
Cloud Aided Semi-Active Suspension Control

Zhaojian Li, Ilya Kolmanovsky, Ella Atkins, Jianbo Lu, Dimitar Filev, John Michelini

Abstract— This paper considers the problem of vehicle sus-
pension control from the perspective of a Vehicle-to-Cloud-to-
Vehicle (V2C2V) distributed implementation. A simplified vari-
ant of the problem is examined based on the linear quarter-car
model of semi-active suspension dynamics. Road disturbance
is modeled as a combination of a known road profile, an
unmeasured stochastic road profile and potholes. Suspension
response when the vehicle hits the pothole is modeled as an
impulsive change in wheel velocity with magnitude linked to
physical characteristics of the pothole and of the vehicle. The
problem of selecting the optimal damping mode from a finite
set of damping modes is considered, based on road profile data.
The information flow and V2C2V implementation are defined
based on partitioning the computations and data between the
vehicle and the cloud. A simulation example is presented.

I. INTRODUCTION

There is a growing interest in exploring cloud computing
as an emerging paradigm for implementation of automotive
control computations. While traditional vehicle ECUs are
limited in terms of their computational characteristics (ROM,
RAM, and chronometrics), cloud computing offers access
to potentially unlimited computing and database resources
thereby facilitating the implementation of predictive, optimal
and cooperative driving strategies in a Vehicle-to-Cloud-to-
Vehicle (V2C2V) control system [1]–[3].

The modern automobile can contain close to a hundred
of embedded electronic control units (ECU). These ECUs
are employing increasingly advanced algorithms and thus
substantial onboard computing power and storage is need-
ed. However, embedding additional computing power and
storage onboard is not always cost-effective from both soft-
ware/hardware development and manufacturing perspectives.
Cloud computing provides a possible solution to managing
costs associated with growing algorithm and database com-
plexity, assuming network access has sufficient availability
and reliability for the targeted application [1]–[3].

A general-purpose V2C2V architecture is illustrated in
Figs. 1 and 2. Vehicles are connected with the internet
via wireless network, e.g., 3G/4G or Wifi. The cloud can
provide access to “big data” as needed for onboard decision-
making and information sharing. While the cloud can in
principle provide unlimited computing power, its use for
vehicle control is limited by network availability and band-
width. Sensors embedded onboard provide real-time data
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Fig. 1. V2C2V architecture.

Fig. 2. Onboard processing and architecture.

necessary for vehicle control; raw and processed data can be
transmitted to the cloud to populate and update databases that
aggregate information about vehicles, roads and drivers. Fus-
ing data collected onboard with data from the cloud coupled
with the capability to perform control computations at the
optimal location (onboard vs. cloud), maximizes situational
awareness both onboard and across the distributed system.
Real-time updates to databases ensure that the information
about the environment (e.g., road, weather) information stays
current.

Numerous automotive functions have been identified as
candidates for V2C2V implementations [1]. In particular,
a Cloud-aided Intelligent Navigation System has been pro-
posed that exploits road information obtained from vehicles
(e.g., using cars as sensors to detect congestion and identify
road friction [4], [5]), and generates the most efficient route.
The cloud-aided vehicle semi-active suspension control sys-
tem is another application, which is the focus of this paper.

Suspension control problems are well researched, see e.g.,
[6]–[8] and references therein, but not from the perspective
of V2C2V implementation. The benefits of such an imple-
mentation include the ability to plan and optimally respond
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Fig. 3. V2C2V Suspension Control System.

based on road profile and pothole information, that can
be accessed in a distributed cloud database. A simplified
(yet representative) treatment of the problem is adopted
in this paper, based on a linear quarter-car model, with
the suspension set to one of a finite number of damping
modes. The road profile is modeled as a combination of a
known deterministic component and an unknown stochastic
component, where the statistical properties of the latter are
known. A model is also developed for characterizing vehicle
response to traversing a pothole. At the time scale of the
suspension dynamics, the response to a pothole is modeled
as an instantaneous change in wheel velocity, and we link this
velocity change to the physical characteristics of the pothole
and the vehicle.

We show that the problem of selecting the optimal damp-
ing mode reduces to integrating Riccati-type differential
equations backward in time over the prescribed look-ahead
horizon; the computations depend on vehicle parameters
including vehicle speed as well as known deterministic road
profile complemented with stochastic and pothole informa-
tion. A V2C2V implementation is defined in which cloud
resources are used to store vehicle and road profile data,
cloud-based computation pool is used to determine the opti-
mal suspension mode, and vehicle-to-cloud communications
are employed to exchange the information.

Figure 3 illustrates the envisioned cloud-based vehicle
software agent that has access to stored vehicle parameters
(Mus, Ms, kus, ks, R, cs,i, see Section II for their definition),
receives vehicle state estimate, x̂, its error covariance matrix,
Σ, vehicle longitudinal velocity, vcar, wheel speed, ω, GPS
coordinates and time stamp tv2c, and sends road profile
information, ṙo for use by on-board vehicle state estimator,
the computed optimal suspension mode, i∗, and the time
stamp, tc2v . The data packets to transmit between cloud and
vehicle are small, so while a link must be available for real-
time use, communication bandwidth need not be extensive.
The computations can be performed almost instantly on the
cloud, which is faster and could avoid the communication
burden of downloading road profile and pothole data from
the cloud.

This paper is organized as follows. In Section II we de-
scribe the model for vehicle suspension response when trav-
eling on a road and when traversing a pothole. In Section III

we define the optimal suspension mode selection problem
and present its solution. The proposed architecture of V2C2V
suspension control system is discussed in Section IV, along
with the discussion of additional issues, such as the com-
munication delay and suspension force saturation, that need
to be considered in the implementation. Simulation results
are reported in Section V. Finally, Section VI concludes this
paper.

II. MODELS

In this section we discuss the models of suspension, road
profile and pothole hitting.

A. Dynamic Model of Suspension

Quarter-car models are often used for suspension control
design [7]–[11], because they are simple yet capture many
important characteristics of the full-car model. In this paper,
a quarter-car model, with 2 degrees of freedom (DOF), as
shown in Fig. 4, is used. The car body is represented by the
sprung mass Ms, while the tire and axles are represented by
the unsprung mass Mus. The spring and shock absorber with
adjustable damping ratio constitute the suspension system,
connecting sprung (body) and unsprung (wheel assembly)
masses. The tire is modeled as a spring with stiffness kus
and its damping ratio is assumed to be negligible in the
suspension formulation. From Fig. 4, we have the following
equations of motion:

ẋ1 = x2 − w − ṙo,
Musẋ2 = −kusx1 + ksx3 + cs(x4 − x2),

ẋ3 = x4 − x2,
Msẋ4 = −ksx3 − cs(x4 − x2),

(1)

where x1 is the tire deflection from equilibrium; x2 is the
unsprung mass velocity; x3 is the suspension deflection from
equilibrium; x4 is the sprung mass velocity; ṙo represents
the deterministic velocity disturbance due to the known road
profile; w represents the zero-mean white noise stochastic
road disturbance; cs is the adjustable damping ratio of the
suspension damper; ks and kus are suspension and tire
stiffness, respectively.

Define,
x = [x1 x2 x3 x4]T .

The suspension system model is then,

ẋ = Ax+Bṙo +Bw, (2)

where

A =


0 1 0 0

− kus

Mus
− cs
Mus

ks
Mus

cs
Mus

0 −1 0 1

0 cs
Ms

− ks
Ms

− cs
Ms

 , B =


−1
0
0
0

 . (3)

The semi-active suspension system enables damping level
to be varied, for instance, by changing the viscosity of
a magneto-rheologic (MR) fluid [12], or by changing the
orifice of a current-controlled valve in Telescopic-Hydraulic



Fig. 4. Semi-active suspension dynamics.

dampers [13]. A typical vehicle implementation features sev-
eral suspension modes (e.g., sport, comfort, etc.) selectable
by a higher-level supervisory control scheme or manually
by the driver. Each of these modes may employ a different
dependence of the damping force versus the relative velocity
or different feedback controller gains optimized for different
performance metrics. In this paper, we will treat a simpli-
fied yet representative case, where m individual suspension
modes are defined that correspond to different choices of
the suspension damping coefficient, cs. The treatment of
the suspension force saturation, beyond brief comments in
Section IV, is relegated to future publications.

B. Road Profile Modeling

Road profile information can be exploited for suspension
mode optimization. Accurate road profile information is
available from vendors who collect it using static or inertial
profilers. Inertial profilers, composed of a vehicle mounted
accelerometer, a laser height sensor and a distance measuring
instrument, have been widely used for accurate road profile
collection. These sensors operate at about 16 kHz and can
take about 15 readings per inch of vehicle travel at 60 mph.
Those readings are filtered, manipulated and can be stored
on the cloud for future use. A different approach to obtain
the road profile is by crowd-sourcing the information from
numerous vehicles. For instance, an input observer can be
applied to estimate the road profile as an input to the semi-
active suspension system in vehicles without [costly] sensors,
or data from vehicles equipped with a sensor such as LIDAR
can be exploited. Collected road profiles can be stored in the
cloud databases to keep the dynamic road profile information
up-to-date.

Note that (2) uses the road profile velocity as an input. The
road profile velocity is computed from the height difference
between neighboring intervals ∆h separated by a distance
∆s and the vehicle traveling speed, vcar, as

ṙo ≈
(∆h

∆s

)
· vcar. (4)

Note that the input ṙo is scaled by car velocity.

To accommodate uncertainties in road profile information,
in (2) the road profile is modeled by a combination of
deterministic (ṙo) and stochastic (w) contributions. This
formulation permits modeling of road profile as purely
stochastic (i.e., ṙo = 0) if no other data is available or purely
deterministic (i.e., w = 0) if the road profile can be assumed
to be known.

In the usual treatment of a stochastic road input signal, w
is assumed to be a white noise of unit intensity. Consequent-
ly, the true intensity of the noise scales the matrix B, and
since it is linearly dependent on vehicle speed, vcar [14],
and given (4), we can re-state the model (2) as

ẋ = Ax+Bṙo +Bw, (5)

where A is given in (3),

B = B0 ·
vcar
vcar,0

, ṙo ≈
(∆h

∆s

)
· vcar,o, (6)

B0 is the B matrix of (3) scaled by the noise intensity at
the vehicle velocity vcar,0, and vcar is the actual velocity.
Consequently, the computation of the B matrix in (6) in-
volves obtaining B0 and vcar,0 for the given road segment,
and employing scaling based on the actual vehicle speed,
vcar.

C. Pothole Response Modeling

Potholes are one of the main road hazards which can
degrade riding comfort, cause tire damage or even accidents.
Road input is often modeled as either deterministic (e.g.,
given by sinusoids [13], [15], [16]) or stochastic without an
explicit representation for hitting a pothole. In this paper,
we explicitly consider the response to hitting a pothole. At a
time scale of vehicle suspension dynamics, hitting a pothole
leads to a reset of the state

x(t+p ) = Reset[tp, x(t−p )] :

x(t−p ) =


x1(t−p )
x2(t−p )
x3(t−p )
x4(t−p )

→ x(t+p ) =


x1(t−p )

x2(t−p ) + ∆
x3(t−p )
x4(t−p )

 ,
(7)

where tp denotes the time of hitting the pothole, t−p is
immediately before, t+p is immediately after, and ∆ depends
on vehicle physical parameters, wheel rotational speed and
pothole parameters.

A model for the wheel velocity change ∆ is now de-
scribed. The geometry of the situation is shown in Fig.5,
where l denotes the diameter of the pothole; d is the vertical
difference between the front (left) and rear (right) edges of
the pothole; R represents the wheel radius; r represents the
maximum vertical wheel dropping. Note that here the case
is considered when the height of the rear edge is higher than
that of the front edge. Similar analysis can be performed if
the rear edge is lower than the front edge.

The following equations are then satisfied,

l = l1 + l2,

d =
√
R2 − l21 −

√
R2 − l22.

(8)



Fig. 5. Pothole analysis.

From (8), l1, l2 can be determined if l, d and R are known.
Then,

r = R−
√
R2 − l21. (9)

Note that if the vertical difference between the front and rear
edges d is 0, then

l1 = l2 =
l

2
.

The response of vehicle running through a pothole can be
modeled by considering three phases: dropping, hitting, and
ascending.

• Dropping: Before hitting the rear edge of the pothole,
the wheel drops. The maximum dropping distance is
given by r in (9).

• Hitting: The second phase is hitting the rear edge of the
pothole in which the wheel has similar vertical response
characteristics to a bouncing ball [17]. The tire can
be treated as a spring-damper system and the impact
time is determined according to the equations of tire
deformation and restitution. Assuming an impact time is
known, the impact force can be approximated according
to the momentum change formula.

• Ascending: After the impact, the wheel acquires a re-
bounding speed which is the result of the instantaneous
impact. The wheel ascends as if it were rolling uphill
with an initial wheel rebounding speed.

To obtain the change in the wheel velocity and impact
force, we first find the wheel longitudinal and vertical
velocities relative to the ground when hitting the rear edge.
The kinematics are illustrated in Fig. 6. The magnitudes
of longitudinal and vertical relative velocities, vx and vy ,
respectively, satisfy

Fig. 6. Kinematics when hitting the rear edge.

vx =vcar − ωR cos θ = vcar − ωR
R− r − d

R
=vcar − ω(R− r − d), (10a)

vy =
√

2rg + ωR sin θ =
√

2rg + ωR
l2
R

=
√

2rg + ωl2, (10b)

where vcar is the car center of mass velocity magnitude and
ω represents the angular velocity magnitude of the wheel.
The distances l2 and r are determined from (8) and (9). Note
that both vcar and ω can be obtained from onboard sensors.
According to the model previously defined in (7),

∆ =
√

2rg + ωl2. (11)

The model (7)-(11) is based on several simplifying as-
sumptions, and will be refined in the subsequent publications.
Even with the refinements, we assert that (7) still holds but
∆ may be a more complex function of ω, vcar and pothole
and tire geometric and mechanical parameters.

III. MODE PERFORMANCE EVALUATION AND SELECTION

Consider the linear system model of suspension dynamics
(5) and m discrete control modes representing different
suspension damping levels corresponding to different values
of damping coefficient cs in (1). The suspension performance
can be measured by the following quadratic cost function,

J =
1

2

∫ t0+T

t0

q1x
2
1 + q2x

2
3 + ẋ24 dt,

where q1, q2 are weights and t0 and T are the initial time
and the look ahead horizon, respectively. The above cost
function trades off several competing objectives: passenger
comfort (reflected in ẋ4), small suspension stroke desired
due to packaging constraints (reflected in x3), and small
tire deflection to ensure good vehicle handling (reflected in
x1). Note that the horizon T may vary according to road
conditions (e.g., smooth roads vs uneven roads).

Let

y = ẋ4 = Cx =

[
0

cs
Ms

− ks
Ms

− cs
Ms

]
x.

Then

J =
1

2

∫ t0+T

t0

x(t)TQx(t) dt, (12)

where
Q = Q1 +Q2 · CTC,

and

Q1 =


q1 0 0 0
0 0 0 0
0 0 q2 0
0 0 0 0

 , Q2 = 1.

Consider first the situation when the vehicle travels over
the road segment without a pothole. If the control mode i is



engaged, the corresponding cost functional over a finite time
interval [t0, t0 + T ], is given by

Ji =
1

2

∫ t0+T

t0

xT(t, i)Qx(t, i)dt, (13)

with x(t, i) denoting the vehicle trajectory in mode i. A
stochastic differential equation (1) can be written as

dx = Aixdt+Brodt+Bdζ, (14)

where ζ is the zero mean and unit intensity (standard) Wiener
process and w =“dζdt ” in (2).

Since the system has a stochastic input, each realization
of this stochastic input will lead to a specific value of the
cost function. A single cost function value can be defined by
taking the expected value,

Ji = E

[
1

2

∫ t0+T

t0

xT(t)Qx(t)dt

]
. (15)

For (14), the infinitesimal generator for a given function,
Vi(t, x), defined on a time interval tini ≤ t ≤ tfin has the
following form,

LiVi =
∂Vi
∂x

(Aix+Bṙo(t)) +
∂Vi
∂t

+
1

2
trace(BTVi,xxB),

(16)
with Vi,xx denoting the Hessian matrix of second derivatives.
If we can find a function, Vi, such that

LiVi +
1

2
xTQx(t) = 0, (17)

then applying Dynkin’s formula to both sides, we obtain,

E[Vi(tini, x(tini)]− E[Vi(tfin, x(tfin)] =

E

[ ∫ tfin

tini

1

2
xT(t, i)Qx(t, i)dt

]
.

(18)

Thus if the function Vi is known, the cost in (15) can be
easily evaluated. Assuming that for tini ≤ t ≤ tfin,

Vi(t, x, tfin) =
1

2
xTPi(t)x− xTgi(t) + φi(t), (19)

and substituting this expression into (17) we obtain that
Pi(t), gi(t) and φi(t) satisfy the following ordinary differ-
ential equations,

Ṗi(t)+AT
i Pi(t)+Pi(t)Ai+trace(B

TPi(t)B) = −Q, (20)

−ġi(t) + Pi(t)Bṙo(t)−AT
i gi(t) = 0, (21)

φ̇i(t)− ṙTo (t)BTgi(t) = 0, (22)

where tini ≤ t ≤ tfin. To preserve the meaning of Vi being
the cost-to-go, we impose additional terminal conditions,

Pi(tfin) = 0, g(tfin) = 0, φ(tfin) = 0. (23)

The system (20)-(23) must be solved backward in time. After
solving these equations, the expected cost function can be
evaluated using (18).

Suppose next there is a single pothole over the look-ahead
time interval [t0, t0+T ] that the vehicle hits at a time instant
tp, t0 ≤ tp ≤ t0 + T . Note that the pothole is at a specific

spatial location and once it comes in range at time t0, the
time to hit it, tp, depends on vehicle speed. Then the value
of the cost (13) can be evaluated as

J̃i = E

[
Vi(t0, x(t0), tp)

]
+ E

[
Vi(tp, Reset[tp, x(t−p , i)], t0 + T )

]
, (24)

with Reset map defined by (7) and (11), and x(t−p , i)
denoting the prediction of x(t−p ) in mode i. The on-board
mode selection logic is based on choosing the mode i∗ that
minimizes the predicted cost value, i.e.,

i∗ ∈ argmini=1,··· ,m{J̃i}. (25)

IV. TOWARDS V2C2V IMPLEMENTATION

The V2C2V semi-active suspension control structure is
presented in Fig. 3. On the cloud, all pertinent data and
parameters can be accessed and used to solve the control
equations (20), (21), (22). The state estimate x̂(ts), the
state estimation error covariance matrix, Σ(ts), the vehicle
velocity vcar(ts), and the wheel speed ω(ts) at the time
instant ts < tp are communicated from the vehicle to the
cloud. The current suspension mode, i−, is assumed to apply
over [ts, t0) and the selection of the mode is optimized for
the time interval (t0, t0+T ]. On the cloud, the vehicle speed
and wheel speed are assumed to be constant over the time
interval [ts, t0+T ], allowing the prediction of tp to be made.

Since the system model (5) is linear, the distribution of
x̄(t0), which is the prediction of x(t0), is Gaussian with the
mean and the covariance matrix that can be computed by
integrating the following differential equations,

µ̇ = Ai−µ+Bṙo, µ(ts) = x̂(ts), (26)

Σ̇ = Ai−Σ + ΣAT
i− +BBT, (27)

with

Σ(ts) = E[(x(ts)− x̂(ts))(x(ts)− x̂(ts))
T].

Then, x̄(t0) ∼ N(µ(t0),Σ(t0)). Similarly, the prediction of
x(t−p ), x̄(t−p ), satisfies x̄(t−p ) ∼ N(µ(tp),Σ(tp)), where

µ̇ = Aiµ+Bṙo, (28)

Σ̇ = AiΣ + ΣAT
i +BBT, (29)

with µ(t0) and Σ(t0) as the initial conditions for (28)-(29).
Finally, the prediction of x(t+p ), x̄(t+p ), satisfies

x̄(t+p ) ∼ N

µ(tp) +


0
∆
0
0

 ,Σ(tp)

 .

The following proposition can be exploited in computing
the value of the quadratic cost function (19) and in evaluating
(24):



Proposition: Suppose x ∼ N(µ,Σ) and Vi is given by (18).
Then,

E[Vi(t, x, tfin)] =
1

2
trace

(
Pi(t)Σ

)
+

1

2
µTPiµ+ µTgi(t) + φi(t).

(30)

Proof: The proof follows by the properties of the expectation
and algebraic manipulations,

E[Vi(t, x, tfin)] = E
[1
2
xTPix− xTgi(t) + φi(t)

]
= E[

1

2
xTPi(t)x]− µTgi(t) + φi(t).

(31)

Now we calculate the expectation as follows,

E[
1

2
xTPi(t)x] = tr(E[

1

2
xTPi(t)x]) = E[tr(

1

2
xTPi(t)x)]

= E[tr((
1

2
Pi(t)xx

T))] =
1

2
tr(Pi(t)E[xxT])

=
1

2
tr(Pi(t)(Σ + µµT)) =

1

2
tr(Pi(t)Σ) +

1

2
µTPi(t)µ.

(32)

Once the best suspension mode i∗ is selected based on
(25), it is transmitted to the vehicle. To solve the optimal
mode selection problem, the most expensive part of the
computation is to solve differential equations (20) - (23) and
(26) - (29). For our specific suspension control problem, we
apply the Runge-Kutta (RK4) method [18] with an error
order of O(h4), where h is the integration step-size. In
equations (20) - (23), at a specific time stamp t, Pi(t) is
a four by four matrix; gi(t) is a four by one vector and
φi(t) is a scalar. Thus, the three differential equations have
an order of nine. In addition, means and covariances of the
state are propagated as in (26) - (29), which are ODEs of
order 10. Suppose in a prescribed control horizon T , we
have N discretization steps. By applying RK4, there are five
computations for every step size. Since we have m modes,
the computation steps would be 19× 5×m×N , which has
a complexity of O(N). Suppose we choose a T = 30-sec
horizon, a 0.01-second step size and m = 5 modes, there
would be at least 1, 425, 000 computation steps in 30 sec.

In principle, this level of computations is not large and
may be performed on-board if the information on road profile
and potholes were available. The cloud-based implementa-
tion offers, however, significant opportunities to refine the
mode evaluation to account for different scenarios.

In particular, not every vehicle may hit a pothole (e.g., the
vehicle may be in a different lane or pass the pothole between
the wheels). If probability of a vehicle hitting a pothole, p,
is known, the expression (24) can be changed to account for

average performance,

J̃i = (1− p)E
[
Vi(t0, x(t0), t0 + T )

]
+ pE

[
Vi(t0, x(t0), tp)

]
+ pE

[
Vi(tp, Reset[tp, x(t−p , i)], t0 + T )

]
. (33)

The complexity of this expression increases when vehicles
may hit multiple potholes within the look-ahead horizon.
Similarly, to ensure robustness of mode selection with
communication latencies and GPS location errors, multiple
scenarios with respect to these latencies can be considered
so that the best average mode can be selected.

Finally, the definition of modes corresponding to damping
coefficient values cs in (1) is convenient as it keeps the
model linear and provides ability to evaluate the cost (13)
by integrating Riccati-like equations. If the modes are de-
fined differently or suspension force saturation is taken into
account, the evaluation of (13) may need to be performed
by averaging results over different road profile scenarios. In
the trivial case when w = 0, road profile is assumed to be
fully known and there are no communication latencies, a
single simulation suffices. Otherwise, multiple Monte Carlo-
style simulations may be used to evaluate mode performance
over different scenarios thus characterizing the response of
nonlinear system to stochastic inputs.

V. SIMULATION AND MODE SELECTION

The optimal suspension control problem has been analyzed
in the previous section. By making use of stored deterministic
profile data as a preview and solving three differential equa-
tions, costs of different modes can be predicted so that the
best mode with the minimal cost is chosen. In this section,
we simulate the model and optimal control computations on
a desktop computer. For simulations, a road segment over
the future T = 10 sec horizon is modeled as follows,

ṙo(t) =


−0.2 · cos 2πt 0.25s ≤ t ≤ 0.75s,

0.05 · sin 2πt 6.25s ≤ t ≤ 6.75s,

0 otherwise.

See Figure 7.
A unit intensity zero mean white noise input is also

included. The simulation parameters are specified in Table I,

TABLE I
SIMULATION PARAMETERS

Sprung mass Unsprung mass Suspension stiffness Tire stiffness
ms mus ks kus

290 kg 60 kg 16800 N/m 19000 N/m

Five damping modes are modeled as specified in Table
II. The cost function weights are chosen as q1 = 106 and
q2 = 103, which means the design is more handling-oriented.
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Fig. 7. Road disturbances (ṙ0 + w).

TABLE II
DAMPING COEFFICIENTS Cs (N· S/M)
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Fig. 8. Tire deflection (x1) under different modes.
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Fig. 9. Suspension deflection (x3) under different modes.
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Fig. 10. Body vertical acceleration (ẋ4) under different modes.

For the initial condition x̂(0) = [0 0 0 0]T, the tire
deflection, suspension deflection and body vertical accelera-
tion responses are illustrated in Fig. 8, Fig. 9 and Fig. 10,
respectively. By integrating the Riccati-like equations (20),
(21) and (22), together with the propagated state means and
covariances with (28) and (29), the cost of each mode is
evaluated with (18) and (30) as:

J1 = 6.7074, J2 = 4.8023, J3 = 4.1453,

J4 = 2.8347, J5 = 2.6332.

In this case, the cloud will command the suspension

system to select Mode 5 for the next 10 second horizon,
for the given ṙo(t) profile, as it has the lowest cost.

Now we consider the case where in addition to the
previous road profile, there is also a pothole at time t = 2s
depicted as a red upward arrow in Fig. 7. The pothole has
a diameter of 0.3 m and the height difference between the
front and rear edge is 0.05 m. As a result, there is a state
reset as in (7). The cost of each mode is evaluated with (24)
by integrating the Riccati-like equations (20) - (23), together
with the propagated state means and covariances with (26) -
(29). The costs are

J1 = 7.9077, J2 = 5.7099, J3 = 5.2434,

J4 = 3.6337, J5 = 3.6669.

In this case, the Mode 4 is selected as it has the lowest cost.

VI. CONCLUSIONS

A novel Vehicle-Cloud-Vehicle (V2C2V) implementation
of a semi-active suspension control system has been dis-
cussed. By taking advantage of cloud computing and storage
capacity, detailed road profile data can be exploited to opti-
mize suspension control decisions. In the proposed V2C2V
implementation, pothole and road profile data are stored and
accessed on the cloud. We showed that in the simplified
form, the optimal semi-active suspension mode selection
problem reduces to solving three differential equations and
then evaluating the predicted cost over a prescribed horizon.
Thus the optimal suspension mode for each road segment can
be computed on the cloud and downloaded to the vehicle.
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