convergence successes. 
Setting _NSC Thr  in  the  range  of  0.1  to  0.7,  we  have  
recorded some noticeable values for convergence 
successes. In addition, setting _NSC Thr  in the range of 
0.35 to 0.65, the obtained epoch means are decreased 
effectively, as depicted in Fig. 4. Therefore, in the 
proposed complementary methods the threshold value on 
the normalized saturation criterion, _NSC Thr , is set 0.5, 
the midrange of NSC . This selection for the _NSC Thr  is 
found to be optimal in terms of both convergence successes 
and epoch means via simulations. 

Table I shows the statistical results of simulations; the 
convergence success, the epoch mean of successful runs 
and execution time for all runs, of Parity generators 2-2-1, 
4-4-1 and Modified XOR 2-2-1. Our proposed methods 
yield distinct improvement to the convergence success of 
parity generator problems in contrast with other methods. 
The improvement is remarkable in more sophisticated 
problems like 4-bit parity generator. On the other hand, 
the epoch mean and execution time of the proposed 
methods is more than that of the compared algorithms. 
These excessive epochs are necessary for escaping from 
flat spots and renewing the saturated neurons. 

B. Iris Data Classification Problem 
Iris data set is a classical and famous classification data 

set that contains 150 patterns with 4 attributes that should 
be classified in three classes of iris plant. Usually the 
first 75 patterns  are selected  for training  and the other 75  
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TABLE II 
COMPARISON OF ALGORITHMS PERFORMANCES IN IRIS DATA 

CLASSIFICATION, NETWORK SIZE IS 4-3-3 
 

Algorithm Convergence 
Success (%) 

Epoch 
Mean 

Classificatio
n Error (%) 

Execution 
Time (Sec) 

DS-  88.4 37.9 5.54 30.2 
SP_DS-  99.9 145.3 4.30 170.5 
PTGVLR 90.1 40.7 5.58 28.2 

SP_PTGVLR  100.0 144.8 4.26 183.2 
IRPROP 99.7 120.3 5.66 31.8 

 
patterns are examined for testing [17]. The selected 
architecture of the feed forward neural network is 4-3-3 
and the target value for SSE is set to 0.025. Table II shows 
the results of all compared algorithms. This statistics 
includes the convergence success, the epoch mean of 
successful runs, the classification error on unseen data for 
successful runs (Classification Error), and execution time 
for all runs. By these settings, iris data set classification 
won’t be so involved and we have recorded high values for 
convergence successes of the compared algorithms. The 
proposed complementary method improves not only the 
generalization capability of the network but also the 
convergence success. The classification error of IRPROP is 
the worst. 

C. Sonar Data Classification Problem 
The task is to train a feed forward neural network to 

distinguish between sonar signals bounced off a metal 
cylinder and those bounced off a roughly cylindrical rock. 
Sonar dataset contains 208 patterns with 60 attributes [17]. 
The first half of samples is selected for training and the 
other samples are evaluated for classification error. The 
selected architecture for feed forward neural network is 60-
3-1. A training run in which SSE reduces to less than 
0.025 is considered as a successful run. 

As shown in Table III, our proposed complementary 
methods increased the convergence success compared to 
DS- ,  PTGVLR,  and  IRPROP.  There  exist  a  trade  off;  
the proposed complementary saturation prevention 
methods demand more epochs and execution time to 
obtain a higher convergence success. The generalization 
capability of the neural networks that are trained by the 
proposed complementary methods is also improved. Here, 
The IRPROP yields the worst generalization. 

VII. CONCLUSIONS 
Saturation of hidden neurons which is the main cause of 

flat spot formation in the error surface is a frequently 
reported problem in feed forward neural networks’ 
training. In this paper, in order to prevent the saturation of 
hidden neurons, a complementary saturation prevention 
scheme is proposed. During the learning process, the 
saturation level of hidden neurons is monitored by the 
proposed normalized saturation criterion. In normal 
conditions, the conventional promoting method for 
standard  PB  is  used,  but  when  the  hidden  neurons  move  
towards saturation, the complementary saturation 
prevention method accompanies the standard algorithm. 
This method may be applied to learning algorithms which 
do not have a saturation prevention mechanism. 
The proposed complementary saturation prevention method 

 

TABLE III 
COMPARISON OF ALGORITHMS PERFORMANCES IN CLASSIFICATION OF 

SONAR DATA, NETWORK SIZE IS 60-3-1 
 

Algorithm Convergence 
Success (%) 

Epoch 
Mean 

Classificatio
n Error (%) 

Execution 
Time (Sec) 

DS-  52.1 284.2 14.86 466.9 
SP_DS-  84.7 706.0 14.16 4560.8 
PTGVLR 56.7 295.3 14.62 420.5 

SP_PTGVLR  84.0 641.4 14.25 4202.7 
IRPROP 63.5 226.9 21.23 106.9 

 
is evaluated along with DS-  and PTGVLR. The 
experimental results on some well-known binary problems 
and real classification data sets, with various inputs and 
complexities, show the proposed complementary saturation 
prevention method improves both the generalization and 
the convergence success, in exchange for occasionally 
more epochs to renew saturated hidden nodes, which has 
been assessed as a cost effective trade off. Furthermore, 
application of the proposed complementary saturation 
prevention method along with a conventional learning 
algorithm increases the complexity of epochs. In saturation 
condition the epoch’s complexity is about twice since each 
epoch needs one extra gradient step besides back 
propagation. This increase in epoch mean and epoch 
complexity increases the learning time. 
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