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Abstract—An artificial immune system (AIS) based control of 

generator excitation systems for the Navy’s electric ship is 

presented in this paper to solve power quality problems caused by 

high-energy loads such as direct energy weapons. The coordinated 

development of the AIS controllers mainly consists of two parts – 

innate immunity (optimal) and adaptive immunity. The 

parameters of the controllers for the former, to provide optimal 

performance, are determined simultaneously using particle 

swarm optimization (PSO). For dramatic changes in the ship’s 

power system, adaptive control based on the immune system 

feedback law is developed. The feedback law adapts the 

controllers’ parameters only during transient disturbances. 

Post-disturbance, the controllers’ parameters are restored to their 

innate values. A ship’s real-time power system and the proposed 

AIS control of all excitation systems have been implemented on a 

real-time digital simulator and digital signal processor, 

respectively. Results from the hardware-in-the-loop studies show 

that the AIS controllers can provide effective control of all 

generators’ terminal voltages during pulsed loads, restoring and 

stabilizing them quickly. 

 
Index Terms—Electric ship, artificial immune system (AIS), 

particle swam optimization (PSO), pulsed loads. 

 

I. INTRODUCTION 

HE Navy's Future1 Electric ship’s power system is based 

on the integrated power system (IPS) architecture 

consisting of four parts: power generation, propulsion 

systems, hydrodynamics, and a DC zonal electric distribution 

system (DC-ZEDS), all of which provide benefits for flexibility,  

survivability, capability for high energy loads and 

maintainability [1]. In order to maintain power quality in an 

IPS, immediate energy storage devices, with their 

corresponding charging systems, are proposed to make the 

pulsed power required compatible with the supply system [1]. 
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However, this will increase the system’s cost and demand 

larger ship space. The excitation control is one of the most 

effective and economical techniques for stabilizing the terminal 

voltage of the synchronous generators. An optimally-tuned 

excitation system benefits overall operating performance 

during transient conditions caused by system faults, 

disturbance, or motor starting [2]. In order to optimize them, 

many algorithms are extended to the design of the optimal 

excitation controller for the synchronous generators. The two 

predominantly-used methods are the pole-placement method 

and the cancellation approach [2]. However, the transfer 

function and the parameters of the machines are needed, and 

they are not optimally oriented.  In [3], Lyapunov’s direct 

method has been used to optimize the excitation controller. In 

[4], a robust controller is proposed based on the block control 

technique combined with a sliding-mode control approach. In 

[27], a backstepping based control approach is proposed. 

Again, machine parameters are needed. 

Recently, computational intelligence methods have been 

used widely in optimizing excitation controllers such as fuzzy 

set theory [5], particle swarm optimization (PSO) theory [6], 

and online trained neurocontrollers [7], all of which perform 

well at maintaining the terminal voltage. However, 

computational intelligence (CI) based controller designs use 

fitness functions mainly based on rise time, settling time and 

overshoot. Reactive power control in a multimachine power 

system is essential for improved system performance and 

minimization of power losses.  Besides, an optimal excitation 

controller developed using CI techniques can only provide 

optimal performance for the range of operation conditions 

considered in the design. However, because its performance 

degrades when the operation condition changes, adaptive 

excitation controllers are used [8, 9]. Furthermore, the design 

of multiple excitation controllers to provide optimal 

performance with changing operating conditions is a 

challenging task, and one that is critical for Navy applications. 

This requires the coordinated development of the excitation 

controllers and adaptive online operation. 

In this paper, an artificial immune system (AIS) based 

control of excitation controllers for the electric ship is 

presented. There are three main advantages of this control: 

optimal orientation, multi-machine coordinated control and 

adaptability. There are two parts in the AIS-based excitation 

control design, namely innate immunity and adaptive 

immunity. The parameters of the controllers for innate 

immunity, to provide optimal performance, are determined 

simultaneously using particle swarm optimization (PSO). For 

dramatic changes in the ship’s power system, an adaptive 
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control based on the immune system feedback law is 

developed. The feedback law adapts the controllers’ parameters 

only during transient disturbances. Post-disturbance, the 

controllers’ parameters are restored to their innate values. A 

ship’s power system, consisting of four generators, and the 

proposed AIS control of all excitation systems have been 

implemented on a real-time digital simulator (RTDS) and DSP, 

respectively. Results of the hardware-in-the-loop (HIL) studies 

are presented to show that four AIS controllers can provide 

effective control of voltages on the ship’s power system during 

pulsed loads, restoring and stabilizing them quickly. 

The remainder of the paper is organized as follows: Section 

II describes the ship’s power system; Section III provides a 

detailed description of the AIS-based excitation control 

development; Section IV presents the HIL results, and, finally, 

Section V provides a conclusion. 

II.  EXCITATION CONTROL SYSTEM ON AN ELECTRIC SHIP 

A. Integrated Power System (IPS) for the Electric Ship 

The power system of the all-electric ship mainly consists of 

two 36MW main turbine generators (MTGs), two 4MW 

auxiliary turbine generators (ATGs), two 36.5MW advanced 

induction motors (IM), ship service loads, pulsed loads and 

other auxiliary loads [1]. In this system, four 2MW DC zonal 

loads and two pulsed loads, namely a rail gun with 40MW and 

0.75s duration and an EM launcher with 10MW and 3s 

duration, are implemented as shown in Fig. 1 [10]. The rated 

powers for the main and auxiliary generators are 45MVA and 

5MVA, respectively. The rating and parameters in p.u. for the 

main and auxiliary generators are shown in Table I.  
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Fig. 1. IPS of an electric ship. (ATG: auxiliary turbine generator; MTG: main 

turbine generator; PM: Propulsion motor) 

B. Excitation System 

The ship’s power system is small and isolated. The distance 

between the different power system elements is small enough 

that the cable inductances can be neglected. In this case, the 

terminal voltage of four generators is the same, which means all 

four generator excitation controllers respond to the same 

voltage feedback from the system. For reduced maintenance, 

all four generators are equipped with brushless exciters [11]. 

The excitation voltage is controlled by an automatic voltage 

regulator (AVR) that senses the terminal voltage of the 

generator and compares it with a reference value in order to 

regulate the terminal voltage of generators. A simplified AVR 

block diagram is shown in Fig. 2 [12]. 
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Fig.2. A simplified AVR block diagram 

 

As shown in Fig. 2, Vs
* is the rms terminal voltage reference 

of the synchronous generator, and Vs is the measured value. The 

rms line-to-neutral terminal voltage is calculated in terms of 

instantaneous quantities using 
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The subtraction of Vs
* and Vs produces an error voltage 

signal, which is amplified in the regulator. The overall 

equivalent gain and the time constant associated with the 

regulator are simulated by Ka and Ta, respectively. The time 

constants, Tb and Tc, may be used to model equivalent time 

constants inherent in the voltage regulator. Vr,max and Vr,min 

define the maximum and minimum voltage regulator output, 

respectively. [12] 

C. Hardware-in-the-Loop Laboratory Setup 

In order to validate the proposed AIS excitation controls, a 

detailed model of an electric ship’s IPS is simulated in real-time 

on an RTDS, which can closely replicate the dynamics of the 

physical ship’s power system. The RTDS is equipped with D/A 

cards and A/D cards with a range from -10V to +10V. AIS 

controllers are implemented on an Innovative M67 DSP. An 

HIL system between the RTDS and the DSP as shown in Fig. 3 

is developed.  This is realized using the RTDS 16-bit D/A cards 

to send the four generators’ terminal voltage and reactive 

power signals to the DSP 16-bit A/D cards at a 1 KHz sampling 

frequency. The digital excitation controllers of the four 

generators are implemented on the DSP. The DSP 16-bit D/A 

cards send calculated field voltages for the respective 

generators to RTDS 16-bit A/D cards at a 1 KHz sampling 

frequency. 
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 Fig. 3. HIL laboratory setup including RTDS and M67 DSP 

 

 

TABLE I 

MAIN SYNCHRONOUS MACHINE RATINGS AND PARAMETERS. 

Power 45 MVA Frequency 60 Hz 

voltage 13.8 kV  

Xa=0.08 pu Xd=1.352 pu Xd’=0.296 pu Xd’’=0.148 pu

Xq=0.836 pu Xq’’=0.122 pu Ra=0.006 pu Tdo’=4.141 pu

Tdo’’=0.027 pu Tqo’’=0.184 pu   

III. AIS-BASED EXCITATION CONTROLLER 

A. Biological Immune System and Artificial Immune System 

The biological immune system of human beings is a complex 

adaptive system. The interaction of various cells within the 

system has evolved to protect them from invading pathogens. 

Antigen presenting cells (APC) identify the invading antigens 

and activate CD4+T cells to clone and differentiate into 

activated helper T cells (TH cell), which stimulate the B cells. 

Then, B cells will produce antibodies (Ab) to kill the antigens. 

When the number of antigens is reduced, suppressor T cells (TS 

Cell) are activated to suppress the action of TH Cell. The 

process of the biological immune system is illustrated in Fig. 4 

[13-14]. 

 
Fig. 4. Schematic showing the process of a typical biological immune system. 

 

The AIS is a biologically motivated information processing 

system that has many superior optimization characteristics, 

such as flexible adaptability, clone selection, pattern 

recognition and distributed multi-level structure [15, 26]. There 

are two parts in an AIS-based controller design, namely innate 

immunity and adaptive immunity, which are described in 

following two subsections. Innate immunity provides optimal 

control with its fixed parameters, and adaptive immunity 

provides adaptive control with parameter variation.  

B. AIS-Based Excitation Control: Innate Immunity Design 

Innate immunity for excitation systems requires optimal 

controllers, which can be obtained using any optimally 

orientated method. In this paper, particle swarm optimization is 

used to find the optimal AVR parameters for the innate 

immunity design. Although some other computational 

intelligence algorithms have better average convergence, such 

as the clonal selection algorithm, its easy hardware 

implementation ability and fast global best search ability make 

PSO suitable for this study [24]. PSO is a swarm intelligence 

technique (a search method based on nature-inspired systems). 

It is an efficient method for solving complex nonlinear 

optimization problems [16-19] and has been widely used in 

power electronics applications to power systems [20-22]. PSO 

begins with a population of random particles, which are given 

some random positions and velocities in the search space. The 

particles have memory, which is used to keep track of their 

previous best position local best (Pbest) and the corresponding 

fitness. The swarm has a memory that keeps track of the best 

value of all Pbest. The search process is aimed at accelerating 

each particle towards its Pbest and the swarm’s global best 

(Gbest). The velocity and position update equations of the 

particles are given by 

 
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where i is the particle number, w is the inertia constant, c1 and c2 

are the cognitive and social acceleration constants, 

respectively, and R1and R2 are two random numbers with 

uniform distribution in the interval [0,1].  

Due to the symmetry of the IPS, two excitation controllers’ 

parameters for the main generators are the same, as are those of 

the two auxiliary generators. Therefore, two AVRs consisting 

of eight parameters (Ka_main, Ta_main, Tb_main, Tc_main, Ka_aux, Ta_aux, 

Tb_aux, Tc_aux) serve as the PSO particle dimensions.  

Initialization: Randomly initialize a population N of 

particles’ positions and velocities. To have a fast PSO search 

performance, in the laboratory setup, set N as 30 and keep the 

values of w, c1 and c2 fixed at 0.8, 2.0 and 2.0 [22]. The 

initialization range for parameters is obtained by trial and error, 

which can make the system stable. Ka is from 0 to 1000; Ta 

ranges from 0 to 2; Tb ranges from 0 and 20; Tc ranges from 0 to 

5. 

Evaluation: In the excitation control loop shown in Fig. 2, 

the proportional gain Ka and time constants Ta, Tb and Tc must 

be carefully selected to provide satisfactory performance under 

normal and pulsed load conditions. The objective of the PSO 

algorithm is to find these parameters in order to restore and 

stabilize the terminal voltage quickly, especially after pulsed 

loads of different magnitudes and durations.  
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Most objective functions used for excitation controller 

design in the research literature involve settling time, rise time 

and overshoot [14, 23]. The area under the voltage curve during 

and post pulsed load can be calculated using (4). This can be 

used as a fitness function to guide the PSO design process to 

minimize the time response characteristics, such as rise time, 

overshoot and settling time. 

tkVVkVVFitness
n
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ssss  


})]1([)]([{
2

1

1

2*2*       (4) 

where  

V
*
s   reference terminal voltage value; 

k    sampling instant; 

t    sampling interval; 

Vs    measured terminal voltage; 

 

However, it is possible that some generators could output 

negative reactive power while the others output positive 

reactive power if terminal voltage is the only factor considered 

during the tuning of excitation controllers. In this case, the 

current in the transmission line could be much higher, which 

means thicker wire and more heat. Therefore, a fitness function 

(5) that involves both terminal voltage and reactive power is 

preferred.  
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where  

QMTG1  reactive power of MTG1 in steady state; 

QMTG2  reactive power of MTG2 in steady state; 

QATG1  reactive power of ATG1 in steady state; 

QATG2  reactive power of ATG2 in steady state; 

Update: The position and velocity of the i
th particle is 

updated using (2) and (3). 

In order to tune AVR parameters, three different kinds of 

pulsed loads are applied. The first is a 40MW pulsed load with 

a 0.75-second duration; the second is a 10MW pulsed load with 

a 3-second duration; the third is an overlap of the first two 

pulsed loads. In this case, the ship’s excitation controller will 

achieve an innate immunity toward these three pulsed loads or 

other pulsed loads close to this range.  

C. AIS-Based Excitation Control: Adaptive Immunity Design 

Using the procedures explained in the previous section, all 

innate immunity parameters (Ka_main, Ta_main, Tb_main, Tc_main, 

Ka_aux, Ta_aux, Tb_aux, Tc_aux) are found using PSO. Based on these 

determined optimal values, the adaptive immune controller is 

designed. The input of the AIS controller is the deviation of the 

bus voltage ΔV(k) at time instant k, which can be regarded as 

the antigens. The objective of AIS is to minimize the antigens. 

Therefore, AIS activates helper T cells to eliminate antigens. 

The mathematical representation of this process can be shown 

using (6): 

)()( 1 kVmkTH                                   (6) 

 

where 

m1 is the stimulating factor of the helper T cells; 

In order to balance the AIS and suppress the action of TH 

cells, the TS cells are introduced. Their mathematical 

representation is shown inEquation (7). 
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where 

m2 is the suppressor factor of the suppress T cells. 

The B cells activated by TH cells and TS cells can be 

represented using (8).  

)()()( kTSkTHkB                 (8) 

The biological immune system can not only defend invading 

antigens but can also have a killing effect on self-antigens when 

the immune responses are inappropriately too high or too low 

[14]. Therefore, a limitation function is added, and the antibody 

can be represented as (9).The upper limit value and lower limit 

value are the upper range and lower range of the initialization 

range of parameters, respectively. 

 )()( kBINLimitationkAb             (9) 

where 

IN  is the innate immunity parameter value. 

Since the ship’s power system includes four excitation 

controllers, four AIS controllers have been implemented. The 

schematic diagram of the AIS control for the ship’s power 

system is shown in Fig. 5. In this figure, the input for the AIS 

controller of MGT1, MGT2, AGT1 and AGT2 are the 

deviation terminal voltages (pu) of Bus 1, 5, 3 and 7, 

respectively. The two main generators should perform 

identically, as should the two auxiliary generators; therefore, 

the innate immunity parameters and their constraints for AIS 

control of MTG1 and MTG2 are the same, as they are for AIS 

control of ATG1 and ATG2. 

In this paper, PSO is used for tuning all eight TS suppression 

factors (m2, m4, m6, m8, m10, m12, m14, m16) and eight TH 

stimulating factors (m1, m3, m5, m7, m9, m11, m13, m15).  
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Fig. 5. Schematic of an AIS-based excitation controller for the ship’s power system. 
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IV. RESULTS 

An AIS-based excitation controller consists of two parts: 

innate immunity and adaptive immunity. Innate immunity is 

first obtained using PSO with a presented fitness function. 

Then, adaptive immunity is obtained using PSO. Both innate 

and adaptive immunity work together to provide adaptive 

parameters for the excitation controller. In subsection A, the 

performance of the presented objective function for generator 

coordinate control is given. In [24], the pole placement-based 

controller, the predominantly used method, is compared with 

the PSO-based excitation controller. The results show that the 

PSO-based controller displays better performance than the 

pole-placement method-based excitation controller. In 

addition, although statistical analysis shows that different 

CI-based controllers such as PSO, CSA, population-based 

incremental learning (PBIL) and small population PSO 

(SPPSO) display different average convergence performance, 

their global best searching performances are similar with 

certain trial numbers for excitation controller tuning [24, 25]. 

Therefore, in subsection B, a PSO-based controller is compared 

with an AIS-based excitation controller because of its ease of 

implementation.  

A. AIS-Based Excitation Controller: Innate Immunity 

To verify the effectiveness of the presented fitness function 

for the PSO-based optimal excitation controller, two case 

studies have been conducted.  

Case Study 1: In this study, PSO uses the fitness function 

given in (4) to tune the excitation controllers, while the 

parameters of excitation controllers for two main generators, as 

well as for two auxiliary generators, are set to be different. The 

tuned parameters of four excitation controllers for Case Study 1 

are shown in Table II. The results for a 40MW and 0.75s 

duration pulsed load are shown in Figs. 6 through 10. The 

terminal voltage for four generators is shown in Fig 6. The field 

voltage and current are shown in Figs. 7 and 8, respectively, 

while the active power and reactive power for four generators 

are shown in Figs. 9 and 10, respectively. In Figs. 9 and 10, the 

field voltages and currents for four generators are different 

from each other, which results in different generator reactive 

power outputs. In this case, although the terminal voltage 

performs well, the power system is not balanced. Some 

machines are stressed while others are not, which is not 

desirable. Therefore, it is necessary to set the excitation 

controllers for two main generators, as well as for the two 

auxiliary generators, to be equal. In Fig. 10, although the 

terminal voltage performance is good and the active and 

reactive loads are constant, auxiliary generator 2 is absorbing 

reactive power because there are no reactive power constraints, 

which means other generators need to inject more reactive 

power. In this case, the current flowing through the 

transmission cables will be higher, and the heat and power loss 

will be greater. Therefore, reactive power must be taken into 

consideration in the fitness function as shown in (5).  

 

 

 
TABLE II 

PARAMETERS OF THE OPTIMAL EXCITATION CONTROLLERS USING (4) 

 

Excitation 

controller for 

MTG 1 

Excitation 

controller for 

MTG 2 

Excitation 

controller for 

ATG 2 

Excitation 

controller for 

ATG 2 

KA 430.422 676.4943 594.107 301.825 

TA 0.0675 0.001 0.230 0.574 

TB 16.603 10.515 10.000 10.000 

TC 1.010 1.000 1.000 1.000 

 

 
Fig. 6. Terminal voltage responses of the generators for a rail gun pulsed load 

with excitation controllers’ parameters obtained from PSO tuning using the 

fitness function given in (4). 

 
Fig. 7. Field voltages for a rail gun pulsed load with excitation controllers’ 

parameters obtained from PSO tuning using the fitness function given in (4). 
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Fig. 8. Field currents for a rail gun pulsed load with excitation controllers’ 

parameters obtained from PSO tuning using the fitness function given in (4). 

 
Fig. 9. Active power outputs of the generators for a rail gun pulsed load with 

excitation controllers’ parameters obtained from PSO tuning using the fitness 

function given in (4). 

 
Fig. 10. Reactive power outputs of the generators for a rail gun pulsed load with 

excitation controllers’ parameters obtained from PSO tuning using the fitness 

function given in (4). 

 

Case Study 2: In this case study, fitness function (5) is used 

for the PSO-based tuning of excitation controllers’ parameters. 

The parameters of the two main generators’ excitation 

controllers, as well as those of the two auxiliary generators, are 

set to be identical. The tuned parameters of four excitation 

controllers for Case Study 2 are shown in Table III. The results 

for a 40MW and a 0.75s duration pulsed load are shown in 

Figs. 11 through 15. The terminal voltage of the four generators 

is shown in Fig 11. The field voltages and currents are shown in 

Figs. 12 and 13, respectively, while the active and reactive 

powers of the four generators are shown in Figs. 14 and 15, 

respectively.   
 

TABLE III 

PARAMETERS OF THE OPTIMAL EXCITATION CONTROLLERS USING (5) 

Excitation controller for MTG 1&2 Excitation controller ATG 1&2 

KA_MAIN 501.5 KA_AUX 498.6 

TA_MAIN 0.001 TA_AUX 0.246 

TB_MAIN 8.106 TB_AUX 12.168 

TC_MAIN 1.299 TC_AUX 1.305 

 

Fig. 15 shows that the reactive powers of the four generators 

are positive and that the system is balanced, unlike in Case 

Study 1. Therefore, fitness function (5) is preferred. 

 
Fig. 11. Terminal voltage responses of the generators for a rail gun pulsed load 

with excitation controllers’ parameters obtained from PSO tuning using the 

fitness function given in (5). 

 Fig. 12. Field voltages for a rail gun pulsed load with excitation controllers’ 

parameters obtained from PSO tuning using the fitness function given in (5). 
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Fig. 13. Field currents for a rail gun pulsed load with excitation controllers’ 

parameters obtained from PSO tuning using the fitness function given in (5). 

 
Fig. 14. Active power outputs of the generators for a rail gun pulsed load with 

excitation controllers’ parameters obtained from PSO tuning using the fitness 

function given in (5). 

 
Fig. 15. Reactive power outputs of the generators for a rail gun pulsed load with 

excitation controllers’ parameters obtained from PSO tuning using the fitness 

function given in (5). 

B. AIS-Based Excitation Controller: Adaptive Immunity 

To verify the effectiveness of the AIS-based controllers, 

several comparisons between AIS-based controllers and 

PSO-based optimal excitation controllers have been made in 

Table III. The stimulating and suppression factor (m constant) 

parameters obtained by PSO are shown in Table IV. 
 

TABLE IV 

PARAMETERS FOR TH STIMULATING AND TS SUPPRESSOR FACTORS 

TH stimulating factors TS suppressor factors 

m1 5785.394 m2 27918.073 

m3 3.052 m4 8.3012 

m5 112.832 m6 149.644 

m7 15.715 m8 12.244 

m9 5987.508 m10 28731.390 

m11 100 m12 91.528 

m13 135.809 m14 99.147 

m15 16.235 m16 13.470 

 

A detailed comparison using a 40MW pulsed load with a 

0.75s duration has been made in Figs. 16 through 20. The 

comparison of terminal voltages for two controllers is shown in 

Fig. 16, which clearly demonstrates that AIS-based controllers 

can reduce oscillation caused by pulsed loads better than 

PSO-based controllers. In Figs. 17 and 18, the dynamic 

variation of parameters for the AVRs of two main generators 

and those of two auxiliary generators has been given, 

respectively. Parameters adaptively vary away from their 

optimal innate immunity values during the pulsed load, which 

is regarded as an invading antigen. The variation in the 

magnitude of parameters is well-controlled by the stimulating 

and suppressor factors of the AIS controller based on the 

invading antigen. After the disturbance, parameters again 

return to their optimal innate immunity values. The 

comparisons of field voltage and current have been shown in 

Figs. 19 and 20, respectively, which show the effect of 

variation for parameters. 

 
Fig. 16. Comparison of terminal voltages of a main generator for a rail gun 

pulsed load observed using a PSO-based optimal excitation controller and an 

AIS-based excitation controller. 
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Fig. 17. Dynamic variation of parameters of an excitation controller of a 

main generator for a rail gun pulsed load observed using a PSO-based optimal 

excitation controller and an AIS-based excitation controller. 

 
Fig. 18. Dynamic variation of parameters of an excitation controller of an 

auxiliary generator for a rail gun pulsed load observed using a PSO-based 

optimal excitation controller and an AIS-based excitation controller.  

 
Fig. 19. Comparison of field voltages of generators for a rail gun pulsed load 

observed using a PSO-based optimal excitation controller and an AIS-based 

excitation controller. 

 
Fig. 20. Comparison of field currents of generators for a rail gun pulsed load 

observed using a PSO-based optimal excitation controller and an AIS-based 

excitation controller. 

 

 A comparison using a 10MW pulsed load with a 3s duration 

(EM launcher) has been made in Fig. 21, which shows that the 

AIS controller performs better than the PSO-based optimal 

controller.  

 
Fig. 21. Comparison of terminal voltage (system voltage) for an EM 

launcher pulsed load observed using a PSO-based optimal excitation controller 

and an AIS-based excitation controller.  

 

Two more comparisons with different pulsed loads are 

shown in Figs. 22 and 23. In Fig. 22, system voltage is shown 

for an overlap of an EM launcher pulsed load and a 40WM, 

0.75s duration pulsed load. The EM launcher pulsed load is 

fired first, and after 2.25s, the other is fired. They are switched 

off at the same time. In Fig. 23, a comparison using a 0.75s 

duration pulsed load with different magnitude has been made.  

Figs. 16 through 23 show that the AIS-based excitation 

controller can perform better than the PSO-based optimal 

excitation controller. 
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Fig. 22. Comparison of terminal voltage (system voltage) for overlapping of 

two pulsed loads observed using a PSO-based optimal excitation controller and 

an AIS-based excitation controller. 

 
Fig. 23. Comparison of terminal voltage responses (system voltage) for a rail 

gun pulsed load with a 30MW and a 0.75s duration observed using a PSO-based 

optimal excitation controller and an AIS-based excitation controller. 

V. CONCLUSION 

Artificial immune system-based excitation controllers have 

been developed for an electric ship’s power system. The 

objective of the excitation controllers is to minimize the voltage 

deviations and power losses when pulsed loads are directly 

energized by the shipboard’s power system. Real-time 

simulation of the ship’s power system on a real-time digital 

simulator and of the AIS controllers on an M67 Innovative DSP 

has been carried out. The main implementation difficulty is to 

find the initialization range for the controller parameters. A bad 

range may lead to controller instability during tuning or 

pre-matured solution. Because it is assumed that no machine 

parameters are known, the initialization range is obtained by 

trial and error. However, if machine parameters are given, 

classical methods such as root locus analysis can be employed 

to calculate the stable and reasonable initiation range for an 

AIS-based controller. 

The advantages of the AIS controller structure presented in 

this paper are that it provides optimal performance (innate 

immunity) for known disturbances and it adapts its parameters 

for unknown disturbances to provide improved performance 

(adaptive immunity). Compared with the PSO-based optimal 

controller, the hardware-in-the-loop simulation results show 

that the AIS-based controller can restore and stabilize the 

terminal voltage effectively and very quickly after high power 

pulse loads are experienced. The controller design based on the 

fitness function, taking into account the terminal voltage 

(system voltage) deviation and steady state reactive power 

outputs of the generators, ensures that no generator is absorbing 

reactive power. 
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