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Abstract—This paper investigates a comfort-based route
planner that considers both travel time and ride comfort. We
first present a framework of simultaneous road profile estima-
tion and anomaly detection with commonly available vehicle
sensors. A jump-diffusion process-based state estimator is devel-
oped and used along with a multi-input observer for road profile
estimation. The estimation framework is evaluated in an experi-
mental test vehicle and promising performance is demonstrated.
Second, three objective comfort metrics are developed based on
factors such as travel time, road roughness, road anomaly, and
intersection. A comfort-based route planning problem is then for-
mulated with these metrics and an extended Dijkstra’s algorithm
is exploited to solve the problem. A cloud-based implementa-
tion of our comfort-based route planning approach is proposed
to facilitate information access and fast computation. Finally,
a real-world case study, comfort-based route planning from
Ford Research and Innovation Center, Michigan to Ford Rouge
Factory Tour, Michigan, is presented to illustrate the efficacy of
the proposed route planning framework.

Index Terms—Comfort metrics, input observer, jump-diffusion
process (JDP), road anomaly detection, road profile estimation,
route planning.

I. INTRODUCTION

PEOPLE spend significant time in their vehicles com-
muting every day. Based on a report by the AAA

Foundation for Traffic Safety [1], Americans drove an aver-
age of 29.2 miles with an average duration of 46 min
every day. Ride comfort is therefore increasingly demanded
and has become one of the differentiating features that car
manufacturers are pursuing [2].

Factors that affect ride comfort are classified by
Corbridge [3] into three categories: 1) dynamic factors includ-
ing shocks, vibration, and accelerations; 2) ambient factors
such as temperature, air quality, and acoustic noise; and
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3) spatial factors associated with ergonomics. While all three
categories are important factors, in this paper, we focus on
dynamic factors associated with vibration and accelerations.
Numerous advanced control and system design technologies
are being pursued to improve ride comfort from the perspec-
tive of vibration and accelerations. For example, semiactive
and active suspension systems have been intensively studied
and implemented to isolate the passengers from road vibra-
tions [4]–[6], [29]. Noise vibration and harshness performance
analysis has been studied and exploited in the design of vehicle
trim and transmission systems [2], [7].

Due to variations in roughness, geometries, and anomaly
distribution, some roads are more comfortable than others.
In this paper, we propose to improve ride comfort through a
comfort-based route planning framework, aimed at identifying
routes with good ride comfort as well as fast travel time. While
modern vehicle navigation systems are able to generate opti-
mal routes in terms of travel time, distance or fuel economy,
in this paper, we augment such cost terms with comfort-based
metrics.

To implement comfort-based route planning, metrics are
needed to reflect relative comfort level of road segments.
While subjective assessment may be a natural and direct
way to indicate the riding quality, its use for route plan-
ning is impeded by the variability between subjects and the
difficulty of subjective data collection. As an alternative, stud-
ies have focused on analyzing the stimuli that affect ride
comfort [3], [8]–[10]. Vibration-related indices have been
developed. International roughness index (IRI) [11] has been
widely used and generally accepted as a standard metric to
describe the roughness of road segments. However, its mea-
surement relies on sophisticated road profilers, which are
expensive to acquire and operate. Power spectral density (PSD)
and vibration does values are also widely used for vibration
comfort analysis under British Standard 6841 (BS 6841) [8]
or International Standard 2631 (ISO 2631) [9]. BS 6841
recommends four acceleration measurements, three on the
seat (fore-aft, lateral, and vertical) and one at the backrest
(fore-aft). ISO 2631 recommends to measure the 3-D accel-
eration on the seat pan. While these metrics reveal good
correlation with ride comfort, their use for route planning is
limited due to sensor-suite requirements.

Recently, inexpensive and easy-to-implement estimation
methods have been explored. In [12], a standalone vehicle
accelerometer is used to measure vehicle body acceleration
which is then mapped to road PSD with a transfer function
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generated from a half-car model. Also, in [13], accelerometers
in a smart phone are used to correlate vertical acceleration with
road roughness. While these approaches are easy to imple-
ment, they are only able to classify road roughness level and
may not be sufficient for route planning.

In this paper, we develop a framework to simultane-
ously estimate road profile and detect road anomalies such
as potholes and speed bumps (SBs). A jump-diffusion pro-
cess (JDP)-based state estimator along with a multi-input
observer [14] is exploited. The estimation approach only
requires commonly available vehicle sensors and is eval-
uated in an experimental vehicle with promising perfor-
mance. Three objective comfort metrics are then developed
for comfort-based route planning. We first define a rough-
ness index (RI) based on estimated road profile. A roughness
weighted time (RWT) is also defined by integrating travel
time and RI. In addition, a road anomaly cost (RAC) met-
ric is defined based on driver aversion level to road anomalies
such as potholes and bumps. Finally, the intersection-induced
cost (IIC) is developed by considering potential stop-and-
gos and turns during the intersections. While there are many
other factors which may affect the ride comfort, the developed
route-dependent metrics, RWT, RAC, and IIC, are considered
as representative factors to define and demonstrate our route
planning methodology. The proposed framework can incorpo-
rate other factors (such as road curvature) through appropriate
modeling and modification of the cost function; while we
leave the treatment of such extensions to future publications,
we note that this paper demonstrates the difference between
routes that can be obtained through comfort-based route plan-
ning and through more traditional route planning approaches.
A real-world case study, route planning from Ford Research
and Innovation Center, Dearborn Michigan, to Ford Rouge
Factory Tour, Dearborn Michigan, is presented to demonstrate
how the “comfortable” route can differ from the fastest route.

In route planning algorithms, road networks are traditionally
modeled as graphs where nodes represent main intersections
and edges represent road segments [15]. A route planner gen-
erates an optimal route that minimizes the total costs. Costs
are traditionally assigned to edges, e.g., time, distance, fuel,
etc. However, in the proposed comfort-based route planning
framework, transition costs such as turns at intersections, cor-
responding to costs associated with pairs of connected edges,
are considered. The presence of these edge-transition costs
complicates the design of a planning algorithm. There are
generally two approaches to deal with transition costs. The
first approach exploits edge-based graphs, in which edges in
the original graph are replaced by nodes and pairs of con-
secutive edges are modeled as edges [16], [17]. This road
network representation can model both edge costs such as
travel time as well as edge-transition costs such as inter-
section turns. However, additional nodes are introduced and
computational complexity thus increases. The other approach
employs an exception list that stores transition costs for adja-
cent edges [18]. The planning algorithm can then query the
transition cost list during the route optimization. This approach
retains the traditional network representation but a list is
needed and the list query increases the computation time.

Fig. 1. Architecture of cloud-aided comfort-based route planning.

In this paper, we exploit the latter approach, a planner with
a transition cost list, to perform the comfort-based route
planning.

The proposed comfort-based route planning can be facili-
tated by a vehicle-to-cloud-to-vehicle (V2C2V) implementa-
tion as illustrated in Fig. 1. V2C2V-enabled vehicles are used
as mobile sensors to estimate road profile and detect road
anomalies. These data are sent to the cloud and a data pro-
cessing module extracts useful information from aggregated
reports. Road profile and anomaly information is then stored
in a cloud database for use in comfort-based route planning.
The user specifies the destination and user preferences which
reflect the user’s tradeoff between comfort and travel time.
A comfort-based route planner then combines real-time travel
information from the Web, road information from a database,
and the road profile and anomaly data from a database, and
generates an optimal comfort-based route. The benefits of the
V2C2V implementation include road data crowdsourcing and
sharing, real-time traffic data update, and convenient route
optimization.

The contributions of this paper include the following. First,
a novel framework of simultaneous road profile estimation
and anomaly detection is developed by exploiting a JDP-based
state estimator and a multi-input observer. Promising results
are demonstrated in an experimental test vehicles. In addition,
three comfort metrics are developed by considering representa-
tive factors such as road roughness, road anomalies, and inter-
sections. Furthermore, a novel comfort-based route planning is
developed and solved with an extended Dijkstra’s algorithm.
Finally, a real-world case study is presented to demonstrate
the efficacy of the proposed route planning framework.

This paper is organized as follows. Section II presents some
background results on dynamic model and input observer. The
simultaneous road profile estimation and anomaly detection
framework is presented in Section III. Section IV discusses
comfort-related factors and develops objective comfort metrics
for route planning. The comfort-based route planning problem
is formulated and solved in Section V. A real-world case study
is presented in Section VI while Section VII concludes this
paper.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

LI et al.: ROAD DISTURBANCE ESTIMATION AND CLOUD-AIDED COMFORT-BASED ROUTE PLANNING 3

Fig. 2. Seven DoFs full-car model.

II. BACKGROUND

A. Preliminaries

We introduce the following lemma which will be used in
subsequent developments.

Lemma 1 [19]: 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 func-
tion 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)
]T

V ′
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 applications, roadway ver-
tical velocity disturbances are typically modeled as inputs to
the suspension system [4], [20], [21]. 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 [14]
to estimate road inputs.

To implement the input observer developed in [14], a
dynamic model is required. We initially used the full-car model
from Fig. 2. The model has seven degrees of freedom (DoFs)
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

Fig. 3. Two DoFs half-car model.

Fig. 4. Test vehicle and main available sensors.

Lincoln MKS, illustrated in Fig. 3. In this vehicle, only four
measurements (left front suspension deflection, left rear sus-
pension deflection, vertical acceleration, and roll rate) are
available in the full-car model. Our simulation results reveal
that some of the full-car model states can not be accurately
estimated.

A reduced front half-car model, illustrated 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.
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 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)
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The measurement vector y includes front left suspension
deflection x1, vertical acceleration z̈ and roll rate θ̇ , that is

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 + �w

y = Cx + Dw + D2ν (5)

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

C. Input Observer

To estimate the road input w in (5), we exploit a multi-input
observer developed in [14]. For the half-car dynamics in (5),
the model can be written as

ẋ(t) = Ax(t) + �w(t). (6)

The input observer has the following form:

ε̇(t) = −γ Sε(t) + γ SAx(t) + (γ S)2Kx(t)

ŵ(t) = −ε(t) + γ SKx(t) (7)

where ε is the observer state, γ > (1/2) is a scalar gain,
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 pseudo-
inverse of �. Note that the column rank of � must be equal
to m so that K is well-defined. Henceforth we assume that
P = Im.

In [14], 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
. (8)

Note that to implement the input observer in (7), we require
a state estimate for x. To design a state estimator for the
implementation of the input observer, we develop a JDP-based
estimator below.

III. SIMULTANEOUS ROAD PROFILE ESTIMATION AND

ANOMALY DETECTION

A. JDP-Based Estimation

As discussed above, a state estimator is required to imple-
ment the input observer (5). Note that for the purpose of state
estimation, road velocity inputs w(t) are now treated as distur-
bances. The conventional treatment of the road velocity input
as Gaussian noise is enhanced in this paper with a JDP model
that is able to account for rare but pronounced events such as
potholes and bumps.

A JDP has the form η + σζ ζ where η is a vector Poisson
(Jump) process, ζ is a standard vector Wiener (Diffusion) pro-
cess and σζ σ

T
ζ ≥ 0 is a covariance matrix. In a Kalman filter, it

is assumed that w(t) = σζ ζ̇ . The JDP-based estimator modifies
this assumption so that

w(t) = η̇(t) + σζ ζ̇ (t) (9)

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

For the half-car model (5) with the disturbance mod-
eled in (9), the JDP-based estimator is assumed to have the
following form:

˙̂x = Ax̂ + F
(
ŷ − y

) + (� + FD)λμη

= Ax̂ + F
(
Cx̂ − Cx − Dw − D2ν

) + (� + FD)λμη (10)

where F is the estimator gain to be determined, 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 + (� + FD)w + FD2ν − (� + FD)λμη.

(11)

Let ν = σξ ξ̇ with ξ representing a standard vector Wiener pro-
cess and σξσ

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

D̄ = [FD2σξ (� + FD)σζ ], we have

de = [
(A + FC)e − (� + FD)λμη

]
dt + D̄

[
dξ

dζ

]

+ (� + FD)dη. (12)

Let z = Se be a weighted estimation error to keep small. 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, �) is stabilizable, D2DT

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 = −��̄DTV−1
2 − QCTV−1

2 (14)

and Q is the unique positive semidefinite solution to
(

A − ��̄DTV−1
2 C

)
Q + Q

(
A − ��̄DTV−1

2 C
)T

+ V1 − QCTV−1
2 CQ = 0 (15)

where V1 = ��̄�T − ��̄DTV−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: The proof follows [22] and is represented for com-

pleteness since here a more general case is considered with
vector input η and D 	= 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 = (1/2)eTMe. From (2) in Lemma 1, the infinitesimal
of V , denoted by LV , is calculated as

LV = −1

2
eTSTSe + 1

2
trace

(
D̄TMD̄

)

+ 1

2
D̃TMD̃ + 1

2
trace

[
D̂TMD̂

]
(17)

where D̃ = √
λ(� + FD)μη and D̂ = √

λ(� + FD)N with
NNT = �η being a lower triangular matrix from Cholesky
decomposition.
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This expression, along with STS > 0, M > 0, implies that
E[V(t)] is bounded. Then, using Dynkin’s formula, we have

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 multipli-
ers. 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 (13)

J = λ0

[
trace

(
D̄D̄TM

) + trace
(
D̃D̃TM

) + trace
(

D̂D̂TM
)]

+ trace
[(

MĀ + ĀTM + STS
)
Q

]

= trace
(

FD2σξσ
T
ξ DT

2 FTM
)

+ trace
[
(� + FD)�̄(� + FD)TM

]

+ trace
[(

MĀ + ĀTM + STS
)
Q

]
(20)

where �̄ = σζ σ
T
ζ + λμημ

T
η + λ�η.

Setting (∂J/∂F) = 0 implies that

F = −QCTV−1
2 − ��̄DTV−1

2 (21)

where V2 = D2σξσ
T
ξ DT

2 + D�̄DT .
Also, setting (∂J/∂M) = 0 yields

AQ + QAT + ��̄�T − FV−1
2 FT = 0. (22)

Equation (22) along with (21) imply (15).
Remark 1: The JDP-based estimator (10), (14), (15) is sim-

ilar to the steady-state Kalman filter but an additional term
(� + FD)λμη is added. The additional term can potentially
increase the dynamic response of the filter and thus is able
to capture abrupt changes such as road anomalies. The alge-
braic Riccati equation in (15) has more terms that can encode
additional disturbance information.

B. Estimation Performance 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. Both estimators are tuned manu-
ally to provide the best performance. Kalman filter parameters
were 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 used
in the simulation and experimental evaluations are listed in
Table I.

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. 5 shows an example, where a left pothole at 2 s

TABLE I
JDP ESTIMATOR PARAMETERS

Fig. 5. Input estimation with the JDP estimator.

Fig. 6. State estimation error with KF and JDP estimator.

Fig. 7. Input estimation with the KF.

and a right pothole at 4 s are encountered. With the specified
inputs in Fig. 5, the state estimation results for x2 and x3 are
illustrated in Fig. 6. Note that x1 and x4 are directly measured.

The Kalman filter works poorly when jumps occur, i.e.,
around 2 and 4 s. As a result, the input estimation for the
jumps works poorly as can be seen in Fig. 7. On the other
hand, the JDP-based estimator works better than the Kalman
filter as can be seen in Fig. 6. The input estimation tracks
the true inputs well with the JDP-based estimator, as shown
in Fig. 5.
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Algorithm 1 Road Anomaly Detection Algorithm

Inputs: v̂1, v̂2, v̄, tp2p, L−
Outputs: Anomaly indication and anomaly label
(left/right/large/small pothole, speed bump)

1: if L− = 1 and tp2p < L/v̄ then
2: Report no anomaly.
3: else
4: if v̂1 > th1(v̄) or v̂2 > th1(v̄) then
5: if |v̂1−v̂2|

min(v̂1,v̂2)
< thperc then

6: speed bump detected.
7: else if v̂1 > v̂2 then
8: left large pothole detected.
9: else

10: right large pothole detected.

11: else if v̂1 > th2(v̄) or v̂2 > th2(v̄) then
12: if |v̂1−v̂2|

min(v̂1,v̂2)
< thperc then

13: road joints detected.
14: else if v̂1 > v̂2 then
15: left small pothole detected.
16: else
17: right small pothole detected.

18: else
19: report no anomaly.

C. Road Anomaly Detection Algorithm

We showed that the JDP-based state estimator (10) coupled
with the input observer (7) can be exploited to esti-
mate road velocity inputs. With road velocity input esti-
mation, 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. Value L− = 1
indicates an anomaly was reported in that time window while
L− = 0 indicates no anomaly. 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 average speed.

Since we use a front half-car model, repeated patterns can
be found when the rear car hits the same anomaly. An exper-
imental example is illustrated in Fig. 11 where the repeated
patterns can be found around 3 and 5.3 s. The first if state-
ment 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 it is not
classified as a new anomaly. Otherwise, the subsequent steps
are executed.

Fig. 8. Three road surface types; roughness increases from left to right.
(a)–(c) Surfaces.

Fig. 9. Input estimation on the three road surfaces.

The anomaly detection algorithm is based on the fact that
the pothole is an event where jump occurs on only one side
while SBs or road joints (RJs) 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.

D. 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. 4. However,
there is no “true” road velocity for comparison. As a result, we
validate 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 illustrated in Fig. 8 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 illustrated in Fig. 9.

Our 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 illustrated in Fig. 10. The interface can indi-
cate whether an anomaly has been detected (state light), the
anomaly type, GPS coordinates, left and right inputs, and time.
Fig. 11 shows estimated road inputs in a vehicle test when hit-
ting a small pothole (SP) followed by a large pothole (LP) at
the right side. Jumps are detected approximately 2 and 4.2 s.
Using anomaly detection Algorithm 1, a right SP and a right
LP were successfully detected. Note that repeated patterns
can be found approximately 3 and 5.3 s. This is because the
rear half of the car also hits the pothole causing secondary
jumps. To differentiate the repeated pattern from a new pot-
hole, we compare the peak-to-peak time duration tp2p with
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Fig. 10. Real-time dSPACE ControlDesk interface.

Fig. 11. Input estimation when driving over an SP followed by an LP.

Fig. 12. Detected anomalies in Dearborn with our test vehicle.

the car length L divided by the minimum speed during win-
dow 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. 12. During our test drives, the algorithm did
not reveal any false positives and missed detections were rare.
The missed detections were mainly due to smooth manholes
and RJs, which are not true anomalies given our classifica-
tions. 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 SBs.

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.

Fig. 13. Road anomaly types. (a) Pothole. (b) Manhole. (c) SB. (d) RJs.

We next present a comfort-based route planning framework
that exploits road roughness and anomaly information.

IV. COMFORT-RELATED FACTORS AND

METRICS FOR ROUTE PLANNING

A. Comfort-Related Vibration and Acceleration Factors

For the purpose of route planning, in this section, we
consider route-dependent stimuli that influence ride comfort.

1) Road Roughness: Rough roads can cause discomfort and
driver fatigue. The IRI [11] is a standard metric to measure
road roughness. However, expensive road profilers are needed
to collect IRI. Also, the road conditions evolve over time so
the use of a profiler is further impeded.

In Section III, we developed a systematic approach to esti-
mate road profile using commonly available vehicle sensors.
This road profile estimator estimates the road inputs at both
wheels. For a specific road segment, we use the average of
the root mean square (RMS) of the estimated inputs in both
wheels as an indicator of RI

RI(i) = 1

2

(
RMS

(
V̂l,i

)
+ RMS

(
V̂r,i

))
(23)

where i is road segment number; RMS(·) denotes the RMS
of a vector or sequence; V̂l,i and V̂r,i represent the sequence
of road input estimates at the left and right wheels on road
segment i, respectively.

Based on the experimental results in Section III, the esti-
mated RI from (23) for the road surfaces illustrated in
Fig. 8(a)–(c) are 0.62, 0.85, and 1.03, respectively.

2) Road Anomalies: Besides rough roads, road anomalies
such as potholes and bumps can induce sudden acceleration
changes and worsen the driving experience. These anoma-
lies can even cause back or neck pain. In Section III-C, we
presented an algorithm to detect and label the anomalies. The
anomalies can be detected with onboard sensors and accurately
labeled as LP, SP (or manhole), SB, or RJs as illustrated in
Fig. 13. For comfort-based route planning, different costs can
be specified for each of the anomaly types based on the driver’s
evaluation of the anomalies.

Note that hitting an existing anomaly is a probabilistic event.
Anomaly locations can be determined using the clustering
algorithm developed in [23] with aggregated anomaly reports.
With cloud queries, probabilities of hitting these anomalies
can be estimated.

3) Turns at Intersections: Turns at intersections are unde-
sirable for safety and efficiency reasons. The United Parcel
Service eliminated left turns for their delivery trucks which
has reduced fleet-wide fuel consumption [24]. Turns at
intersections can also degrade ride comfort due to induced lat-
eral accelerations and possible deceleration. We hypothesize
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that left turns cause more discomfort than right turns because
these turns typically cross multiple oncoming traffic lanes.

4) Stop Signs and Traffic Lights: Stop signs can also cause
discomfort because of induced longitudinal acceleration while
the vehicle decelerates to a full stop and accelerates again.
Similarly, traffic lights may require similar stop-and-go behav-
ior with likelihood based on duration statistics. Note that left
turn, right turn and straight travel have different statistics at
each intersection.

5) Driving Duration: Travel time determines how long the
driver is exposed to the vibrations and thus plays an important
role in ride comfort. Prolonged driving can cause fatigue and
further reduce driving quality.

6) Others: Besides factors listed above, there are other fac-
tors that also affect ride comfort. For example, road curvature
and grade can affect ride comfort with similar induced acceler-
ations. Lighting and weather conditions, lane width, and truck
traffic are also influencing factors. However, in this paper,
we only consider the vibration-related factors listed above as
models for metrics and experimental data were available.

B. Comfort Metrics for Route Planning

In this section, we integrate the aforementioned comfort fac-
tors to develop metrics for comfort-based route planning. We
first introduce RWT, which aims at characterizing the impact
of both time and road roughness in a unified metric. The RWT
of road segment i is defined as

RWT(i) = S(RI(i))t(i) (24)

where i is the road segment number. RI(i) is the RI of road
segment i defined in (23) and t(i) is the expected travel time
of road segment i. Similar to [25] and [26], the real-time travel
time can be obtained from the Internet-based service, i.e., a
cloud. The function S(·) is the sigmoid weighting function
defined as

S(x) = a + b − a

1 + e−k(x−x0)
(25)

where a and b are the lower and upper bounds of the weight,
respectively; x0 is the sigmoid’s midpoint and k represents
the stiffness of the curve. Based on roughness estimation for
different road pavements illustrated in Fig. 8, we specify the
parameters as a = 0.8, b = 1.2, x0 = 0.08, and k = 80.
The function is illustrated in Fig. 14. Note that if a = b = 1,
S(x) ≡ 1.

The function indicates an ideally smooth road can be as
pleasant as a twenty percent discount on travel time while
travel on a very rough road is equivalent to having an addi-
tional 20% of travel time. The lower and upper bounds can
be specified by the user based on driver sensitivity to road
roughness.

We next consider the effects of road anomalies. Drivers may
have different tradeoffs between anomalies and travel time.
A questionnaire may be used to obtain the driver’s personal
aversion level for each of the anomaly types. See Table II
for the questionnaire and an example of author’s preference.
Through the questionnaire the driver rates the level of unde-
sirable events by providing a number ranging from 0 to 10 for

Fig. 14. Sigmoid function (25) with a = 0.8, b = 1.2, x0 = 0.08, and
k = 80.

TABLE II
DRIVER COMFORT METRIC QUESTIONNAIRE FOR ROAD ANOMALIES

each event where 10 represents most undesirable. Note that
driver preferences can also be averaged over more extensive
human subjective experiments in future work.

The road anomaly events, i.e., LP, SP, SB, and RJs, can
be identified using the frameworks developed in Section III.
The probability of hitting these anomalies can be estimated
with aggregated reports. The total RAC on road segment i is
defined as a summation

RAC(i) = JLP(i) + JSP(i) + JSB(i) + JRJ(i) (26)

where subscripts LP, SP, SB, and RJ, represent anomaly types.
If the corresponding undesired event is not present for road
segment i, then the associated cost component is set to 0. For
example, if there is no SB on segment i, then JSB(i) = 0.
Otherwise, each cost component reflects the expected value
of the number of potential encounters times driver-specified
cost. For example, if road segment i has probabilities 0.5, 0.8,
and 0.7 for hitting a sequence of three large potholes then the
large pothole induced cost is

JLP = (0.5 + 0.8 + 0.7) ∗ cLP (27)

where cLP is the user-specified cost for large potholes in
Table II, i.e., cLP = 8.

As discussed, intersections are undesirable for the possi-
ble stop-and-go events as well as possible turns. We intro-
duce an IIC metric in which we consider both intersection
turns and stop-and-go’s. Similar to RAC development, a
questionnaire may be used to quantify the driver’s aver-
sion to these events. See Table III for the questionnaire and
the author’s personal preferences. This questionnaire collects
driver aversion level of the undesirable events at intersec-
tions by specifying a number ranging from 0 to 10 for each
event where 10 represents most undesirable. These prefer-
ences can also be obtained with human subject experiments in
future work.
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TABLE III
DRIVER COMFORT METRIC QUESTIONNAIRE

FOR INTERSECTIONS

For example, a right turn at an intersection with probability
of 0.3 encountering a red light has an IIC equal to cRT +
cSG ∗ 0.3 = 8.4. A left turn at an intersection with a stop sign
has an IIC of cLT + cSG = 16. Note that the IIC captures the
transition cost between two road segments and is associated
with two edges in a graph.

Remark 2: The developed comfort metrics are driver-
dependent. Preferences and weighting factors need to be
specified to define the metrics. We note that the weights could
be obtained by recursive learning with driver feedback, e.g.,
based on driver’s comfort rating after each drive, or compar-
isons between different routes. Such developments are left to
future publications.

V. COMFORT-BASED ROUTE PLANNING

In Section IV, ride comfort metrics, RWT, RAC, and IIC,
are defined. We incorporate these metrics into a comfort-based
route planning framework. We model the road network as a
directed graph as illustrated in Fig. 16. Intersections and road
segments are modeled as nodes and edges, respectively, in this
directed graph. The route planner generates an optimal route
in the road network based on the specified cost functions for
RWT, RAC, and IIC.

A. Problem Formulation

For a directed graph G = {V, E}, V = {v1, . . . , vn},
|V| = n, represents the list of nodes, while E = {e1, . . . , em},
|E| = m, is the list of edges. Each edge e = (s, t) consists of
a source node and a target node and the following mappings
are defined:

source((s, t)) � s

target((s, t)) � t. (28)

We define three weighting functions: 1) wRWT(e) : E → R
+
0

assigns each edge an RWT cost; 2) wRAC(e) : E → R
+
0 assigns

each edge an RAC cost; and 3) wIIC(e1, e2) : E × E → R
+
0

assigns each pair of connected edges an IIC cost.
A path is a list of connected edges P = {e1, . . . , ep} such

that source(ei+1) = target(ei) for i = 1, . . . , p − 1. Path
weights are defined similarly as

wRWT(P) =
∑

ei∈P

wRWT(ei)

wRAC(P) =
∑

ei∈P

wRAC(ei)

wIIC(P) =
p−1∑

i=1

wIIC(ei, ei+1). (29)

We also define source(P) � source(e1) and target(P) �
target(ep). Then given a start node s and destination node d
in the graph, the goal is to find a path from s to d such that a
predefined cost function is minimized. In this paper, we define
the cost function as a weighted sum of RWT, RAC, and IIC
costs, that is

min
P∈P

wRWT(P) + α1 · wRAC(P) + α2 · wIIC(P) (30)

where P := {P : source(P) = s, target(P) = d}, α1 > 0,
α2 > 0 are weighting factors reflecting the driver’s tradeoff
between RWT, RAC, and IIC. For example, if α1 = 0.1, the
driver would like to spend 0.8 min (roughness weighted) to
avoid a large pothole based on the questionnaire in Table II.

Remark 3: Note that the user-specified costs in
Tables II and III can be viewed as time-based costs
which are scaled by α1 or α2 to balance with RWT.

B. Optimal Route Planning by Extended Dijkstra’s Algorithm

The conventional shortest-path problem has been exten-
sively studied and a rich set of methods have been explored,
e.g., A∗ algorithm [27], Dijkstra’s algorithm [28], etc.
However, these methods only consider costs assigned to the
edges. In our problem, the IIC models the edge-transition
cost and is associated with two edges. As a result, traditional
methods can not be directly applied.

Two main approaches have been developed to handle graph
search with dual-edge costs. The first one is referred to as
edge-based graph [16], [17], in which edges in the original
graph are replaced by nodes and pairs of consecutive edges are
modeled as edges. By this transformation, the previous edge
costs are represented in the nodes of the new graph and the
transition costs are represented in the edges of the new graph.
Then each of the nodes in the new graph can be split into two
nodes with its cost assigned to the edge connecting the two
split nodes. Then traditional planning algorithms such as A∗ or
Dijkstra’s algorithm can be applied to find the optimal route.
Suppose the original graph has n nodes and m edges. The
edge-based graph will have 2 m nodes which may introduce
a considerable number of new nodes for dense graphs.

The other approach is to introduce a data structure such
that the planning algorithm can query the transition costs
of the connected edges [18]. The data structure can be
specified as a list or as 3-D matrices where the transition
costs can be inferred from the three nodes. For example, let
IIC(v1, v2, v3) = c denote the IIC cost of the edge transition
v1 → v2 → v3. In the graph depicted in Fig. 16, IIC(1, 2, 5)
indicates the transition cost of 1 − 2 − 5 which captures a
right turn and possible stop-and-go behavior. Note that these
transition costs can be stored in a 4 − by − k matrix, where
k is the number of edge transitions and each column rep-
resents the three associated nodes (v1, v2, v3) and the cost
value (c). In this paper, we pursue this approach to implement
the comfort-based route planning. With the data structure,
Dijkstra’s algorithm can then be applied to find the optimal
route. Note that additional search is required to query the IIC
costs. We refer to the Dijkstra’s algorithm with an additional
list (or matrix) structure as an extended Dijkstra’s algorithm.
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Fig. 15. Route planning from Ford Research and Innovation Center to Ford
Rouge Factory Tour. A time-optimal route is highlighted on Google Maps.

Fig. 16. Abstracted road network map; each edge is assigned with a tuple
(expect travel time, RI, and RAC).

In summary, the edge-based planning methods need to intro-
duce a significant number of nodes, i.e., 2 m, while the
proposed extended Dijkstra’s algorithm requires a list/matrix
to store the transition costs. We propose to use the latter for
large and dense road networks.

VI. ROUTE PLANNING CASE STUDY

In this section, we present a real-world case study for the
developed comfort-based route planner. We plan a route from
Ford Research and Innovation Center, Michigan to Ford Rouge
Factory Tour, Michigan, with the goal of finding a fast and
comfortable route. These sites are illustrated in Fig. 15 in
which a time-optimal route is also indicated on Google Maps.

To plan the route, we first abstract the road network into a
graph as shown in Fig. 16. Nodes represent intersections of
main roads. For example, node seven represents the intersec-
tion of Michigan Avenue and Oakwood Boulevard, Dearborn
Michigan. The goal is to find a path from nodes 1 to 25 with
minimum cost per (30).

To obtain roughness and road anomaly information for the
related route segments, we collected data in an experimental
test vehicle that implements the estimation algorithm devel-
oped in Section III. The vehicle trace and detected anomalies
are shown in Fig. 17. Note that no SBs were encountered

Fig. 17. Trace of the experimental drive and detected anomalies.

in the test drive. Then combining the anomalies with the
driver anomaly cost specifications in Table II, (26), and (27),
the RAC of each road segment was computed. Ideally data
from multiple vehicles should be collected to indicate road
anomalies more accurately and the probability of hitting the
anomalies can be better estimated. However, in this paper, test
vehicle availability was limited so detected anomalies were
assigned probability 1 when calculating the RAC of each road
segment. Note that the above challenge can be capably handled
by the implementation of a V2C2V-enabled fleet. With aggre-
gated reports, we can detect all the anomalies and estimate the
probabilities of hitting these anomalies eventually.

Road profile inputs were estimated using the simultane-
ous road profile estimation and anomaly detection algorithm
developed in Section III. The RI of each road segment was
generated using (23). Similarly, multiple drives can improve
the accuracy of the estimated RI. In this paper, we use data
from a single test drive as a representative study. The expected
travel time was captured using Google Maps at 03:10 P.M.,
10/25/2015 (Sunday) EST. In the case study, we were not able
to get the statistics of the traffic lights. To make the case study
complete, we generate a random IIC ranging from four to ten
for well-defined transitions. These IIC values are stored in a
3-D matrix, T . For example, T(1, 2, 5) represents the IIC value
of the transition 1-2-5.

As a result, each edge is associated with three metrics, i.e.,
travel time, RI, and RAC, as illustrated in Fig. 16. Note that
since the road segments we considered are all bidirectional,
we approximate costs of both directions with the same metric
values. To facilitate route planning, we exploit RWT developed
in (24) and (25). With the example sigmoid function in Fig. 14,
the RWT of each segment was calculated as shown in Fig. 18.
Each edge is associated with two metrics, RWT and RAC. The
IIC values are captured in the transition matrix T . We are now
able to use the Extended Dijkstra’s algorithm to find optimal
routes as described below.

A. Time Optimal Route

To obtain the time-optimal route without considering road
roughness and road anomalies, we set a = b = 1 in Sigmoid
function (25) so that the travel time is not weighted by the
road roughness. We then set the weighting factor α1 and α2
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Fig. 18. Abstracted road network map; each edge is labeled by a tuple
(RWT and RAC).

Fig. 19. Optimal comfort route with α1 = 0.1.

in (30) to be 0. The obtained route is 1-2-3-8-9-14-19-20-23-
25 with 11.1 min travel time. The obtained route matches the
route recommended by Google Maps (Fig. 15).

Although it is the fastest, the route contains four LPs, five
SPs and two RJs, which induce a total RAC of 56 (4 × 8 +
5 × 4 + 2 × 2). There are also nine intersection transitions.

B. α1 = 0.1, α2 = 0.01 Case

By assigning α1 = 0.1, α2 = 0.01, we obtain the route
1-2-3-8-9-14-12-11-17-22-23-25 as shown in Fig. 19. The
unweighted travel time is 15 min which is 4 min more than
the time-optimal route. However, the RAC is only 18 with one
LP, one SP and three RJs.

C. Routes With Minimum Anomaly Impact

To obtain the route with minimum anomaly impact, we can
set α1 to be large. By setting α1 = 10 and α2 = 0.1, we
obtain route 1-2-3-4-6-10-13-16-21-19-18-20-23-25 as shown
in Fig. 20. The unweighted travel time is 20 min, 9 min longer
than the fastest route. However, this is the route with minimum
anomaly impact, containing 0 LPs, one SP, and three RJs.

Fig. 20. Route with minimum anomaly impact (α1 = 10 and α2 = 0.1).

Fig. 21. Route with minimum intersection impact (α1 = 0.1 and α2 = 10).

D. Routes With Minimum Intersection Impact

To obtain the route with minimum intersection impact, we
can set α2 to be large. By setting α1 = 0.1 and α2 = 10,
we obtain route 1-2-5-12-11-17-22-24-25 as shown in Fig. 21.
The unweighted travel time is 14.1 min, 3 min longer than the
fastest route. However, this is the route with minimum road
transitions, containing eight intersection transitions.

In this section, we implemented the proposed comfort-based
route planning in a real-world road network and demonstrated
how a “comfort” optimized route can be different from a tradi-
tional fast route. Due to limited availability of the experimental
vehicle, our case study is defined to be representative of a rela-
tively small road network on which the vehicle has been driven
during experimental tests. We believe that our deliberately
selected route network is representative to demonstrate poten-
tial benefits and functionality of comfort-based route planning.
The proposed planning framework is applicable to a larger
network but such developments are left to future work.

VII. CONCLUSION

This paper presented a comfort-based route planning frame-
work that considers both time and ride comfort. A method
of simultaneous road profile estimation and anomaly detec-
tion was proposed and validated. A JDP estimator along
with a multi-input observer was exploited for road distur-
bance estimation. Three objective metrics: 1) RWT; 2) RAC;
and 3) IIC, were formulated and used in comfort-based
route planning. The problem of route planning with edge-
transition cost is solved with an extended Dijkstra’s algorithm.
A real-world case study was presented to demonstrate how
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comfortable routes can be quite different from time-optimal
route. A simultaneous road profile estimation and anomaly
detection algorithm was implemented in a test vehicle to
collect road profile and anomaly data for the case study.

Future work will include a study of obtaining the driver’s
weights among these costs based on human subjective exper-
iments. Additional data for intersection statistics also must be
collected to include the IIC metric in the case study. We would
also plan to demonstrate comfort-based route planning with a
V2C2V-equipped vehicle to obtain further driver feedback and
refine the in-vehicle interface.
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