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Abstract— This paper investigates the problem of simulta-
neous road profile estimation and anomaly detection. A front
half-car model is used to capture the dynamics of vehicle-road
interaction where road excitations at the two wheels are treated
as inputs. A multi-input observer is exploited to estimate the
inputs to obtain road profile. To implement the input observer,
a jump diffusion process estimator is developed to estimate the
states and shown to have better performance than the Kalman
filter when jumps such as potholes and bumps are present.
Furthermore, a real-time road anomaly detection algorithm is
designed to detect and label road anomalies such as potholes,
speed bumps or road joints. The algorithms are implemented in
real time on a test vehicle and experimental results are analyzed
with promising performance.

I. INTRODUCTION

Rough roads are undesirable for drivers because road un-
evenness can cause ride discomfort, decreased driving speed
and damage to vehicles. Road anomalies such as potholes
and speed bumps can make the ride even worse due to sudden
acceleration changes which can lead to immediate vehicle
damage such as tire punctures and steering misalignment. If
available, road profile and anomaly information can be used
to improve route planning, suspension control [1] and even
road maintenance. This information can also be seamlessly
integrated with navigation systems for autonomous driving
[2].

Current road profile measures typically rely on sophisti-
cated profilers [3], that may be expensive to acquire and
operate [4]. Recently, inexpensive and easy-to-implement
estimation methods have been explored, such as in [5], where
a standalone vehicle accelerometer measures vehicle body
acceleration which is then mapped to the road power spectral
density with a transfer function generated from a half-car
model. Also, in [4], accelerometers in a smart phone were
used to correlate vertical acceleration with road roughness.
While these approaches are easy to implement, they are only
able to classify road roughness level with no more detailed
road profile estimation.
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Road anomaly detection has attracted attention in the past
decade. Detection algorithms mainly fall into two categories:
data-driven and model-based. Data-driven methods typically
require extensive training data and are useful when models
are not available. In [6], a pothole detector is developed
with three external accelerometers and machine learning
techniques are then exploited to train collected data. Alter-
natively, model-based methods are able to deal with new
and unforeseen situations and are insensitive to unmeasured
disturbances. However, an accurate model is required and
physical models are usually appropriate and robust. In [7], a
pothole detection algorithm is proposed by developing and
exploiting a multi-phase dynamical model. High-bandwidth
sensors are required for successful identification.

In this paper, we develop a systematic framework to simul-
taneously estimate road profile and detect road anomalies. A
front half-car dynamic model is developed to represent the
interactions between the vehicle and road disturbances. In
the model, the road velocity disturbances at the two wheels
are treated as inputs to the half car model and a multi-input
observer developed in [8] is exploited to estimate the inputs.
The input observer requires an estimate of system states and
a jump diffusion process (JDP) estimator is developed to
estimate these states.

As opposed to the Gaussian disturbance assumption in a
Kalman filter, JDP estimation assumes the disturbance is a
combination of a Wiener process and Poisson process; this
assumption can include rare but pronounced events such as
potholes or bumps and it can also be used to represent wind
gusts in other applications [9]. A JDP estimator was devel-
oped in [10] and we extend it to the vector disturbance case,
as well as the case where the jump diffusion disturbance af-
fects also the measurement channel. We demonstrate that the
JDP estimator algorithm outperforms a Kalman filter when
jumps are present. The algorithm has been implemented in
a Lincoln MKS test vehicle on which we demonstrate good
estimation and detection performance.

The paper is organized as follows. Section II develops
the dynamic model and input observer. Section III derives
the jump diffusion process estimator and presents simulation
results compared with a Kalman filter. Experimental results
are presented in Section IV, followed by a conclusion in
Section V.

II. BACKGROUND

A. Preliminaries

We introduce the following lemma which will be used in
subsequent developments.
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Fig. 1. 7 DOF full-car model

Lemma 1 [11] Consider a stochastic system in the follow-
ing form,

dx(t) = [A(t)x(t) + f(t)]dt+D(t, x)dζ +G(t, x)dη, (1)

where A, D, G are known (matrix) functions of appropriate
dimensions, f is a known function, ζ is a standard vector
Wiener process and η is a vector jump process. The processes
η and ζ are assumed to be independent of each other.
The infinitesimal generator of a given sufficiently smooth
function V (t, x), denoted by LV (t, x), can be shown to have
the following form,

LV (t, x) =
∂V

∂t
+ [A(t)x(t) + f(t)]TV ′x(t, x)

+
1

2
trace(D(t, x)TV ′′xxD(t, x))

+

∫
Rm

[
V (t, x+G(t, x)s)− V (t, x)

]
λφ(s)ds,

(2)
where m is the dimension of η, V ′x and V ′′xx denote the first
and second partial derivatives of V with respect to x; λ is
the rate parameter of the jumps; and φ(s) is the joint jump
size probability density function, assuming hereafter that the
jump size is a continuous random vector.

B. Dynamic model

When vehicles travel on roads, they are perturbed by
road disturbances. In suspension control studies, roadway
vertical velocity disturbances are typically modeled as inputs
to suspension systems [1], [12], [13]. If we can estimate these
inputs, then the road velocity profile can be obtained and
used for anomaly detection. We exploit the input observer
from [8] to estimate road inputs.

To implement the input observer developed in [8], a
dynamic model is required. We have initially used the full-
car model from Fig. 1. The model has 7 degrees of freedom
and 14 states, a comprehensive model that can capture the
disturbances at all four wheels. However, its use is impeded
by the number of available sensors in our test vehicle, a
2012 Lincoln MKS, illustrated in Fig. 3. In this vehicle, only

csks

Ix

csks

v1 v2

q1 q2

z1 z2

z

Fig. 2. 2 DOF half-car model

4 measurements (left front suspension deflection, left rear
suspension deflection, vertical acceleration and roll rate) are
available in the full-car model. Our simulation results reveal
that some of the states can not be accurately estimated.

Left front suspension 
          (50 Hz) 
 

Left rear suspension 
           (50 Hz) 
 

Yaw rate,  
Roll rate, 

X,Y,Z accelerations 
(100 Hz) 

 

GPS (1 Hz) 
Speed (100 Hz) 

Fig. 3. Test vehicle and main available sensors

A reduced front half-car model, illustrated in Fig. 2, is
used as an alternative model for the design of the input
observer. The front half car is modeled as a rigid body with
mass mb. Ix represents the moment of inertia about the longi-
tudinal axis. z, z1 and z2 represent the vertical displacement
of the center of gravity (CG), left body tip and right body
tip, respectively, from equilibrium. The left and right tip-to-
CG distances are denoted by L1 and L2, respectively. ks and
cs, respectively, represent the spring stiffness and damping
coefficient of the suspension system and we assume that the
left and right side have the same parameters. We denote the
roll angle by θ. q1 and q2 represent left and right suspension
deflection from equilibrium, respectively. v1 and v2 are the
road velocity inputs to the left and right wheel, respectively.
Note that since the wheel is stiff, we approximate v1 and
v2 as being directly applied to the left and right suspension,
respectively.

Defining x1 = q1, x2 = q2, x3 = ż and x4 = θ̇ as the
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states, we obtain the following equations of motion,

ẋ1 = x3 + L1x4 − v1,
ẋ2 = x3 − L2x4 − v2,

1

2
mbẋ3 = −ksx1 − csẋ1 − ksx2 − csẋ2,

1

2
Ixẋ4 = −L1ksx1 − L1csẋ1 + L2ksx2 + L2csẋ2.

(3)

The measurement vector y includes front left suspension
deflection x1, vertical acceleration z̈ and roll rate θ̇, i.e.,

y = [x1 z̈ θ̇]T. (4)

Let w = [v1 v2]T represent the input vector. The equations
of motion in (3) can be represented as

ẋ = Ax+ Γw,

y = Cx+Dw +D2ν,
(5)

where ν is measurement noise and A, Γ, C, D, D2 are
constant matrices consistent with (3)-(4).

C. Input observer

In order to estimate the road input w in (5), we exploit
a multi-input observer developed in [8]. For the half-car
dynamics in (5), the model can be written in the form,

ẋ(t) = Ax(t) + Γw(t). (6)

The input observer has the following form,

ε̇(t) = −γSε(t) + γSAx(t) + (γS)2Kx(t),

ŵ(t) = −ε(t) + γSKx(t),
(7)

where ε is the observer state, γ > 1
2 is a scalar gain, S =

1
2Im+ 1

2γP where P is a weighting matrix, m is the number
of inputs, and K = (ΓTΓ)−1ΓT is the pseudo-inverse of Γ.
Note that the column rank of Γ must be equal to m so that
K is well-defined. Henceforth we assume that P = Im.

In [8], it is shown that, assuming ‖ẇ(t)‖ ≤ b1, the
estimation error is bounded by,

‖w(t)− ŵ(t)‖2P ≤ ‖w(0)− ŵ(0)‖2P e−γt +
b21

2γ2
. (8)

Note that to implement the input observer in (7), we require
a state estimation of x. In order to design a state estimator
for the implementation of the input observer, we develop a
jump diffusion process estimator below.

III. JUMP DIFFUSION PROCESS ESTIMATION AND ITS
COMPARISON WITH THE KALMAN FILTER

A. Jump diffusion process estimation

As discussed above, a state estimator is required to im-
plement the input observer for (5). Note that for purposes of
state estimation, road velocity inputs w(t) are now treated as
disturbances. The conventional treatment of the road velocity
input as gaussian noise is enhanced in this paper to a jump
diffusion disturbance model which is able to account for rare
but pronounced events such as potholes and bumps.

A jump diffusion process has the form η + σζζ where η
is a vector Poisson process, ζ is a standard vector Wiener

process and σζσT
ζ ≥ 0 is a covariance matrix. In a Kalman

filter, it is assumed that w(t) = σζ ζ̇. The JDP estimator
modifies this assumption so that

w(t) = η̇(t) + σζ ζ̇(t), (9)

where the Poisson term η can model rare but pronounced
events. In our problem, η represents road anomalies such as
potholes or speed bumps.

For the half-car model (5) with the disturbance assumption
(9), the JDP estimator is assumed to have the following form,

˙̂x = Ax̂+ F (ŷ − y) + (Γ + FD)λµη,

= Ax̂+ F (Cx̂− Cx−Dw −D2ν) + (Γ + FD)λµη,
(10)

where F is the estimator gain to be determined, and λ and µη
are the rate parameter and mean jump size of η, respectively.
Let e = x− x̂ denote estimation error. Then,

ė = (A+FC)e+(Γ+FD)w+FD2ν−(Γ+FD)λµη. (11)

Let ν = σξ ξ̇ where ξ is a standard vector Wiener process
and σξσ

T
ξ ≥ 0 being the covariance matrix of ν. Defining

D̄ = [FD2σξ (Γ + FD)σζ ], we have,

de =
[
(A+FC)e−(Γ+FD)λµη

]
dt+D̄

[
dξ
dζ

]
+(Γ+FD)dη.

(12)
Let z = Se be a weighted estimation error that we want to
keep small. We select F to minimize

J = lim
t→∞

1

t
E

∫ t

0

zT(τ)z(τ)dτ. (13)

Theorem 1: Suppose the pair (C,A) is detectable, the pair
(A,Γ) is stabilizable, D2D

T
2 > 0 and STS > 0. Then the

optimal gain F that minimizes (13) in the open set of all
gains F for which (A + FC) is asymptotically stable, is
given by

F = −ΓΣ̄DTV −12 −QCTV −12 , (14)

and Q is the unique positive semi-definite solution to

(A− ΓΣ̄DTV −12 C)Q+Q(A− ΓΣ̄DTV −12 C)T

+ V1 −QCTV −12 CQ = 0,
(15)

where V1 = ΓΣ̄ΓT−ΓΣ̄DTV −12 DΣ̄ΓT, V2 = D2σξσ
T
ξD

T
2 +

DΣ̄DT and Σ̄ = σζσ
T
ζ + λµηµ

T
η + λΣη where Ση is the

covariance of η.
Proof: The proof is similar to that given in [10]. It

presented here since a more general case is considered, with
vector input η and D 6= 0. Assuming that Ā = A + FC is
asymptotically stable, and given that STS > 0, we can find
M > 0 such that,

MĀ+ ĀTM = −STS. (16)

Let V = 1
2e

TMe. From (2), it can be shown that

LV = −1

2
eTSTSe+

1

2
trace(D̄TMD̄)

+
1

2
D̃TMD̃ +

1

2
trace[D̂TMD̂],

(17)
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where D̃ =
√
λ(Γ +FD)µη and D̂ =

√
λ(Γ +FD)N with

NNT = Ση being a lower triangular matrix from Cholesky
decomposition.

This expression, along with STS > 0, M > 0, implies
that E[V (t)] is bounded. Then, using Dynkin’s formula,

1

t
E[V (t)]− 1

t
E[V (0)]

= −1

2

1

t
E

∫ t

0

zT(τ)z(τ)dτ +
1

2
D̃TMD̃

+
1

2
trace(D̄TMD̄) +

1

2
trace(D̂TMD̂).

(18)

Consequently,

lim
t→∞

1

t
E

∫ t

0

zT(τ)z(τ)dτ

= D̃TMD̃ + trace(D̄TMD̄) + trace(D̂TMD̂).

(19)

Next apply the method of indeterminate Lagrangian multi-
pliers. There exist λ0 ∈ {0, 1} and a matrix Q, (λ0, Q) 6= 0
which together with the optimal values of F and M , yield
the first-order optimality conditions for function J from (13):

J = trace(FD2σξσ
T
ξD

T
2F

TM)

+ trace[(Γ + FD)Σ̄(Γ + FD)TM ]

+ trace
[
(MĀ+ ĀTM + STS)Q

]
,

(20)

where Σ̄ = σζσ
T
ζ + λµηµ

T
η + λΣη . Therefore,

∂J

∂F
= 2MFD2σξσ

T
ξD

T
2 + 2MΓΣ̄DT

+ 2MFDΣ̄D + 2MQCT.
(21)

Setting ∂J
∂F = 0 implies that,

F = −QCTV −12 − ΓΣ̄DTV −12 , (22)

where V2 = D2σξσ
T
ξD

T
2 +DΣ̄DT.

Also,

∂J

∂M
= FV2F

T + ΓΣ̄ΓT + 2FDΣ̄ΓT

+ 2QCTF T +QAT +AQ.
(23)

Setting ∂J
∂M = 0 and from (23), it follows that,

AQ+QAT + ΓΣ̄ΓT − FV −12 F T = 0. (24)

(24) along with (22) imply (15).
Remark 1: The JDP-based estimator (10), (14), (15) is

similar to the steady-state Kalman filter, with an additional
term (Γ + FD)λµη added. The additional term can poten-
tially increase the dynamic response of the filter and thus be
able to capture abrupt changes such as road anomalies. Also,
the algebraic Riccati equation in (15) has more terms which
encode more disturbance information.

B. Simulation results

In this subsection, we simulate and compare the state
estimation and resulting input estimation performances of
a Kalman filter (KF) and our JDP estimator both tuned
manually for best performance. The Kalman filter parameters
are set to W = 10 · I4 and V = 10−4 · I3, where W is the
process noise covariance and V is the measurement noise
covariance. The tuned parameters of the JDP estimator that
are used in the simulation and experimental tests are listed
in Table I.

TABLE I
JDP ESTIMATOR PARAMETERS

µη Ση σζ σξ λ
[1, 1] 5 · I2 10 · I2 0.01 · I2 0.01

We present a performance comparison by simulating the
response of hitting a pothole. A pothole can be modeled as an
input for which a jump occurs at one wheel while the other
one is flat. Fig. 4 shows an example, where a left pothole
at 2s and a right pothole at 4s are encountered. With the
specified inputs in Fig. 4, the state estimation results for x2
and x3 (x1 and x4 are directly measured) are illustrated in
Fig. 5.
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Fig. 4. Input estimation with the JDP estimator
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Fig. 5. State estimation comparison with KF and JDP estimator

Note that the Kalman filter works poorly when jumps
occur, i.e., around 2s and 4s. As a result, the input estimation
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Fig. 6. Input estimation with the KF

for the jumps works poorly as can be seen in Fig. 6. On the
other hand, the jump diffusion process estimator works better
than the KF as can be seen in Fig. 5. The input estimation
tracks the true inputs well for the JDP estimator, as shown in
Figure 4. We also performed simulation comparison in the
case of speed bumps and similar results were reported.

IV. ANOMALY DETECTION ALGORITHM AND
EXPERIMENTAL RESULTS

A. Road anomaly detection algorithm

Section III showed that the JDP state estimator (10) cou-
pled with the input observer (7) can be exploited to estimate
road velocity inputs. With road velocity input estimation,
the following algorithm is developed for anomaly detection:
where v̂1 and v̂2 are, respectively, the maximum estimated
left and right road velocity inputs in a time window; v̄
is the average speed in the evaluation time window; th1
is a vehicle speed-dependent threshold for large anomaly
response; th2 < th1 is a vehicle speed-dependent threshold
for small anomalies and thperc is a threshold for the left and
right input difference. In a real-time implementation, lookup
tables are implemented for th1 and th2 as a function of
speed.

1: if v̂1 > th1(v̄) or v̂2 > th1(v̄) then
2: if |v̂1−v̂2|

min(v̂1,v̂2)
< thperc then

3: speed bump detected.
4: else if v̂1 > v̂2 then
5: left large pothole detected.
6: else
7: right large pothole detected.
8: else if v̂1 > th2(v̄) or v̂2 > th2(v̄) then
9: if |v̂1−v̂2|

min(v̂1,v̂2)
< thperc then

10: road joints detected.
11: else if v̂1 > v̂2 then
12: left small pothole detected.
13: else
14: right small pothole detected.
15: else
16: report no anomaly.

Note that anomaly detection algorithm design is based on
the fact that the pothole is an event where jump occurs on
only one side while speed bumps or road joints are events
where both sides have jumps. Also, the two thresholds th1
and th2 are magnitude thresholds used to determine whether
the response is large or small.

B. Experimental results

We have shown above that the road profile estimator works
well in simulations. We also tested the profile estimator in a
2012 Lincoln MKS test vehicle, pictured in Fig. 3. However,
there is no “true” road velocity to compare with and, as a
result, we validate the road inputs estimation performance by
running our test vehicle on road segments with different road
surface types to see whether the estimation can reflect the
roughness level. The three different surfaces are illustrated in
Fig. 10 where the roughness increases from left to right. The
test vehicle was driven at approximately 30km/h on the road
segments and the left input estimations v̂1 are illustrated in
Fig. 11.

Fig. 7. Surface 1 Fig. 8. Surface 2 Fig. 9. Surface 3

Fig. 10. Three road surface types; roughness increases from left to right
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Fig. 11. Input estimation on the three road surfaces

Our anomaly detection algorithm validation procedure is
straightforward. We run our detection algorithm in real-time
on dSPACE and an interface is used to indicate real-time
detections as illustrated in Fig. 12. The interface can indicate
whether an anomaly has been detected (state light), the
anomaly type, GPS coordinates, left and right inputs, and
time. Fig. 13 shows estimated road inputs in a vehicle test
when hitting a small pothole followed by a large pothole at
the right side. Jumps are detected around 2s and 4.2s. Using
the anomaly detection algorithm in (IV-A), a right small
pothole and a right large pothole have been successfully
detected. Note that the repeated patterns can be found around
3s and 5.3s. This is because the rear half of the car also hits

1697



Fig. 12. Real-time dSPACE ControlDesk interface

the pothole causing the secondary jumps. To differentiate the
repeated pattern from a new pothole, we compare the peak-
to-peak time duration tp2p with the car length L divided by
the minimum speed during window vmin. If tp2p < L/vmin,
then it is not classified as a new anomaly. Otherwise, a new
anomaly is detected.
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Fig. 13. Input estimation when driving over a small pothole followed by
a large pothole

Fig. 14 shows a sample test drive in Dearborn, Michigan,
during which anomalies were detected and recorded. We
performed 8 test drives and found that the algorithm did not
detect any false positives and missed detections were rare.
The missed detections were mainly due to smooth manholes
and road joints, which are not true anomalies given our
classifications. Anomaly labeling accuracy was 145 out of
168 correctly labeled reports. Note that some of the labeling
errors were due to events such as uneven speed bumps.

We note that our test vehicle can be used as a probe vehicle
for creating a detailed anomaly map. This map can be stored
on a cloud and shared with drivers to better plan their routes.
It’s also useful for road agencies to efficiently maintain the
roads.

V. CONCLUSION

This paper proposes and validates a method of simulta-
neous road profile estimation and anomaly detection. An
input observer was used to estimate road velocity inputs.
A jump diffusion process (JDP) estimator was developed
and shown to have better estimation performance than a

 

 
Trace
Left small pothole
Left large pothole
Right small pothole
Right Large pothole
Road joints
Speed bump

Fig. 14. Detected anomalies in Dearborn with our test vehicle

Kalman filter when jumps are present. The JDP estimator
forms the central element of an anomaly detection algorithm.
The anomaly detection algorithms were implemented in real-
time on our test vehicle and promising experimental results
were reported. The implementation of the algorithms can
create an anomaly map which can help drivers plan their
route better, or road agencies maintain the roads.
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