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Abstract 

Supervised learning is mainly used to optimize Adaptive Neural Fuzzy Inference System (ANFIS) controllers. In order to 

generate data for supervised learning, a controller is designed and optimized using Particle Swarm Optimization (PSO) or any 

other algorithms. This paper proposes and compares reinforcement learning based ANFIS and Approximate Reasoning 

Intelligent controller (ARIC) controllers. Reinforcement learning based ANFIS reduces the work flow required to train it by 

directly optimizing the membership functions using Proximal Policy Optimization (PPO) algorithm. ANFIS and ARIC neuro 

fuzzy controllers are designed for nonlinear dynamics of coffee roasting process using Schwartzberg’s model. A custom layer is 

designed for every membership function and fuzzy inference operations using MATLAB’s Deep Learning Toolbox. This neural 

connectionist model of ANFIS and ARIC is used as actor. The critic which evaluates the goodness of action taken is a two-layer 

neural network with sigmoidal activation function. Simulink environment is also created to represent the dynamics of coffee 

roasting process. The agent is trained to track roast profile for 50 episodes. The training converged at 50th iteration. After 

training, the Root Mean Square Error (RMSE) for ARIC architecture reduced from 0.5134 to 0.08122. Similarly, the RMSE of 

ANFIS improved from 0.2026 to 0.0624. 
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1. Introduction 

Neural network and fuzzy system are combined due to the 

need to tune fuzzy systems to obtain optimal performance. 

According to Ajiht [1], one drawback of neural network is its 

incapability to accommodate prior knowledge in the learning 

process. In addition, the black box nature of neural networks 

is fundamental drawback for control system applications. On 

the contrary fuzzy systems have capability to accommodate 

prior knowledge in the form of if-then rules and input-output 

membership functions. To incorporate prior knowledge in to 

Fuzzy Inference System (FIS) it is mandatory to have 

know-how on how inputs affect output. This know-how can 

be obtained from an expert, here in this case the control en-

gineer is responsible to generate if-then rules using 

knowledge from control engineering. By combining neural 

network and fuzzy systems it is possible to gain advantages of 

the two paradigms. 

Ivan Petrovic [2] designed a reinforcement learning based 

Generalized Approximate Reasoning Intelligent Controller 
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(GARIC) for inverted pendulum on a cart system. Ivan uti-

lized weak reinforcement signals, as described in Equation (1), 

but these weak reinforcement signal yield unsatisfactory re-

sult. 

𝑟 =  {
−1 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑠𝑡𝑎𝑡𝑒
0 𝑎𝑛𝑦 𝑜𝑡ℎ𝑒𝑟 𝑠𝑡𝑎𝑡𝑒

              (1) 

The author also experimented with more informative re-

inforcement signals as shown Equation (2). This elaborate 

signal enabled the system to reduce error and controller effort. 

𝑟 =  {
−1 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑠𝑡𝑎𝑡𝑒

−
|𝑥|

𝑥𝑚𝑠𝑥
 𝑎𝑛𝑦 𝑜𝑡ℎ𝑒𝑟 𝑠𝑡𝑎𝑡𝑒

          (2) 

Miaolei Zhou proposed GARIC neural fuzzy controller for 

Magnetic Shape Memory Alloy Actuator to control dis-

placement [3]. According to S. Röbler Magnetic Shape 

Memory (MSM) is a phenomenon where shape or size of 

magnetic material changes when magnetic field changes [4]. 

The author used gaussian membership functions in fuzzifica-

tion layer, and a lookup table to represent crisp defuzzied 

outputs. Mohammad Hossein Fazel Zarandi and Javid Jouz-

dani [5] proposed a GARIC architecture in which Action 

Evaluation Network (AEN) has similar structure with Action 

Selection Network (ASN) but only consequent labels of both 

AEN are updated during learning. 

HA DUC NGUYEN proposed reinforcement learning based 

Adaptive Neural Fuzzy Inference System (ANFIS) controller 

for Maximum Power Point Tracking (MPPT) control of varia-

ble speed wind turbine. The author implemented ANFIS 

structure for actor and critic representation in reinforcement 

learning algorithm [6]. Mohamed Elsisi proposed ANFIS con-

troller for Blade Pitch Controller for Wind Energy Conversion 

Systems Against Wind Speed Fluctuations. The author utilized 

supervised learning method to optimize ANFIS architecture. 

The data set needed to train ANFIS is obtained using Mayfly 

Optimization Algorithm (MOA) optimized Proportional Inte-

gral Derivative (PID) controller. Machrus Ali [7] has also pre-

sented such controller for photovoltaic axis tracking. Genetic 

Algorithm, Particle Swarm Optimization and Ant Colony op-

timization are also used to optimize ANFIS controllers [7-10]. 

Proximal Policy Optimization, (PPO) reinforcement learning 

algorithm is used by Ming Chen to control classical cartpole 

system. The author specifically proposed adaptable learning 

policy rate PPO and compared to a fixed learning rate PPO 

[11]. 

Wei He used reinforcement learning based controller to 

control flexible two link robot. Both the actor and critic are 

represented as neural networks [12]. 

Jonas Degrave proposed a neural network controller opti-

mized by using maximum a posteriori policy optimization 

(MPO) for Magnetic control of tokamak plasmas. The author 

stated that the control objective is to shape and maintain high 

temperature plasma in tokamak vessel. Tokomak is a machine 

used to produce nuclear fusions. According to Jonas in order 

to maintain stable plasma position in is mandatory to use 

feedback control. Jonas Degrave trained a neural network on a 

simulated environment that sufficiently represents the dy-

namics of tokamak machine. To represent the actor the author 

used four-layer feedforward network. The size of actor neural 

network is limited to computational capacity of hardware on 

which the policy will be implemented, but there is no re-

striction on critic network. The author did not perform real 

time training of the neural network and directly implemented 

it on 10kHz control hardware [13]. 

2. Coffee Roasting Process Model 

In spouted bed roasters hot air is used to heat and agitate 

coffee beans in a roasting chamber. Spouted bed roaster ma-

chines have three basic components; a blower, a heater, and a 

roasting chamber. The blower is used blow air at higher 

pressure and velocity so that coffee beans are agitated by the 

upward pressure. Air at higher velocity passes through a 

heating element picking up heat energy from resistive heating 

elements. The roasting chamber is where green coffee beans 

are placed. 

 
Figure 1. Spouted bed coffee roaster [14]. 

2.1. Heater Dynamics 

Heating system is a mechanism by which temperature of air 

is raised to value capable of initiating roasting process. Re-

sistive heating elements are considered to be 100% efficient at 

converting electrical energy to thermal energy. 

𝑑𝛥𝑇

𝑑𝑡
= 

𝑉𝐼

𝑚𝑚𝑐𝑝𝑚
−

𝑚̇𝑔𝑐𝑝𝑔𝛥𝑇

𝑚𝑚𝑐𝑝𝑚
             (3) 

2.2. Schwartzberg Model 

Bean Temperature 
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𝑑𝑇𝑏

𝑑𝑡
=

𝐺𝐶𝑝𝑔[𝑇𝑔𝑖−𝑇𝑔𝑜]+𝑚𝑏𝑠∗(𝑄𝑟+𝐿𝑣
𝑑𝑋

𝑑𝑡
)

𝑚𝑏𝑠(1+𝑋)𝐶𝑝𝑏
         (4) 

𝑇𝑔𝑖 − 𝑇𝑔𝑜 = (𝑇𝑔𝑖 − 𝑇𝑏) (1 − 𝑒𝑥𝑝 (
−𝛼∗𝐴𝑏

𝐺𝐶𝑝𝑔
))     (5) 

Moisture content 

−𝑑𝑋

𝑑𝑡
=

4.32∗109∗𝑋2

𝑑𝑏2
∗ 𝑒𝑥𝑝 [

−9889

𝑇𝑏+273.15
]          (6) 

Rate of exothermic heat generation 

𝑑𝑞

𝑑𝑡
= 𝑄𝑟 = 𝐴𝑒𝑥𝑝 (

−𝐻𝑔

𝑅𝑔𝑇𝑏(𝐾)
) (

𝐻𝑒𝑡−𝐻𝑒

𝐻𝑒𝑡
)         (7) 

3. Methodology 

3.1. Fuzzy Controller Design 

 
Figure 2. Fuzzy controller structure. 

Fuzzy logic provides mathematical tools to represent hu-

man knowledge in the form of if-then rules for some set of 

input and output linguistic variables. Architecture of fuzzy 

logic controller is shown Figure 2 and it has four elements. 

The fuzzifier receives crisp input value; in control system 

these values may be states of the plant, error between reaf-

ference signal and actual plant states, error derivatives or error 

integrals, and these crisp values are converted to linguistic 

values in the fuzzifier. The fuzzy rule base is a way to repre-

sent the control policy that will mimic the actions of an expert. 

The inference engine performs appropriate fuzzy set opera-

tions to decide which rules to fire at the current state of the 

dynamics. The defuzzifier provides a crisp output or crisp 

control signal using fuzzy values from the inference engine 

[15]. 

Fuzzy set 

A fuzzy set is an ordered pairs of elements from universe of 

discourse and its membership value. Membership functions 

have values from 0 to 1 and they quantify the degree an ele-

ment in universe of discourse belong to a fuzzy set. For con-

trol applications most widely used membership functions are 

triangular and trapezoidal due to their computational effi-

ciency. 

Triangular Membership functions 

Three parameters characterize a triangular membership 

function. These parameters are the three corners on the graph 

of triangular membership functions. 

𝜇(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 𝑎
𝑥−𝑎

𝑏−𝑎
, 𝑎 ≤ 𝑥 ≤ 𝑏

𝑐−𝑥

𝑐−𝑏
, 𝑏 ≤ 𝑥 ≤ 𝑐

0 𝑥 ≥ 𝑐

             (8) 

Trapezoidal membership functions 

Trapezoidal membership function is characterized by four 

parameters, 

𝜇(𝑥) =

{
 
 

 
 

0, 𝑥 ≤ 𝑎
𝑥−𝑎

𝑏−𝑎
, 𝑎 ≤ 𝑥 ≤ 𝑏

 1, 𝑏 ≤ 𝑥 ≤ 𝑐
𝑑−𝑥

𝑑−𝑐
, 𝑐 ≤ 𝑥 ≤ 𝑑

0 𝑥 ≥ 𝑑

             (9) 

Fuzzy operations 

For two fuzzy sets A and B the following fuzzy operations 

http://www.sciencepg.com/journal/acis


Automation, Control and Intelligent Systems http://www.sciencepg.com/journal/acis 

 

34 

are defined: 

Equality: two fuzzy sets A and B are equal if and only if the 

membership values 𝜇𝐴(𝑥) is equal to 𝜇𝐵 (𝑥) for all 𝑥 in the 

universe of discourse 𝑈. 

𝜇𝐴(𝑥)  =  𝜇𝐵(𝑥) 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑥 𝑖𝑛 𝑈        (10) 

Union: The union of two fuzzy set is given by 

𝜇𝐴𝑈𝐵(𝑥)  =  max {𝜇𝐴(𝑥), 𝜇𝐵(𝑥)} 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑥 𝑖𝑛 𝑈   (11) 

Intersection: The intersection of two fuzzy sets corresponds 

to the minimum of the membership values of the two sets for 

all 𝑥 in the universe of discourse 𝑈. 

𝜇𝐴Ո𝐵(𝑥)  =  min {𝜇𝐴(𝑥), 𝜇𝐵(𝑥)} 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑥 𝑖𝑛 𝑈  (12) 

Complement: corresponds to the Boolean NOT function 

and is given by 

𝜇¬𝐴(𝑥) =  1 − 𝜇𝐴(𝑥) 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑥 𝑖𝑛 𝑈      (13) 

On the book Methodology of Fuzzy control (page 41), it is 

discussed that algebraic product and algebraic sum as in 

Equation (14) and Equation (15), are possible ways to repre-

sent linguistic AND and OR operations. The problem with 

min(x) and max(x) methods is its non-differentiability, but 

algebraic product and algebraic sum are continuous and dif-

ferentiable at all points. 

𝜇𝐴Ո𝐵(𝑥) = 𝐴 ∗ 𝐵                 (14) 

𝜇𝐴𝑈𝐵(𝑥) = 𝐴 + 𝐵 − 𝐴 ∗ 𝐵             (15) 

Inputs and outputs 

The first input to FLC block is 𝑒(𝑡) which is the difference 

between a desired roast profile and actual bean temperature. 

Universe of discourse of input ranges from -20K to 300K. The 

second input is 𝑒̇(𝑡) which is derivative of error. 

𝑒(𝑡) = 𝑟(𝑡) − 𝑇𝑏(𝑡)              (16) 

𝑒̇(𝑡) =
𝑑𝑒(𝑡)

𝑑𝑡
                   (17) 

Based on the structure of the system to be controlled, the 

variable that should be manipulated to properly track a desired 

roast profile is input voltage supplied to heating element (𝑡). 

Fuzzification 

Fuzzification is a process of mapping crisp inputs to fuzzy 

set’s membership values. The error input has universe of dis-

course from -20K to 300K. This linguistic values of 𝑒(𝑡) are: 

1. Negative big error: it is trapezoidal membership func-

tion with universe of discourse from -1K to -20K. 

2. Negative small error: it is triangular membership func-

tion with universe of discourse from -1K to 0.1K. 

3. Positive small error: it is triangular membership function 

with universe of discourse from -0.1K to 1K. 

4. Positive big error: it is trapezoidal membership function 

with universe of discourse from 1K to 300K. 

 
Figure 3. Membership functions of input error (Display range is from -4 to 4). 

The error derivative 𝑒̇(𝑡) input has three linguistic varia-

bles: 

1. Negative error derivative: is triangular membership 

function from -0.01 to 0 

2. Zero error derivative: is triangular membership function 

from -0.002 to 0.002 

3. Positive error derivative: is triangular membership 

function from 0 to 0.01 
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Figure 4. Membership functions of error derivative. 

The rule base 

Table 1. The rule base for Mamdani type fuzzy logic controller. 

 e 

de NbE NsE PsE PbE 

NdE LV LV MLV HV 

ZdE LV MLV MHV HV 

PdE LV MHV HV HV 

The rule base has eight rules. The membership functions for 

error are defined as NbE (Negative big error), NsE (Negative 

small error), PsE (Positive small error), PbE (Positive big 

error). The membership functions for error derivatives are 

NdE (Nagative error derivative), ZdE (Zero error derivative), 

PdE (Positive error derivative). The membership functions for 

consequent section are LV (Low Volt), MLV (Medium Low 

Volt), MHV (Medium High Volt), and HV (High Volt). 

Fuzzy inference 

The output variable is voltage supplied to the heating ele-

ment. The range for this variable is from 0V to 220V, since 

the universe of discourse should cover all possible output 

points the range is extended from -20V to 240V on the fuzzy 

system. But in the Simulink model a saturation block is used 

to limit voltage output from 0V to 220V. 

 
Figure 5. Membership function of consequent. 
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The membership functions which are triangular in shape 

are: 

1. Low voltage is triangular membership function with 

universe of discourse from -20V to 150V. 

2. Medium low voltage is triangular membership function 

with universe of discourse from 100V to 200V. 

3. Medium high voltage is triangular membership function 

with universe of discourse from 160V to 240V. 

4. High voltage is triangular membership function with 

universe of discourse from 200V to 240V. 

Aggregation 

In Mamdani type controllers the firing strength of every 

rule is combined before defuzzification. In this paper 𝑠𝑢𝑚() 

aggregation method is used. 

 
Figure 6. Aggregation in fuzzy inference system. 

Defuzzification 

Defuzzification process provides a crisp fuzzy control signal. 

Here center of area method is used and it is expressed as 

𝑢 =  
 𝑠𝑢𝑚 𝑓𝑖𝑟𝑠𝑡 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑎𝑟𝑒𝑎

𝑠𝑢𝑚 𝑜𝑓 𝑎𝑟𝑒𝑎
        (18) 

For continuous system 

𝑢 =  
∫𝑢𝜇(𝑢)𝑑𝑢

∫𝜇(𝑢)𝑑𝑢
                  (19) 

For discrete systems 

𝑢 =
∑ 𝑢𝑖𝜇(𝑢𝑖)
𝑛
𝑖=1

∑ 𝜇(𝑢𝑖)
𝑛
𝑖=1

                (20) 

3.2. ARIC Controller Design 

Approximate Reasoning based Intelligent control (ARIC) 

is a neural fuzzy architecture used to tune FIS using rein-

forcement learning. It has three components, action selection 

network (ASN), action evaluation network (AEN), and 

stochastic action modifier (SAM) [16]. The ASN is a fuzzy 

controller represented in neural network connections model. 

It receives input from the plat and outputs appropriate con-

trol action. The critic network (AEN), according to Brenji, is 

a two layer network that maps reward signal and current 

plant state to a scaler number that measures how good or bad 

the action is. The stochastic action modifier uses signals 

from ASN and AEN to modify the actions taken from the 

plant in such a way that if action at previous time step is 

good, the action at current time step does not deviate much 
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from the previous action [16, 17]. Brenji also proposed an 

architecture called Approximate Reasoning Intelligent 

Controller (ARIC) which does not have stochastic action 

modifier as shown in Figure 7. 

On a review of neural fuzzy systems Nkumbah P. J [18]. 

stated that GARIC architecture utilizes gradient descent 

learning method to update AEN and reinforcement learning 

method to update ASN. 

 
Figure 7. ARIC neuro fuzzy architecture. 

Action selection network 

The action selection is the neural representation of 

Mamdani type fuzzy system with slight modification. This 

network has five layers which represent each step in the fuzzy 

inference system. 

Layer one: This in input layer. In this research error and 

error derivatives are used as inputs. Each input is represented 

by a node on the neural connectionist model, hence node 

‘error’ is for error input and node ‘error derivative’ is for error 

derivative input. No computation is performed and there is no 

learnable parameter in this layer. 

Layer two: This layer represents fuzzification process in 

FIS system. There are seven nodes that represent linguistic 

variables used in fuzzification. Each node ouputs firing 

strength 𝜇𝑖 of the membership function. 

Layer three: This layer is equivalent to the rule base that 

performs min() operation on FIS. To overcome non differen-

tiability of min() function Hamid R. Berenji proposed a soft 

min operator as described in Equation (21). As the constant in 

the equation is increased in magnitude the equation yields 

equivalent value as the min operator. As can be seen on the Fig-

ure 8 each node corresponds to a rule in the rule base [16, 19]. 

𝑤𝑟 =
∑ 𝜇𝑖𝑒

−𝑘𝜇𝑖𝑖

∑ 𝑒−𝑘𝜇𝑖𝑖
                  (21) 

Layer four: Layer four is the consequent layer which 

evaluates the out put action that a node would contribute. 

Layer four represents the consequent part of fuzzy inference 

system. According to Berenji the output of layer four is the 

x-coordinate of the centroid of the membership function. For 

triangular membership functions, 

𝜇𝑖
−1(𝑤𝑟) = 𝑏 + 0.5(𝑎 − 2𝑏 + 𝑐)(1 − 𝑤𝑟)    (22) 

Layer five: Layer five is defuzzification layer. Crisp de-

fuzzied output is calculated as follows. 

𝑢 =
∑𝑤𝑟𝜇𝑖

−1(𝑤𝑟)

∑𝑤𝑟
                    (23) 
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Figure 8. ASN of ARIC neuro fuzzy architecture. 

 
Figure 9. AEN of ARIC neuro fuzzy architecture. 

Action evaluation network 

This network predicts the reward that would be collected 

based on the current state of the environment. AEN has ‘error’ 

and ‘error derivative’ as its inputs. These inputs are passed to 

a sigmoidal layer with five nodes. The predicted output re-

ward is given by the Equation (26). 

𝑦𝑖 = 𝑔(∑𝑎𝑖𝑥𝑖)                  (24) 

𝑔(𝑠) =
1

1+ 𝑒−𝑠
                   (25) 

𝑣 = ∑𝑏𝑖𝑥𝑖 + ∑ 𝑐𝑖𝑦𝑖               (26) 

Where, 

𝑏𝑖 is wight of connection between output layer v and input 

layer. 

𝑦𝑖 is output from sigmoidal layer. 

𝑐𝑖 is weight of connection between output and sigmoid layer. 

𝑥𝑖 is input layer. 

3.3. ANFIS Controller Design 

 
Figure 10. ANFIS controller architecture [8]. 

Layer one: This layer performs fuzzification on its inputs 

and identical to layer one in ARIC. 

Layer two: This layer is product minimum operator given 

by Equation (27). 

𝑤1 = 𝜇(𝐴)𝑖 𝜇(𝐴)𝑖             (27) 

Layer three: This layer is normalization layer where its 

output is given by 

𝑤̅1 = 
𝑤1

𝑤1+𝑤2
                  (28) 

Layer four: this layer is the consequent section where its 
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membership variables are represented by linear equation. The 

coefficients of error, error derivative, and the constant are all 

learnable parameters. 

𝐿𝑉 =  𝑒 + 𝑒̇  +  27.47            (29) 

𝑀𝐿𝑉 =  𝑒 + 𝑒̇  +  150             (30) 

𝑀𝐻𝑉 =  𝑒 + 𝑒̇  +  200             (31) 

𝐻𝑉 =  𝑒 + 𝑒̇  +  220             (32) 

3.4. Neural Realization of Fuzzy Inference System 

A straight forward method to represent a fuzzy system as a 

neural network is to make each neuron behave like a fuzzy 

operator. For example, the membership functions on ante-

cedent and consequent parts of FIS can be represented by an 

activation function of a neuron. According to Lin [15] min() 

activation function can be used to represent AND operation in 

addition 𝑚𝑎𝑥() activation function can be used to represent 

OR operation. 

In MATLAB 2021a it is possible to design a custom layer with 

learnable parameters and activation function. A custom layer is 

designed for each membership function in antecedent and conse-

quent sections. For triangular membership functions the centers 

are kept constant and only the basses are learnable parameters. 

Figure 11 shows implementation of action evaluation 

network of ARIC architecture. It has input layer with error 

and error derivative, five neurons with sigmoidal activation 

function and an output layer. 

 
Figure 11. AEN implementation using MATLAB. 

Figure 12 shows MATLAB implementation of action 

evaluation network of ARIC architecture. 

 
Figure 12. ASN implementation using MATLAB. 
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ARIC neural fuzzy representation the soft 𝑚𝑖𝑛() operator discussed in Equation (21) is used as 𝑚𝑖𝑛() for the second layer. 

SUGEUNO type neural fuzzy controllers use product to realize 𝑚𝑖𝑛() operation on the third layer. 

Table 2. Learnable parameters of ARIC neural fuzzy architecture. 

Membership Function Before Optimization Learnable Parameters 

Negative big error [-20 -20 -2 -1] [-20 -20 c d] 

Negative small error [-2 -1 0.1] [a b 0.1] 

Positive small Error [-0.1 1 2] [-0.1 b c] 

Positive big Error [1 2 300 300] [a b 300 300] 

Negative error derivative [-0.01 -0.01 -0.002 0] None 

Zero error derivative [-0.002 0 0.002] None 

Positive error derivative [0 0.02 0.01 0.01] None 

Low Voltage [-20 -20 125] [b b c] 

Medium Low Voltage [100 150 200] [a 150 b] 

Medium High Voltage [160 200 240] [a 200 b] 

High Voltage [200 240 240] [a b b] 

Figure 13 shows MATLAB implementation of ANFIS architecture. 

 
Figure 13. MATLAB implementation of ANFIS. 

Table 2 and Table 3 show lists of membership functions with corresponding learnable parameters. 
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Table 3. Learnable parameters of ANFIS neural fuzzy architecture. 

Membership Function Before Optimization Learnable Parameters 

Negative big error [-20 -20 -2 -1] [-20 -20 c d] 

Negative small error [-2 -1 0.1] [a b 0.1] 

Positive small Error [-0.1 1 2] [-0.1 b c] 

Positive big Error [1 2 300 300] [a b 300 300] 

Negative error derivative [-0.01 -0.01 -0.002 0] None 

Zero error derivative [-0.002 0 0.002] None 

Positive error derivative [0 0.02 0.01 0.01] None 

Low Voltage [1 1 22.75] [a b c] 

Medium Low Voltage [1 1 150] [a b c] 

Medium High Voltage [1 1 200] [a b c] 

High Voltage [1 1 227.5] [a b c] 

 

3.5. Reinforcement Learning 

Reinforcement learning is a learning mechanism by which 

an agent learns to behave properly based on the reward signal 

from a critic. Fuzzy controllers of ANFIS and ARIC archi-

tectures are designed and represented as a neural network. The 

goal is to train this network to obtain better performance from 

our controllers. The plant that is being controlled is the en-

vironment. Environment is everything outside of the agent. 

Reward 

Reward is a function that judges the effect of an action 

taken by the policy in RL agent. Reward equations used for 

the system is stated in Equation (33). 

𝑟 = {
−0.01|𝑢|, 𝑖𝑓 𝑒 ≠ 0
0.01, 𝑖𝑓 𝑒 = 0

              (33) 

Proximal Policy Reinforcement Learning Agent 

Proximal policy optimization (PPO) is a model-free, online, 

on-policy, policy gradient reinforcement learning method. 

Model free means the agent does not learn about the envi-

ronment, it only learns to find a policy that maximize the 

reward. Online means new experiences are generated by in-

teracting with the environment for each episode. On-policy 

means experiences are generated using the latest policy. PPO 

algorithm uses a clipping function so that newly generated 

policy does not move very far away from the previous policy. 

This method improves stability of learning process. 

 
Figure 14. Environment (blue) and Agent (orange). 
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Figure 14 shows how the agent is incorporated in the con-

trol loop. Everything that is not the agent is considered envi-

ronment. The agent receives reward and current states from 

the environment, and then the agent generates an action based 

on the current state. 

4. Results and Discussions 

Open loop response of roasting process is plotted Figure 15 

and then tracking performance of fuzzy and neuro fuzzy 

controllers are discussed. In addition, robustness of ANFIS 

controller is checked by simulation for half kilogram of coffee 

and 50% reduction in mass flow rate of roasting air. 

4.1. Open Loop Response 

Here open loop response of roasting and heating system is 

plotted. Open loop response is response of the system without 

feedback loop. 

 
Figure 15. Open loop response of coffee roasting process. 

 
Figure 16. Training Progress of ANFIS neuro fuzzy controller. 
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4.2. Controlling Bean Temperature 

To track a desired profile ARIC and ANFIS controllers are 

designed and learnable parameters initialized as discussed in 

chapter three. Both controllers are represented as neural 

network. After representing them on as a neural network the 

membership function are optimized using PPO learning al-

gorithm. 

a. ANFIS Tracking Controller 

Tracking performance of a single controller for the whole 

system is simulated. ANFIS controller is trained for fifty 

episodes and the agent converges immediately after thirtieth 

episodes. 

By performing a number of training sessions best perfor-

mance is obtained if membership functions of error derivative 

term have no learnable parameters. The stopping criterion 

used to finish training is episode number. 

The optimized parameters of membership function are re-

placed in the fuzzy inference system as shown in Figure 17. 

 
Figure 17. Optimized membership functions plot for error input. 

After optimization the membership functions parameters changed as shown in Table 4. 

Table 4. Parameters of membership function before and after optimization. 

Membership Function Before Optimization Learnable Parameters 

Negative big error [-20 -20 -2 -1] [-20 -20 -0.029004676 -6.4834234e-07] 

Negative small error [-2 -1 0.1] [-0.029004676 -6.4834234e-07 0.1] 

Positive small Error [-0.1 1 2] [-0.1 6.4834234e-07 0.029004676] 

Positive big Error [1 2 300 300] [6.4834234e-07 0.029004676 300 300] 

Negative error derivative [-0.01 -0.01 -0.002 0] None 

Zero error derivative [-0.002 0 0.002] None 

Positive error derivative [0 0.02 0.01 0.01] None 

Low Voltage [1 1 22.75] [6.4834234e-07 6.4834234e-07 23.780174] 

Medium Low Voltage [1 1 150] [6.4834234e-07 6.4834234e-07 146.25401] 

Medium High Voltage [1 1 200] [6.4834234e-07 6.4834234e-07 196.25311] 

High Voltage [1 1 227.5] [6.4834234e-07 6.4834234e-07 223.75261] 
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Figure 18 shows tracking performance for Tagako Sugeno fuzzy controller. 

 
Figure 18. Tracking plot for unoptimized sugeno type controller. 

Figure 19 shows tracking performance for ANFIS controller with its membership function parameters optimized using PPO 

reinforcement learning algorithm. 

 
Figure 19. ANFIS neuro fuzzy controller optimized using PPO algorithm. 

The RMS of error for Tagako Sugeno controller is 0.2026 where as for ANFIS controller it is 0.0624 as ahown in Figure 20. 
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Figure 20. Comparison of Tagako Sugeno and ANFIS controller. 

a. ARIC tracking controller 

ARIC neuro fuzzy controller is trained for 50 episodes. As can be seen on Figure 21 the training converges at 30th episode. 

 
Figure 21. Training progress for ARIC neuro fuzzy architecture. 

Figure 22 shows comparison of optimized and unoptimized ARIC controller. RMS of error for unoptimized ARIC agent is 

0.5134 and for optimized ARIC controller it is 0.08122. 
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Figure 22. Comparison of error for ARIC unoptimized and optimized controller. 

Performance of unoptimized ARIC controller is shown on Figure 23. 

 
Figure 23. Unoptimized ARIC controller response. 

Figure 24 shows ARIC controller performance after optimization. 

 
Figure 24. Tracking performance of optimized ARIC controller. 
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The RMS of error for optimized ANFIS controller it is 0.0624 whereas RMS of error for optimized ARIC controller it is 

0.08122. Figure 25 shows error signal of the two controllers. 

 
Figure 25. Comparison between ANFIS and ARIC controller. 

5. Conclusion 

A fuzzy controller can be represented in neural connec-

tionist form and its membership functions can be optimized 

using PPO agent which is reinforcement learning actor critic 

agent. RMS of error for unoptimized ARIC agent is 0.5134 

and for optimized ARIC controller it is 0.08122. The RMS of 

error for unoptimized ANFIS controller is 0.2026 whereas for 

optimized ANFIS controller it is 0.0624. Hence ANFIS has 

better performance than ARIC. 

Reinforcement learning is used to optimize ANFIS con-

troller rather that supervised learning method which requires 

initial data generated from other controllers. The work flow 

that is used in supervised learning method of ANFIS optimi-

zation is as follows: first some type of controller is designed, 

second the controller is optimized using PSO or any other 

algorithms then data is collected from this controller, third this 

data is used to optimize ANFIS controller. But in this thesis 

ANFIS controller is directly trained using reinforcement 

learning which reduced work flow ANFIS optimization. 

In addition; ARIC which is reinforcement learning based 

fuzzy controller architecture is investigated and its performance 

compared with ANFIS. Even though both have comparable 

performance it can be inferred from their structure that ANFIS 

is more computationally efficient than ARIC. This is due to soft 

minimum layer of ARIC evaluates summation operation, 

product operation and division operation on its inputs. While 

ANFIS evaluates only product operation on rules layer which 

makes it more computationally efficient than ARIC. 

The training progress converged at 30th episode this is due 

to the capability of neuro fuzzy systems in incorporating prior 

knowledge of the expert. This significantly reduces training 

time. With MATLAB 2021a custom layers can be designed to 

represent every fuzzy inference operation and set the desired 

parameters of membership functions as learnable or fixed. 

The only drawback for neuro fuzzy systems with triangular 

membership functions is that, the designer ensures that while 

the training progress at least one rule is fired at any instant. 

This can be achieved by making sure that two consecutive 

membership functions overlap. 

Abbreviations 

AEN Action Evaluation Network 

ANFIS Adaptive Neural Fuzzy Inference System 

ARIC Approximate Reasoning Intelligent Controller 

ASN Action Selection Network 

FIS Fuzzy Inference System 

GARIC Generalized Approximate Reasoning Intelligent 

Controller 

MOA Mayfly Optimization Algorithm 

MPO Maximum Aposteriori Policy Optimization 

MPPT Maximum Power Point Tracking 

MSM Magnetic Shape Memory 

PID Proportional Integral Derivative 

PPO Proximal Policy Optimization 

PSO Particle Swarm Optimization 

RGA Relative Gain Array 

SAM Stochastic Action Modifier 
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