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Abstract—Airbag systems have become an essential safety de-
vice for guaranteeing the physical well-being of drivers and their
passengers. Unlike other safety devices, airbags are used as the
last resort in a collision, and because they are directly linked
to the life of the driver and passengers, the proper functioning
of the system is an issue of paramount importance. Hence, to
ensure the precision and reliability of airbag operation, it is
necessary to design a robust crash algorithm. Currently, several
companies are working to achieve an optimal deployment time
for airbags in collisions by diversifying the type and location of
crash-related sensors. Nevertheless, several problems must still
be confronted. For instance, when a vehicle operates off road or
when the sensor inside the airbag control unit (ACU) receives a
powerful shock, the vehicle’s airbags may inadvertently deploy,
although no collision has occurred, because a crashlike signal is
delivered to the ACU. Alternately, in a collision situation that
requires airbag deployment, the crash algorithm may make an
erroneous judgment with regard to the collision configuration
and miss the time frame for airbag deployment or fail to deploy
the airbags altogether. Such problems can be attributed to the
following two major causes: 1) Only signals produced through
crash tests are used in the design of crash algorithms, and
2) the algorithms themselves only utilize postcrash input from
the relevant sensors. To resolve these issues, this paper proposes
a precrash algorithm that generates information about the crash
scenarios before a collision has occurred. The purpose of the
precrash algorithm is to make judgments about the impending
collision configuration prior to impact by estimating the behavior
of frontal objects and to communicate this information to the crash
algorithm to enable correct recognition of the crash scenarios.
This paper also proposes a crash algorithm based on crash-related
sensors for the verification of and interfacing with the proposed
precrash algorithm. The limitations of existing crash algorithms,
which deploy airbags using only postcrash signals, were resolved
through the development of an integrative crash algorithm that
combines the precrash and crash algorithms to reflect precrash
information. The developed algorithm was verified by running a
wide range of simulations using CarSim, based on data from real
crash tests. The results showed that, compared with independently
using the crash algorithm, adding precrash information estimation
significantly improved the reliability of airbag deployment.

Index Terms—Advanced airbag system, airbag crash algorithm,
precrash, sensor fusion, vehicle dynamics.
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I. INTRODUCTION

A IRBAG systems have become an essential safety device
for guaranteeing the physical well-being of drivers and

their passengers. Unlike other safety devices, airbags are used
as the last resort in a collision, and because they are directly
linked to the life of the driver and passengers, the proper
functioning of the system is an issue of paramount importance.
Hence, to ensure the precision and reliability of airbag opera-
tion, it is necessary to design a robust crash algorithm.

Currently, several companies are working to achieve optimal
deployment time for airbags in collisions by diversifying the
type and location of crash-related sensors. The reality, however,
is that numerous limitations remain, to a degree that accidents
have been caused by the malfunctioning of airbag systems
[1]–[3]. For instance, when a vehicle operates off road or when
the sensor inside the airbag control unit (ACU) receives a
powerful shock, the vehicle’s airbags may inadvertently deploy,
although no collision has occurred, because a crashlike signal
is delivered to the ACU. Alternately, in a collision situation that
requires airbag deployment, the crash algorithm may make an
erroneous judgment with regard to the collision configuration
and miss the timeframe for airbag deployment or fail to deploy
the airbags altogether [4]. Such situations may largely be at-
tributed to the following two defining causes.

First, crash algorithms are designed based solely on the data
obtained through crash testing. However, to maintain cost ef-
fectiveness in vehicle manufacturing, crash tests are performed
only in accordance with a number of standardized scenarios
[5]. This condition inevitably limits the number of cases that
can be used to design a crash algorithm. Consequently, if a
crash scenario that is dissimilar to a crash test scenario occurs,
the crash algorithm may not properly recognize the config-
uration and ultimately deploy the airbags in error. Second,
crash algorithms use only postcollision input from crash-related
accelerometers. Therefore, if these sensors are broken, rotated,
or moved by impact, the resulting error signals are reflected
without adjustment. This factor is a key that can cause a crash
algorithm to commit errors in evaluating crash scenarios and
other situations [6].

To overcome the limitations that result from the exclusive
use of postcrash signals, this paper proposes a precrash algo-
rithm that generates information about crash scenarios before a
collision takes place. The purpose of the precrash algorithm is
to make judgments about the impending collision configuration
prior to impact by estimating the behavior of frontal objects
and to communicate this information to the crash algorithm
to enable correct recognition of the crash scenario. This paper

0018-9545/$26.00 © 2011 IEEE



CHO et al.: DESIGN OF AIRBAG DEPLOYMENT ALGORITHM BASED ON PRECRASH INFORMATION 1439

also proposes a crash algorithm to verify the performance of
the precrash algorithm as a means of improving the deploy-
ment of airbags by the crash algorithm. By interfacing the
two algorithms, this paper proposes a conceptually new crash
algorithm that incorporates precrash information. The proposed
algorithm resolves problems that affect crash algorithms that
exclusively rely on postcrash signals for airbag deployment by
complexly utilizing precrash and postcrash data, thus allowing
the deployment of airbags at the required time. The robustness
of the proposed algorithms is verified by applying actual crash
test data to a variety of road conditions and crash scenarios
simulated in CarSim.

This paper is organized as follows. Section II discusses the
precrash algorithm, which is designed to estimate the behavior
of frontal objects and make judgments about the impend-
ing situation prior to collision. Existing precrash algorithms,
which are singly and independently used, are then analyzed
to propose an algorithm design that is oriented toward im-
proving the performance of the crash algorithm. Section III
deals with the crash algorithm, designed to deploy a vehicle’s
airbags upon collision. From an analysis of the problems of
previously developed crash algorithms, this section proposes
a crash algorithm with enhanced effectiveness. In Section IV,
the algorithms designed in Sections II and III are combined
to produce a new crash algorithm that incorporates precrash
information. In Section V, a diverse range of simulations are run
to verify the efficacy of the proposed algorithms, and the perfor-
mance of these algorithms is compared and analyzed according
to the various conditions of integration. Finally, Section VI
presents the overall conclusions and brings this paper to a
close.

II. PRECRASH ALGORITHM

In this section, existing precrash algorithms are analyzed,
and a new precrash algorithm that can be interfaced with an
actual airbag deployment algorithm is examined. The primary
purpose of the precrash algorithm is to generate crash-related
information about frontal objects so that the crash algorithm
may recognize a crash situation before a collision takes place.
A precrash algorithm builds information that is most useful to
the crash algorithm, thus boosting the crash algorithm’s perfor-
mance. Fig. 1 schematizes the precrash algorithm proposed in
this paper [7].

A. Previous Research Analysis

Existing precrash systems have been developed in designing
active safety systems for vehicles. For example, the active
safety system known as collision mitigation system (CMS) uses
a variety of high-technology sensors to assess the possibility
of collision with frontal objects and sounds an alert to the
driver if the possibility is substantial. Furthermore, if the col-
lision cannot be avoided by the driver, it prevents or mitigates
the impending crash by controlling the vehicle’s steering or
brake system [8]–[11]. Although such active safety systems
can provide much information about the precrash situation by
employing high-performance sensors, they are virtually unused

Fig. 1. Precrash algorithm block diagram.

once a crash has occurred. However, if an active safety system is
extended to an airbag system, it can be used to provide highly
useful information. Moritz introduced a method for applying
radar sensors, used individually or in combinations of three
or four, to a crash algorithm. His method defines a possible
crash zone and lowers the crash algorithm threshold if a vehicle
is present within that zone to trigger early functioning of the
airbag system. In particular, the start threshold of the crash al-
gorithm is lowered in advance so that the algorithm may detect
an imminent crash faster. In addition, the strength of impact
is defined prior to collision based on the precrash collision
speed so that the airbag deployment threshold may accordingly
be lowered [12]. Building on the precrash algorithm designed
by Moritz, Bunse introduced improvements to the way crash
type and crash severity are estimated. Using radar sensors, the
stiffness of frontal objects can be determined by the size of
the ACU-X sensor signals during the time that leads up to the
estimated moment of impact. His method is distinctive, because
it uses only radar sensors and the ACU-X sensor, without
recourse to the front impact sensor (FIS) [13].

Such attempts are aimed at accelerating the crash algorithm’s
recognition of imminent crashes to allow the crash algorithm
to make faster judgments about crash scenarios. However,
because most crash algorithms are triggered only after a certain
threshold has been reached, lowering the starting value can lead
to airbag misfire in cases where no collision has occurred or the
impact of the collision is low. Furthermore, if crash severity
is determined prior to collision based on crash velocity, airbag
deployment becomes inconsistent if the stiffness of the frontal
object is low despite a high collision speed, or vice versa.
This condition can have the opposite of the intended effect
by resulting in a failure to comply with the required time to
fire (RTTF). In addition, the use of information obtained only
from simple radar sensors does not allow for the estimation
of the relative movement of frontal objects. This condition, in
turn, makes it impossible to predict whether a frontal object
will disappear from the defined crash zone or what form of
crash will occur. To address such problems, this paper estimated
frontal objects through the simultaneous use of radar sensors
and host vehicle information sensors. In addition, in this paper,
a precrash algorithm that can enhance the airbag deployment
performance of existing crash algorithms without altering their
threshold was developed.
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Fig. 2. Bicycle model for a front steering vehicle.

B. Host Vehicle Information Estimation

Host vehicle information estimation consists of estimating
the vehicle’s longitudinal and lateral velocity by employing
sensors used for the vehicle stability control system. The
information thus obtained serves as data that represent the
movement of the origin in a rectangular coordinate system that
was intended to estimate the position of the frontal object. For
the algorithm input, yaw rate, wheel speed, steering angle, and
longitudinal/lateral acceleration sensors are used.

1) Longitudinal Velocity Estimation: Because an actual lon-
gitudinal accelerometer is not installed on a vehicle, the speed
of the four wheels is used to estimate the vehicle’s longitudinal
velocity. In this paper, the estimation of the longitudinal veloc-
ity is carried out through signal processing based on undriven
wheel speed, according to whether the various vehicle con-
trollers, including the antilock braking system (ABS), traction
control system (TCS), dynamic rear proportioning (DRP), and
vehicle stability control (VSC), are functioning.

2) Lateral Velocity Estimation: Typically, a vehicle’s lateral
motion can be explained in terms of the bicycle model. The
bicycle model shown in Fig. 2 has linearly been simplified
upon the premise that the vehicle’s longitudinal velocity is
constant and that tire-cornering stiffness is equal in both the
left and right directions. Although limited by its high sensitivity
to vehicle parameters and road surface conditions, this model
has a small uncomplicated computational load while offering
relatively superior performance. When estimating the side-slip
angle, it uses the comparatively more reliable yaw rate sensor
rather than directly resorting to a lateral accelerometer, which
makes it robust to sensor influence.

To formulate a dynamics model based on the bicycle model,
the following state-space equations can be derived from the
force and moment balance equations:

ẋ =Ax + Bu, A ∈ R2×2, B ∈ R2×1 (1)

y =Cx, C ∈ R1×2 (2)

where

A =

[
− 2(Cf +Cr)

mvx

2(Crlr−Cf lf )
mvx

2 − 1
2(Crlr−Cf lf )

Iz
− 2(Cf l2

f
+Crl2r)

Izvx

]
, B =

[
2Cf

mvx
2Cf lf

Iz

]

C = [ 0 1 ], x =
[

β
r

]
, y = r.

In this paper, lateral velocity is estimated using a bicycle model
that has been modified from the aforementioned bicycle model.
Considering that most vehicles are equipped with not only yaw
rate sensors but lateral accelerometers as well, this model is
derived using the mechanical relation between existing state
variables and measured lateral acceleration. This approach is
intended to account for the large change in vehicle movement
that occurs upon collision in an ordinary driving configuration.
Expressing the side-slip angle and yaw rate relative to lateral
acceleration yields the following equation:

ay = v̇y + rvx ≈ vx(β̇ + r). (3)

If (3) is expressed using the matrix elements from (1) and (2),
the following output state equation is derived, which is modified
from (2):[

r
ay

]
=

[
0 1

− 2(Cf+Cr)
m − 2(Cf lf−Crlr)

mvx

] [
β
r

]
+

[
0

2Cf

m

]
δf .

(4)

Therefore, ay can be expressed as follows:

ay = −2(Cf + Cr)
m

β − 2(Cf lf − Crlr)
mvx

r +
2Cf

m
δf . (5)

To estimate the lateral velocity, the Luenberger observer is
designed using the aforementioned model equation as

˙̂x = Ax̂ + Bδf + K(y − ŷ) (6)

where

x̂ =
[

β̂
r̂

]
, y =

[
r

aym

]
, ŷ =

[
r̂
ây

]
.

β̂ is the estimated side-slip angle, r̂ is the estimated yaw rate,
r is the measured yaw rate, δf is the front steering wheel
angle, aym is the measured lateral acceleration, and K is the
observer gain.

Using (1) and (6), the following error dynamics can be
derived:

˙̃
β=A11(1−K12vx)β̃+(A12(1−K12vx)−K11−K12vx) r̃

(7)

where β̃ = β − β̂, and r̃ = r − r̂.
Simplifying the formula by defining the observer gain as

K12 = 1/vx yields the following equation:

˙̃
β = −(1 + K11)r̃. (8)

Finally, applying the negative pole-placement method to the
remaining observer gain results in the following observer gain,
with p signifying the tuning parameter [14]:

K =

⎡
⎣ Iz(lf Cf−lrCr)p2

2Cf Cr(lf+lr)2 − 1 1
vxpm

−2p
m(l2

f
Cf +l2rCr)

Iz(lf Cf−lrCr)

⎤
⎦ . (9)
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TABLE I
RADAR SENSOR’S SPECIFICATION

C. Radar Modeling and Signal Processing

Radar sensors that are attached to the vehicle’s ACC system
are used to obtain summary information about frontal objects.
In actual crash testing, the use of radar sensors incurs cost
constraints and environmental limitations. Therefore, in this
paper, radar sensors have been substituted with a simulation
using CarSim, and the modeling of the radar sensors is carried
out according to the specifications and CAN data for real radar
sensors in current use.

Information from ACC radars has various resolutions and
phase lags. In this paper, a sensor fusion observer is developed
for the processing of radar signals. The proposed sensor fusion
observer improves signal reliability by utilizing the mechanical
relationship between two sets of data with disparate methods
of measurement. In terms of radar information, the sensor
fusion observer uses distance information based on the signal
echo time and speed information obtained through the Doppler
effect. For the purposes of this paper, reliability is verified based
on the resolution and tolerance of the two signals, as provided
in Table I. The results show that the speed signal has higher
reliability than the distance signal. The developed sensor fusion
observer is given as follows:

˙̂x = Lvm + K(xm − x̂) (10)

where xm, vm are the measured distance and velocity, respec-
tively, x̂ is the estimated distance, and L, K are the tuning
parameters.

Using radar information, the time to crash with a frontal
object tTTC and the angle of impact ∠a are acquired as follows:

tTTC = dL/vm (11)

∠a = arccos(dy/dL) (12)

where dL is the distance from a frontal object, vm is the relative
speed, and dy is the lateral offset.

D. Frontal-Object Information Estimation

The purpose of frontal-object information estimation is to
predict the frontal object’s relative position, heading angle,
and position at the crash moment based on the host vehicle
using the estimated information about the host vehicle and the
radar-acquired information about the frontal object. Fig. 3 is
a block diagram that illustrates the process of obtaining the
frontal object’s heading angle and its longitudinal and lateral
positions at the crash moment, where vx(k) and vy(k) are the
longitudinal and lateral velocity at the current time step, respec-

tively, �xh(k), �yh(k) is the moving distance for the sample
time period, xt(k) and yt(k) are the longitudinal and lateral
positions at the current time step, xt(k − 1) and yt(k − 1)
are the longitudinal and lateral positions at the previous time
step, and xt(tTTC) and yt(tTTC) are the estimated positions at
crash time.

To calculate the frontal object’s position and heading angle
relative to the host vehicle, a rectangular coordinate system
is proposed. This system takes as its origin the installation
location of the host vehicle’s ACC radar sensor, as shown in
Fig. 4. In addition, to express the movement of the rectangular
coordinate system centered at the host vehicle, the latter’s
estimated longitudinal/lateral velocity is integrated at each sam-
pling time, and its movement in either direction is calculated as
shown in (13) and (14), shown below, where Tr signifies the
CAN data sampling time of the radar

�xh(k) =xh(k) − xh(k − 1) = vxTr (13)

�yh(k) = yh(k) − yh(k − 1) = vyTr. (14)

Equations (13) and (14) represent the migration of the
coordinate system itself. The frontal object’s distance and
polar form information, acquired by signal-processing radar
information, is converted into rectangular coordinate system
information that signifies the longitudinal and lateral positions
and is reflected in the host-vehicle-centric coordinate system as

(xt, yt) = (
√

dL2 − dy2, dy). (15)

The frontal-object position from the previous sample time is
then converted into its position at the current sample time as

xt(k − 1)′ =xt(k − 1) −�xh(k) (16)

yt(k − 1)′ = yt(k − 1) −�yh(k). (17)

Using the change in each direction between the frontal-object
positions at the previous and current sample times, the frontal
object’s heading angle is calculated as follows:

∠aheading = arctan
(

yt(k) − (yt(k − 1) −�yh(k))
xt(k) − (xt(k − 1) −�xh(k))

)
.

(18)

Next, the estimation method for the frontal object’s
longitudinal/lateral position at the crash moment is discussed.
The following equations represent the coordinate system’s
longitudinal and lateral relative positions at the previous and
current sample times at the crash moment, as well as the
distance traveled by the host vehicle until the crash moment:

xt(k−1)|tT T C
= xt(k−1)−[�xh(k)+�xh(tTTC)] (19)

yt(k−1)|tT T C
= yt(k−1)−[�yh(k)+�yh(tTTC)] (20)

xt(k)|tT T C
= xt(k−1)−�xh(tTTC) (21)

yt(k)|tT T C
= yt(k−1)−�yh(tTTC) (22)

� xh(tTTC)=
�xh(k)

Tr
·tTTC (23)

� yh(tTTC)=
�yh(k)

Tr
·tTTC . (24)



1442 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 60, NO. 4, MAY 2011

Fig. 3. Frontal object estimation block diagram.

Fig. 4. Frontal object movement.

Using the aforementioned equations, the frontal-object position
at the crash moment is derived as follows:

xt(tTTC)= −xt(k−1)−xt(k)−�xh(k)
Tr

·tTTC

+ [xt(k−1)−(�xh(k)+�xh(k−1))] (25)

yt(tTTC)= −yt(k−1)−yt(k)−�yh(k)
Tr

·tTTC

+ [yt(k−1)−(�yh(k)+�yh(k−1))] . (26)

E. Precrash Information Estimation

The main purpose of precrash information estimation is to
generate information that can maximize the performance of the
crash algorithm for optimal airbag deployment. Hence, it is
necessary to consider how this information may be interlinked
with the crash algorithm. Crash algorithms are divided into
the following two kinds: 1) algorithms that deploy airbags
regardless of the crash type [15] and 2) algorithms that de-
ploy airbags after identifying a specific crash type [16]–[18].
Between the two types, the latter type is more capable of robust
and enhanced performance, provided that the reliability of the
crash-type information can be guaranteed.

In this paper, precrash information is adopted by considering
crash algorithms that discriminate among various crash types.
Crash-type-discriminating algorithms can take advantage of
radar sensors that provide information about a frontal object’s

Fig. 5. Precrash information estimation.

orientation, time to crash, and relative velocity. The information
used in this paper is given as follows.

• The crash possibility is predicted by estimating the posi-
tion of the frontal object.

• The time to crash is calculated using the relative speed and
distance information provided by the radar.

• The crash type is discriminated based on the frontal
object’s heading angle and position.

Fig. 5 is a diagram that represents the algorithm for generat-
ing precrash information.

1) Crash Probability: Because the precrash algorithm is
directly linked to the crash algorithm, conditions for the pre-
crash assessment of crash possibility must be appropriately
established. This condition requires considering the actions that
a driver may take to avoid collision. In this paper, the following
methods were utilized to consider the time that it takes for brake
pressure to be communicated when a driver who has recognized
an impending crash decelerates and applies the brake pedal,
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Fig. 6. Radar signal reflection.

as well as the time that it takes for the vehicle to respond when
a driver applies step steering to avoid a collision.

• The brake manipulation response time is calculated as

Gas pedal off + brake pedal on + brake pressure on

= (0.3 ∼ 0.4) + (0.2 ∼ 0.3) + (0.1 ∼ 0.2)

= 0.6 ∼ 0.9 s.

• The steering manipulation response time is calculated as

Initial vehicle response time after step steering

+ vehicle dynamics completion time

= (0.1 ∼ 0.4) + (0.2 ∼ 0.3) = 0.3 ∼ 0.7 s.

The brake manipulation response time is a statistical figure
for the period measured from the time that a driver recognizes
a crash to the time that brake pressure is communicated. The
steering manipulation response time represents actual data for
the vehicle yaw rate response produced for step steering similar
to crash situations. When the possible actions for avoiding
collision are factored in, it is shown that steering manipulation
requires relatively less crash avoidance time than brake ma-
nipulation. Based on this result, it can be deduced that, when
the available time is less than the 0.1 s needed for the initial
vehicle response following steering input, there is no input that
can achieve crash avoidance. Therefore, if the time to collision
with the frontal object is less than 0.1 s and the estimated
lateral position of the frontal object at crash falls within the
width of the host vehicle, collision becomes inevitable. Based
on this condition, the first definition for the possible crash zone
is formulated as follows:

tTTC ≤ 0.1 s & |yt(tTTC)| ≤ 0.5 · W (27)

where W is the width of the host vehicle.
Meanwhile, even when the frontal object exists within the

possible crash zone, no collision is judged to occur if the radar
signal is completely reflected off the side surface of the vehi-
cle, as illustrated in Fig. 6 To correct this case, a secondary
condition that addresses the crash possibility of a frontal object
that has disappeared off the radar within a certain timeframe is
needed. Considering that the maximum time required to avoid

TABLE II
CRASH-TYPE DISCRIMINATION CONDITIONS

collision through brake manipulation is 0.9 s, the secondary
condition for the possible crash zone is formulated as follows:

ObjStatus = 0 & tTTC ≤ 1 s & |yt(tTTC)| ≤ 0.5 · W. (28)

If either (27) or (28) is satisfied, the crash flag that signifies
crash possibility is set to 1, and the step preparatory to deliver-
ing precrash information to the crash algorithm is reached.

2) Crash-Type Discrimination: The crash type is discrimi-
nated using information about the frontal object’s heading angle
and predicted lateral position at the crash moment, obtained
through frontal-object information estimation. The heading an-
gle is used to differentiate between frontal or offset crashes,
which occur at an angle near 0◦, and oblique crashes, which
occur at a wider angle. The estimated lateral position at the
crash moment is used to differentiate between frontal and offset
crashes, which are difficult to distinguish based on the heading
angle alone. Table II shows the conditions for discriminating
crash types based on the frontal object’s heading angle and
estimated lateral position at the crash moment. Each threshold
is defined by simulating a variety of crash scenarios.

III. CRASH ALGORITHM

This section focuses on the crash algorithm, which deploys
the vehicle’s airbags using signals received by the accelerome-
ter upon collision. A crash algorithm of the class that discrimi-
nates among crash types is proposed so that the enhancement
of airbag deployment performance enabled by the precrash
algorithm proposed in Section II may be maximized.

A. Previous Research Analysis

A diverse array of crash algorithms, which have been devel-
oped by a correspondingly large number of companies, are cur-
rently available. These crash algorithms can largely be divided
into two categories based on their characteristics. The first class
deploys the airbags once the speed and acceleration from colli-
sion impact have reached a certain threshold, without discrim-
inating among crash types [15]. The second class discriminates
among crash types and applies different thresholds for airbag
deployment based on the identified crash type [16]–[18].

The former type of crash algorithm is more robust to crash
scenarios that fall outside crash test conditions, because the
algorithm itself does not discriminate among crash types. How-
ever, it is less able to satisfy the various time-to-fire require-
ments, which are differently applied according to individual
crash test conditions. On the other hand, the latter type of crash
algorithms is more robust when it comes to deploying airbags
according to each crash type, because it specifically identifies
the crash scenario at hand and accordingly sets the threshold for
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Fig. 7. Crash algorithm block diagram.

Fig. 8. Sensor used for the crash algorithm.

airbag deployment. However, it can commit substantial error
in deployment time if an actual crash scenario falls outside
the purview of crash test configurations or lies on the bound-
ary between different sets of crash test configurations. If the
reliability of crash-type discrimination can be guaranteed, the
latter type of crash algorithms can offer more robust enhanced
performance. Therefore, this paper proposes a crash algorithm
that can differentiate among crash types so that the precrash
algorithm proposed in Section II may be used to effectively
enhance the airbag deployment performance of the crash algo-
rithm. The proposed crash algorithm may run in conjunction
with the precrash algorithm or as a stand-alone algorithm. Its
performance is verified using real vehicle crash test data in a
variety of crash scenarios.

B. Crash Algorithm

The operation of the crash algorithm follows the sequence
schematized in Fig. 7. The acceleration signals received from
the sensors are processed by the algorithm’s hardware filter, and
if the starting conditions for the algorithm are met, the crash
algorithm is triggered. The processed acceleration signals are
then calculated in the manner predetermined by the algorithm
and used to judge the crash type, crash severity, and whether
to deploy the airbag. If the results of these judgments satisfy
the various thresholds assigned based on the crash test data, the
vehicle’s airbags are deployed. The sensors used in this process
are the longitudinal and lateral accelerometers inside the ACU,
as well as the longitudinal accelerometers installed on each side
of the vehicle near the front bumper, as shown in Fig. 8.

The running of the crash algorithm using the aforementioned
sensors follows the flowchart in Fig. 9. Each part of the flow-
chart is explained in detail in the following sections.

1) Crash Algorithm Wake Up: Crash algorithms are not
in constant operation. They are triggered when the minimum
signal size interpretable as a crash is entered. In this paper,
the start and end of the crash algorithm are triggered by the

following inequality, which uses the longitudinal accelerometer
inside the ACU:

ax ≤ −1g or avg (|ax|) ≥ 0.4g. (29)

Table III shows the average wake-up time by crash type
for the proposed crash algorithm, which is measured from the
moment that a collision has occurred to the moment that the
crash algorithm is triggered. Because the typical average wake-
up time for crash algorithms ranges between 4 and 5 ms, it is
shown, based on the test results in Table III, where the average
is 4.29 ms, that the applied conditions are valid.

2) Metric Setting: The acceleration signals delivered as out-
put from the various sensors after impact can be divided into the
following three categories: 1) input variables related to colli-
sion force; 2) input variables related to collision energy; and
3) input variables related to the combination of force and
energy. In this paper, the following variables are used, because
they are deemed to be best suited to express crash characteris-
tics [19]–[23]:

• acceleration: a(t);
• sum of absolute acceleration:

∑
|a(t)|;

• velocity: v(t) =
∑

a(t);
• rate of velocity change: a(t)|4samples = (v(t) − v(t −

4)/4 · Ts);
• rate of change of the velocity change rate:

da(t)4samples/dt;
• acceleration differential: j(t) ≈ (�a(t)/�t);
• sum of acceleration signal length:

∑√
(da(t)/dt)2 + 1.

The sum of absolute acceleration, velocity, and the rate of
velocity change are used as signals for discerning the crash
type, whereas velocity and the rate of velocity change are
used as signals for airbag deployment. The sum of acceleration
length is used to determine whether the airbag will be deployed.

3) Airbag Fire/No-Fire (Deployment) Decision: It is not
necessary for airbags to be deployed whenever a collision
occurs. In fact, in a low-velocity collision, the deployment of
airbags may injure the driver. To prevent such injuries, airbag
deployment must occur only when the crash velocity is above
a certain level. Therefore, it is vital to use the severity of
the crash as a basis for determining whether airbags will be
deployed. In the case of frontal crashes, airbags must not deploy
if the velocity corresponds to crash test category FRT#1; they
must only deploy if the crash speed corresponds to FRT#2 or
higher. If velocity or energy signals are used to discriminate
between such cases, the proportional relationship between col-
lision speed and signal size allows airbag fire/no fire situations
to clearly be distinguished across frontal, offset, and oblique
crash categories. However, in the case of Car To Pole (CTP) or
Bumper Override (OVRD) crashes, velocity signals are smaller
than FRT#1, as shown in Fig. 10, which makes it difficult to
base fire/no-fire decisions of velocity input variables.

To make it distinguishable among the aforementioned types
of signals, this paper uses the following formula for the sum of
acceleration length:

∫ √(
da

dt

)2

+ 1 dt. (30)
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Fig. 9. Crash algorithm flowchart.

TABLE III
AVERAGE WAKE-UP TIME, DEPENDING ON THE CRASH TYPE

Fig. 10. Fire/No-fire decision using the velocity signal.

Fig. 11. Fire/No-fire decision using the sum of acceleration signal.

ACU-X acceleration signals are used as input for (30). Fig. 11
demonstrates the validity of the sum of acceleration signal in
deciding on the firing and nonfiring of airbags.

4) Crash-Type Decision: Vehicle crash tests are aimed at
ensuring the driver’s safety by using simulations of actual
collisions to determine the optimal timeframe for airbag de-
ployment. To approximate real situations as closely as possible,
crash testing covers a wide variety of crash types, including
Frontal Crash (FRT), Offset Deformable Crash (ODB), Oblique
Crash (OBLQ), CTP, and OVRD. This paper proposes a
dual-stage crash-type decision method that differentiates FRT,
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Fig. 12. Dual-stage crash-type decision.

ODB, and OBLQ crashes through the simultaneous use of the
ACU-Y sensor and the FIS. To differentiate CTP and OVRD
crashes from other types, this paper proposes a separate method
based on the ACU-X sensor [24].

ACU-Y sensors generally produce signals with higher reli-
ability, because the impact of collision does not directly reach
them. However, they are subject to time delays in identifying
the crash type, which raises the possibility of airbag misfiring
due to erroneous decision making with regard to the crash
scenario. By contrast, FISs offer the advantage of more rapid
crash-type identification, but they are also vulnerable to erro-
neous decision making, because the sensor signal is sensitive
to shock. This paper proposes an original crash-type decision
method that utilizes the relationship between these two types of
sensors, assuming that the FIS’s more rapid decision making
and the ACU-Y sensor’s higher reliability may be exploited
in a mutually complementary manner. Fig. 12 shows a block
diagram of the new crash-type decision method proposed in this
paper.

Fig. 12 details the dual-stage crash-type decision method
based on the complementary use of the FIS and the ACU-Y.
For the initial crash-type discrimination, the results from the
FIS, which produces a crash-type decision at an early point,
are used. In this stage, the type of crash is identified using the
following formula based on the difference between the left and
right FIS signals:

(∑
|a(t)|FIS−LH −

∑
|a(t)|FIS−RH

)2

. (31)

The aforementioned expression utilizes the fact that the left
and right signals will differ in size, depending on the direction
of the crash. According to the thresholds determined based
on the crash test data, FRT, ODB, and OBLQ crashes are
differentiated. However, crash-type information acquired using
the FIS quickly changes from FRT to ODB to OBLQ as time
progresses. Therefore, it is necessary to introduce a measure
for arresting the crash-type information at a certain point in
time. This point must be the moment at which the crash-
type information most suited to the crash scenario at hand is

Fig. 13. Velocity signal to fix the first decision.

obtained. In the majority of cases, this approach is considerably
achieved sooner than the RTTF. Accordingly, as shown in
Fig. 13, thresholds are set for the ACU-X sensor’s velocity
signal by crash type, and the current crash-type information is
maintained without further change once the relevant threshold
has been exceeded. Fig. 14 illustrates how the first crash-type
information is generated and maintained using this process. To
make the secondary decision with regard to the crash type,
the first crash-type information acquired through the FIS and
the additional crash-type information provided by the ACU-Y
sensor are compared. Crash-type discrimination based on the
ACU-Y sensor is performed using the following formula:∑

|a(t)|ACU−Y . (32)

By employing (32), the ACU-Y sensor-based crash-type dis-
crimination method differentiates FRT, ODB, and OBLQ
crashes according to the thresholds determined by the crash
test data.

The results of running simulations using the crash test data
show that, for FRT and ODB crashes, the majority of first
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Fig. 14. ODB #2: Crash-type decision results.

TABLE IV
DISCRIMINATION CONDITION FOR THE DUAL CRASH-TYPE DECISION

crash-type decisions coincide with the actual crash type. How-
ever, when the first crash-type information indicates an OBLQ
crash, there are instances when the actual crash is either ODB
or OBLQ. To resolve this issue, a correction process using the
ACU-Y sensor is introduced. Table IV is a reference table that
compares the information obtained from the first and second
crash-type decisions.

Figs. 13 and 14 show the results obtained to verify the
aforementioned method using real vehicle crash test data for
ODB crashes.

When only the FIS is used, the crash type is identified
as OBLQ before the RTTF, but when the proposed method
is applied, the decision is corrected to ODB at the RTTF.
The ACU-X-sensor-based crash-type discrimination is used to
identify CTP and OVRD crashes, because these crash types
are difficult to distinguish using the FIS or the ACU-Y sensor,
which discriminate among crash types through orientation. In
CTP crashes, collision impact is delivered only to a localized
part of the vehicle body, thus resulting in buckling or bending.
Hence, the absolute size of the acceleration signal is smaller
than as generated in FRT, ODB, or OBLQ crashes at the same
velocity. Based on this characteristic, CTP crashes are identified
using jerk signals, obtained by acquiring velocity signals at
every fourth acceleration sample and double differentiating the
results. In addition, the severity of vehicle body vibration due
to localized impact is ascertained using the number of times
that the jerk signal crosses zero. Accordingly, the zero-crossing
number for each crash type immediately prior to the RTTF
is counted, as shown in Table V. The results show that CTP
crashes can be differentiated from other crash types by their
significantly higher zero-crossing number at the RTTF.

TABLE V
ZERO-CROSSING NUMBER AT THE RTTF FOR EACH CRASH TYPE

TABLE VI
AVERAGE ACCELERATION (IN SQUARE METERS PER SECOND)

FOR THE EARLY 5 ms

Table III shows that OVRD crashes have a substantially
slower wake-up time than other crash types, i.e., OVRD values
for the initial average acceleration are relatively lower (based
on absolute values) than in the case of other crash types. This
result is confirmed by the average acceleration for the first 5 ms
by crash type, as listed in Table VI.

5) Airbag Deployment Decision: Several airbag deploy-
ment algorithms base their thresholds for airbag firing on the
velocity, distance, and energy signals conveyed by the ACU-X
sensor. The drawback of such signals, which take the form of
simple acceleration integration, is that even a small change in
the signal can lead to a significant difference in airbag deploy-
ment time. This paper uses parameters that are less sensitive to
signal change yet are highly expressive of crash characteristics
to deploy the airbags. In cases where the vehicle absorbs the
impact of the crash, collision velocity can sometimes remain
constant or decrease because of the vehicle’s internal structure,
bumper, or crash box. This condition creates points at which
the slope that results from the collision velocity becomes 0 or
reaches its maximum value. To identify such points, the points
at which the velocity slope for every fourth velocity sample is
differentiated, i.e., at which the inflection point for the velocity
signal becomes 0, are detected. Using this method makes it
easier to detect absorption points than using a simple differ-
entiation of velocity. At the same time, the airbag deployment
algorithm is designed with different threshold settings for each
crash type. Such characteristics show strong distinguishability
in the case of FRT, ODB, and OBLQ crashes. By contrast, in
the case of CTP crashes, unlike other crash types, the airbag
deployment condition is based on the fact that the acceleration
signal suddenly increases just before the RTTF, leading to the
creation of points where the acceleration signal takes a positive
value. Because this phenomenon does not occur with other
crash types, the airbag deployment algorithm in this instance
is designed to reflect this distinguishing feature.
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Fig. 15. New crash algorithm based on precrash information.

Fig. 16. Hardware configuration.

IV. CRASH ALGORITHM USING PRECRASH INFORMATION

This section proposes a new airbag deployment algorithm
(crash algorithm) based on the interface between the precrash
algorithm and the crash algorithm proposed in Sections II and
III, respectively. Fig. 15 is a block diagram that represents the
overall crash algorithm that incorporates precrash information
estimation, whereas Fig. 16 shows the hardware configuration
for the algorithm [25].

In the crash algorithm based on precrash information, the
ECU, which is independently used in the crash and precrash
algorithms, is utilized for the interfacing of the two algorithms.
For the ECU input, the various sensors installed for the host
vehicle’s ESP, the radar sensors used for the ACC, and the
accelerometers related to the crash algorithm are used.

A. Algorithm Overview

The purpose of the crash algorithm based on precrash infor-
mation is to generate crash possibility, time to crash, and crash-
type information using various radars and host vehicle sensors;
communicate the resulting crash-type information about possi-
ble crash scenarios; and, thereby, deploy the vehicle’s airbags
in a manner befitting the configuration at hand. The flow chart
for the proposed crash algorithm based on precrash information
is shown in Fig. 17.

B. Interface Between Crash and Precrash Information

The interfacing of the crash and precrash algorithms is an
important issue. If the precrash algorithm malfunctions, the

overall performance may become worse than when only the
crash algorithm is used for airbag deployment. In Fig. 18, the
interface between the two algorithms is designed.

The AND condition is used for the start and crash flags to
prevent meaningless information, e.g., when crash possibility
information is generated through radar sensor malfunction,
although there is no frontal object present, from being deliv-
ered to the crash algorithm and triggering erroneous airbag
deployment. It is also intended to allow the crash algorithm to
function as a stand-alone process when the radar sensors do
not operate, by making independent decisions about a crash
situation. For precrash information to be conveyed, the crash
flag that signifies the crash possibility must be set to 1. At the
same time, the crash algorithm must also detect the crash and
have the start flag set to 1. Because precrash information is
not continually retained, the duration of information retention
is set to a maximum of TTC+0.02 s, considering the time to
crash obtained through precrash information estimation and the
sampling time for the radar information.

V. SIMULATION

The robustness of the aforementioned algorithms is verified
through simulation in various crash scenarios and actual situa-
tions. To recreate a wide variety of crash scenarios, the CarSim
software is used, whereas to verify airbag deployment, actual
crash test data that cover a diverse range of conditions are used.
Individual crash scenarios consisted of crash test conditions
employed by automakers and simulated environments that are
similar to crash test conditions. The various crash test simula-
tion scenarios are listed in Table VII.

To determine how the integration of the various subordi-
nate algorithms that comprise the precrash algorithm affects
the crash algorithm, the precrash algorithm, and the unified
algorithm, simulations are performed using the algorithm com-
bination methods detailed in Tables VIII and IX.

Among the methods proposed in Section III, only crash-type
discrimination using the X–Y axial accelerometers inside the
ACU, and not the FIS, is used for the crash algorithm shown in
Table IX. This approach is aimed at analyzing whether crash-
type decision making based on the precrash algorithms frontal-
object information estimation could replace the FIS, which
suffers from low crash-type decision reliability.
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Fig. 17. Flowchart for the crash algorithm based on precrash information.

Fig. 18. Interface between the crash and precrash algorithms.

A. Precrash Algorithm

Evaluating the robustness of the precrash algorithm consists
of ascertaining how well it can identify crash types in crash
environments. In this paper, the scenarios listed in Tables VII
and VIII are applied to the precrash algorithm. The crash-type
decisions made by the algorithm according to these scenarios
are given in Table X.

It is shown Tables X–XII that the accuracy of crash-type
discrimination is improved when the host vehicle information
and radar information are used in tandem (method 3) than
when the latter information is exclusively used (method 1).
This case is because using only radars to estimate frontal
objects leads to incongruous crash-type decisions in several
cases due to insufficient information about the frontal object’s
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TABLE VII
SIMULATION SCENARIO

TABLE VIII
SIMULATION METHOD: PRECRASH ALGORITHM

TABLE IX
SIMULATION METHOD: UNIFIED ALGORITHM

TABLE X
CRASH-TYPE DECISION: STANDARD MODE

orientation and crash possibility. With regard to the effect of
applying sensor fusion to radar signals, the analysis result
shows that the accuracy of crash-type decisions is improved
when sensor fusion is used in signal processing, as shown in
methods 2 and 4, than when sensor fusion is not used, as
shown in methods 1 and 3. This difference in performance
stems from the varied effects that problems that result from
radar signal phase lag and resolution have on the assessment of
crash possibility and estimated crash position. Based on these
findings, it can be concluded that frontal-object information
received from radar sensors must be integrated with the host
vehicle information such that the precrash algorithm achieves
improved performance and that applying sensor fusion to radar
signals is the optimal method for enhancing the accuracy of
crash-type decisions.

TABLE XI
CRASH-TYPE DECISION: ODB EMULATION MODE

TABLE XII
CRASH-TYPE DECISION: OBLQ EMULATION MODE

Fig. 19. Method1: FRT crash airbag deployment time.

B. Crash Algorithm Using Precrash Information

The robustness of the unified algorithm that incorporates
precrash information is verified using the method shown in
Table IX. The following figures represent airbag deployment
performance based on the crash algorithm alone (method 1) and
on the unified algorithm that includes the precrash algorithm
(method 5).

Figs. 19 and 20 show that using only the sensors inside
the ACU results in nondeployment or significantly premature
deployment. These problems are caused by erroneous crash-
type discrimination and can be resolved by introducing precrash
information about the crash type. In Figs. 21 and 22, the
aforementioned problems have been resolved through the use of
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Fig. 20. Method1: OBLQ and ODB crash airbag deployment times.

Fig. 21. Method5: FRT crash airbag deployment time.

precrash information, and airbag deployment has been achieved
at or near the RTTF in most cases.

VI. CONCLUSION

This paper has proposed a precrash algorithm to resolve
airbag malfunctions caused by the limitations of existing crash
algorithms. To obtain input for designing the precrash algo-
rithm, the sensors installed for the vehicles ESP system,
including the wheel speed sensor, steering angle sensor, yaw
rate sensor, and lateral acceleration sensor, are utilized, in addi-
tion to radar sensors. This approach allows for the generation
of more reliable precrash information through the addition
of estimated information about the frontal-object position and
behavior to information based on the host vehicle itself. This
paper has also proposed an original method for crash-type
decision making by the crash algorithm. By using the FIS
and the ACU-Y sensors in combination, problems in crash-
type discrimination that result from the independent use of
either type of sensor are resolved. Performance enhancement is
confirmed by measuring airbag deployment times based on real

Fig. 22. Method5: OBLQ and ODB crash airbag deployment times.

crash test data. For the final step, a new crash algorithm that
interfaces the proposed precrash and crash algorithms is devel-
oped. By combining the two algorithms in various ways, this
paper has verified that the effectiveness of the crash algorithm
significantly improves when precrash information is utilized.

The sensors used for the proposed algorithms consist of com-
binations of existing sensors used in commercial automotives.
Hence, the proposed methods can be implemented at no extra
cost. Moreover, because the precrash algorithm is inserted into
the proposed crash algorithm as a supplemental function, it can
directly be applied to existing crash-type decision algorithms.
In conclusion, the methods proposed in this paper offer several
benefits in terms of cost and applicability to existing algorithms,
and their applicability and performance can further be improved
if they are integrated with cameras or ultrasonic sensors.
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