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Abstract— Jump–diffusion processes (JDPs) involve a
combination of jumps (Poisson process) and diffusions (Wiener
process). JDPs can be used to model large classes of disturbances
in engineering applications, such as road disturbances to a
car, wind disturbances to an airplane, and system parameter
perturbations. This paper develops a road anomaly detector
by exploiting an optimal state estimator for systems driven
by JDP in combination with the multi-input observer. State
estimation with the JDP-based estimator is shown to have
better performance than a Kalman filter when jumps, such as
potholes and bumps, are present. The road anomaly detector is
implemented in an experimental test vehicle and its experimental
validation results are reported.

Index Terms— Jump–diffusion process (JDP), road anomaly
detection, state estimation.

I. INTRODUCTION

THE DIFFUSION (or Wiener) processes have traditionally
been used to model stochastic disturbances in control

systems. However, rare but pronounced events (such as a car
hitting a pothole or an aircraft encountering a wind gust)
may be better modeled with jump (or Poisson) processes.
Jump–diffusion processes (JDPs), involving both jumps and
diffusions, can thus be used to model many engineering
disturbances.

Jump–diffusion models have primarily been used in the
past to represent asset pricing in finance [1]–[4]. In this
paper, we consider the problem of designing a state esti-
mator for systems driven by jump–diffusion disturbances

Manuscript received July 10, 2016; accepted October 16, 2016. Manuscript
received in final form October 16, 2016. This work was supported by Ford
Motor Company-The University of Michigan Alliance. Recommended by
Associate Editor M. Tanelli.

Z. Li, I. V. Kolmanovsky, and E. M. Atkins are with the Department of
Aerospace Engineering, University of Michigan, Ann Arbor, MI 48105 USA
(e-mail: zhaojli@umich.edu; ilya@umich.edu; ematkins@umich.edu).
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and we develop a road anomaly detector by exploiting the
JDP-based state estimator in combination with the multi-input
observer.

Road anomaly information can be used to warn drivers,
notify road maintenance crews, and enhance vehicle suspen-
sion control [5]. Road anomaly detection has attracted great
attention in the past decade. In [6], a pothole detector is
developed using three external accelerometers with machine
learning techniques. In [7], a pothole-detection algorithm is
proposed by developing and exploiting a multiphase dynamic
model. High-bandwidth sensors are required in [7] for suc-
cessful identification. Recently, Jaguar and Land Rover have
launched a “Pothole Alert” project with the goal of detecting
potholes with onboard vehicle sensors [8].

In this paper, we develop a novel framework to detect
and classify road anomalies with commonly available vehicle
sensors. A front half-car dynamic model is developed to char-
acterize vehicle-road interaction. In this model, the roadway
velocity disturbances at the two wheels are treated as inputs
and a multi-input observer developed in [9] is used to estimate
the inputs. The input observer implementation requires the
estimates of system states, and the JDP-based estimator is
exploited to estimate these states. We demonstrate that the
JDP-based estimator outperforms a Kalman filter when jumps,
such as potholes and bumps, are present. A road anomaly
detection algorithm is further developed and implemented in a
Lincoln MKS test vehicle. Performance evaluation results are
reported.

The contributions of this paper include the following. First,
the JDP-based disturbance modeling is for the first time
exploited in a comprehensive way in the context of engineering
application. Previously, JDP models were mainly used for
price modeling in finance. Second, an optimal state estima-
tor is developed for linear systems with JDP disturbances.
Third, a road anomaly detector is developed by exploiting
the JDP-based state estimator. This road anomaly detector
is implemented in an experimental vehicle in real time, and
promising experimental results are reported. Compared with
the conference paper [10], in this paper, we present more
comprehensive results on the JDP estimator properties with
complete proofs. In particular, we extend the treatment to the
vector disturbance case.
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This paper is organized as follows. Section II reviews
the background results about systems driven by JDP.
Section III presents the detailed system design of the anomaly
detection algorithm from perspectives of dynamic modeling,
input observer, JDP-based state estimation, and detection
logics. Experimental results are reported in Section IV. Finally,
concluding remarks are made in Section V.

II. SYSTEMS DRIVEN BY JUMP–DIFFUSION PROCESSES

The JDP is a combination of a jump process and a diffusion
process. The jump portion, η(t), of a JDP is modeled by a
Poisson process, which implies that the number of jumps in a
time interval of length �t , N(�t), is distributed as

Prob
(
N(�t) = k

) = e−λ�t (λ�t)k

k! (1)

where λ is a rate parameter. During a small time interval
of length �t , the probability that η(t) may jump upward
is approximately equal to λ�t; with the probability approxi-
mately equal to 1 − λ�t , η(t) retains a constant value. The
probability of encountering more than one jump during a small
time interval �t is o(�t), and the numbers of jumps in any two
disjoint time intervals are independent [11]. It can be shown
that the expected time between two consecutive jumps is equal
to 1/λ. The jump size of η(t) can also be a random variable;
such a Poisson process is often referred to as a compound
Poisson process.

A scalar JDP has the form, η +σζ · ζ , σζ > 0, where η is a
Poisson process and ζ is a standard Wiener process. Since both
Wiener process and Poisson process are Markov processes,
the JDP is also a Markov process [12], [13]. A sample
trajectory of a system, ẋ(t) = a(x(t)) + b(x(t)) · w(t), with
w = η̇ + σζ · ζ̇ , can be approximated using discrete time
updates as

�x(t) = a(x(t)) · �t + b(x(t)) · �w(t)

�w(t) =
{

�ηk + √
�t · N (0, 1) · σζ , if t = τk√

�t · N (0, 1) · σζ , if t �= τk

where �t is the time increment, �x(t) is the state increment,
and N (0, 1) denotes a random number generated from a
normal distribution with zero mean and unit variance. �ηk is
the random size of the kth jump occurring at a random time
instant τk . Using standard notations in the stochastic control
literature, the above system is written as

dx = a(x(t))dt + b(x(t)) · (dη + σζ dζ ).

Consider now a stochastic system in the following form:
dx(t) = [A(t)x(t) + f (t)]dt + D(t, x)dζ + G(t, x)dη (2)

where A, D, and G are known (matrix) functions of appro-
priate dimensions, f is a known function, ζ is a standard
vector Wiener process, and η is a vector jump process,
i.e., each component is a scalar jump process. We assume that
each component of the vector η has the same rate parameter.
The processes η and ζ are assumed to be independent of
each other. The infinitesimal generator of a given sufficiently

Fig. 1. Schematic system flowchart for pothole-detection design.

smooth function V (t, x), denoted by LV (t, x), can be shown
to have the following form [14]:

LV (t, x) = ∂V

∂ t
+ [A(t)x(t) + f (t)]T V ′

x(t, x)

+ 1

2
trace(D(t, x)T V ′′

x x D(t, x))

+
∫

Rm
[V (t, x + G(t, x)s) − V (t, x)]λφ(s)ds

(3)

where m is the dimension of η, V ′
x and V ′′

x x 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.

Under appropriate assumptions [14], [15], Dynkin’s formula
applies and

E[V (t, x(t))] − E[V (0, x(0))] = E
∫ t

0
[LV (τ, x(τ ))]dτ (4)

where E denotes the expectation.

III. ROAD ANOMALY DETECTION AND CLASSIFICATION

In this paper, we develop a model-based road anomaly
detection algorithm that not only detects road anomalies but
also labels the anomaly types, such as potholes, speed bumps,
and road joints.

When vehicles travel on roads, they are perturbed by
road disturbances. In suspension control applications, roadway
vertical velocity disturbances are typically modeled as inputs
to the suspension system [5], [16], [17]. Note that road
anomalies (e.g., potholes and speed bumps) correspond to
large disturbance jumps. Therefore, if we can estimate these
road disturbances, road anomalies can then be detected by
identifying big jumps.

Consider the overall vehicle as a system, then the road
disturbances at the four wheels can be treated as inputs to the
system. Hence, input observers can be exploited to estimate
the road disturbances. A schematic chart of the system design
is shown in Fig. 1.

In this paper, we exploit the input observer from [9] to
estimate road inputs. This input observer requires full-state
information, and a JDP-based state estimator is developed to
estimate system states from sensor measurements. Both the
input observer and state estimator are model-based. With the
estimated road disturbances from the input observer, detection
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Fig. 2. Seven DoF full-car model schematics.

Fig. 3. Test vehicle and main available sensors.

logics are applied to determine anomaly existence and type.
Sections III-A–III-D correspond to each of the blocks in Fig. 1.

A. Dynamic Model

To implement the input observer based on the approach
in [9], a dynamic model is required. We initially used the full-
car model from Fig. 2. The model has seven degrees of free-
dom (DoFs) and fourteen states. This comprehensive model
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, as shown in Fig. 3. In this
vehicle, only four sensor measurements (left front suspension
deflection, left rear suspension deflection, vertical acceleration,
and roll rate) are available. Using these sensor measurements,
our simulation results reveal that some of the full-car model
states cannot be accurately estimated.

A reduced front half-car model, shown in Fig. 4, 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 longitudinal axis.
The variables 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. The para-
meters ks and cs represent the spring stiffness and damping
coefficient of the suspension system, respectively, and we

Fig. 4. Two DoF half-car model.

assume that the left and right sides have the same parameters.
We denote the roll angle by θ . The variables q1 and q2
represent the left and right suspension deflections from
equilibrium values, respectively. The signals v1 and v2 are the
road velocity inputs to the left and right wheels, respectively.
Note that since the wheel has high stiffness, to simplify the
model, we consider v1 and v2 as being directly applied to the
left and right suspensions, respectively.

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

ẋ1 = x3 + L1x4 − v1

ẋ2 = x3 − L2x4 − v2
1

2
mbẋ3 = −ks x1 − cs ẋ1 − ks x2 − cs ẋ2

1

2
Ix ẋ4 = −L1ks x1 − L1cs ẋ1 + L2ks x2 + L2cs ẋ2. (5)

The measurement vector y includes front left suspension
deflection q1, vertical acceleration z̈, and roll rate θ̇ , that is

y = [q1 z̈ θ̇ ]T . (6)

Let w = [v1 v2]T represent the input vector. The equations
of motion in (5) can be represented as

ẋ = Ax + �w

y = Cx + Dw + D2ν (7)

where ν is the measurement noise and A, �, C , and D are the
constant matrices consistent with (5) and (6).

B. Input Observer

To estimate the road input w in (7), we exploit a multi-input
observer using the approach developed in [9]. For the half-car
dynamics in (7), the model can be written as

ẋ(t) = Ax(t) + �w(t). (8)

The input observer has the following form:
ε̇(t) = −γ Sε(t) + γ S Ax(t) + (γ S)2 K x(t)

ŵ(t) = −ε(t) + γ SK x(t) (9)

where ε is the observer state, γ > (1/2) is a scalar gain,
and S = (1/2)Im + (1/2γ )P , where P is a weighting
matrix, m is the number of inputs, and K = (�T �)−1�T

is the pseudoinverse of �. Note that the column rank of �
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must be equal to m, so that K is well defined. Henceforth, we
assume that P = Im .

In [9], it is shown that, assuming ‖ẇ(t)‖ ≤ b1, the
estimation error is bounded by

‖w(t) − ŵ(t)‖2
P ≤ ‖w(0) − ŵ(0)‖2

Pe−γ t + b2
1

2γ 2 . (10)

Note that to implement the input observer in (9), we require
full-state information. Since not all the states are measured,
a state estimator is needed to estimate x from measure-
ments y in (6). In Section III-C, we exploit the JDP-based
state estimator for state estimation. Compared with Kalman
filter, the conventional treatment of the road velocity input as
Gaussian noise is enhanced with a JDP model that is able to
account for rare but pronounced events, such as potholes and
bumps.

C. Optimal State Estimation for Systems Driven
by Jump–Diffusion Process

In this section, we design an optimal state estimator for the
dynamic system (7). A conventional choice of state estimator
is the Kalman filter, which assumes that the disturbance w
is Gaussian. However, road anomalies, such as potholes and
speed bumps, are pronounced events to account for which a
more general representation of the disturbance w is desired.
In this paper, we model the road disturbance as a JDP. This
general representation can model both normal roads and road
anomalies, such as potholes and speed bumps.

1) JDP-Based State Estimation: Consider the following
stochastic system:

dx = Axdt + Budt + �[dη + σζ dζ ] (11)

where x is a vector state, u is a known input, and η is a
vector jump process with each component having the same
rate parameter λ. The joint probability density function of the
jump sizes of η is denoted by φ(·). In 11, ζ is a standard
vector Wiener process, and σζ σ T

ζ is a positive-definite matrix.
We let μη and �η denote, respectively, the jump size mean
and covariance. The jump sizes are assumed to be independent
and identically distributed. System (11) can also be written
conventionally as

ẋ = Ax + Bu + �w (12)

with w = η̇ + σζ ζ̇ . The objective is to estimate states of
system (11) from output measurements satisfying

y = Cx + Dw + D2ν (13)

where ν = σξ ξ̇ , ξ is a standard vector Wiener process
representing the sensor noise, and the matrix σξσ

T
ξ is positive-

definite. The processes η, ζ , and ξ are assumed to be indepen-
dent. Note that (12) and (13) are a more general form of (7)
with u �= 0.

The state estimator for system (12) based on the output
measurement (13) is assumed to be of the form

˙̂x = Ax̂ + Bu + F(ŷ − y) + (� + F D)λμη

= Ax̂ + Bu + F(Cx̂ − Cx − Dw − D2ν)

+ (� + F D)λμη (14)

where F is the estimator gain to be determined. Let e = x − x̂
denote the estimation error. Then

ė = (A + FC)e + (� + F D)w + F D2ν − (� + F D)λμη.

(15)

Defining D̄ = [F D2σξ (� + F D)σζ ], we have

de = [(A + FC)e − (� + F D)λμη]dt

+ D̄

[
dξ
dζ

]
+ (� + F D)dη. (16)

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

J = lim
t→∞

1

t
E

∫ t

0
zT (τ )z(τ )dτ. (17)

The optimal gain F that minimizes (17) is given
in Theorem 1.

Theorem 1: Suppose the pair (A, C) is detectable, the
pair (A, �) is stabilizable, D2 DT

2 > 0 and ST S > 0. Then,
the optimal gain F that minimizes (17) in the open set of all
gains F for which (A+FC) is asymptotically stable (Hurwitz),
is given by

F = −��̄DT V −1
2 − QCT V −1

2 (18)

and Q is the unique positive semidefinite solution to

(A − ��̄DT V −1
2 C)Q + Q

(
A − ��̄DT V −1

2 C
)T

+ V1 − QCT V −1
2 C Q = 0 (19)

where V1 = ��̄�T −��̄DT V −1
2 D�̄�T , V2 = D2σξσ

T
ξ DT

2 +
D�̄DT , and �̄ = σζ σ T

ζ + λμημ
T
η + λ�η, where �η is the

covariance of η.
Proof: Since (A, C) is detectable, there exists F , such that

A + FC is asymptotically stable. Assuming that Ā = A + FC
is asymptotically stable, and given that ST S > 0, we can find
M > 0 such that

M Ā + ĀT M = −ST S. (20)

Let V = (1/2)eT Me. From (3)

LV = [ Āe − (� + F D)λμη]T Me + 1

2
trace(D̄T M D̄)

+
∫

Rm

[
1

2
sT (� + F D)T M(� + F D)s

+ eT M(� + F D)s

]
λφ(s)ds

= 1

2
eT ( ĀT M + M Ā)e + 1

2
trace(D̄T M D̄)

+ 1

2
λ · trace[(� + F D)T M(� + F D)�η]

+ 1

2
λ · μT

η (� + F D)T M(� + F D)μη

= −1

2
eT ST Se + 1

2
trace(D̄T M D̄)

+ 1

2
D̃T M D̃ + 1

2
trace[D̂T M D̂] (21)
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where D̃ = √
λ(� + F D)μη and D̂ = √

λ(� + F D)N with
N NT = �η being a lower triangular matrix from Cholesky
decomposition.

This expression, along with ST S > 0 and 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
D̃T M D̃

+ 1

2
trace(D̄T M D̄) + 1

2
trace(D̂T M D̂). (22)

Consequently

lim
t→∞

1

t
E

∫ t

0
zT (τ )z(τ )dτ

= D̃T M D̃ + trace(D̄T M D̄) + trace(D̂T M D̂). (23)

Next, apply the method of indeterminate Lagrangian multi-
pliers. There exist λ0 ∈ {0, 1} and a matrix Q, (λ0, Q) �= 0
which together with the optimal values of F and M , yield the
first-order optimality conditions for function J from (17)

J = λ0[trace(D̄ D̄T M) + trace(D̃ D̃T M)

+ trace(D̂ D̂T M)] + trace
[
(M Ā + ĀT M + ST S)Q]

= trace
[(

F D2σξσ
T
ξ DT

2 FT+(�+F D)σζ σ
T
ζ (�+F D)T )

M
]

+ trace
[
λ · (� + F D)μημ

T
η (� + F D)T M

]

+ trace
[
λ · (� + F D)�T

η (� + F D)T M
]

+ trace[(M Ā + ĀT M + ST S)Q]
= trace

(
F D2σξσ

T
ξ DT

2 FT M
)

+ trace[(� + F D)�̄(� + F D)T M]
+ trace[(M Ā + ĀT M + ST S)Q] (24)

where �̄ = σζ σ T
ζ + λμημ

T
η + λ�η. Therefore

∂ J

∂ F
= 2M F D2σξσ

T
ξ DT

2 + 2M��̄DT

+ 2M F D�̄D + 2M QCT . (25)

Setting (∂ J/∂ F) = 0 implies that

F = −QCT V −1
2 − ��̄DT V −1

2 (26)

where V2 = D2σξσ
T
ξ DT

2 + D�̄DT .
Also
∂ J

∂M
= F D2σξ σ

T
ξ DT

2 FT + ��̄�T + 2F D�̄�T

+ F D�̄DT FT + Q AT + QCT FT + AQ + FC Q

= FV2 FT + ��̄�T + 2F D�̄�T

+ 2QCT FT + Q AT + AQ. (27)

Setting (∂ J/∂M) = 0 and from (27), it follows that:
AQ + Q AT + ��̄�T − FV −1

2 FT = 0. (28)

Equation (28) along with (26) implies (19). �
Remark 1: The JDP estimator (14), (18), and (19) is sim-

ilar to the steady-state Kalman filter, but an additional term
(� + F D)λμη is added. The additional term can potentially

Fig. 5. Schematic framework of filter autotuning.

Fig. 6. Input estimation with the JDP estimator.

improve the dynamic response of the filter, and thus is able to
capture abrupt changes such as road anomalies. In addition,
the algebraic Riccati equation in (19) has more terms which
encode more disturbance information.

2) Comparison With Kalman Filter: In this section,
we simulate and compare state estimation and resulting input
estimation performance of a Kalman filter and the JDP-based
estimator. To better compare these two state observers,
an autotuning framework, as shown in Fig. 5, is applied to tune
parameters for the two filters. The parameter optimization is
based on simulations with the disturbance w specified as the
blue line in Fig. 6 and we let u = 0. The disturbance w is
then fed into the dynamic system (7) to obtain ”true” state x
and system output y. With output y and assumed observer
parameters, the observer will generate a state estimate x̂ .
A performance evaluator then compares true state x and state
estimate x̂ , and generates an estimation performance metric E .
An optimizer is exploited to iteratively optimize the parameters
based on the performance metrics.

In this paper, we use the root-mean-square of x − x̂ as the
performance metric and we exploit MATLAB f mincon func-
tion as the optimizer. To increase the likelihood that a global
minimizer is found, we run the optimizer with 20 random
initial conditions p0.

The Kalman filter parameters to be optimized are the
process noise covariance matrix W ∈ R

4×4 and the mea-
surement noise covariance V ∈ R

3×3. To reduce the num-
ber of parameters to be optimized, we optimize diagonal
matrices for W and V . The optimized Kalman filter para-
meters are W = diag{7.3, 4.2, 1.5, 9} and V = 10−3 ·
diag{0.11, 1.21, 0.81, 0.34}.
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TABLE I

JDP-BASED ESTIMATOR PARAMETERS

Fig. 7. State estimation error with KF and JDP estimator.

The parameters of the JDP estimator to be tuned include
the mean jump size μη ∈ R

2×1, covariance matrix of the
jump �η ∈ R

2×2, covariance matrix of the Wiener processes
σζ R

2×2 and ση ∈ R
2×2, and the jump rate λ ∈ R. Similar

to simplify the autotuning, we assume that the matrices
�η, σζ , and ση are scalars times an identity matrix. The
optimized parameters are listed in Table I.

Note that we autotune the parameters for the two filters with
the same system perturbation, i.e., u = 0, and w from Fig. 6.
The reason is that this JDP-like perturbation w is what we
expect to encounter for the road anomaly detector and it is
what we would like to optimize on. The subsequential perfor-
mance comparisons are also based on JDP-like perturbations.

With the optimized parameters for both Kalman filter and
the JDP-based state observer, we first 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. 6 shows an
example, where a left pothole at 2 s and a right pothole at 4 s
are encountered. Note that this disturbance profile is actually
rapidly changing over time. It looks flat except for the jumps
because of the relatively small magnitude compared with the
jumps. With the specified inputs in Fig. 6, the state estimation
errors for x2 and x3 are shown in Fig. 7. Note that x1 and x4
are included in the measurement output in the simulations.

Fig. 7 suggests that the JDP-based estimator provides an
improved performance compared with Kalman filter, while
Figs. 6 and 8 indicate that the combined scheme with
the input observer performs better when potholes occur,
i.e., at around 2 and 4 s.

We next present a performance comparison in the case
where the vehicle hits a speed bump. A speed bump can
be modeled as an input, where both wheels have jumps with
similar magnitudes. See Fig. 9 as an example where a speed
bump is encountered at 2 s. State estimation errors are shown
in Fig. 10. The JDP-based estimator tracks the true states
well, while the Kalman filter does not work well during and
immediately following the jumps.

Fig. 8. Input estimation with the KF.

Fig. 9. Input estimation with the JDP estimator.

Fig. 10. State estimation error with KF and JDP estimator.

Consequently, as shown in Fig. 9, the inputs with
a JDP-based state estimator are tracked well, while the
jumps are tracked poorly with the Kalman filter, as shown
in Fig. 11.

D. Detection Logic

In this section, we apply the JDP-based estimator developed
in Section III-C to road anomaly detection. The algorithm can
also label the anomaly types, such as potholes, speed bumps,
and road joints.

We showed that the JDP-based state estimator (14) coupled
with the input observer (9) can be exploited to estimate road
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Fig. 11. Input estimation with the KF.

Algorithm 1 Road Anomaly Detection Algorithm

velocity inputs in Section III-C. With road velocity input
estimation, Algorithm 1 is developed to detect and label road
anomalies.

In the algorithm, v̂1 and v̂2 are, respectively, the maximum
magnitudes of the estimated left and right road velocity inputs
over the past time window. v̄ is the average car speed over
the time window; tp2p denotes the peak-to-peak time duration
from the last time window to the previous window; L is the
car length; L− is the label variable to indicate whether an
anomaly was reported for the last time window. The value
L− = 1 indicates an anomaly was reported in that time
window, while L− = 0 indicates no anomaly was reported.
The parameter th1 is a vehicle speed-dependent threshold
for large anomaly response. The parameter th2, th2 < th1,
is a vehicle speed-dependent threshold for small anomalies and

Fig. 12. Three road surface types; roughness increases from left to right.
(a) Surface 1. (b) Surface 2. (c) Surface 3.

th perc is a threshold for the left and right input differences.
In a real-time implementation, lookup tables are implemented
for th1 and th2 as a function of average speed.

Since we use a front half-car model, repeated patterns can
be found when the rear part of the car hits the same anomaly.
An experimental example is given in Fig. 15, where the
repeated patterns can be found around 3 and 5.3 s. The first
if statement is used to differentiate the repeated pattern from
a new anomaly. This is because the rear half of the car also
hits the anomaly causing secondary jumps. We compare the
peak-to-peak time duration tp2p with car length L divided by
the average speed during window v̄ . If tp2p < L/v̄ , then the
anomaly is not classified as a new anomaly. Otherwise, the
subsequent steps are executed.

The anomaly detection algorithm 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. The two thresholds th1 and th2 are magnitude
thresholds used to determine whether the response is large or
small.

Note that the overall computation and memory footprint
for the proposed anomaly detection system are quite light.
With filter parameters being tuned offline, the optimal filter
gain F is computed offline using (18). The implementation of
the filter (14) is the same as an infinite-horizon Kalman filter
except for an additional algebraic computation (�+ F D)λμη ,
which requires little computation.

Similarly, the input observer (9) also has small computa-
tional footprint. The detection logic in Algorithm 1, however,
requires a buffer for the 1-s processing window, which requires
a buffer size of 100. The computation requirement for the
detection logic is low. In summary, the computation and
memory requirements for the proposed detection algorithm are
quite small and thus suitable for real-time implementation.

IV. EXPERIMENTAL RESULTS

We have shown above that the road input estimator works
well in simulations. We also tested the input estimator in a
2012 Lincoln MKS test vehicle, pictured in Fig. 3. However,
there is no “true” road velocity for comparison. As a result,
we first test road input estimation performance by running our
test vehicle on road segments with different road surface types
to see whether the estimator can reflect roughness levels. Three
different surfaces are shown in Fig. 12, where the roughness
increases from left to right. The test vehicle was driven at
approximately 30 km/h on the road segments, and left input
estimations v̂1 are shown in Fig. 13. The results demonstrate
that the input estimation algorithm is clearly sensitive to the
road surface type.
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Fig. 13. Input estimation on the three road surfaces.

Fig. 14. Real-time dSPACE ControlDesk interface.

Fig. 15. Input estimation when driving over a small pothole followed by a
large pothole.

Our road anomaly detection algorithm validation procedure
is straightforward. We ran our detection algorithm in real
time on dSPACE and an interface was used to indicate real-
time detections, as shown in Fig. 14. The interface can
indicate whether an anomaly has been detected (state light),
the anomaly type, GPS coordinates, left and right inputs, and
time. Fig. 15 shows the estimated road inputs in a vehicle test
when hitting a small pothole followed by a large pothole at the
right side. Jumps are detected at approximately 2 and 4.2 s.
Using anomaly detection algorithm 1, a right small pothole
and a right large pothole were successfully detected. Note that
repeated patterns can be found at approximately 3 and 5.3 s.
This is because the rear half of the car also hits the pothole

Fig. 16. Detected anomalies in Dearborn with our test vehicle.

TABLE II

SUMMARY ON ANOMALY DETECTION PERFORMANCE

causing 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.

As we drove our vehicle around Dearborn, Michigan,
anomalies were detected and recorded. One of the trips is
shown in Fig. 16. During our test drives, the algorithm did
not reveal any false positives and there were only three
missed detections. 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. A summary of the detection performance is given
in Table II.

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. Anomaly map data are also useful for road agencies
to efficiently maintain the roads.

V. CONCLUSION AND FUTURE WORK

In this paper, we developed and validated a method of road
anomaly detection and classification. A multi-input observer
was used to estimate road velocity inputs. The JDP-based
estimator was exploited and shown to have better estimation
performance than a Kalman filter when jumps are present.
The derivation of the JDP-based estimator, complete with the
proofs, has been presented, and the potential of it to lead to
better estimation performance versus a conventional Kalman
filter approach has been demonstrated in the context of our
road anomaly detection application. The anomaly detector was
implemented in real time on a test vehicle, and promising
experimental results were obtained. The anomaly detection
procedure can be applied to create a crowd-sourced anomaly
map, which can assist drivers in route planning and help road
agencies maintain the roads.
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The thresholds in the detection algorithm were chosen
based on a small set of experimental data. Machine learning
techniques can be applied in the future to better characterize
these thresholds based on a larger data set. The algorithm was
only demonstrated in one vehicle. Implementation in multiple
vehicles is another direction for future work.
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