
ABSTRACT 

 

MATTSON, MICHAEL GLENN. Multi-objective Optimization of Semi-active Vehicle 

Suspension Control. (Under the direction of Gregory D. Buckner). 

 

In this thesis is demonstrated a method for determining the optimality of control algorithms 

based on multiple performance objectives. While the approach is applicable to a broad range 

of dynamic systems, this thesis focuses on the control of semi-active vehicle suspensions. 

The two performance objectives considered are ride quality, as measured by absorbed power, 

and thermal performance, as measured by power dissipated in the suspension damper. A 

multi-objective genetic algorithm (MOGA) is used to establish the limits of controller 

performance. To facilitate convergence, the MOGA is initialized with popular algorithms 

such as skyhook control, feedback linearization, and sliding mode control. The MOGA 

creates a Pareto frontier of solutions, providing a benchmark for assessing the performance of 

other controllers in terms of both objectives. Furthermore, the MOGA provides insight into 

the remaining achievable gains in performance. 
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1.  Introduction 

The design of control algorithms for semi-active vehicle suspensions has been an active 

research field for over forty years [1, 2]. Semi-active actuators, such as magnetorheological 

(MR) fluid dampers, offer many of the benefits of their fully active counterparts with less 

cost and complexity [3, 4]. While active vehicle suspensions remain confined to research 

labs, MR fluid dampers are now commercially available in automobiles from GM, Audi, and 

Holden and are being incorporated into heavier offroad vehicles. 

Numerous control algorithms have been developed for semi-active suspensions [1, 3-12]. To 

date, the most prevalent algorithm is “skyhook control”, wherein the controller seeks to 

emulate a damper connected between the vehicle body (sprung mass) and an inertial 

reference. In other words, the controller attempts to minimize absolute velocity of the sprung 

mass. Additional methods for semi-active control include a “relative control” algorithm with 

simplified measurement requirements but similar reductions in sprung mass acceleration [5], 

a modified skyhook control using sprung mass jerk rather than velocity, and “limited relative 

displacement control” employing high damping control ratios at large relative suspension 

deflections [6]. Another approach targets optimal ride for a specific point in the vehicle, not 

necessarily the center of gravity [7]. 

Optimal control techniques have also been applied to MR dampers [9-12]. The full optimal 

control problem is nonlinear and requires Pontryagin’s Minimum Principle to account for the 

bounds on semi-active control. Simplified “clipped optimal” controllers overcome many of 



 2 

the difficulties of constrained optimal control [9]. In deriving the “clipped optimal” control 

input, the damper force is assumed to be linear and unbounded. The actual input is then 

constrained to the passivity limits of semi-active control. The “clipped optimal” controller 

has been shown to be nearly optimal.  

To date, the performance of new semi-active controllers is often measured against other 

control schemes (including optimal) [7], passive systems [13], or fully active 

implementations [5].  The primary focus of these comparisons has often been on ride quality, 

i.e. minimizing sprung mass acceleration, while other performance metrics (such as “wheel 

hop” or handling [14]) have been considered only infrequently.  However, as semi-active 

dampers move from theory and experimental prototyping into the production realm, new 

challenges and considerations arise.  In particular, heavier vehicle applications require that 

dampers be equipped for large energy dissipation or risk elevated temperatures. Elevated 

temperatures can be detrimental to the fluid, seals, and other components of a damper.  

Therefore, it is beneficial to evaluate new control algorithms based on multiple performance 

objectives including damper temperature rise.  Recently, several control schemes for 

providing temperature relief through control decisions have been considered, but these only 

provided small improvements and inconsistent results [15]. 

An optimization tool that accounts for multiple control objectives could serve as a global 

benchmark for controller evaluation. Additionally, this optimization tool may provide a basis 

for understanding if additional performance improvements are achievable with new control 
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schemes. In addition, such a tool could provide a robust justification for selecting a specific 

real-time control strategy. 

A multi-objective genetic algorithm (MOGA) is demonstrated in this thesis to establish the 

limits of performance in terms of both ride quality and damper thermal response.  Multi-

objective optimization can lead to a frontier of optimal solutions, known as the Pareto 

frontier [16], and genetic algorithms (GAs) are ideally suited to creating the Pareto frontier 

due to their inherent ability to consider multiple solutions simultaneously. While the multi-

objective problem can be formulated as an optimal control problem involving the two 

performance criteria, this requires arbitrary weighting parameters, is impossible to solve 

analytically, and is often difficult to solve numerically. By utilizing a MOGA to create this 

frontier of solutions, control designers can assess and compare the performance benefits of 

various control algorithms and weigh developmental effort against expected performance 

increase. However, the outcome of this effort does not provide a novel method for controlling 

the vehicle in real-time because the control scheme is developed with full knowledge of 

course terrain and independent of decision making schemes.   

2. Vehicle Model 

A two degree-of-freedom quarter car model is used to simulate the vertical dynamics of a 

high-mobility heavy off-road vehicle, Figure 1. The model consists of a tire (unsprung) mass 

tm  supported by a tire stiffness 
tk .  The sprung mass 

sm  is supported above the unsprung 
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mass by a suspension system with stiffness 
sk  and nominal passive damping 

dc . 
MRF  is the 

control force produced by the MR damper. 

 

Figure 1. Quarter Car Model 

The dynamics of the quarter car are governed by equations (1)-(4). 

 

   1 2x t x t  (1) 

 

              2 3 1 4 2

1
s d MR

s

x t k x t x t c x t x t F t
m

      (2) 

 

   3 4x t x t  (3) 

 

                   4 3 3 1 4 2

1
t s d MR

t

x t k D t x t k x t x t c x t x t F t
m

        (4) 

 1x t  represents the displacement of the sprung mass,  2x t  is the velocity of the sprung 

mass,  3x t  is the displacement of the tire,  4x t  is the velocity of the tire, and  D t  is the 

displacement of the terrain. 
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Magnetorheological Dampers 

Viscous dampers generate speed-dependent force as the working fluid interacts with internal 

orifices or valves.  Controlled dampers modulate these forces by mechanically modifying the 

valve area or by modifying the fluid’s viscosity as it passes through the valve.  

Magnetorheological (MR) fluid dampers accomplish the latter by manipulating the voltage 

applied to an electromagnetic coil in proximity to the valve. An MR damper’s lower (off 

state) force bound is fixed by the non-magnetized fluid viscosity and the valve area.  Its 

upper (on state) force bound is determined by the fluid’s iron content, current limits, 

magnetic flux saturation, and other hardware constraints.  Generally, a MR damper’s on state 

and off state produce a controllable force range similar to that shown in Figure 2. 

 

Figure 2. Control bounds for semi-active dampers 
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Various methods exist for modeling the damping characteristics of MR fluid actuators [17, 

18]. Many control algorithms assume a bilinear control input [10]; however a hyperbolic 

tangent relationship between the force and relative velocity more accurately models the 

damping characteristics, implemented as 

 

         max 4 2tanhMRF t u t F x t x t  , (5) 

where  u t  is the normalized control input (constrained to  0 1u t  ). 
maxF  is the 

maximum achievable damping force and   is a scalar that ensures 90% of the maximum 

achievable force is reached at a damper velocity of 1.5 / .  

Equations (1) - (4) neglect certain nonlinearities (suspension bump-stops, tire lift-off, 

Coulomb friction, etc.) that could be important. Instead, these equations focus on one critical 

nonlinearity, the damping relationship of Figure 2, to demonstrate the design of preliminary 

control algorithms for GA initialization. However, additional nonlinearities could readily be 

incorporated if desired. 

The damper’s thermal response is characterized using the first order lumped capacitance 

model 

 

      5 5

1

therm

x t h x t j t
m

    , (6) 

where  5x t  is the rise in damper temperature from ambient. 
thermm  represents the damper’s 

“thermal mass”  and h  is the convective heat transfer coefficient.  
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The instantaneous dissipated power  j t  is calculated according to 

 

            4 2 4 2d MRj t x t x t c x t x t F    . (7) 

Vehicle and Terrain Parameters 

The vehicle parameters listed in Table 1 are representative of heavy off-road vehicles in 

production today. These vehicle parameters, coupled with the offroad terrain data and speed  

( 25 /km hr ) used in simulations, represent a significant challenge for semi-active vehicle 

suspensions due to the extreme mechanical and thermal loads exerted on the damper. 

Table 1. System parameters 

Description Variable Value Units 

Quarter car sprung mass 
sm  1500 kg  

Unsprung mass 
tm  220 kg  

Suspension stiffness 
sk  90,000 /N m  

Tire stiffness 
tk  650,000 /N m  

Off state damping 
dc  2300 /N s m  

Maximum MR damper force 
maxF  8650 N  

On state tanh  shaping parameter   21.4 /s m  

Convection coefficient h  8.5 /W K  

Thermal mass 
thermm  7000 /J K  
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The offroad terrain used for vehicle simulations is a 6.35cm  ( 2.5inch ) RMS pseudo-random 

course profile developed by Lord Corporation at their vehicle test facility in Moncure, North 

Carolina. The course features a series of crests of varying heights spaced in a pseudo-random 

manner.  

3. Multi-Objective Genetic Algorithms 

Genetic algorithms are heuristically developed optimization methods based on principles of 

natural selection. GAs seek to minimize (or maximize) one or more objective functions using 

computational techniques motivated by biological reproduction. These algorithms mimic 

natural selection by creating populations of “individuals” (in this case semi-active vehicle 

suspension control inputs), selecting “parents” to create “children”, and the “fittest” 

individuals survive (are preserved for use in the next generation). The fitness of an individual 

is measured using one or more objective functions. 

GAs offer a number of advantages over other optimization techniques. They are zero-order 

methods, relying only on objective function information. They are concurrent by design, 

which makes them easily parallelizable for modern multi-core and multi-threaded processors. 

GAs maintain feasibility for each solution, whereas other methods require iterative penalty 

methods. Furthermore, they are capable of finding global solutions to multi-modal (multiple 

local minima) optimization problems [19]. GAs have been applied to a number of interesting 

design optimization problems, such as trusses [20] and active vehicle suspension systems 

[21]. They have also been used to find controller gains [22] and solve optimal control 
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problems [23]. In [23], the authors found that GAs were better suited to solving discrete time 

optimal control problems than other popular optimization methods. 

The design of GAs has been exhaustively studied in the literature [19]. The general algorithm 

structure involves the following steps: encoding, population initialization, fitness evaluation, 

parent selection, genetic operators, and termination criterion. Encoding refers to how the 

string of design information is represented in each individual, typically binary or real-valued. 

The population can either be initialized randomly or systematically. Fitness evaluation is 

often based on the objective functions; however, more advanced techniques exist for multi-

objective problems [24]. Many options exist for the remaining optimization operators.  

Parental selection involves choosing which existing designs will be used in crossover (the 

process of combining parent designs to create new children) and mutation (the random 

change of all or part of an individual’s design). Termination criteria are decisions concerning 

when the optima have been achieved.  The structure of a GA is shown in Figure 3.  



 10 

 

Figure 3. Genetic Algorithm structure 

Multi-objective optimization problems differ from single-objective optimization problems in 

a number of ways. Single objective optimization algorithms attempt to minimize a single 

objective function  F x , where x  is a vector of the design variables. Solutions to multi-

objective optimization problems depend on complex interactions between multiple objective 

functions      1 2, ,..., NF x F x F x . If the objective functions are “cooperative” (where 

simultaneous reductions in all objective functions can be achieved), then the solution 

converges to a single design (or multiple designs with the same objective function values). If 

the objective functions are “conflicting” (where reductions in one or more objective functions 
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can only be achieved by increases in others), then a Pareto frontier of solutions exist [16]. 

Both optimization problems can contain equality and inequality constraints on the design 

variables. 

Objective Functions 

The two objective functions used in this research, absorbed power and mean dissipated 

power, reflect ride quality and thermal performance, respectively. Ride quality considers the 

comfort of the passengers in the vehicle and is important for safety and fatigue mitigation. 

Thermal performance, or the effect of damper control on temperature rise, is important for 

minimizing component wear and extending seal durability. 

Absorbed Power 

Absorbed power is a widely accepted measure of ride quality [25,26]. The vertical 

component of absorbed power 
1F  is given by  

 

2

1

1

N

i i

i

F C A


 , (8) 

where 
iA  is the RMS acceleration within the 

thi  spectral frequency band. The constants 
iC  

are functions of frequency and are available in [25].  

Mean Dissipated Power 

The mean dissipated power 
2F  is the average mechanical energy that a semi-active damper 

must dissipate per second, defined by 
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                  4 2 4 2 max 4 2

0
2

tanh

ft

d

f

x t x t c x t x t u t F x t x t dt

F
t

   




. (9) 

Dampers are designed to convert mechanical power into heat; this obviously leads to 

elevated temperatures in the damping hardware. Mean dissipated power is an effective 

measure of thermal performance because the average mechanical dissipated power is directly 

proportional to the temperature rise.  

Of added interest, it is noted that two papers also link the amount of energy dissipated in the 

suspension to the forward power draw on the vehicle in off-road applications [27, 28]. While 

this aspect is not considered here, minimizing mean dissipated power may offer simultaneous 

benefits to hardware temperature and forward power requirements.  

MOGA Parameters 

The design variables for this multi-objective optimization problem are the discrete control 

inputs  u i , where  i  is the sample number 0 46,000i  . The discretization time interval 

is 0.001secT   (hence each simulation duration is 46.0 seconds). Note that each control 

input is subject to the constraints of magnetorheological dampers in (5):  0 1u i  . The 

state equations (1) - (4) and (6) are integrated using a 4
th

-order Runge-Kutta algorithm in 

order to evaluate the objective functions (8) and (9)  for each individual in the population. 

 Real value encoding is used for the control inputs 

 

   0,1ku i  , (10) 
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where  ku i  is the control input at time t iT  and generation k . 

One advantage of GAs is their ability to find optimal solutions via random initialization. 

However, random initialization incurs the cost of slower convergence times. By relying on 

well-established control techniques to create the initial population, computational 

requirements can be greatly decreased. For the application presented here, the population is 

initialized with 1000 individuals created using a number of well known control strategies 

(described in Population Initialization, below).  

In standard genetic algorithms, parents are selected from the population in a way that favors 

fitter individuals. In this manner, the best existing design information is combined in order to 

produce the fittest children. However, for the application presented here, all the individuals 

that survive each generation are Pareto optimal (i.e. non-dominated), thus no parents provide 

a better combination of objective values than others. Therefore, parents are selected from the 

population with equal probability. Furthermore, the survival criterion of being Pareto optimal 

allows the population size to change with each generation because an unknown number of 

Pareto optimal individuals may be created at each generation. However, due to RAM 

limitations, the population is limited to 1000 individuals. If the population size crosses this 

threshold, similar designs are eliminated in order to reduce the population by approximately 

50%. 
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After selecting the parents, crossover and mutation operations are performed. Arithmetic 

crossover is performed on 90% of the selected parents, whereby two children are created 

from the weighted sum of two parents, 

 
 

 

1

1

k k k

j n m

k k k

l n m

C rP r P

C r P rP

  

  
, (11) 

where k

jC  is the thj  child in generation k , k

nP  is the 
thn  parent in generation k , and r  is a 

random scalar value 0 1r  . Children of the remaining 10% of selected parents are exact 

copies of the parents. 

Crossover is performed until the population number is doubled. Then each individual has a 

5%  probability of undergoing mutation. If an individual is selected for mutation, each 

control input in the string has a 5%  chance of being randomly replaced. Finally, only the 

Pareto optimal individuals survive to the next generation. For the termination criterion, a 

generation limit is used, and the resultant population is evaluated to determine convergence. 

Population Initialization 

85% of the initial MOGA population is created from popular and well-documented semi-

active control algorithms (presented in greater detail below): skyhook control (40%), 

feedback linearization (40%), and sliding mode control (5%).  By utilizing these well-known 

control algorithms, convergence of the MOGA to the Pareto frontier is facilitated. The 

remaining 15% of the population is initialized with constant control input (5%), sinusoidal 

control input (5%), and random control inputs (5%). For the constant control input,  0

ju i r  
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for all i , where r  is a random scalar 0 1r  . For the sinusoidal control input, 

   0 0.5 0.5sinju i r i h    , where r  is again a random scalar. For the random control input 

   0

ju i r i , where a new random value  r i  is generated for each control input in the 

string.  

Each of the control algorithms are developed in the continuous time domain assuming full 

state measurement. While estimation of states is an important consideration in the design and 

implementation of real controllers, the purpose of this study is to provide a theoretical upper 

limit on controller performance. Furthermore, the MOGA adapts the control inputs without 

regard of the states or even a specific feedback form.  

Skyhook Control 

Skyhook control is one of the most popular semi-active control algorithms [4, 6]; it has been 

shown to provide an excellent combination of performance and ease of implementation for 

vibration absorption in vehicles and structures [4]. Skyhook control is motivated by placing a 

theoretical damper between the sprung mass (the vehicle body) and an inertial vertical 

reference. Skyhook control is defined by  

 

      
 2

4 2

max

max 0.0,min 1.0,sgn
skyc x t

u t x t x t
F

     
     

     

,  (12) 

where 
skyc  is the desired damping rate for the theoretical skyhook damper. 
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Feedback Linearization  

Feedback linearization is an intuitive and effective control algorithm that attempts to cancel 

dynamic nonlinearities and impose desired closed loop linear dynamics [29]. The algorithm 

works well when the system dynamics are well known (minimal modeling uncertainty) and 

can be represented in companion form. However, in practice, un-modeled dynamics and 

uncertainty can greatly limit the effectiveness of this approach. 

For the quarter car model, it can be shown that using the control input 

 

 
           

     
3 1 4 2 2

max 4 2tanh

s d sk x t x t c x t x t m x t
u t

F x t x t





    



, (13) 

reduces the sprung mass acceleration (2) to 

 
   2 2x t x t  , (14) 

where   represents a desired linear feedback gain. However, this gain may not be achievable 

in practice, as the control input is limited to   0 1u t  . 

Sliding Mode Control 

Sliding mode control (SMC), also known as variable structure control (VSC), is a popular 

robust control algorithm for uncertain nonlinear systems, especially in robotics. It is similar 

to feedback linearization, but accounts for model uncertainty by introducing a switching 

term. Excellent descriptions of sliding more control are provided in [29] and [30]. SMC has 

been utilized for active vehicle suspensions [31] and semi-active vehicle suspensions [32]. 
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SMC guarantees that a specified “sliding surface”, or manifold, is reached in finite time and 

that the system stays on that surface for all time [30]. For the quarter car model, the sliding 

surface is specified to be the sprung mass velocity 

    2s t x t . (15) 

A candidate Lyapunov function is 

 
21

2
V s t . (16) 

To ensure robust stability, the time derivative of this Lyapunov function given in (17) needs 

to be negative definite ( 0V  ). The time derivative of (16) is 

           

       

3 1 4 2

max 4 2

1

tanh

s d

s

V s t k x t x t c x t x t
m

u t F x t x t

   

 

. (17) 

 If the control input  u t  is chosen to be 

 
             

     
3 1 4 2

max 4 2

sgn

tanh

s d sk x t x t c x t x t m s t
u t

F x t x t





    



, (18) 

(17) simplifies to 

         sgnV s t s t s t s t   , (19) 

which is negative definite for unrestricted control input. However, in order to replicate the 

semi-active response of the MR damper, the control is restricted to  0 1u t  . The 

switching gain   must be chosen to bound all uncertainties in the system. Since the choice 
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of this gain has a large impact on system performance, it is considered a tunable parameter 

for the initial MOGA population. 

 Optimal Control 

Optimal control synthesis for semi-active suspensions is complicated due to the two point 

boundary value problem (involving the state and costate equations) and the required use of 

Pontryagin’s Minimum Principle. These difficulties can be overcome using an approach 

known as “clipped optimal” control [9]. In “clipped optimal” control, the control inputs are 

developed using optimal control theory [33] without regard to the constraints of the semi-

active systems (  0 1u t  ).  When implemented, the control input is saturated or “clipped” 

based on these constraints. Since the goal of the study is to create the multi-objective Pareto 

frontier, a simplified optimal controller is developed similar to the one in [9]. The genetic 

algorithm is expected to provide any additional optimization that was lost in using this 

suboptimal controller in place of solving the full nonlinear optimal control problem. 

In order to simplify the analytical result, a linear control law is assumed as 

          max 4 2tanhv t u t F x t x t  . (20) 

After finding the optimal control law for the linear system, the actual control input  u t  is 

chosen to approximate  v t , subject to the aforementioned constraints. Furthermore, the cost 

function J  is greatly simplified to only account for squared sprung mass acceleration and 

squared dissipated power. 
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    2 2

1 2 2

0

ft

J x t j t dt     , (21) 

where 
1  and 

2  are scalars that weight the acceleration  2x t
 
and power  j t , (7), 

respectively. The solution of (21) requires formulating the Hamiltonian, 

 
i iH f L , (22) 

 

where 
if  refers to state equations given in (1) - (4) and (6) , and the Lagrangian is  

    2 2

1 2 2x t j t  L . (23) 

In order to determine the optimal control  *v t , a boundary value problem involving  the 

state and co-state equations has to be solved. A number of techniques exist, including 

discretization, pseudo-spectral methods, and shooting. However, since the main goal of this 

thesis is developing the Pareto frontier, which MOGAs are better suited for, only the case of 

minimizing acceleration squared is presented (
1 1   and 

2 0  ). It can be shown that this 

case essentially simplifies to full state feedback linearization with the optimal control input  

            *

3 1 4 2s dv t k x t x t c x t x t    . (24) 

The actual control input  u t  is chosen that best approximates  *v t subject to the semi-

active constraint  0 1u t  . 
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4. Results 

The results presented here first detail the initial population performance with respect to the 

objective functions (8) and (9). It is important to understand how the controller gains affect 

performance in order to seed the initial MOGA population. The results of the MOGA are 

presented next. Controllers providing the lowest absorbed power are then compared to those 

providing the lowest mean dissipated power. 

Multi-objective Performance Frontiers 

Three of the control algorithms presented (skyhook, feedback linearization and sliding mode) 

have tunable parameters (controller gains) that significantly affect the system responses, 

while the “clipped optimal” controller has a unique solution. The tunable parameters for each 

controller include 
skyc  for the skyhook algorithm (12), the switching gain   for the SMC 

(18)  and the closed loop feedback gain  for the feedback linearization controller (13). 

The effects of the skyhook parameter on these objective functions are presented in Figure 4. 

There exists a narrow range of values that minimizes absorbed power, Figure 4(a). However, 

increasing 
skyc  decreases mean dissipated power until the control algorithm essentially 

transforms into “bang-bang control”, Figure 4(b). The performance frontier for this controller 

is shown in Figure 4(c). These results demonstrate that these objective functions are 

conflicting; a unique solution does not exist. 
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 (a)              (b) 

 

(c) 

Figure 4. Effects of skyhook parameter 
skyc  on objective functions: absorbed power (a); mean 

dissipated power (b); performance frontier (c) 
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The effects of the feedback linearization controller’s (FLC) feedback gain   on these 

objective functions are presented in Figure 5. In contrast to the skyhook controller, the 

performance frontier of the feedback linearization controller, Figure 5(c), shows that a single 

optimal value of   exists. 

 

(a)       (b) 

 

(c) 

Figure 5. Effects of FLC gain   on objective functions: absorbed power (a); mean dissipated 

power (b); performance frontier (c) 
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The effects of the SMC’s switching gain   on these objective functions are presented in 

Figure 6. The performance frontier for the SMC, Figure 6(c), is similar to the FLC; a single 

value of   is optimal. 

 

 (a)       (b) 

 

(c) 

Figure 6. Effects of SMC switching gain   on objective functions: absorbed power (a); mean 

dissipated power (b); performance frontier (c) 
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A comparison of all three performance frontiers is presented in Figure 7. Objective function 

values for the “clipped optimal” controller are also indicated in this figure. As shown in the 

figure, the skyhook controller produces the lowest absorbed power, and the FLC produces 

the lowest mean dissipated power. 

 

Figure 7. Performance frontiers for control algorithms  

MOGA Results 

The MOGA was run for 3000 generations, at which point the Pareto frontiers appeared to 

converge (Figure 8). The final Pareto frontier is shown in Figure 8(a), and the population 

number at each generation is shown in Figure 8(b). The optimal absorbed powers at each 

generation are shown in Figure 8(c), and the evolution of the Pareto frontier is presented in 

Figure 8(d). While generation number is used as the termination criterion, the progression of 

absorbed power in Figure 8(c) indicates that improvements start to plateau after 

approximately 500 generations. The evolution of the mean dissipated power is omitted 

because the MOGA is unable to improve the “best” mean dissipated power, as shown in 
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Figure 8(d). However, the “best” absorbed power is improved and the MOGA finds better 

combinations of both objective functions. 

 

 (a)       (b) 

 

 (c)       (d) 

Figure 8. MOGA Results: Pareto frontier with extreme controllers noted (a); population 

number vs. generation (b); best absorbed power vs. generation (c); evolution of the Pareto 

frontier (d) 
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In Figure 8(a), the two extremes of the Pareto frontier are marked. The simulated system 

responses corresponding to controllers 1 and 2 in Figure 8(a) are shown in Figure 9.  Figure 9 

(a) and (b) compare the two control inputs at the extremes of the Pareto frontier. As shown in 

Figure 9 (b), the controller that minimizes mean dissipated power is essentially “bang-bang 

control”. The sprung mass displacements associated with each control input are shown in 

Figure 9 (c) and (d). Corresponding accelerations are shown in Figure 9 (e) and (f), and 

temperature responses in Figure 9 (g).  
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Figure 9. Simulation results for controllers identified in Figure 8:  

control input for controller 1 (a); and controller 2 (b);  

vehicle displacement for controller 1 (c); and controller 2 (d);  

vehicle acceleration for controller 1 (e); and controller 2 (f);  

comparison in the temperature rise from ambient (g) 

  



 28 

 

 

(a)     (b) 

 

 (c)       (d) 
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 (e)       (f) 

 

(g) 
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A comparison between the Pareto frontier generated by the MOGA and the performance 

frontiers of the other controllers used in the initial population is shown in Figure 10. As 

shown in the figure, it is possible to achieve performance between those that are more 

optimal in mean dissipated power, such as feedback linearization, and those that are more 

optimal in absorbed power, such as skyhook.  

 

Figure 10. Comparison between Pareto frontier and performance frontiers for other control 

algorithms 

5. Discussion 

The MOGA simulation results provide a number of interesting insights. Most notably, 

common control algorithms (skyhook and feedback linearization) are capable of achieving 

nearly optimal results in terms of absorbed power or mean dissipated power but not both. The 

MOGA is able find control inputs that provide a combination of absorbed power and mean 

dissipated power that standard control algorithms are not capable of achieving. However, the 

MOGA utilizes full knowledge of the terrain, and the results are only applicable to the 
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vehicle parameters used in the simulation. These results indicate that it may be possible to 

switch from a skyhook algorithm to a feedback linearization or SMC as the damper 

temperature exceeds a specified threshold. 

The Pareto frontier shows improvement over all points in the initial population. The MOGA 

is unable to find a control input that achieves a lower mean dissipated power than the best 

feedback linearization controller. It is worth noting that similar results were observed in a 

prior study [15]. The controller associated with this point is essentially bang-bang control, as 

seen in Figure 9 (b).  

All objective improvements are within 10% of the best initial designs for the various 

solutions.  As expected, the well researched topic of vehicle control has resulted in 

algorithms that are difficult to improve.  This means that a well tuned skyhook algorithm 

might expect a 10% lower steady state temperature rise on this terrain through control 

changes.  Similarly, a feedback linearization algorithm might expect approximately 7% 

improvement in ride with some further considerations of the algorithm. 

There are some limitations of this optimization approach that must be considered as well. For 

instance, the optimization does not inherently provide guidelines to achieving the 

improvements shown here.  The MOGA is able to consider the effects of control decisions 

without regard to time, order, or availability of measured signals.  Therefore the optimization 

only shows that limited improvements are possible. 
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The MOGA provides a frontier of possible solution points, but does not determine any single 

design that is optimal out of that group.  Decisions concerning how to weigh the balance 

between these objectives and others that are not considered remain.  

6. Conclusion 

A method has been demonstrated for obtaining the optimal control signal for a semi-active 

vehicle suspension using a multi-objective genetic algorithm.  The results of this method 

provide valuable insights concerning the absolute performance of any given control scheme.  

Therefore, a designer is no longer relegated to comparing new controllers to other 

controllers, active systems, or passive options.  Furthermore, there comes a point where more 

tuning of a controller provides better results, but with diminishing returns on the effort 

involved in exploring the tuning space.  The MOGA method provides some idea of what 

improvement there is left to explore and whether future efforts will produce significant 

results. 

In addition, the MOGA is used to investigate a two-dimensional optimal space concerning 

both ride performance and high-temperature mitigation.  Previously studied control 

algorithms like skyhook and feedback linearization control are shown to approach optimality 

in one metric, but a control compromise opportunity between the algorithms also remains.  

Specifically, the skyhook method again displays excellent ride performance; while the 

feedback linearization control suffers in ride while improving thermal metrics.  The MOGA 

is able to find control inputs that dominate all of the provided algorithms, being closer to 

optimal in one or both metrics, without sacrificing either.  
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Unfortunately, the MOGA does not provide a real-time solution for implementing control 

decisions to move toward optimal.  The MOGA’s value is evaluating a controller’s merits 

apart from the typical comparisons and revealing the remaining optimality space. Future 

work will concentrate on finding real-time controllers that are able to operate along the 

Pareto frontier. 

Additional work will employ the MOGA on a more expansive set of terrains to provide more 

robust determinations about control algorithm merits. These future runs may increase the 

complexity of the model by including multiple degrees of freedom, friction, and other 

constraints.  While a MOGA provides the Pareto frontier of optimal designs, further work 

will describe the merits of these optimal combinations and explore other metrics for objective 

functions.  As it is applied to a broader base of real-world evaluations, the MOGA methods 

and parameters could be refined.  This will provide more robust and efficient optimality 

evaluations. 
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