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Abstract: In this paper, we consider optimization of trajectories for automotive vehicle rollover
testing. In particular, worst-case trajectories that are most likely to cause rollover accidents
are determined through trajectory optimization. Our approach combines online local-model
identification and gradient-based input update, and can be applied to black-box type models,
e.g., a high-fidelity vehicle dynamics model given as a simulation code and not as an explicit set
of equations. With our approach, a library of worst-case trajectories corresponding to different
operating conditions (e.g., vehicle mass, road surface conditions, etc.) can be constructed and

subsequently used in hardware tests.
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1. INTRODUCTION

Achieving safer transportation has been a major goal
in the automotive industry. Compared to other types of
traffic accidents, rollover accidents have higher fatality
rates (NHTSA, 2018). Extensive efforts have been pursued
in both academia and industry to address vehicle rollovers
(Rajamani, 2011). Various rollover prevention mechanisms
have been proposed based on, e.g., differential braking in
Chen and Peng (2001); Géspéar et al. (2005); Lu et al.
(2007); Li et al. (2016) or steering intervention in Carlson
and Gerdes (2003); Solmaz et al. (2007); Bencatel et al.
(2017); Liu et al. (2019). To evaluate vehicle roll stability
and rollover resistance, as well as to assess performance
of these rollover prevention mechanisms, standardized
tests including static tests, e.g., based on measurement
of the static stability factor (NHTSA, 2017), and dynamic
tests such as fishhook (NHTSA, 2004) and sine-with-dwell
(NHTSA, 2007) maneuvers have been established.

However, the standardized tests may not correspond to the
worst case for all vehicles or over all operating conditions
of the same vehicle. Here, worst case designates operation
scenarios or maneuver trajectories that are most likely to
cause the vehicle to have a rollover accident.

The procedure of designing/identifying a worst-case tra-
jectory for a given system such that a given system spec-
ification is violated by that trajectory is generally called
falsification (since the specification is disproved/falsified),
and such a trajectory is usually called a falsifying trajec-
tory. As it is typically unknown a priori whether such a
trajectory exists or not, procedures for designing worst-
case trajectories and for identifying (the existence of) fal-
sifying trajectories are sometimes interpreted interchange-
ably, both called falsification.

In the literature, several approaches have been proposed
to address the falsification problem of control systems,
based on, e.g., optimal control theory in Ma and Peng

* This work has been supported by the National Science Foundation
Award CNS 1544844.

Copyright lies with the authors

(1999a,b), Yaghoubi and Fainekos (2019), or sampling-
based techniques in Cheng and Kumar (2008), Nghiem
et al. (2010) and in the temporal logic falsification tool S-
TaLiRo (Annpureddy et al., 2011). In our previous work
(Li et al., 2017, 2018), we have also proposed an approach
to falsifying control systems by exploiting optimal control
theory. In particular, our approach is applicable to systems
that do not have explicit models. By integrating online
local-model identification and gradient-based input update
into an iterative algorithm, our approach handles the sys-
tem by treating it as a black-bor generating input-output
responses. For continuous-time systems represented by or-
dinary differential equations, this approach is presented in
Li et al. (2017), and an extended version handling systems
with input and/or state time-delays has appeared in Li
et al. (2018).

The contributions of this paper are as follows: 1) In
this paper, we describe a discrete-time variant of the
approach in Li et al. (2017, 2018). On the one hand,
discrete-time formulation translates more naturally into
the computational implementation of the approach. On
the other hand, we have found through simulation ex-
periments that the discrete-time version of our approach
has greater numerical stability than its continuous-time
counterpart. 2) This paper considers a new case study
of vehicle rollover test generation. We first illustrate the
use of our approach to determine two distinct worst-case
trajectories for a given vehicle model operating in two
different road conditions. We then discuss the application
of our approach to constructing a worst-case trajectory
library corresponding to a range of operating conditions,
which can inform future hardware tests. 3) To account
for the fact that the dynamics during a vehicle rollover
event experiences discontinuous changes, which may be
modeled as event-triggered mode switches (Yoon et al.,
2007), we have modified the iterative algorithm of Li et al.
(2017, 2018) so that it is applicable to such mode-switching
hybrid systems.
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Furthermore, compared to previous optimal control-based
falsification approaches, such as the one in Ma and Peng
(1999a,b), our approach has the following differences: 1)
Unlike restricting the cost function to be quadratic as in
Ma and Peng (1999a,b), our gradient-based input update
can handle a broader class of cost functions and thereby a
wider range of falsification objectives. Examples of non-
quadratic cost functions treated by our approach have
been reported in Li et al. (2017, 2018). 2) When applied
to system models that do not have explicit equation
forms, the approach of Ma and Peng (1999a,b) uses a
standard numerical differentiation method to estimate the
derivative information, which is not uncommon in the
treatment of optimal control problems based on models
(Kasac et al., 2010). This requires the algorithm to be
able to artificially manipulate the state value of the system
at every time instant. In contrast, our approach uses
collected input-output trajectory data to estimate needed
gradient information, treating the system as a black-
box. This makes our approach applicable to industry-
level models that are sealed and not inspectable from
outside. 3) Although the application to vehicle rollover
test is considered both in Ma and Peng (1999a,b) and
in this paper, in this paper we explicitly account for the
discontinuous changes of vehicle dynamics during rollover
accidents through modeling those as event-triggered mode
switches, which is not pursued in Ma and Peng (1999a,b).

2. PROBLEM FORMULATION

We consider systems that can be modeled by the following
discrete-time model,

LTk+1 = f(l'}{”uk,k)‘i‘dk;, (1)
where k denotes the discrete-time instant, x; € R™ denotes
the system state, up € R™* denotes a controlled input,
and dy € R” denotes an uncontrolled input. The dj
may represent disturbance inputs to the system and/or
unmodeled dynamics, which is assumed to be sufficiently
small.

We are interested in optimizing the input signal wug to
minimize a cost function in the form of

J =" L(xy,ug. k) + K(zn), (2)

k=0

where L(-,-, k) and K(-) are continuously differentiable
functions. Although in general (2) may represent various
optimization objectives, in this paper we consider it as
a measurement of the system performance in terms of
satisfying a given specification (Fainekos and Pappas,
2009) — smaller values of (2) represent worse specification
satisfaction. Therefore, minimizing (2) represents the goal
of designing/identifying an input trajectory uy to falsify
the specification. In particular, we consider the case where
the model (1) is a black-box with measurable input-output
responses. For instance, it may represent a simulation code
where an explicit form of the model is unknown while
simulation trajectories can be generated. For this, we make
the following assumptions: 1) the f(-,-, k) are unknown
continuously differentiable functions of  and u; and 2) the
initial condition xg can be reset and the states x; can be
measured. We remark that the approach proposed in what
follows does not rely on any particular parametrization of
f and the need to globally identify f from collected data,
which could, in general, be difficult.

3. ITERATIVE INPUT UPDATE BASED ON
DATA-DRIVEN GRADIENT ESTIMATION

To begin with, we define the Lagrangian function associ-
ated with the system (1) and the cost function (2),

N-1
T =K (xN)+A§ Tinit —ANTN+ Z [He+ M1 de— AL ],
k=0

(3)
where zj,;; denotes the given nominal initial condition,
A € R™ are the Lagrange multipliers, and H; are the
Hamiltonian functions,

Hk: :L(H]‘k,’u,k,k’)+A£+1f($k,Uk,k)- (4)

Now assume a nominal trajectory (z9,u?,d?) is given. In
the vicinity of (9, u?,dY), the variation of J with respect
to variations in (xg, uk, dk) can be estlmated as

K
0T = a —)\T Son + Z OH’“ — Ao
0
a
+ 5t i 5uk+Ak+15dk] +OJ (5)
Uk

where |g represents evaluations at the nominal trajectory,

07 denotes higher-order-terms in the Taylor expansion
(5), and

OHe| _ 0Lk v Ofk (6)
8:% 0 - 8.7;‘k 0 k+1 al‘k 0’
OHi| _ OLk v Ofk (7)
6uk 0 n 8uk k+1 8uk 0

in which Lg(-,-) = L(-,-, k) and fi(-,-) = f(-, -, k).

Consider Lagrange multipliers determined as follows:
0K OHy,

Moo= —1, AL =20k

0 Az g

(8)

81:N
resulting in
1

5JZZ[8Hk

o Sup, + Np10di] + 07 (9)
Uk
k=0

0

Then, consider

oHi|"
oup = — , 10
=T G | (10)
with 7 > 0, and obtain
N-1 o N-1
— k T J

8T ==Y m D |, . ST od+ 07, (11)
k=0 k=0
where || - ||2 represents the 2-norm.

OHk

Suppose |0 are not all zero and dd, and OY are

sufﬁciently small then 0J = 0J < 0, ie., the cost (2)
can be decreased via the update u) — ud + duy.

The above input update procedure is not yet applicable,

because the derivatives —| o and ik | o involved in steps

(8) and (10) are not known since f is an unknown
function. Note also that it may not be easy to globally

estimate the nonlinear function f. Therefore, we pursue
local estimation of f, i.e., estimating gi" |0 and g—f;’z|0
instead. For this, linearizing the dynarmcs (1) in the

vicinity of the normnal trajectory (z9,uf,d?) yields

af’“ +% Suy, + 8dy + O,
Tk

12
. due |, (12)
where 0z, = x1, — xk, oup = up — ug, and ddy, = di — d%.

0Tp41 =

Maintaining uj = u$ and perturbing x, through a pertur-
bation to the initial condition xg, we obtain

0T + 5Czk + O”.
0

R 0
01 = (97]6 (13)

Tk
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We now collect m,, such perturbed trajectories,

A fr

[0)4q - 027] = el [0dy - d2}] (14)
X ) R
+ [od}, -+ 8dp] + 07,
—_———
D
with m,; > n such that the matrix X i is full rank. Then,
we estimate af ki | 0 &
8fk T T
Fral = Xia (XD, (15)
where (X )T represents the Moore-Penrose inverse of X i
T - T T (Vv -1
(Xk)+ = (Xk)T(Xk (Xk)T) . (16)

After the estimate afk
afk

’ o has been obtained, we pursue

estimation of |0 For this, perturb u; and collect m,,
perturbed trajectorles

A My, afk A ~m
[§x,1€+1 B Y k+1] = D . [6x,1€ - 0% “} (17)
o X X
k ~ N 3 My, u
+67,€0[5“k sy + [ody, - ad] 4O,
Uy A Dy
with m,, > n, such that the matrix U} is full rank. Then,
we estimate 8f’“ ’0
afk U 5}; U “ru
Tuk o - ( k+1 87% OXk)(Uk)+ (18)
= (XI?—H - X,fH(X,f)JFX“)(ﬁ,?)*
After both the estimates 8f’“ ’0 and Of’“ ’0 have been

obtained, we update the input uy accordlng to (10) with

the df" ’0 and ng1|0 n (6) and (7) replaced with ng}’2|0
and 8f = 1,s respectively. Then, the variation of J can be
wrltten as
8fk Afx
5T = Z (A,m[ 5or| ~ s 0)633 o+ 0d ]
BLk T 8fk 8Lk T afk T T
o (Z2F AT Ik Tk Zlk
nk(auk 0+ k1 3uk 0)(8uk 0 k1 8u;€ 0) +O
N—-1
= Z (—Pk+/\g+1Qk) + 07, (19)
hk:O
where . .
0Ly,  Ofk 0Ly, 7 Ofe| \T
P, = — - IR
k nk(@uk k+lauk )(8uk O+ kA1 8uk 0)
3fk dfx
= d0dy, + ox
Qr = ddy, (8mk . D2y ) T -
—n (% _% % VA Ofk )T
ur |, Ouy|y ‘Ouy |y~ ou|,
Suppose 2 3 |0 E—H gi" ‘0 are not all zero. Then it can

be seen from the above expressions that for sufficiently
small 6dy,, OF, O% and O, §J < 0 can be achieved, since

8T — — S 0! Py as 8dy, 07, 0,07 — 0.

4. FALSIFICATION ALGORITHM

In some systems, dynamics may change discontinuously
depending on the location of system state in the state
space. Such phenomena can often be modeled as event-
triggered mode switches as follows,

m
Trpr = Y @k, wk, k) T (2x) + di,
i=1
where the sets {X1,---, X™} form a partition of the state
space R" satisfying |J;~, X* = R™ and X' N X’/ = 0
for i # j, Ixi(x) are set-membership indicator functions
taking value 1 if x € X* and 0 otherwise, and the
functlons f? represent the system dynamics in each mode
1 = 1,--- ,m. Switches between modes are triggered as
states xy enter different sections X! of the state space.
For a given trajectory x, we denote by ix(xy), or simply
ix, when there is no ambiguity, the mode at time k along
that trajectory, which is assumed to be measurable. As
a matter of fact, the dynamics during a vehicle rollover
accident, which are addressed in this paper, experience
such discontinuous changes. Specifically, the roll dynamics
before and after one-side wheel lift-off can be modeled as
two modes of the vehicle system (Yoon et al., 2007).

(20)

To treat such systems, necessary steps are introduced into
our algorithm to promote convergence of the algorithm
iterates. Firstly, when estimating a |0 and 6f’“ , the
perturbed trajectories &y should have the same mode
trajectory i, as the nominal trajectory z%. This can be
promoted by maintaining perturbations §2% in (14) and
(17) to be small. In addition, the update step sizes 7, for
the inputs uj are adjusted in each iteration so that the cost
values associated with the algorithm iterates are monotone
non-increasing.

Our algorithm of iterative gradient-based input update
with data-driven gradient estimation for identifying fal-
sifying trajectories is formally presented as Algorithm 1.
In Algorithm 1, the termination conditions TC-A to -C
are as follows:

e T(C-A: The iteration count 6 has reached 0,,-

e TC-B: The absolute change in the cost Jy over a
moving window of the i, most recent iterations is
less than a threshold value e.

e TC-C: The update step size 1y has been below a
threshold value My .-

Remark 1: It can be shown that the cost sequence Jy
generated by Algorithm 1 is guaranteed to be monotone
non-increasing, and under the assumption that the cost
function (2) is lower bounded, Jy must converge as 6 in-
creases. Then, based on the above termination conditions
TC-A to -C; Algorithm 1 must terminate after a finite
number of iterations.

Remark 2: Although the perturbed trajectories zj for
fk

estimating a and are required to have the

o
same mode trajectory zk as the nominal trajectory z¥,
Algorithm 1 allows the updated trajectory Xg+1 to have
different mode trajectories from the previous nominal
trajectory Xy as long as Xg41 corresponds to a lower cost
value than xy.

5. VEHICLE ROLLOVER TEST GENERATION

We apply the proposed falsification algorithm to vehicle
rollover test trajectory generation. Specifically, we pursue
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Algorithm 1 Iterative Falsification Algorithm

1: Set an initial guess for input ug = {uho}]k\fz_ol and
an initial update step size 1y > 0, set the maximum
number of iterations #,,.x, and initialize the iteration
count 6 = 0.

2: Simulate the black-box model (20) with the nominal
initial condition xg and input ug, and obtain a nominal
state trajectory xo = {Zy,0}ho-

3: Evaluate the cost associated with (xg,ug) according
to (2), denoted as Jy.

4: while TC-A and TC-B not satisfied do
5: Initialize X} f[]for all k=0,---,N.
6: WhllerankXx < n forsome k=0,--- , N—1do
7 Add a ranéom perturbation 0Z( to the initial
condition g, and simulate (20) with z¢ + 0
and uy to obtain a state trajectory
X0 = {k,0}1o-
8: if ik(a'}k)g) = ’ik(i‘kﬁ) for all £ then
9: Set X,f — [X,f (5i'k79], 5(%]6_0 = {%k,g — Tkg-
10: end if
11: end while ,
12: Estimate 2 8 using (15) for all k.
13: Initialize Uk =[]forallk=0,---,N —1and
X =[] forall k=0,---,N.
14: while rank(U*) <n,, for some k =0,---,N —1 do
15: Add a random perturbation signal dug =

{St.,0} 5 to ug, and simulate (20) with z¢ and
uy + 0y to obtain a state trajectory
%o = {k,0 }io-

16: if ix(2k,0) = ix(Zr,0) for all k then

17: Set 0;: — [U;: 57:%79} and X}CL —
(X3 0%k,0), 0%ko = Tio — Ti,0-
18: end if
19: end while _
20: Estimate au |9 using (18) for all k.
21: Initialize np = no and J = +o0.
22: while J > Jy and TC-C not satisfied do
23: Compute 0ty = {tiy,0}5_, using (8) and (10)
with n = nyg.
24: Simulate (20) with zo and ug + dtg, obtain

a state trajectory X9 = {9 }i_,, and evaluate
the associated cost (2) and assign it to J.

25: Set g %
26: end while B
27: Set (X9+1, u9+1> = (Xg,up + (5ﬁ9) and Jg41 = J.

28: Set 6 < 0+ 1;
29: end while

identification of, if they exist, driver input trajectories
that cause the vehicle model under test to have rollover
accidents. Here, we consider a sport utility vehicle model
provided by the high-fidelity vehicle dynamics simulation
software CarSim, and focus on the case where the vehicle
drives with constant longitudinal speeds and the driver
input is the steering wheel profile. In particular, the
CarSim model is treated as a black-box, i.e., only provides
input-output responses to our falsification algorithm.

A rollover event typically exhibits two phases: At first,
due to roll dynamics, the vehicle’s vertical load starts
concentrating on one side of the wheels, the extent to
which can be measured using the Load Transfer Ratio
(LTR), defined as

zL1+FzL2 Fle FzR2
F.oii+F. o+ F.pi+F.ro’

where F. ; denotes the vertical force on each of the four
wheels. Then, after LT R reaches 1 or —1, one side of the
wheels start lifting off the ground, and as the vehicle’s roll
angle continues increasing, rollover happens.

Note, firstly, that by definition, —1 < LTR < 1, and as
a result, the dynamics after one-side wheel lift-off (i.e.,
after LT R reaches 1 or —1) cannot be reflected by LTR.
However, one-side wheel lift-off does not immediately lead
to a rollover accident, as rollover requires additional work
to lift the vehicle’s center of gravity (CG) up. Thus, al-
though LT R has been used as a conservative indicator for
designing rollover avoidance devices (Bencatel et al., 2017;
Liu et al., 2019), it may not be suitable for identifying tra-
jectories that indeed cause rollover accidents. Secondly, the
dynamics before and after one-side wheel lift-off changes
in a discontinuous manner, which can be modeled as two
modes of the vehicle system with mode switches triggered
when LT R reaches 1 or —1 (Yoon et al., 2007).

According to the above observations, we consider a roll
dynamics model in the following form,

LTR =

(21)

3
Tht1 = Zfi(mmwc,k) Lxi(zx) + di, (22)
i=1 1, if —1<LTR <1,
Ty:(ap) = 1, withi = {2, if LTRy, > 1, (23)
3, if LTRy < —

where the states are zy = [bk, pr, Tk, V&)L With ¢, pr, Tk
and vg denoting, respectively, the roll angle, roll rate, yaw
rate and lateral velocity of the vehicle at time k, and
ur = SWj is the steering wheel angle at k. Note that
although a high-fidelity vehicle model, such as a CarSim
model, may involve hundreds of states, these four states
have been shown to be most representative of the roll
dynamics (Yoon et al., 2007). The effects of the other
states are assumed to be embedded into the disturbance
term dj,. We will show that the reduced-order model (22)
can represent the roll dynamics of the full CarSim model
with acceptable accuracy.

We pursue trajectories of u that push the vehicle to its
rollover limit by minimizing the following cost function:

J=- Zpk

Such a cost function choice i 15 motlvated by the fact that
a rollover event corresponds almost always to the absolute
value of roll angle, or, the accumulation of roll rate, ex-
ceeding a threshold. By comparing several alternatives for
the cost function (24), we have found through simulation
experiments that our algorithm is more likely to converge
to a rollover trajectory by maximizing the accumulation
of roll rate squares.

(24)

5.1 Reduced-order model validation

Although our algorithm does not rely on the exact form
and parameter values of the model (22) to operate, we do
expect that the reduced-order model can approximate the
full model dynamics with satisfactory accuracy, i.e., with
sufficiently small dj, to guarantee algorithm performance.
Fig. 1 illustrates the accuracy of the online estimated local
model by our algorithm in approximating the CarSim
model dynamics. The black dashed lines represent the
nominal trajectory (z{,uY) around which a linear time-
varying model (12) is identified. The red lines represent
the response predicted by the identified linear model when
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the initial condition 2§ and input signal {ul}~ ' are

perturbed, and the green lines represent the CarSim model
response to the same perturbations. The perturbation to
the initial condition is achieved through a small steering
wheel input applied for a period of time before the initial
time, i.e., k = 0 corresponding to 1[s] in the plots, which
is also how Step 7 of Algorithm 1 is realized.

—Nominal S
CarSim
[=Identified model

=Nominal -
CarSim
(=Identified model

Roll angle [deg]
. o

Yaw rate [deg/s]
o

0 05 1 15 2 25 3 o 05
Time [sec]

1 1.5 2 25 3
Time [sec]

Fig. 1. Validation of identified reduced-order model.

5.2 Algorithm application to CarSim model

We now apply our algorithm to identify worst-case trajec-
tories for the CarSim vehicle model under test, i.e., driver
steering wheel profiles that most likely cause the vehicle
to have rollover accidents. In particular, we consider two
cases: In the first case, the vehicle drives at a speed of
100[km/h] on a flat road with a friction coeflicient 1.0.
In the second case, the vehicle drives also at a speed of
100[km/h] on a road also with a friction coefficient 1.0
but with a bank angle of arctan(1/10)[rad]. We consider
steering wheel angles bounded by |u| < 120° to represent
physical limitations of driver maneuver. When initializing
the algorithm, we consider a sine wave as the initial guess
for steering wheel profile (black dashed lines in Fig. 2(a)),
which represents a typical obstacle avoidance maneuver.
The blue lines in Fig. 2(a)-(c) represent the steering wheel,
LTR, and roll angle trajectories after algorithm conver-
gence, where some intermediate trajectories during algo-
rithm iterations are also plotted by green lines. Fig. 2(d)
plots the cost values during algorithm iterations, from
which it can be observed that the cost monotonically non-
increases at most iterations until it converges. At a few
instances the trend is slightly reversed. This is due to
the fact that in our implementation of Algorithm 1, the

condition J > Jy in Step 22 was checked up to a tolerance.

In both cases, the LT R reaches the wheel lift-off limit (1
or —1), and the roll angle reaches a large value at the end
of the maneuver. Due to the positive bank angle, the roll
angle reaches an even larger value in the second case, which
is consistent with the common sense that vehicles are
easier to have rollover accidents when driving on banked
roads.

Note that although the initial trajectories (black dashed)
do not experience mode switches (mode ¢ = 1), mode
switches occur once LT R reaches 1 or —1 at around 2.5(s]
as the trajectories are evolved over algorithm iterations.
Afterwards, the estimated gradients (15) and (18) after
about 2.5[s] correspond to mode 2 or 3 of the system.
This illustrates the feasibility of using our algorithm to
treat switching systems (see Remark 2). Note also that the
identified steering wheel profiles are different for the two
cases (e.g., at around 1.5[s]). This illustrates the fact that
worst-case trajectories for the same vehicle model under
different operating conditions can be different.

SW [deg]

LTR

0 0.5 1 15 2 25 3 0 0.5 1 1.5 2 25 3
Time [sec]

o

&

Roll angle [deg]
o
Roll angle [deg]

0.5 1 15 2 25 3 o 0.5 1 15 2 25 3
Time [sec] Time [sec]
0 0
(d)
50 -150

Fig. 2. Identification of worst-case trajectories by Algo-
rithm 1. Left column (a-d): On flat road. Right col-
umn (a-d): On road with a positive bank angle. (e)
Snapshots of CarSim simulation with the converged
steering wheel profile (blue) on road with a positive
bank angle.

5.8 Test trajectory library

A library of worst-case trajectories for a specified vehicle
model and for a range of operating conditions can be
constructed and used to inform future hardware tests. As
an illustrative example, we use our algorithm to construct
steering wheel profiles for the CarSim vehicle model con-
sidered above when the vehicle is driven on flat road with
different constant longitudinal speeds, plotted in Fig. 3.
We envision that test cases designed based on such a test
trajectory library can provide more reliable assessment
results on vehicle roll stability and rollover resistance, as
well as can reduce overall testing time (Li et al., 2017).
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100-
50

SW [deg]
o

.50 -

-100

As0l—
80

0.5

95
Vehicle speed [km/h] 100 o Time [sec]
ime [sec

Fig. 3. Steering wheel profiles for rollover testing when
driving on flat road with different longitudinal speeds.

6. CONCLUSION

In this paper, we described a trajectory optimization-
based approach for control system falsification. Our ap-
proach integrates online local-model identification and
gradient-based input update into an iterative algorithm,
and can be applied to black-box type models. In particular,
we considered the case study of vehicle rollover test gener-
ation. We illustrated the functionality and effectiveness of
our falsification algorithm for identifying worst-case trajec-
tories, in terms of most likely causing rollover accidents, of
a given vehicle model under various operating conditions.
We hope that the proposed falsification approach can be
a useful tool that supports the verification and validation
of automotive control systems.
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