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Abstract: This manuscript explores unmanned aerial vehicle DC motor control performance efficacy
of deterministic artificial intelligence in comparison to model-following adaptation, particularly a
direct self-tuner with filtering. The deterministic artificial intelligence model made use of self-
awareness statements to overcome error in response to permutations of the multi-duty cycle square
wave that served as the system input. It can be seen that (despite equivalently powerful estimation
techniques) deterministic artificial intelligence provided far superior results: a reduction in peak
initial transient error of 55%, and a mean error reduction over 81% with over 65% reduction in error
standard deviation compared to a state-of-the-art nonlinear adaptive control method. Deterministic
artificial intelligence also was able to very closely track at the switching of the input control, while
the benchmark nonlinear adaptive control failed to respond as quickly at these points.

Keywords: drones; artificial intelligence for control; autonomous unmanned aerial vehicles (UAVs);
design and modeling; antenna; nonlinear adaptive control; self-tuning regulators

1. Introduction

(b)

Figure 1. (a) Low-cost, low-power, portable mounting platform for auto-tracking antenna, image
credit NASA [1] used in accordance with image use policy [2]. (b) mounted horn probe antenna,
image credit NOAA [3] used in accordance with image use policy [4].

Unmanned aerial vehicles, widely known as drones, can act as autonomous communi-
cating nodes, aerial relays, or even aerial base stations, and strongly support the conven-
tional networks in propagation scenarios with obstacles and highly mobile and remote net-
work nodes. [5]

Lightweight, brushless DC motors optimized for size, weight, and power are often se-
lected for several disparate drone systems. The most common use of motors for drones
and unmanned aerial vehicles is to spin the propellers of multirotor drones to enable them
to fly. Drone motors may also be found in other unmanned vehicle subsystems, such as
camera and payload gimbals, flight surfaces, landing gear, and antenna rotators (the focus
of this research). Motor control is a very well researched field and options are proposed
in this manuscript directly compared to state-of-the-art methods using numerical figures
of merit.
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Nonlinear adaptive control is one such well known state-of-the-art field of DC motor
control. While the state of nonlinear adaptive control has begun to approach diminishing
returns controlling drone DC motors. Meanwhile, other learning systems of control rep-
resent an ability to push forth significant performance improvements without the cost of
greater computational burden. Following this, the usage of DC motors, and electrical sys-
tems in general, continues to grow exponentially as the world moves towards electrifica-
tion. The ability to create and tune these systems, which are comparatively simple against
more advanced nonlinear control methodology, stands to greatly affect the implementa-
tion and standard operating procedure of electric motors, and controllable systems in gen-
eral, in time to come.

The development of adaptive and learning systems has a long history that is pres-
ently culminating in a very recent, distinguished lineage in the literature [6, 7, 8, 9], al-
ready bestowing three major publication awards, validating the contemporary interest in
continued developments. Many techniques are available from this long lineage as alter-
natives benchmarks for comparing newly proposed methods. Rathmore focused on arti-
ficial intelligence applying robust steering control based on tuning of PID controller using
the so-called genetic algorithm and the harmonic search algorithm [6]. In 2020, so-called
deterministic artificial intelligence was proposed for controlling autonomous unmanned
underwater vehicles [7]. The method is based on the self-awareness assertion in the feed-
forward process dynamics. The feedback signal was formatted by Koo as an adaptive &
learning system (proportional derivative feedback and 2-norm optimal least squares). [8]
As a duplication and continuation of Koo's work in [8], this manuscript provides an in-
depth comparison between the performance of the deterministic artificial intelligence and
declared benchmark approaches with iterated step sizes. The performance evaluation
mainly focuses on the ability to track the command signals represented by challenging
square wave trajectories.

Bernat introduced a speed control approach [10] based on a model-reference adap-
tive control algorithm for torque load and ripple compensation. Gowri described a direct
torque control as one approach focused on discontinuities in rapid modulating commands
[11]. Moreover, Rathaiah [12] and Haghi [13] both proposed extremum-seeking adaptive
control of first-order systems, which is similar to the approach applied to the vehicle au-
tomation control described in [14]. The methods are similarly tested and compared with
discontinuous step and square wave inputs. For DC motors, tracking discontinuous step
functions and square wave function is challenging since overshoot occurs at the square
wave's discontinuities, significantly influencing the tracking performance of nonlinear
adaptive control approaches. The difficulty is validated by Vidlak’s very contemporary
example in Figures 24 and 26 in [15]. This facet is also elaborated by Vidlak’s work on
tracking performance of self-turning regulators [15] and model reference adaptive control
[16].

A similar phenomenon is revealed in Section 3 of this manuscript for the error distri-
bution comparison of different algorithms. This manuscript describes a duplication and
continuation of the work presented in [8], which is also work based on its prequel research
by Shah [9], where model-following self-turning regulators [17] are chosen as the compar-
ative benchmark approach.

The learning approach evaluated in this manuscript stems from Slotine [18] and the
nonlinear adaptive method for robotics [19]. The technique was quickly transformed to
expression in coordinates of the body reference frame [20]. In [21], the tunability of feed-
back and feedforward elements are demonstrated, substantiating the self-awareness state-
ments of deterministic artificial intelligence. [22] As described by Fossen in [23], alterna-
tive trajectory tracking control mechanisms based on classical proportional, integral, de-
rivative control; linear-quadratic regulator; feedback linearization; nonlinear backstep-
ping; and sliding mode control are presented. Some approaches are applied to the ocean
vehicle mentioned in [24]. The efficacy of such systems is also simulated in [25]. Lorenz
and his students also used and evaluated the feedforward element in [26-32]. The fault-
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tolerance [28], loss reduction [29], loss minimization [30], dead-beat control [31], and self-
sensing [32,15] are evaluated and extended from the vehicle to the actuator control circuit.
As described in [14,15], the precursor using the physics-based dynamics for virtual sens-
ing, which follows the illustration of optimality and self-sensing, is applied explicitly to
DC motors.

1.1 Literature gaps presented in this manuscript.
This manuscript presents the following two literature gaps:

1. Development of deterministic artificial intelligence for antenna motor control;
2. Comparative analysis with direct self-tuner with filtering (all process zeros cancelled);

Main Conclusion of the study. Deterministic artificial intelligence was found to outperform a
nonlinear adaptive control (direct self-tuning with filtering) with equivalent estimation and com-
putational strength.

2. Materials and Methods

DC motors are well-studied by many methods, providing good comparative bench-
marks. Section 2.1 elaborates motor modeling.

2.1. Motor modeling

Voltage changes as a function of the current change at the operating point deter-
mined by the state of charge, and the voltage open circuit voltage for the equivalent circuit
model is determined by a second-order discrete transfer function identical to equation (2)
of reference [17]. The model in equation (1) is taken from [17] in discrete form establishing
comparative benchmarks in references [9,34].

0.09842z + 0.09842 Y(2)

G = 716072706065 U(z) W

Table 1. Table of proximal variables and nomenclature !

Variable/acronym Definition Variable/acronym Definition
G Transfer function s Differential variable
Y Output z Difference variable
U Input 3 Discrete time variable

! Such tables are offered throughout the manuscript to aid readability.

2.2. Analytic trajectory generation

The comparisons presented in this research use a combination of ubiquitous square
waves as the input to the system. The respective duty cycles of the waveforms are 50%
and 25%, resulting in the net duty cycle being 25%. The waveform was scaled such that
the numeric values range from -1 to 1 in amplitude.

2.3. Deterministic A.L: self awareness statements using analytic trajectories and PD adaption

The formulation of the deterministic artificial intelligence model requires restricting
the system to respond such that each new timestep corresponds with the self-awareness
statement. That is, u(t) is calculated according to a u*(t) (Equation 2) which binds the input
model of the system to a self-tuned system, thus making the system learn. The u*(#) values
can be defined through the relationship between a matrix of known values [@d], and a
vector of unknown values to be solved for {8} initialized with a priori data (Equations 3-
5), where equation (5) is derived from the transfer function itself.
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It can be seen how the deterministic artificial intelligence utilized the ability to ma-
nipulate the model itself according to some estimation (in this case PD or proportional,
derivative), allowing the system to self-tune as well as be free from constraints imposed
by model-based estimators that are inherently tied to the physical system, instead of being
able to adapt towards fitting the input signal best.

QD QD

Table 2. Table of proximal variables and nomenclature !

Variable/acronym Definition Variable/acronym Definition
u’ Control input @,y Regressor matrix
Ya Desired output 0 Parameter vector
d,,8,,43, by Estimates a, Az, az, by True values
k, Proportional gain kq Difference gain
A Coefficients of U(z) B Coefficients of Y(z)

! Such tables are offered throughout the manuscript to aid readability.

3. Results

Section 2 outlined the establishment of the model and estimators working on the
deterministic artificial intelligence methodology, which will now be compared against a
direct self-tuner with filtering (with all process zeros cancelled).

3.1. Direct self-tuner with filtering results

Section 2 outlined the establishment of the model and estimators working on the de-
terministic artificial intelligence methodology, which will now be compared against a di-
rect self-tuner with filtering (with all process zeros cancelled). The state-of-the-art bench-
mark method is well known [9,17,33,34] and is briefly summarized in this section.

The direct self-tuner aims to reparametrize the model in terms of the controller pa-
rameters, demonstrated in the convergence of the new parameters shown in Figure 1b.
The process of doing such is outlined in Section 3.5 of [2], and is done through use of the
Diophantine equation to break down the reparameterization into the following pseudo-

code:
1. Calculate terms in denominator A = [@; @, das] with use of estimator.
2. Declare “left-over” A terms.
3. Establish left-over terms from factoring numerator B* become R'B*.
4. Combine B~ gain terms with that cannot be cancelled in B = [b,].
5. Output the polynomial of the controller.

The nonlinear adaptive controller, due to the coefficients of the polynomial being
parameterized and solved for, provides estimation without manual tuning.
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Figure 1. Results plotted versus time in seconds on the abscissa. Direct self-tuner with filtering with
process zero cancellation. (a) response to input, (b) u response, (c) error, (d) standard deviation; (e)
response to input, (f) normalized parameter estimates

Figure 1a shows the large overshoot at the initial displacement condition, and while
the system does mitigate error over time, even after the full propagation of the system,
significant error still exists. It can be seen that at all switches, the system responds fairly
slowly, but with minimal overshoot. The convergence of the parameter estimates does
occur rapidly, reaching convergence at around 20 timesteps, or at around 4% of the
runtime of this simulation.

Table 3. Figures of merit corresponding to figure 1 direct self-tuner with process zero cancellation !

Data source Mean Standard deviation
Subfigure (a) command 0.0059 0.7113
Subfigure (b) output -2e-04 0.1047
Subfigure (c) command 0.2272 0.6555
Subfigure (d) command 0.9187 0.3064
Subfigure (e) input command 0.0059 0.7113
Subfigure (e) output 0.0893 0.9875
Subfigure (e) 1-c bounds 1.0080 1.1024
Subfigure (f) t, /7, 0.1434 0.0158
Subfigure (f) /7o -0.417 0.0991
Subfigure (f) so/7, 0.4280 0.6408
Subfigure (f) s,/1, -0.305 0.7094

! Such tables are offered throughout the manuscript to aid readability.

3.2. Deterministic artificial intelligence

The responses generated were according to the model and estimations described in
Section 2.3.


https://doi.org/10.20944/preprints202302.0022.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 February 2023

do0i:10.20944/preprints202302.0022.v1

6 of 12

0.5

-0.5

vu

0.4

0.2

- - 1
y
..... 1
05
- Y
0
' [ [ [ [ [ o
50 100 0 50 100 150 200 250 0 50 100
(a) (b) (c)
’ - i ;
..... 2000 _ e
oy r : ll W E L ll
2 1 Bound 1 il palt I
ST T
1 et il (
= = — | N ah o
: { ' ! i # o
0 s B B s B R ey 200 || 1| q:' | q:l
1 | 1 | : 1 1 ¢ t
! {4 L : ! | ] ]
! et - e 1 | iE| ih|
-4000 ! | 1“ 1“
100 150 200 250 0 100 200 300 ot . s e
®

50
(d) (e)

Figure 2. Results plotted versus time in seconds on the abscissa. Deterministic artificial intelligence

results. (a) Command and response (top, left), input (top, right), error over time (bottom, left), and

standard deviation over time (bottom, right). (b) Response to command with standard deviation

bands (top) and normalized, converging parameter estimates over time, note logarithmic y-axis due

to the magnitude of values (bottom) (a) Response to input, (b) U response, (c) Error, (d) Standard

deviation; (e) Response to input, (f) Normalized parameter estimates

It can be seen that the deterministic artificial intelligence system has significantly less
overshoot, as well as almost negligible error in regions immediately away from the
switches. While the initial standard deviation is already far lower than the previous meth-
odology in Section 3.1, the decay of the standard deviation is also greater. It should be
noted that the proportional and derivative gain of the system were lightly tuned through
simple looping while looking to minimize the total error of the system, resulting in K, =

0.3887,K,; = 0.6279.

3.3. Comparison of Estimation Accuracy
This section compares the numerical error performance between the two methods.
Figure 3 shows the comparison in the raw results, where the difference around switches

can be highlighted as the greatest strength of the deterministic artificial intelligence

method.
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Figure 3. Results plotted versus time in seconds on the abscissa. Results. (a) Command and response
in initial region (top, left), input in initial region (top, right) command and response over time (bot-
tom, left), and input over time (bottom, right)

Table 3. Criteria Comparison Between Methods. !

Tracking error

Method Initial error Mean, u  Standard deviation, o
Direct self-tuner with filtering 2.0209069 0.22724 0.65545
(all process zeros cancelled)
Deterministic artificial intelligence  0.90158 0.042619 0.2290

1 Such tables are offered throughout the manuscript to aid readability.

The results in bold font within Table 3 indicate that deterministic artificial intelli-
gence performed better across all three metrics analyzed, as well as Figure 3 shows visu-
ally the superior performance in terms of transient behavior, especially in terms of most
accurately capturing the command signal.

4. Discussion

It can be seen that the deterministic artificial intelligence had superior performance
across almost every metric and given that the actual estimation within the deterministic
artificial intelligence was done with equivalently powerful estimators, it can be shown
clearly that the ability to affect the model greatly contributes to improved performance.
The greatest points of interest come in response to the initial condition and at switches.
Within the initial region, almost no overshoot is experienced, which is where the 55% re-
duction in peak accuracy comes, as the non-learning controller overshoots so drastically.

Table 4. Percent performance improvement comparisons. !

Tracking error

Method Initial
etho fihial error Mean, u  Standard deviation, o

Deterministic artificial intelligence ~ -55% —81% —65%
! Such tables are offered throughout the manuscript to aid readability.

The ability to pivot immediately in response to a single timestep at the switches to
capture the command behavior also stands out, as no traditional controller can respond
to this quickly, due to the system inertia present in any plant. By overriding this, the con-
troller is able to radically pivot. It should be noted, however, that given the massive spike
in the adjusted parameters, this behavior may be unrealistic due to the physical limitations
of a system: the massive spike could lead to an unachievable gain and simply require too


https://doi.org/10.20944/preprints202302.0022.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 February 2023 d0i:10.20944/preprints202302.0022.v1

8 of 12

much power to ever happen. Further research into fine-tuning the model for a DC motor
could reveal more about these constraints, as well as other concerns even as simple as the
amount of stress induced by such an abrupt response.
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Appendix A
MATLAB Code used to generate results.

1.  Direct Self-Tuning with Filtering Script

% Deterministic AI Script

clear all; close all; clc;

%Plant Characteristics

B =1[00.9842 0.09842]; A =[1 -1.607 0.6065];

Bm=[0 0.1065 0.092]; Am=[1 -1.3205 0.4966];
a0=1.0;d0=1;am0=Am(1);am1=Am(2);am2=Am(3); n=4; lambda=1;

%Initialize
nzeros=5;time=zeros(1,nzeros);maxtime=500;
Y=zeros(1,maxtime+nzeros);U=zeros(1,maxtime+nzeros); Uf=ones(1,nzeros);Yf=ones(1,nzeros);

r0=5; 11=0.85*r0; s0=2.68*10; s1=-1.03*10; t0=1.65*r0; P=100*eye(n); THETA _hat(:,1)=[r0 r1 s0 s1];

%Square wave with 50 sec period

for i=1:maxtime
Uc(i)=(square(2*pi/50*i)+square(pi/50*1))/2;

end

Uc=[ones(1,nzeros),Uc]; Uc(1,100:105)=-1;

for i=1:maxtime
phi=[];t=i+nzeros;time(t)=i;

%Y (t)=[r0 r1 0 s1]*[Uf(t-d0) Uf(t-d0-1) Y£(t-d0) Y£(t-d0-1)];
Y(t)=[-A(2) -A(3) B(2) BG)I[Y(t-d0) Y(t-d0-1) U(t-d0) U(t-do-1)];

% RLS-EF algorithm on model 3.30 to estimate R & S coefficients, calculate T
phi=[Uf(t-d0) Uf(t-d0-1) Yf(t-d0) Y£(t-d0-1)]'; K=P*phi/(lambda+phi*P*phi);
P=P-P*phi/(1+phi*P*phi)*phi*P/lambda; error(i)=Y(t)-phi*THETA_hat(:,i);
THETA_hat(;,i+1)=THETA_hat(;,i)+K*error(i);

rO=THETA_hat(1,i+1); r1=THETA_hat(2,i+1); sO=THETA_hat(3,i+1); sI=THETA_hat(4,i+1);
t0=[1+am1+am?2];

% Calculate Model control
U(t)=[-r1 t0 -s0 -s1]*[U(t-d0) Uc(t) Y(t) Y(t-d0)]'/x0;

% Calculate filtered output and control
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Y{(t)=[1 -am1 -am2J*[Y(t) Yf(t-d0) Yf(t-d0-1)]; Uf(t)=[1 -am1 -am2]*[U(t) Uf(t-d0) Uf(t-d0-1)]’;
end

%Plot

error = zeros(1,length(Y));

for i=1:1:length(Y); error(i) = abs(Y(i)-Uc(i)); end
sd_set = zeros(1,length(Y));

for i=2:1:length(error); sd_set(i) = std(error(1:i)); end
sd_set(1) = sd_set(2);

[peak_transient_error, pos] = max(abs(Y(50:end)-Uc(50:end)));
%peak_transient_error_percent = abs(Y(pos))/abs(Uc(pos));

[peak_input_error, pos] = max(abs(Y(1:20)-Uc(1:20)));
peak_input_error_percent = abs(Y(pos))/abs(Uc(pos));
error_mean = mean(error(:));

%Response Plot

figure(1);

subplot(2,2,1);plot(time, Uc,time,Y);axis([0 250,-1.25 4]);
xlabel('Timesteps','fontsize’,12);legend('u_c','y");

title('Response to Input','fontsize’,13);
subplot(2,2,2);plot(time, U);xlabel(' Timesteps','fontsize',12);axis([0 500 -2.7 2.7]);
title('U Response’','fontsize',13);
subplot(2,2,3);plot(time,error);xlabel('Timesteps','fontsize',12);axis([0 250,-0.1 4]);
title('Error’,'fontsize’,13);

subplot(2,2,4);plot(time,sd_set);xlabel('Timesteps', fontsize',12);axis([0 500 0 2]);
title('Standard Deviation',' fontsize',13);

‘%Fancy Response Mode

sd_up = Y+sd_set; sd_low = Y-sd_set;

figure(2);

subplot(2,1,1);plot(time,Uc,'--' time, Y, time,sd_up,'r',time,sd_low, 'r');

axis([0 500,-2 3]);xlabel('Timesteps','fontsize',12);legend('u_c','y','l \sigma Bound');
title('Response to Input','fontsize’,13);

RO=THETA_hat(1,:);R1I=THETA_hat(2,:);SO=THETA_hat(3,:);S1I=THETA_hat(4,:);
for i=1:501;t(i)=i;end
subplot(2,1,2);plot(t,R1./R0,t,50./R0,t,t0./R0,t,51./R0);xlabel(' Timesteps', fontsize',14);
axis([0 30 -4 4]); title(' Normalized Parameter Estimates', fontsize',13);
text(11,1.75,'t_0/r_0','fontsize', 14);text(12.5,0.25,'s_0/r_0','fontsize',13);
text(11.5,-1.25,'r_1/r_0','fontsize',14);text(15,-1.25,'s_1/r_0','fontsize',13);

%Plant Functions
maxtime = 500;
B =100.9842 0.09842]; A = [1 -1.607 0.6065]; Bm=[0 0.1065 0.092]; Am=[1 -1.3205 0.4966];

H=tf(Bm,Am,0.1); %Convert Plant [num] and [den] to discrete transfer function
Rmatrix=[];

n=4;lambda=1; % number of parameters to estimate and Exponential Forgetting Factor
nzeros=5; time=zeros(1,nzeros); Y=zeros(1,nzeros); Ym=zeros(1,nzeros);%Initialize ouput vectors
U=ones(1,nzeros); error_collect=ones(1,nzeros);

Noise = 1/25*randn(1,maxtime+nzeros); epsilon=[zeros(1,nzeros+maxtime)];

%Square wave with 50 sec period
for I=1:maxtime; Uc(l)=(square(2*pi/50*1)+square(pi/50*1))/2; end

Uc=[ones(1,nzeros),Uc]; Uc(1,100:105)=-1; phi_awr = [];
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t=1:1:maxtime;
traj_Uc = (Uc); hvy_m = [zeros(1,nzeros) traj_Uc]; eb = Y(1) - hvy_m(1);
err = 0; kp = 0.3887; kd = 0.6279; phid = [[; ustar = []; hatvec = zeros(4,1);

for i=1:maxtime
t=i+nzeros; time(t)=i; de = err-eb; u = kp*err + kd*de; U(t-1) = u;

Y(H=[-A(2) -A(3) B(2) BO)I[Y(t-1) Y(t-2) U(t-1) U(t-2)]’;

phid = [phid; Y(t) -Y(t-1) Y(t-2) -U(t-2)]; ustar = [ustar; u];

phid_t = phid(i,:); ustar_t=u;

newest = phid_t.\ustar_t; hatvec(:,i) = newest; eb = err; err = hvy_m(t)-Y(t);
end

time = time((nzeros+1):end); Y = Y((nzeros+1):end); U = U((nzeros):end); Uc = Uc(1:length(time));
error = zeros(1,length(Y));

for i=1:1:length(Y); error(i) = abs(Y(i)-Uc(i)); end

sd_set = zeros(1,length(Y));

for i=2:1:length(error); sd_set(i) = std(error(1:i)); end

sd_set(1) = sd_set(2);

THETA_hat = [hatvec(2,:)./hatvec(1,:); hatvec(3,:)./hatvec(l,:);
ones(1,length(hatvec(l,:)))./hatvec(l,:); hatvec(4,:)./hatvec(1,:)];

%Response Plot

figure(1);

subplot(2,2,1);plot(time, Uc,time,Y);axis([0 100,-1.25 1.25]);
xlabel('Timesteps','fontsize’,12);legend('u_c','y");

title('Response to Input','fontsize’,13);

subplot(2,2,2);plot(time, U);xlabel('Timesteps','fontsize',12);axis([0 250 -2.7 2.7]);
title('U Response','fontsize',13);
subplot(2,2,3);plot(time,error);xlabel('Timesteps','fontsize',12);axis([0 100,-0.1 1.25]);
title('Error’,'fontsize',13);
subplot(2,2,4);plot(time,sd_set);xlabel('Timesteps','fontsize',12);axis([0 250 0 0.75]);
title('Standard Deviation','fontsize',13);

[peak_transient_error, pos] = max(abs(Y(50:end)-Uc(50:end)));
peak_transient_error_percent = abs(Y(pos))/abs(Uc(pos));

[peak_input_error, pos] = max(abs(Y(1:24)-Uc(1:24)));
peak_input_error_percent = abs(Y(pos))/abs(Uc(pos));
error_mean = mean(error(:));

%Fancy Response Mode

sd_up = Y+sd_set; sd_low = Y-sd_set;

figure(2);

subplot(2,1,1);plot(time,Uc,'--', time, Y, time,sd_up,'r',time,sd_low, r');axis([0 300,-1.75 1.75]);
xlabel('Timesteps','fontsize’,12);legend('u_c','y','1 \sigma Bound');

title('Response to Input','fontsize',13);

for i=1:1:4; THETA_hat(1,:) = sign(THETA_hat(1,:)).*log10(abs(THETA _hat(1,:))); end

RO=THETA_hat(1,:);R1=THETA_hat(2,:);S0=THETA_hat(3,:);S1=THETA_hat(4,:);
for i=1:501; t(i)=i; end

subplot(2,1,2);plot( time,R0,time,R1,time,S0,time,S1);
xlabel('Timesteps','fontsize',14);axis([0 300 -3000 3000]); ylabel('Logarithmic Scale')
title(' Automated System Parameters','fontsize',13); legend('al’,'a2','a3",'b1");
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