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ABSTRACT 
 

Traditional computer automated design (CAD) of power system simulation has outlived its relevance with the advent 

of green technology. Intricate power quality (PQ) problems associated with distributed energy resources (DERs) that 
make up the green technology are of major concern. This paper proposes an advanced search optimization of a com-
puter automated design (CAutoD) based on evolutionary fuzzy proportional-plus-derivative (e-FPD) technique in 
order to migrate from the traditional proportional-plus-derivative CAD designs for solving PQ related issues. A dis-
tribution static compensator (DSTATCOM) control system was realized in Matlab/Simulink environment to analyse 
the performance of the proposed system. Comparison between the CAD and CAutoD based designs was conducted 
and the automated CAutoD routine was found to perform better with a rise time and control effort of 2ms at 0.0046 
rads, as against the CAD method’s 22ms at 0.004619 rads, respectively for the same amount of voltage and reactive 
power. 

Keywords:  CAD; CAutoD; Evolutionary FPD; Power Quality; Distributed Energy Resources.

1. INTRODUCTION 
 

The distribution static compensator (DSTATCOM) has 

ubiquitously been used to handle power quality (PQ) prob-

lems such as voltage sags, swells, and harmonic distortions, 

Chauhan and A. Goswam (2018). Its flexible nature made 

implementation of both conventional and comput-

er-aided-design (CAD) control regimes friendly for engi-

neers. However, off-line characteristics of these regimes 

rendered them in-attractive for future smart grid applica-

tions. The literature has shown achievements made in such 

off-line CAD combinations e.g., Ng and Li (1994).  

 

This paper, presents new online automation procedure for 

DSTATCOM control system through evolutionary fuzzy 

PD designs. The approach adopted here is based on 

GA-based Fuzzy controller in which the GA parameters are 

set to optimize the selection of the fuzzy membership func-

tions, herein after called e-FPD using the comput-

er-automated-design (CAutoD) simulation package from Li 

et al., (2004).  

 

Additionally, the above combination of elements in ge-

netic algorithms is parallel population based search with 
stochastic selection of many individuals, stochastic 

crossover and mutation which distinguish them from 

other search methods. Many other search methods have 

some of these elements, but not this particular combina-

tion, Mitchell Melanie (1999).  

 

Furthermore, an online CAutoD based fuzzy PD (FPD) rou-

tine is designed to automatically evolve optimum FPD con-

trollers. Finally, online application of both designs to an 

experimental DSTATCOM model developed from Sim-

PowerSystems in Simulink was used to analyse its dynamic 

response for Volt-VAR optimisation at the point of common 

coupling (PCC). Traditionally, optimisation routines are 

practically used off-line, because actual DSTATCOMs rely 

on pre-defined control schemes as found in PI controllers. 

Such schemes often offer simple if … then control regimes 

requesting low memory space and slow computation facili-

ties, G. Ramya et al., (2017)  

 

Although, online designs had proven to be slow, unstable 

and unreliable in the past. This paper sought to tackle the 

challenge by presenting fast, stable and reliable online de-

signs for solving PQ problems. Hence, a number of simula-

tion studies using Matlab/Simulink environment involving 

different scenarios in testing the robustness of the e-FPD 

were carried out as shown in the following sections. 
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2. MATERIALS AND METHODS

This section presents the procedures and methods used in 

designing conventional CAD and the online CAutoD im-

plementation of Fuzzy PD controllers for DSTATCOM. The 

main advantage of this research is that, the design engineer 

can quickly choose from table 2, a resulting controller to 

suit particular function for implementation, for example 

KP1 + KD1 = J1 is a standalone implementable PD con-

troller, and so on. The method also gives the engineer an 

advantage for diverting the evolution to focus on special 

trade-off decisions during conflicting engineering objectives 

which are ordinarily too difficult to make.  

 

2.1 Linear DSTATCOM Plant Specifications 

   
Consider the third-order nominal DSTATCOM plant model 

represented in (1), and a characteristic equation (2) identi-

fied through some specified parameters given in Table 1. 
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It is apparent that the solution to (1) yields three roots com-

prising of a real pole and a pair of complex eigenvalues. 

These roots have negative real parts suggesting a damped 

and stable DSTATCOM which can conveniently be repre-

sented by a first-order plus delay time (FOPDT) plant. The 

desired goal for this application is that a step input produces 

a closed-loop output signal with an: 

 

 Maximum overshoot of 20% 

 Rise-Time of at most 1.05 seconds 

 27 seconds settling time 

 Zero steady state error 

 

This plant model is referred to as a Type-1 system which 

does not exhibit steady state error with constant inputs be-

cause of infinite positional error constants, Tewari (2002). 

Hence, it must be equipped with a free integrator in the 

forward loop to cancel the zero before it could effectively 

be controlled. 

2.1.1 Generic PID Control Paradigm 

Figure 1 presents a generic PID - DSTATCOM 

closed-loop control circuit to serve as a first step towards 

the CAutoD online routine design.  

 

 

 
Figure 1: Generic closed-loop control system 

 

The PID control rule PIDu defined in terms of the controller 

coefficients and the system error is given as: 

 

   
 t

PID p d

i 0

de t1
u = K e t + e t dt + T (3)

T dt

 
 
 

  

  
 where, e(t) = r(t) - y(t), and r(t) is the reference signal. 

The disturbance d(t), normally is associated with the control 

output and transferred back into the system along with the 

reference input. It is noted in this Figure that the filter coef-

ficient ρ was incorporated in the feed forward loop to tame 

the high frequency gain associated with the measurement 
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noise n(t). However, Bukata (2012) suggested relocating ρ 

in the feedback path rather, as it would remove the integra-

tor and fasten the response. The effect of this philosophy is 

investigated and a conventional PD controller was devel-

oped as a rider for the nonlinear fuzzy PD control design. 

 

2.1.2 PID Tuning Methods 

 
In practical PIDs, the integral and derivative time constants 

are tuned to drive the control action using Ziegler-Nichols 

(Z-N) method. Although, other methods such as; Amigo, 

CHR and PIDeasy tuning rules are also available. Z-N was 

preferred in this research to identify the linear model for the 

DSTATCOM as follows. 

 

2.1.3 Linear Model Identification 

 
As mentioned earlier, Ziegler-Nichols approach was used to 

identify the equivalent first-order-plus-delay-time (FOPDT) 

model needed for approximating the initial PID parameters, 

again as in Bukata (2012). Parameters of interest like, sys-

tem gain k, time delay t and the time constant τ are easily 

read off from Figure 2. The negative intercept a = kL = τ, 

suggests non-minimum phase characteristics for the 

DSTATCOM. Since it is difficult to deal with a real distri-

bution network, the input - output data was extracted from 

the open-loop step response simulation of the linear math-

ematical plant model defined earlier, to produce the FOPDT 

model in (4). 
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Figure 2: Heuristic Z-N Controller Design 

 

From the closed-loop simulation, it is observed that the in-

tegrator introduced by the controller has been eliminated 

and thus reduced Gc to a simple proportional-derivative 

system shown in Figure 3. The effectiveness of the initial 

control parameters can vividly be seen from the error plot 

(dotted green) tending to zero, indicating their sufficiency in 

the case of a stable and damped system. This investigation 

is further extended to the performances of unstable plants as 

well as to plants with integrators enforced by uncertainties 

during steady state operations. 

  

 
Figure 3: Initial FOPDT tuned responses 

 

The numerical values of the parameters can thus be deter-

mined directly from Table 2 as the initial PID tuning rule 

with a = kL=T = 714. And the resulting closed loop control 

system obtained using this value is Gc(s) with controller 

H(s), and the original plant G(s) defined as: 
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Tuning algorithms can then be simply formulated for time 

domain response from Table 2. 

 

 
2.2 A-Priori Tuning of FPD Controllers 

 
Prior to applying the CAutoD interface, it is worth investi-

gating some of the parameters involved to manually tune 

the fuzzy control system of Figure 4. The inputs to the 
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fuzzy controller are the voltage error, and rate of change of 

that error. The output is the switching angle of the converter. 

Practically, this procedure offers great flexibility in tuning 

the nonlinear function implemented by the fuzzy controller. 

But, generally there is no guarantee that performance speci-

fications and system stability can easily be attained through 

proper tuning of the desired fuzzy systems. Moreover, 

non-minimum phase systems (such as the one being dealt 

with here) can impose fundamental limitations from 

achieving preset control objectives no matter how well the 

fuzzy controllers are tuned. However, a reasonable choice 

of control inputs and output usually provide a good tuning 

premise on the scaling factors. This section makes proper 

investigation of each of these factors and the way they in-

fluence fuzzy controller response. 

 
Figure 4: FPD – DSTATCOM control model 

 

2.2.1 Input-Output Scaling Factor Tuning 

 
Reference to Figure 4, the scaling factors S1, S2 and S0, are 

set of notable tuning factors that largely influence fuzzy 

decision process at the system’s input and output ports in 

accordance with the chosen inferencing procedure. The 

tuning process is initialed by arbitrarily setting the first in-

put scalar (S1) as an inverse of the setpoint value from Ng 

(1995) as 

 

     
max

22
k k 8e eX e S e

e
 

   
where, emax represents the step size of the error signal 

which in this case is ±10% of 220 volts (i.e., ±22 volts), 

measured against the distribution feeder standard nominal 

supply normally supplied to the consumer’s terminal in Ni-

geria. Xe is the fuzzified set of the error variable. Note that 

Eq. 7 is similar to the traditional proportional control-

ler    P Pk K ku e . Then, the second input scaling pa-

rameter for the error derivative Sė given in Eq. 8, is contin-

ually modified through an empirically acquired value of 

ėmax from the process dynamics. This action is suppose to 

normalise the fuzzy set Xė of the derivative input calculated 

from the gradient of the original error curve in the range ± 

0.5 volts/sec. 
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Meanwhile, the output scaling factor Sα is linearly varied 

from zero to its maximum value as a singleton function 

such that 

 

 cmax

c cc α

cmax

10SX X
X


  

 
 

where c is the crisp control output (plant input), and 

maxc its maximum value. The action of the control output 

due to fuzzifying a fuzzy set (i.e. Low) in the universe of 

discourse and its maximum values are denoted by 

O
X and omaxX , respectively. The control output is issued as 

a switching angle (α) designed to saturate beyond some 

threshold in the dynamic sine-cosine operating range of the 

DSTATCOM established as
o30 or 0.5326 radians. The 

main benefit of the dynamic range is seen where the 

DSTATCOM can be applied in high voltage zones at the 

transmission corridor as a STATCOM. 

 

2.2.2 Deficiency of the A-Priori Tuning 

 
The decision on the parameters to be used for optimal tun-

ing is a vital one which could jeopardise fuzzy system de-

sign when wrongly made. What transpired above involved 

fuzzy parameter tuning manually based on trial-and-error. 

Two problems often arise in this technique such as: 1. 

Pre-specification of the rule base structure which is often 

too large. 2. Disordered membership functions often arise, 

resulting in suboptimal interpolation.        

 

To solve the problem, optimal tuning of the fuzzy PD pa-

rameters is accorded through an evolutionary algorithm 

based CAutoD tool. To the Author’s knowledge, the CAu-

toD technique has not in the past been applied to assess 

fuzzy PD parameters in power quality problems. However, 

the success of CAutoD applications in providing robust 

optimisation solutions to engineering and business related 

problems is well documented, Li et al. (2004), Bukata 

(2012), Ramya (2017), and Chauhan (2018). 

 

2.3 From Manual to Automatic Design 

 
This section describes the transition from manual to auto-

mated design procedure. The extension is accorded by the 

powers of EA through genetic algorithm (GA). The GA is a 

nondeterministic optimisation search method that tends to 

force its way out to a global minimum from a seemingly 

domineering local minimum without getting stuck in the 

search space. Essentially, GA emulates the evolutionary 

https://www.bayerojet.com/


                                                                                  ISSN:  2449 – 0539 

BAYERO JOURNAL OF ENGINEERING AND TECHNOLOGY (BJET) VOL 15 NO. 2, MAY 2020, PP123 - 132 

 Also available online at https://www.bayerojet.com            127 
 

philosophy of genetics in natural biological selection to 

simulate computer evolution. It performs parallel and di-

rected search to evolve the fittest population in a given gen-

eration. Figure 5 depicts how CAutoD interface is wired to 

design and tune fuzzy PD parameters online via the CAu-

toD package. 

 

 
 

Figure 5: Schematic of Direct CAutoD-FPD Tuning 

 

2.3.1 The Evolutionary Stage 

 
A pseudo-code structure of a simple genetic algorithm 

(SGA) is shown in Algorithm 1 (from Goldberg (1989)). 

The population at time t is represented by the 

time-dependent variable P, with the initial binary coded 

population of random estimates being P(0). This structure is 

used to hypothesize the optimisation problem in the re-

mainder of the Section. The evolutionary process begins as 

P(t)  often termed as the “generation", shifts from time t to 

time t + 1 to form a new generation of population P(t + 1) 

through the well known genetic operators namely; selection, 

crossover, and mutation. An initial population size P(t) = 31 

at t = 0 was set a-priori over 60 generations. The high initial 

population size setting is essential as the GA progresses 

very fast with better solutions coming in piecewise little 

iterations which tend to saturate at later stage. It is desirable 

to have a termination condition that will yield a solution 

close to the optimal at the end of the run. 

 

Algorithm 1: Simple genetic algorithm procedure (SGA) 

Ensure: t = 0; 

Require: initialize P(t); 

Require: evaluate P(t); 

  while not finished do 

  Ensure: t = t + 1; 

  Require: select P(t) from P(t - 1); 

  Require: reproduce pairs in P(t); 

  Require: evaluate P(t) 

 

Because, setting the right amount of diversity of the popula-

tion guarantees that GA will produce better results as it 

searches for more points. While it can hamper the perfor-

mance of the GA, diversity is directly connected to the av-

erage distance between individuals such that; the higher the 

distance the larger the diversity and vice versa. A figure of 

merit is about 15% of the total number of generations. This 

seems to have produced a best fitness value at a desired 

minimum switching angle, α ≈ -0:0046. GA being 

non-deterministic in search process, it always produces a 

different result irrespective of the number of generations. 

However, the most important element is the population size 

which was set at 20 (instead of 31), to give the 15%. 

 

Another factor directly impacting the average distance be-

tween individuals is the mutation rate (the higher the better) 

in which a rate of 0.87 produced best fitness at exactly 

-0.0046. This leads to setting the probability that one string 

will mutate per generation to pm = 0.001. The GA being 

real valued, the probability and the number of crossover 

points are set to 0.8 and 40, respectively. The two input pa-

rameters (the individuals) are specified as error and er-

ror-rate. The “tournament" selection scheme is used for its 

efficiency and deterministic size variability advantage Tan 

(1997).  

 

2.3.2 Genetic-Fuzzy PD Encoding 

 
At this stage, a genetic-fuzzy PD fusion is realised based on 

the genetic settings made above, plus an appropriate choice 

of a performance index to be made in subsection 3.1. The 

EA generates a population of strings representing individual 

candidates of controllers through the routine described in 

Figure 6. After initialization, the EA accesses and obtains 

the input-output data from the model at each time step via 

the CAutoD interface during simulation, so that fitness of 

each emerging controller from the population may be eval-

uated. While this is happening, a new fitness function is 

being calculated from the error resulting between desired 

and actual mod el outputs. Optimal solutions are estimated 

whenever the error is driven to zero, otherwise the EA 

propagates to the next generation of controllers through 

crossover and mutation rate until optimal solution is 

achieved. The fittest controller (string) in the population is 

then chosen for the system control. This allows automatic 

evolution of the controllers through generations in time 

steps, thereby tuning the controllers in response to model 

changes. 
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Figure 6: EA – FPD Flow Chart 

 

2.3.3 Problem Formulation 

 
Optimum customer’s voltage profile also known as inte-

grated Volt-VAR control (IVVC) at the PCC can be formu-

lated as a minimisation problem. Again, the objective is to 

regulate DSTATCOM’s input (control output) by forcing the 

control error to zero. The algorithm for computing the 

minimum cost function for the DSTATCOM’s input α 

within the time interval t in a closed-loop fashion is ex-

pressed as: 

 

       cos cos cosmin 10t t t
J

F t e t de t        
 

 

With such formulation, EA can convert a minimisation 

problem to a maximisation one by simply transposing the 

cost function to fitness function through J J


 in the Eu-

clidean space :f
 

  . Thus, the following fitness 

function can be used to minimise
-

J , such that 

 

   
1

0,1 11J

J 


 

  
 

and 0  is a small positive integer. J can thus be maxim-

ised by minimising J


 to yield the desired response. Here, 

the error (e) and its rate of change (ė) between the setpoint 

and the actual plant output are considered as fitness (indi-

viduals). 

 

 

 

 

3. RESULTS AND DISCUSSION 
 

In this section, the performance of the implemented CAD 

based and CAutoD based controllers were compared through 

simulation exercises. The analysis was made in terms of step 

changes and reference following in the CAD system. The 

objective function was tested in both 2D and 3D for verifying 

the contour for global optima of the control signal. 

 

3.1 Choice of the Performance Index  

 
To enhance the choice of the performance index, a look 

beyond the traditional integral time absolute error (ITAE) 

and integral absolute error (IAE) indices normally found in 

CAutoD package and added the derivative of the error (e) to 

the basic index, as a requirement for high accuracy and low 

chattering at the steady state, and constructed the following 

performance index in the time domain 

 

   
.n n

2 2
ITASE ITASED

t t

J = J + J | | | | 14t e t t e  
 

 

where JITASE and JITSED are the costs of the respective inte-

gral time absolute squared error and integral time absolute 

squared error derivative model components; e(t) and ė(t) are 

the same as above under no-load condition, referred to as 

the individuals; and n is the final-time. The chosen perfor-

mance index is expressed through the individuals consisting 

of real-valued vector of two parameters each, normalized 

around [1 -1] and [0.5 -0.5]. Illustration of the minimum 

and the maximum values of the combination of the individ-

uals portrayed in 3D, 2D and the Contour plots are shown in 

Figures 7 to 12. The plots demonstrate how well behaved 

the chosen function is, while converging to a single global 

minimum which occurs at the point [0 0] in the x-y plane in 

Figure 7. And the maximum is also noticed to converge at 1 

in the same plane shown in Figure 10. Although the objec-

tive function appears to be a simple convex on, a global 

optimizer such as the GA can as well be applied to solve the 

problem.  
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Figure 7: 3D Minimum Point for: e/ė vs α 

 

 
    Figure 8: 2D Minimum plot for: ė vs α 

 

                                

 

 
Figure 9: Contour for the minimum point 

 

 
 

Figure 10: Maximum Point for: e/ė vs α 

 

 
Figure 11: 2D Maximum plot for: ė vs α 

 

 
Figure 12: Contour for Maximum Point 

 

3.2 CAutoD for Fuzzy PD Systems 
Table 3 presents the best controllers obtained by randomly 

evolving fuzzy PD parameters for different EA runs in a 

DSTATCOM designed for some medium distribution volt-
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age range between 318V - 1.1kV. The quality of the scheme 

is tested and demonstrated in Figures 13 - 19. 

 

Table 3: Jbest Controllers from Parameter Evolution 
Parame-

ters 

KP1 KP2 KP3 KP4 KP5 

Min 

Max 

Range 

0.0002

6 

0.0023 
0.0020 

0.0039 

0.0068 

0.0064 

0.0001

0 

0.0020 
0.0019 

0.0001

5 

0.0042 
0.0041 

0.0001

6 

0.0013 
0.0011 

Parame-

ters 

KD1 KD2 KD3 KD4 KD5 

Min 
Max 

Range 

0.0413 
0.2629 

0.2276 

0.0222 
0.1336 

0.1114 

0.0930 
0.0992 

0.0062 

0.0130 
0.2840 

0.2710 

0.0428 
0.1153 

0.0725 

Parame-

ters 

α 1 α 2 α 3 α 4 α 5 

Min 

Max 

Range 

0 

0.9648 

0.9648 

0 

1.3247 

1.3247 

0 

2.0692 

2.0692 

0 

0.3185 

0.3185 

0 

0.9862 

0.9862 

JFPD_best J1 J2 J3 J4 J5 

Min 

Max 

Range 

352.87 

679.53 

326.67 

414.65 

584.64 

169.99 

361.75 

1063.1 

701.33 

451.45 

679.89 

228.44 

333.14 

935.62 

602.48 

 

Figure 15 compares the performance of an EA based Fuzzy 

PD and EA based crisp PD controllers. The effectiveness of 

the EA-FPD scheme is readily seen converging much faster 

than the EA-PD. The existing trade-offs resulting from the 

design objectives for 31 emerging controllers at the end of 

the evolutionary CAutoD routine is also depicted in Figure 

14. Five different combinations of the “best" PD and FPD 

controllers depicted respectively in Figures 15 and 16. 

These combinations produced the “best" and “worst" case 

scenarios for the fitness function of the EA-FPD controllers 

at any one of the five runs plotted in Figure 14. A combina-

tion of the proportional (Kp) and derivative (Kd) parameters 

is also given in Figures 17 and 18, respectively, While, the a 

set of the switching angles (control output) has been de-

picted in Figure 19. As pointed in section 2, the design en-

gineer can quickly choose from table 2, a resulting control-

ler to suit particular function for implementation, for exam-

ple KP1 + KD1 = J1 is a standalone implementable PD 

controller, and so on, as the main advantage of this work. . 

 

 

Figure 13: Best FPD Vs PD 

 

         Figure 14: Trade-offs between objectives 

       
Figure 15: Best PD Controllers 
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         Figure 16: Best FPD Controllers 

 

           

          Figure 17: Kp Best Parameters 

 

 

             Figure 18: Kd Best Parameters 

 

     Figure 19: Best Switching Angles 

 

3.3 Conclusion 
This paper studied and evaluated the practical viability of 

an off-line simplified three rule base fuzzy system design 

which eventually had its parameters accessed and updated 

through an online EA based CAutoD interface. Having pre-

sented a detailed off-line computer-aided design based 

Fuzzy PD scheme, this paper has also developed an online 

CAutoD-Fuzzy PD algorithm for practical DSTATCOMs. 

The first part of the paper was pre-occupied by rigorous 

manual tuning performance evaluation of the fuzzy PD 

controller based upon TSK model. The fuzzy PD overcomes 

the robustness and steady state performance tests when ap-

plied to both perturbed and unperturbed plants as compared 

to crisp PD and PI controllers. However, the second part 

was dedicated to automating the manual design through 

CAutoD package as a way of extending the CAD design. A 

robust online evolutionary algorithm procedure has been 

studied, and a tournament selection was used to avoid the 

added computational cost involved at each generation dur-

ing interpolation, chromosome sorting and fitness averaging. 

Also, the diversification of single control problems to mul-

tiple solutions has been demonstrated through continuous 

evolution. This lead to the satisfaction of all desired speci-

fications with interactive trade-offs between control scenar-

ios automatically generated and tabulated without having to 

perform any redesign task as would have been the case in a 

manual setting. Finally, comparison between automated and 

manual design performances has shown the uniqueness of 

the technique by intelligently converging at higher speeds. 

However, the major disadvantage with the technique is huge 

memory resource requirement which will make it uneco-

nomical for real time implementation. This work is validat-

ed against a computer-aided-design (CAD) method and 

other industry based DSTATCOM controllers. From which 

the CAutoD exhibits superiority over the former in terms of 

the rise time (Tr, sec), and magnitude of the control signal 

(α, rads) as seen in Table 4.  
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