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Abstract1 

In this paper, a novel approach termed Dynamic 
Self-Generated Fuzzy Q-Learning (DSGFQL) for 
automatically generating Fuzzy Neural Networks 
(FNNs) is presented. The structure and premises of 
FNNs are to be generated through the reward 
evaluation and unsupervised approaches while the 
consequents are trained via a Fuzzy Q-Learning 
(FQL) approach. The proposed DSGFQL methodol-
ogy can automatically create, delete and adjust fuzzy 
neurons without either any priori knowledge or su-
pervised learning. Structure self-identification and 
automatic parameter estimation are achieved. Fuzzy 
neurons can be created or deleted dynamically and 
the membership functions of those fuzzy neurons can 
be adjusted according to the reward evaluations. 
Simulation studies on an obstacle avoidance task by a 
mobile robot show that the proposed DSGFQL algo-
rithm is superior to other existing methodologies. 

Keywords: Neural networks, artificial intelligences, 
fuzzy systems and reinforcement learning. 

 
1. Introduction 

 
Neural networks which are inspired by biological 

nervous systems have attracted great attention in re-
search [1]. Neural networks are an efficient method to 
approximate any nonlinear mapping and provide good 
ability of generalization and strong capability of learning. 
Neural networks have a highly parallel implementation, 
which is expected to achieve higher degree of fault tol-
erance than conventional schemes. In order to solve the 
complication of precise descriptions and incorporate 
human knowledge with mathematic expression, fuzzy 
logic was proposed by Zadeh in [2], in 1965. Fuzzy logic 
is able to model nonlinear functions of arbitrary com-
plexity and can be built on top of the experience of ex-
perts and blended with conventional control techniques. 
Fuzzy logic offers a mathematical way of emulating the 
human way of thinking and making decisions. On the 
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other hand, neural networks provide a structure with 
learning capability. Thus, hybrid fuzzy systems and 
neural networks have attracted significant attention of 
researchers during the last two decades and a typical ap-
proach is to build a Fuzzy Neural Networks (FNN) 
structure [3] which offers a structure that can adopt the 
expert knowledge by fuzzy logic as well as the learning 
capability by neural networks. The main issues for de-
signing an FNN are structure identification and parame-
ter estimation. Structure identification is concerned with 
how to partition the input-space and determine the num-
ber of fuzzy rules according to the task requirement 
while parameter estimation involves the determination of 
parameters for both premises and consequents of fuzzy 
rules [4]. 

The training approaches can be categorized to Super-
vised Learning (SL), Reinforcement Learning (RL) and 
Unsupervised Learning (UL) [1]. SL is a learning ap-
proach that adopts a teacher, through which the training 
system can adjust the structure and parameters according 
to a given training data set. Paradigms of identifying 
structures and adjusting parameters of FNNs by SL 
through the Dynamic Fuzzy Neural Networks were pro-
posed in [4] and [5]. UL is usually used for classification 
and adopted as a clustering technology for the in-
put-space portioning and self-mapping [1]. RL uses only 
simple evaluative or critic information available for 
learning [6]. When training data are not available or the 
system is uncertain, UL and RL are preferred over SL as 
UL and RL are learning modes that do not need any su-
pervisor to tell the learner what actions to take. 

In literature, several RL approaches to train the con-
sequent parts of an FNN were proposed in [7]-[9]. 
However, the structure and premises of the FNN are still 
predefined by a priori knowledge in the proposed Fuzzy 
Actor-Critic Learning (FACL) and Fuzzy Q-Learning 
(FQL) of [7]. These subjective approaches are rather 
time consuming and great human efforts are requested. 
Online generation is achieved by the online Clustering 
and Q-value based Genetic Algorithm learning schemes 
for Fuzzy system design (CQGAF) in [8] and the Dy-
namic Fuzzy Q-Learning (DFQL) of [9]. However, only 
considering the online clustering in [8] is insufficient 
and the TD error criterion proposed in [9] is too compli-
cated and not suitable for those non-TD-based ap-
proaches. To circumvent those problems, a novel ap-
proach termed Dynamic Self-Generated Fuzzy 
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Q-Learning (DSGFQL) for generating FNNs is proposed 
in this paper. Contrary to the existing methods, both the 
structure and premise parts of an FNN are generated ac-
cording to the contributions which are evaluated through 
the reward function and participation which depends on 
the firing strengths of each fuzzy neuron in the proposed 
method. The consequent parameters are trained by the 
FQL which is similar to those approaches in [7]-[9]. 
Other RL approaches are also applicable to train the 
consequent parts of an FNN and more RL schemes for 
Dynamic Self Generated Fuzzy Neural Networks 
(DSGFNN) can be adopted similarly to the DSGFQL 
approach. Distinguished from those methods in [7]-[9] 
which cannot delete fuzzy neurons once generated, dor-
mant and unnecessary fuzzy neurons can be pruned in 
the proposed algorithm. By this means, computational 
cost can be saved. The proposed DSGFQL approach is 
fairly simple to understand and simulation studies on an 
obstacle avoidance task by a mobile robot show that the 
proposed DSGFQL algorithm is superior. 

 
2. Architecture of the DSGFQL System 

 
The architecture of the DSGFQL system is based on 

extended Ellipsoidal Basis Function (EBF) neural net-
works and is similar to the architecture of the DFQL 
system in [9]. The structure of the DSGFQL system is 
depicted in Fig. 1. 

 

 
Fig. 1  Structure of the DSGFQL System 

 
Layer one is an input layer and layer two is a fuzzifi-

cation layer which evaluates the Membership Functions 
(MFs) of the input variables. The MF is chosen as a 
Gaussian function and each input variable 

( 1, 2,..., )ix i N=  has L MFs given by 
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where iju  is the jth MF of ix , while ijc  and ijσ  are 
the center and width of the jth Gaussian MF of ix  re-
spectively. Layer three is a rule layer. The output of the 
jth rule ( 1,2,..., )jR j L= in layer 3 is given by 
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if multiplication is adopted for the T-norm operator. 
Normalization takes place in layer 4 and we have  
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Lastly, nodes of layer five define output variables. If 
the Center-Of-Gravity (COG) method is performed for 
defuzzification, the output variable, as a weighted sum-
mation of the incoming signals, is given by 
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where j jaω =  for the Q-learning-based FNN and ja  
is the action selected through Q-learning in rule jR . 
 

3. Self-Generated Fuzzy Neural Networks by 
the DSGFQL Approach 

 
A. Global and local reward evaluations 

A reward function r(t) is adopted to evaluate the per-
formance of the system. A positive reward is given if the 
system works well and a negative value is given if the 
performance is unsatisfactory. As each fuzzy neuron is 
with a degree of firing strength, the local performance of 
the fuzzy neuron is evaluated by the local reward as in 
[10]: 
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and the average reward of a period of time is given as 
follows: 
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where T is the period of time. 
 

B. Recruitment of fuzzy neurons 
In the proposed algorithm, firing strength of a fuzzy 

rule is regarded as the participation of that rule in the 
fuzzy system. If the participation or coverage of an input 
set is not sufficient, which means the maximum firing 
strength for that set of input is lower than a threshold, 

dk , a new fuzzy rule should be created to fulfill the in-
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put-space with the certain degree. If the Euclidean dis-
tance does not pass the similarity test as mentioned in [8] 
and [9], there will be no new MF created. Otherwise, a 
new Gaussian MF is allocated with   
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C. Adjustment of the membership functions 
If the global average reward is less than a threshold gk , 

it means that the overall performance is unsatisfactory. 
To resolve this problem, the weights of some good rules 
should be increased which means that the system will be 
modified by promoting the rule with the best perform-
ance, e.g. highest local reward, to a more important posi-
tion. In such a case, the width of the jth  fuzzy rule's 
MF (the one with the best local reward) will be increased 
as follows 

             i=1,2,...,Nij ijkσ σ←              (9) 
where k  is slightly larger than 1. 

If the local reward is larger than, lhk , but smaller than 
a light threshold llk , a punishment will be given to the 
fuzzy rule by decreasing its width of the MF as follows: 

             i=1,2,...,Nij ikσ τσ←             (10) 
where τ  is a positive value less than 1.  

Therefore, the overall performance is improved as the 
rules with good contributions participate more in the sys-
tem while those rules with poor contributions participate 
less correspondingly. 
 

D. Pruning of unsatisfactory and redundant Fuzzy 
neurons 

If local reward of a fuzzy rule is less than a certain 
threshold lhk , the individual contributions are unsatisfac-
tory and that fuzzy rule will be deleted. Besides the re-
ward evaluation, firing strength should also be consid-
ered for system evaluation as it is a measurement for 
participation. If a fuzzy rule has very low firing strength 
during the entire episode or a long recent period of time, 
it means that this rule is unnecessary for the system. As 
more fuzzy rules mean more computation and longer 
training time, the rule whose mean firing strength over a 
long period of time is less than a threshold fk  should 
be deleted. 

 
Remark: If a fuzzy rule keeps failing the light local re-
ward check, its firing strength will be reduced by de-
creasing the width of its MF. When the width is reduced 
to a certain level, it will fail the firing strength criterion 
and will be deleted. The light local test gives a certain 
tolerance, which means the fuzzy rule is not deleted due 

to one slight fault. However, the fuzzy rule which does 
not obtain satisfactory result is still punished by being 
demoted and it will be deleted if it keeps failing the light 
local test. 
E. Gradualism of learning 

The values of the thresholds for the reward criterion 
are set according to the complexity of the task. For in-
stances, if the reward is expected to be R in T training 
steps, the values of thresholds of the reward criterion 
should be set around the value R/T. The maximal thresh-
old values should be slightly bigger than the minimal 
ones as the system trained by the DSGFQL is supposed 
to obtain better results via the training. A higher target 
may encourage the performance but the target must not 
be set beyond the capability of the system. At the early 
stage of training, each fuzzy rule needs time to adjust its 
own performance. For a training system, it is natural to 
set the demanding requirement small at the beginning 
and increase it later when the training becomes stable. 
Thus, the idea of gradualism learning in [4] which uses 
coarse learning in the early training stage and fine learn-
ing in the later stage is adopted here. 

In this paper, the threshold values for global reward 
and local reward are set as follows: 
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where min
gk  and max

gk  are the minimal and maximal 
values for the global reward thresholds respectively, 

min
llk  and max

llk  are the minimal and maximal values for 
the light local reward thresholds respectively, and min

lhk  
and max

lhk  are the minimal and maximal values for the  
heavy local reward thresholds respectively. The term 
episode is the number of training episodes or period, and 

rK  is a controlling constant. rK  can be set according 
to the maximum number of training episodes and the 
heavy threshold values are always bigger than the light 
threshold values. Those thresholds are to be set accord-
ing to the target of the training system. The flowchart of 
the DSGFQL approach is shown in Fig. 2 and the V(X) is 
the global Q-function which is updated by the FQL ap-
proach. 
 

4. Experiment and Simulation Studies 
 

In order to apply the DSGFQL algorithm and compare it 
with other related methodologies, the DSGFQL ap-
proach has been applied to control a Khepera mobile 
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robot of [11] for a task of obstacle avoidance.  
  

 

Fig. 2 Flowchart of the DSGFQL approach  
 

The Khepera mobile robot is cylindrical in shape, with 
55 mm in diameter and 30 mm in height weighting only 
70g. The robot is equipped with two dc motors coupled 
with incremental sensors, eight analogue Infra-Red (IR) 
proximity sensors and an on-board power supply which 
is the same as that in [12] and is shown in Fig. 3. Each 
IR sensor is composed of an emitter and an independent 
receiver. The dedicated electronic interface uses multi-
pliers, sample holds and operational amplifiers. This al-
lows absolute ambient light and estimation, by reflection, 
of the relative position of an object to the robot to be 
measured. By this estimation, the distance between the 
robot and the obstacle can be derived. 

Similar to the experiment in [12], the task here is to 
design a controller for obstacle avoidance. Eight sensory 
inputs, ( 0,1,...,7)iS i = , are considered. The output of the 
controller is the steering angle of the robot. In this ex-
periment, the set of discrete actions is A=[-30, -25, -20, 
-15, -10, -5, 0, 5, 10, 15, 20, 25, 30] and continuous ac-
tions will be generated by fuzzy approaches. 

 

 

Fig. 3 Position and orientation of sensors on the Khepera II 
 

The same reward function as what is used in [12] is 
adopted: 
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The training environment is shown in Fig. 4. 
 

 
Fig. 4 Training environment 

 
In this paper, comparison studies for the DSGFQL ap-

proach with the FQL of [7], CQGAF of [8] and DFQL of 
[9] are carried out in this work. The performances of 
these different approaches are evaluated at every episode 
of 1000 control steps. Three criteria, namely number of 
failures, rewards and number of rules, are considered for 
measuring the performance. The first two criteria are to 
measure how well the task has been performed and the 
last one is to measure how much computational cost has 
been spent. As there are 8 inputs for the system, 2 states 
are adopted for each input. Therefore, there are 82 256=  
rules are applied for the FQL. For the DFQL, the same 
setting as in [9] has been adopted, i.e. initial Q-value, 
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qk  = 3.0 , exploration rate, pS  = 0.001 ; discounted factor,  
= 0.95;γ  trace-decay factor,  = 0.7;λ  learning 

rate, = 0.05α ; " ε -completeness", ε =0.5; similarity of 
MF, mfk = 0.3 ; TD error factor K=50 and TD error crite-
rion, ek =1. The CQGAF proposed in [8] utilizes Genetic 
Algorithms (GA) to obtain an optimal solution for the 
action set and employs the aligned clustering algorithm 
for structure identification of the FNN. As this paper 
focuses on self-generation of the FNN structure, the 
same action set as that for the DFQL is applied for the 
CQGAF, which does not apply the GA approach to train 
the action set. The aligned clustering algorithm in [8] is 
adopted and the consequent parts of the FNN are trained 
through normal FQL which does not apply the GA in the 
CQGAF. As the aligned clustering algorithm is similar 
to the "ε-completeness criterion in the DFQL but de-
scribed in another way, all parameters for the aligned 
clustering algorithm are set the same as those listed 
above for the DFQL. For the proposed DSGFQL ap-
proach, the global reward thresholds are max 0.05gk = − and 

min 0.45gk = − ; heavy local thresholds max
lhk =-0.10 and 

min 0.30lhk = − ; light local reward thresholds are 
max
llk =0 and min 0.20llk = − ; the firing strength thresholds 

are 0.0002fk =  and rK =20 , 1.05k =  and 0.95τ = . 
The participation threshold, 0.5dk = , which is the same 
as the “ε” in the DFQL.  

The performances of these different approaches are 
evaluated at every episode of 1000 control steps. The 
performances of these four approaches have been meas-
ured and the mean values for 40 episodes over 10 runs 
have been presented in Figs. 5 to 7. 

 
Fig. 5 Comparison of performance of FQL, DFQL, CQGAF 

and DSGFQL: Number of failures vs episodes. 

 
Fig. 6 Comparison of performance of FQL, DFQL, CQGAF 

and DSGFQL: Rewards vs episodes 
 

 
Fig. 7 Comparison of performance of DFQL, CQGAF and 

DSGFQL: Number of rules vs number of episodes 
 

From Figs. 5 to 7, it can be concluded that the pro-
posed DSGFQL algorithm is superior to the FQL, DFQL 
and CQGAF without the GA approach as the DSGFQL 
method achieves similar or even better performance than 
those approaches but with much smaller number of rules. 
The superiority of the DSGFQL algorithm is due to the 
pruning capability as well as self-modification of the 
fuzzy MFs via reward evaluation. 
 

5. Conclusions 
 

In this paper, a novel methodology for a dynamic 
self-generated FNN has been proposed. Compared with 
conventional subjective approaches to generate an FNN, 
the proposed DSGFQL approach can automatically gen-
erate an FNN without any priori knowledge. Compared 
with recent self-generation approaches, the DSGFQL 
algorithm can self-generate and delete fuzzy rules. It is a 




