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Abstract—This paper starts with depicting the test series car-
ried out by the Transportation Active Safety Institute, with two
cars equipped with pedestrian automatic emergency braking
(AEB) systems. Then, an AEB analytical model that allows the
prediction of the crash speed, stopping distance, and stopping
time with a high degree of accuracy is presented. The model has
been validated with the test results and can be used for real-time
application due to its simplicity. The concept of the active safety
margin is introduced and expressed in terms of deceleration, time,
and distance in the model. This margin is a criterion that can be
used either in the design phase of pedestrian AEB for real-time
decision making or as a characteristic indicator in test procedures.
Finally, the decision making is completed with the analysis of the
behavior of the pedestrian lateral movement and the calculation
of the certainty of finding the pedestrian into the crash zone.
This model of certainty completes the analysis of decision making
and leads to the introduction of the new concept of “critical
speed for decision making.” All major variables influencing the
performance of pedestrian AEB have been modeled. A proposal of
certainty scale in this kind of tests and a set of recommendations
are given to improve the efficiency and accuracy of evaluation of
pedestrian AEB systems.

Index Terms—Pedestrian protection, active safety margin,
prediction model, critical speed for decision making.

I. INTRODUCTION

THE Transportation Active Safety Institute (TASI) of
Indiana University-Purdue University Indianapolis, car-

ried out a large set of tests for pedestrian AEB. Three different
sizes of mannequins and their carrier were developed. These
mannequins (child, fit and obese) have been designed and tested
with two cars in near 1000 tests during a two year periods. Two
main types of tests were carried out, activation tests to assess
the true positive situations and non-activation tests to assess the
false positive situations in which the mannequins were close
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Fig. 1. Pedestrian AEB test setting.

to but did not enter the crash zone. The tests were performed
at both day light and at night time. The mannequin movement
pattern include standing, moving left to right, right to left and
also along and against traffic. The mannequin speeds were 0,
1.2, 1.5, and 2.2 m/s. The vehicles’ speeds were ranged from
4.46 m/s (10 mph) to 22.3 m/s (50 mph) in intervals of 2.23 m/s
(5 mph). A set of sensors, differential GPS, video recording
and data acquisition systems were installed to measure all the
relevant variables.

Fig. 1 shows a scheme of the test setting.
This paper presents the modeling of decision making and

braking phases of the AEB under these tests, analyzing the
influencing variables related to the test design and procedure.
The goal is to gain a better understanding of the AEB systems
under those tests and the improvement of the test procedure
accuracy and efficiency. The models presented in this paper can
also be used in the design of those systems as they are accurate
and simple to run in real time. Many of the test results shown
here can be useful themselves for the community of active
safety researchers as they are difficult to gather in real car-
pedestrian crashes. The structure of the paper is the following:

— First a literature review is presented.
— Then the analytic vehicle model is presented for eval-

uating the braking phase. The model has been opti-
mized and validated with test results. The variation
of its main input parameters and output variables, the
friction coefficient, the transient response and the low
levels of final effective deceleration, are analyzed.

— Using the model, three decision making indicators,
based on the Active Safety Margin are defined and
tested._________________________________________________________________________________
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Finally the decision making phase is described by introducing
the concepts of Certainty and Critical Speed for Decision
Making (CSDM). Both concepts are calculated and their re-
sults are compared with real decision timing recorded in tests.
Ranges, maximum and minimum values of numerical data, and
statistical distribution of the main factors are presented.

The main scientific contribution of this paper is the new
concept and complete analytical modeling of CSDM, the speed
beyond which the impact cannot be avoided, based on a novel
approach of series expansions of vehicle dynamics equations.
The main significant results for the industry are the following:

— The proposal of a new simple and effective scale of
Certainty in this kind of tests.

— The analytical expressions applied to the vehicle dy-
namics model that could be used in real time con-
trollers in real cars.

— The models presented here allow the definition of more
accurate test scenarios and test methods for pedestrian
AEB systems, including the Certainty among the test
variables.

— The background of 1000 tests supporting the
conclusions.

II. LITERATURE REVIEW

Pedestrian automatic emergency braking has been a subject
of intense research and industrial activities in recent years.
Good surveys of the research work of such systems can be
found in [1]–[5] that provided the analysis of pedestrian crash
avoidance by steering and braking. The pedestrian detection
technologies were reviewed in [6]–[12] among others. The view
of the industrial applications in real cars can be found in [13]
and [14]. In [13] Hitoshi stated that the major factor affecting
the pedestrian lateral appearance position was whether the
driver’s view of the pedestrian was blocked by a parked vehicle
or other objects. This visual influence was low in the case of
crashes involving elderly pedestrians, but important in half of
crashes involving children aged 12 or less. According to [14],
the vehicle speeds involved in pedestrian crashes were 40 km/h
or less.

The assessment of the risk in instants prior to the crash has
been the object of several analysis, proposals and metrics. In
[15] and [16], the authors defined the Time to Collision (TTC)
as the simple quotient between the distance to the obstacle and
the relative speed of that obstacle with respect to the vehicle,
provided that any action is made by the driver to avoid the
impact. In [16], the concept of Predicted Minimum Distance
(PMD) was defined as the minimum distance between a vehi-
cle and a potential obstacle predicted in real time, assuming
constant values in the main variables of vehicle dynamics: turn
rate, longitudinal and lateral acceleration. In [16], the authors
used the idea of the Required Deceleration (RD) to stop the car
in the measured distance of the pedestrian position, and used
a first order braking model of the system response obtained
from tests. Several concepts assessing the risk in terms of
Time-to-X were presented in [17] and [18]. Time to Braking
(TTB) was the remaining time until an emergency braking at

maximum deceleration must be applied in order to avoid a crash
by braking; the authors considered a constant deceleration in
braking action. This same idea was extended in [18] to combine
steering and braking actions in terms of Time to React (TTR)
which is the same idea of Time to Brake (TTB) but applied
to four avoidance maneuvers: maximum braking, maximum
acceleration, minimum radius steering to the left, and minimum
radius steering to the right; the authors defined consequently
reaction Time to Brake (TTB), Time to Kickdown (TTK) and
Time to Steer (TTS), all of them were particular cases of TTR.
Additionally, they also defined Time to Enter (TTE) and Time
to Disappear (TTD) that analyze when a car would enter or
exits the path of the ego vehicle. Reference [19] presented the
concept of Time Difference To Collision (TDTC) which was
defined as the time difference for a pedestrian and a vehicle to
travel to the potential conflict point if its speed keeps constant.
The authors in [20] defined the Post Encroachment Time (PET)
as the time differential between when the leading vehicle oc-
cupied his location and the trailing vehicle arrived. Reference
[21] gave the definition of Deceleration to Safety Time (DTS);
it was the necessary deceleration to reach the last calculable
PET0 (i.e. when PET = 0), it referred to the position of the first
road user, when leaving the conflict area. The second road user
may reach this point not earlier than the first road user leaves
it. An interesting metric found in [22] defined the Pedestrian
Risk Index (PRI) that evaluated the potential severity in both
time duration and danger. They use the classical definition of
TTC and the Time to stopping ts; the difference between them
(ΔT) is used to evaluate the reduction in time for making a
safe emergency brake. To assess the severity, they estimated
the speed at the impact Vi and the PRI which is defined as the
summation of the product V2

i .ΔTi during the time of potential
conflict between the pedestrian and the vehicle.

In the process of decision making, prior to triggering an
emergency braking action, it will be required to calculate
the level of certainty/uncertainty about the possible pedestrian
entry in the crash zone. For that reason, the kinematics of the
pedestrian’s movement and its behavior has to be assessed.
Indeed, [23]–[25] provided several analyses of the driver and
pedestrian reaction times in pedestrian crashes. In [26]–[28] the
authors analyzed the difference of pedestrian walking speeds
at sidewalks and signalized crosswalks. The effects of season,
age and gender of pedestrians were discussed. It was concluded
that pedestrian walking speeds at crosswalks were significantly
different from those on sidewalks at a 95% confidence level. In
general, pedestrians walk faster at crosswalk compared to on
sidewalk and walkway. Reference [29] and [30] demonstrated
that the average pedestrian deceleration was about 1.5 m/s2 and
it did not depend much on the walking speed, with a maximum
value of 2.5 m/s2. The stride frequency is about 0.9 Hz accord-
ing to [31]. Very similar results (1 Hz) were published in [32].

Pedestrian behavior models can be found in [33], where
Walkim developed a Markov chain model proposing a statisti-
cal representation of the pedestrian behavior based in four states
(standing still, walking, jogging, and running) with transitions
among them. From the former pedestrian state, the model of
Walkim calculated the current state. Then, the pedestrian speed
vector was split up into the norm and the angle from the
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available information on the statistical distribution of these
quantities. Their values follow from the present pedestrian
discrete state. The model generates statistically significant
pedestrian trajectories and predicts potential car-to-pedestrian
impacts. That Markovian model has been applied to Renault ve-
hicles. Researchers from the Daimler group published a model
of braking and steering system for pedestrian crash avoidance
including the strategies for decision making [5]. The approach
of Toyota in this field can be found in [14].

The decision making algorithms could use the calculated
severity and risk of fatality of the crash if the speed is too
high. The severity, as a function of the impact speed, has been
analyzed in [34], where the authors collected a study of 492
pedestrian crashes with passenger cars in Germany resulting
in 36 fatalities. They proposed the following mathematical
expression to estimate the risk of death as a function of the
impact speed v (km/h) and the age of the pedestrian. (It is
a probability among 0 and 1). P(v, age) = 1/(1 + exp(9.1 −
0.095 · v − 0.04 · age)).

Finally, the effort in the development of standards for these
pedestrian protection systems, common tests procedures, man-
nequin development, measurement techniques etc., can be seen
in [35]–[42], among them the works of the Transportation Ac-
tive Safety Institute (TASI). Reference [35] and [39] provided a
detailed explanation of the test procedure which is modeled in
this paper, being this test model the essential new approach of
this paper. Reference [37], [38], and [40] gave the details of the
mannequin development.

III. VEHICLE DYNAMICS MODEL

A. Test Data Set

The tests selected to be analyzed in this paper were the
following:

• Only AEB activation tests.
• The mannequin movements were only, crossing road from

left to right (L/R) or right to left (R/L).
• Three mannequin sizes (adult fit, adult obese, and child).
• Day light, dark, and dark but lighted conditions.
• The tests were carried out always in dry asphalt and flat

surface.

This leads to a set of 426 tests for car A (84% were successful,
the car stopped before hitting the mannequin) and 35 tests for
car B (65.7% successful). Initial speeds (V0) were ranged from
4.46 m/s (10 mph) to 22.3 m/s (50 mph).

For activated AEB cases, stopping time ranged from 0.6 s
to 2.3 s. Stopping distances ranged from 1.5 m to 18.5 m.
The 2nd degree polynomial that fits the stopping distances
(426 tests, car A) is the following:

xs = −1.52 + 0.58V0 + 0.0378V2
0.

The distance from car A to the potential crash point, when
the car starts braking (xs0), was very well correlated with the
initial speed, xs0 = −2.9 + 1.2V0 (m/s). Final positions to the
potential crash point once stopped showed an average value of
1.17 m. The standard deviation was 1.44 m.

Fig. 2. Vehicle dynamics model.

TABLE I
TERMS IN THE VEHICLE DYNAMICS MODEL

B. Equations

To analyze the braking behavior of the car in the tests, follow-
ing model is developed from the forces equilibrium presented
in Fig. 2 leading to the equation (1). Table I describes notations:

m ·
(
d2x

dt2

)
+Ka ·

(
dx

dt

)2

+K1x+K0 +Kr + F =0. (1)

The values of m, Cx, and Af are taken from the technical data
sheets of both cars. Equation (1) can be solved numerically,
but as the braking time is short, power series expansion can
generate very accurate analytical solutions, see [43] and [44].

Assuming the existence of a solution for the displacement as
the following:

x(t) =
∞∑

n=0

cnt
n (2)

where t is time and cn are the series expansion coefficients.
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Taking derivatives, the speed and acceleration series can be
obtained and the equation (1) becomes:

m·
( ∞∑

n=0

(n+1) · (n+2) · cn+2t
n

)

+ Ka ·
(

n=∞∑
n=0

[
n∑

n=0

(i + 1)·(n+1−i)·ci+1 ·cn+1−i

]
·tn

)

+ K1 ·
∞∑

n=0

cnt
n+K0+Kr+Cf3t

3+Cf2t
2+Cf1t+Cf0=0

(3)

with initial conditions:

x(t0) = x0; ẋ(t0) = V0.

Collecting (3) in powers of t and equating coefficients to 0,
a linear system of equations is obtained, from which the series
coefficients can be obtained too (expanding until n = 5):

c0 = x0; c1 = V0; c2 =
Ka · V 2

0 −Kr − Cf0

2 ·m

c3 =
−Ka · 4 · V0 · c2 − Cf1

6 ·m

c4 =
−Ka · (6 · c1 · c3 + 4 · c22)− Cf2

12 ·m

c5 =
−Ka · (8 · c1 · c4 + 12 · c2 · c3)− Cf3

20 ·m
X(t) ≈C0 + C1t+ C2t

2 + C3t
3 + C4t

4 + C5t
5. (4)

This model solution is of closed form, not numerical, and that
can help to analyze trends, or the influence of every single
factor. Additionally, as it is a simple polynomial of degree 5,
its computation is very fast and can be applied for real time
simulation.

C. Braking Input

The braking force (F) can be expressed as a cubic spline
(see Fig. 3) in terms of initial and final slope (F′

0 and F′
f ) and

maximum values of time (t0 + d) and braking force (F0 + h):

Cf3 =

(
F ′
0 + F ′

f

)
· d− 2 · h

d3
;

Cf2 =
1
2

⎛
⎝
(
F ′
f + F ′

0

)
d

− 3Cf3 · (2.t0 + d)

⎞
⎠

Cf1 =F ′
0 − 2.Cf2.t0 − 2Cf2.t

2
0;

Cf0 =F0 −
(
Cf1.t0 + Cf2.t

2
0 + Cf3.t

3
0

)
. (5)

The braking action can be split in two stretches, the transient
one (we will call it stretch T) during the settling time until tf
and the second one at constant maximum braking force, we

Fig. 3. Braking force spline.

Fig. 4. Two braking stretches.

will call it stationary stretch S, (see Fig. 4). In the first stretch,
F ′
f = F0 = t0 = 0 so equation (5) becomes:

Cf3 =
F ′
0 · d− 2 · h

d3
; Cf2 =

1
2

(
F0·
d

− 3Cf3.d

)

Cf1 =F ′
0; Cf0 = 0. (6)

As x0 = 0; the speed in function of time in the first stretch
becomes:

VT (t) ≈ V0 + 2c2T t+ 3c3T t2 + 4c4T t3 + 5c5T t4. (7)

The second sub-index of ciT refers to stretch T. In stretch S,
Cf3 = Cf2 = Cf1 = 0; Cf0 = h. As the response in stretch S is
quite flat, we can use a degree 3 displacement so the speed in
the second stretch (VS) becomes:

vS(t) ≈ vf + 2c2St′ + 3c3St′
2

(8)

where t′ = t− tf ; vf = vT (tf ) and xf = xT (tf ).
The stopping time ts, can be calculated from the root of the

equation (8) t′sS , being ts = t′sS + tf . The lower case sub index
s means stopping. The stopping distance is:

xs ≈ xf + vf t
′
sS + c2St

′2
sS + c3St

′3
sS . (9)

The simulated crash time (tc) will happen when xS(t) = xp,
beingxp the measured distance to the potential crash point when
the car starts braking. The simulated crash speed is vc = vS(tc).
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Fig. 5. Average braking force spline for car A.

D. Optimization and Data Fit

To fit the outputs of the model to real data, an optimization
process was carried out. The fminsearch function in MATLAB,
implementing the Nelder-Mead method, was applied. The opti-
mal values of parameters to be found in the optimization were
the slope at the origin in the braking force spline, Sl, (see
Fig. 5), the settling time tf and the Maximum Braking Force
(MBF). The optimization criterion was the minimum deviation
summation in the deceleration signal. The optimal values of
initial slope Sl and settling time tf were dependent on the
vehicle speed. The MBF was not a function of the speed. Fig. 5
shows the average braking spline for car A (mean of 426 tests).

The average slope at the origin was Sl = −47,948 N/s. The
braking force reached its maximum at tf = 0.72 s, which points
out the importance of the transient phase. The length of the final
constant braking stretch depends on the initial vehicle speed.
Constant braking continues until the car stops. The average
maximum value of that braking force was 17 687 N. At that
point, the car starts to slip and the ABS acts keeping the
maximum braking force approximately constant. Entering this
average braking action as input to the model with the initial
speed, we could get the output values of stopping distance and
time, simulated speed and decelerations.

E. Accuracy of the Model

The output values of the model show a very good fit with
values measured in AEB testing. Fig. 6 shows the distributions
of relative errors in the stopping time when the optimal values
for every test are applied. Similar values of relative error can
be found in the stopping distances. Results with car B are also
accurate. Obviously, if the average braking action is applied, the
results are also an average, but they are very good as a general
model.

F. Friction Coefficient

The ABS action limits the braking force. The capacity to
brake depends on the available friction potential in the tire-road
contact patch. This can change the result of the test by reducing
or extending the stopping distance, and so will do in the real
performance of the AEB.

Fig. 6. Relative error in stopping time between real data and simulation.

From the values of MBF derived from testing data, we can
obtain an approximation of the effective friction coefficient.
The average value is 0.89 and the standard deviation 0.046
(426 tests with car A). The test track was an unused airport
runway, the asphalt surface was clean and the average friction
is slightly higher than the normal value in open roads (0.8). In
series of tests in different tracks, with the same vehicle, this
factor could add uncertainty to the results.

G. Importance of the Transient Phase

The average value of settling time was 0.72 s and the range
of stopping times in this low range of speeds was from 0.6 s to
2.3 s, which means that the percentage of braking time during
the transient phase spans between 35% and 100%. On an
average, at least 50% of the braking time was transient. For that
reason the average effective deceleration was quite low and far
from the maximum possible according to the friction potential
(see next Section III-H).

H. Low Levels of Effective Deceleration

The Full Effective Deceleration (FED) obtained in the simu-
lation is the effective final value of deceleration that would stop
the car at the same stopping distance in real braking. FED =
−V2

0/(2xs), where xS is the braking distance calculated with
model (9). Obviously, the distribution of FED is dependent on
the vehicle speed, due to the transient time. The regression line
is FED = −4.4 − 0.18 V0 for car A in a Normal distribution
(−5.96, 0.6)(m/s2). FED = −3.8 − 0.25 V0 for car B. The
average values of FED (−5.96 m/s2 for car A and −5.57 m/s2

for car B) are much lower than that the average values of
maximum point decelerations (−10.11 m/s2 for car A and
−9.14 m/s2 for car B). So the average effective deceleration
that can be expected in good dry asphalt with a state of the art
passenger car, with excellent ABS braking, is only about 6 m/s2

in this range of low speeds used for pedestrian crash avoidance
tests. At higher speeds the pedestrian is almost always run over.

IV. INDICATORS FOR DECISION MAKING

To build a complete model of the pedestrian anti-crash
system, some indicators are required to establish the decision
making strategy in real time if the braking action needs to
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Fig. 7. Absolute error in the impact speed, Car A.

be triggered. Starting from the analytical model presented in
Section III, we will define some indicators and use them to pre-
dict the occurrence of a crash with the mannequin (pedestrian).

A. Impact Speed

Assuming that the vehicle knows the distance to the man-
nequin (measured with the radar) and the vehicle speed, the
model presented in Section III can calculate in advance the
impact speed. As depicted in Fig. 7, the predicted impact speeds
show a very low error compared with the real measured impact
speeds for car A.

B. Active Safety Margin

The Active Safety Margin (ASM) can be defined in terms of
deceleration, time, or distance, denoted as ASM_A, ASM_T
and ASM-D, respectively.

ASM_A = FED-Astop. (10)

FED describes how much the car can brake in a given time and
Astop shows how much acceleration is needed to stop the car
before hit the mannequin. FED is calculated with the model
presented in Section III.

Astop = V 2
0 /(2DTP) is a function of the current initial speed

V0 and the Distance to the Pedestrian (DTP) when braking
starts. As the solution to the model is analytical and a simple
polynomial [see equation (4)], it can be calculated easily in real
time. The unit of the ASM_A is m/s2.

When the car is running at speed V0 and the pedestrian is
detected at a distance DTP, if ASM_A > 0 the car would be
able to stop before impacting the pedestrian (Avoidance), the
braking action could wait longer. If ASM_A < 0, the crash will
happen for sure, but with reduced speed and hence with reduced
severity of injuries (Mitigation), which is very important.

As the friction coefficient in every test is not known a priori,
an average braking action like the one shown in Fig. 5 can be
used; Fig. 8 shows the real test impact speed versus calculated
ASM_A. In every real test case, a point depicts the calculated
ASM_A and the real impact speed. If the result is avoidance, the
points have 0 impact speed. All tests with avoidance’ results are
points covered with an arc in the ASM_A axis around 0 and 2.

In the area of ASM_A ≥ 0, all test results are supposed to be
avoidance and that is true in 352 out of 357 (true avoidances),
so the prediction of this indicator is correct in 98.6% of the
avoidance tests.

Fig. 8. Active safety margin in terms of deceleration, Car A.

Fig. 9. Active safety margin in terms of distance and time.

The prediction of avoidance tests is wrong (false avoidances)
in 5 out of 357 (1.4%). In the area of ASM < 0, all test results
are supposed to be mitigation or full speed crash and that is true
in 66 out of 69, so the prediction of this indicator is correct in
95.7% of the mitigation tests (true mitigations). The prediction
of the mitigation tests is wrong in 3 out of 69 (4.3%) (False
mitigations). An interesting remark is that there are no braking
actions beyond ASM_A > 2.6 m/s2, this gives a first indication
of the decision making strategy. This indicator is really accurate
to predict the likelihood of the crash with the pedestrian.

C. Active Safety Margin in Terms of Distance and Time

The Active Safety margin can also be expressed in terms
of distance (ASM_D) and it can be defined as the difference
between the distance to the pedestrian (DTP) and the required
distance to stop (DTStop) calculated using the model presented
in this paper. The unit of ASM_D is meter. Fig. 9 shows the
concepts of ASM_D and ASM_T.

ASM_D = DTP − DTStop.

The ASM_T indicates how much time the car can continue at
the current constant speed without start braking before the crash
will be unavoidable. The unit of ASM_T is second.

ASM_T = ASM_D/V0. (11)

Fig. 10 shows the test results of vehicle A with respect to
ASM − T . It can be seen in this series of real tests, 73% of
crashes can be avoided if the car could start braking only 0.2 s
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Fig. 10. Active safety margin of car A in terms of time.

earlier. This underlines the importance of an early recognition
and the subtle equilibrium between avoiding impacts and pre-
venting false positive triggers of the system at the same time.

The concept of ASM_T presented in this paper is also
known as Time to Risk, which is not the same as the Time
to Collision (TTC) presented in crash avoidance and active
safety literature. The test results also showed that there were no
braking actions beyond ASM_D > 4.8 m or ASM-T > 0.55 s.
This gives another indication of the decision making strategy.
ASM_A, ASM − T and ASM −D calculated according to the
analytical model presented here, are excellent predictors of the
crash and they are simple enough to be used in real time. The
ASM_A measured in terms of deceleration has two additional
advantages:

• Its value does not depend on the speed.
• It can be used in combined braking/steering actions in

terms of lateral active safety margin combined with this
longitudinal ASM_A.

The results shown in Fig. 10 have been obtained based on
braking with the average Maximum Braking Force (MBF) by
using the average effective friction coefficient (AEFC) equals
0.89. The value of the AEFC was known after testing the car.
In general, some hypothesis of the value of the AEFC has to
be made for real time prediction. If value = 0.8 is accepted
as normal in dry conditions in open roads, the same method
of computing the ASM_A can be used with that value, just
adjusting the variable h in equation (5).

V. LATERAL BEHAVIOR AND DECISION MAKING

A. Introduction

The decision of triggering an emergency braking in a general
driving situation has been analyzed in the models presented
in [5], [14], and [44], among others. Those models are well
adapted to general driving situations. In the case of a more
controlled environment as it happens in performance tests,
some simplifications can be assumed. As the motion direction

Fig. 11. Analysis of the uncertainty in the pedestrian behavior.

of the pedestrian is always perpendicular to vehicle’s trajectory,
the braking decision can be split based on two independent
indicators. First, the longitudinal active safety margin (ASM)
has to reach a certain threshold value, close to 0. In addition,
once that value is reached, the probability of the pedestrian to
be in the impact zone (IZ) when the car gets the zero point
should be as high as possible to avoid false positive situation. It
is assumed that the width of the impact zone (IZ) is b that equals
the total width of the car plus two segments of 30 cm (due to the
thickness of pedestrian’s body and the position of the feet/legs),
one before the Center of Gravity of the pedestrian enters the IZ
and the second one after exiting the IZ (See Fig. 11).

B. Model of Certainty

To evaluate the probability of a pedestrian being in an impact
zone (IZ), following are assumed:

— The normal gait frequency of a pedestrian is 2 steps/
sec according to [31], [32], the step length is vp/2 m,
where vp is pedestrian’s speed in m/s.

— The average pedestrian’s deceleration is about 1.5 m/s2

according to [29], [30].
— If the pedestrian notices the vehicle prior to enter the

IZ, the pedestrian will try to stop with a constant de-
celeration. Otherwise it is assumed that the pedestrian
will enter the IZ at the same constant speed. Only
these two normal pedestrian behaviors are considered.
Turnarounds after exiting the IZ or accelerating for
passing the IZ are excluded.

According to assumptions above, we propose the scheme
shown in Fig. 11 to analyze pedestrian’s movement before
entering the IZ. When ASM = 0 (t = 0 in Fig. 11), the time for
the vehicle to reach the zero point equals the time to stop (ts).
The lateral distance of the pedestrian to the IZ (y1), pedestrian’s
speed (vp) and the longitudinal distance of the vehicle to crash
point, is measured continuously by the vehicle.

If the pedestrian starts above position ys, the pedestrian
cannot reach the IZ in a normal behavior at the time ts with
a constant speed, the pedestrian can at most be at point (ts, 0) at
the time ts. If the pedestrian is at positions between ys and y1,
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Fig. 12. Analysis of the certainty in the pedestrian movement.

the probability of being inside the impact zone at time ts (for
example in y1) is the same as the distance ratio (OB/AB)
assuming a constant density distribution of the probability in
the pedestrian deceleration value. We will call the probability
of being inside IZ at the time ts as “certainty” C in this paper,
C = OB/AB.

With those hypothesis, Fig. 12 shows the value of the lateral
position y1 as a function of C and the vehicle speed V0 in
increments of 2.26 m/s (5 mph), being vp = 1.5 m/s and the
value of pedestrian deceleration Aped = 1.5 m/s2. An analytical
expression of C, as shown in (12), can easily be obtained.

AO = y1s = y1 −
(
vp · ts −

(
1

2

)
Aped · t2s

)
;

y1c = y1 − vpts; AB = y1s − y1c;

C =
OB

AB
= −y1c/(y1s − y1c). (12)

Fig. 12 has been obtained using the Monte Carlo method.
We have selected that value of Aped = 1.5 m/s2 in a constant
distribution to fit best the results shown in Fig. 12 correspond-
ing to a pedestrian speed of 1.2 m/s and those corresponding
to vp = 1.5 m/s. Other density functions were tried, (normal
distributions of the value of Aped and truncated distributions
of that value) and the results are different in the final figures
of certainty C, but there is an important lack of published data
about real behavior of pedestrians in the pre-crash time in real
crashes for obvious reasons; a more sophisticated model of sta-
tistical distribution of these pedestrian’s actions or behavior in
that situation, could fall in the field of speculation. Additionally,
the final results would be lower or a higher value of C for a
given lateral position of the pedestrian at t0, but the decision has
to be made from a certain threshold of C anyway. The numeric
value of that threshold would change if the pedestrian behavior
model is different but the concept would be the same, I.E.:
decision making from values, longitudinal ASM and lateral C
as we will see at point D. This model can be used with
different types of moving objects (cyclists, animals, etc.) using
their own kinematic properties and statistical distribution of
accelerations. If Aped is not a constant, but a statistical variable,
the Monte Carlo method should be applied. The results shown
in Fig. 12 can change significantly depending on the value of

Aped, and the statistical distribution, according to the supposed
pedestrian’s behavior.

C. Critical Speed for Decision Making (CSDM)

Fig. 12 relates lateral position of the pedestrian when the car
should start braking to avoid the impact, with the probability of
the pedestrian to be within the IZ when they meet at the end of
the braking in a general case. The kinematic relation between
pedestrian and car movement forced by the test setting is not
considered in this figure. So when the car should start braking,
the pedestrian could initially be anywhere.

From Fig. 11 and equation (12), we can easily obtain the
following relation between y1, C and ts:

y1 = vp · ts − C ·
(
1

2

)
· Aped · t2s. (13)

If V0 is constant, ts is constant too so the set of straight lines
shown in Fig. 12 is obtained for different values of initial speed
of the vehicle. In Fig. 12 it can be observed that there is a
limit in the vehicle speed to any specified level of probability
that the pedestrian to be in IZ. Above that speed, the specified
probability level will not hold and hence the decision of braking
cannot be made for that specified level of probability. For
example, when a braking decision is made at C = 95%, the
vehicle can avoid crash when the vehicle speed is less than
16.26 m/s = 36.5 mph = 58.5 km/h. C = 95% cannot be true
when vehicle speed is greater than 36.5 mph.

The emergency braking maneuver cannot be triggered with a
high probability of a false positive action. Thus in high speeds
the car needs time to brake but cannot make braking decision
(even though it can recognize the pedestrian early) until too
late for avoiding crash. In high vehicle speed situations, only
mitigation strategies are possible because the decision simply
cannot be made. The vehicle speed for separating the complete
crash avoidance and crash mitigation at a given certainty level
is defined as the Critical Speed for Decision Making (CSDM).

If the road is wet, the time to stop is longer and the
CSDM value is lower. Obviously, for the driver it is strongly
recommended to reduce the speed if there are pedestrians
close to the road. The critical speed condition is at y1c = −b,
(see Fig. 11) since C cannot be higher when y1c > −b. From
equation (12), we can easily conclude that the time to stop at the
CSDM (we call it Critical Stopping Time for Decision Making,
CSTDM) is:

CSTDM =

√
2.b

APed.C
. (14)

With 0 ≤ C ≤ 100%. The initial speed corresponding to that
value of CSTDM can be obtained using the model in equations
(8) and (9).

The CSTDM and CSDM do not depend on the pedestrian
speed but they change very fast with its deceleration (Aped).
Fig. 13 shows the values of CSDM versus Certainty (in %) at
different pedestrian deceleration values. It can be seen that if
the system wants to avoid false positive situations, (accepting
only high values of Certainty, C > 95%), the maximum initial
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Fig. 13. Critical speed for decision making versus certainty at different levels
of pedestrian deceleration (a).

Fig. 14. Regions in the decision making model.

speed of the car (CSDM) must be low, otherwise the decision
of emergency braking must be delayed assuming only a final
result of mitigation.

All pedestrian AEB tests carried out by the TASI (almost
1000 tests) have been made on dry asphalt. The maximum ve-
hicle speed resulting in a complete avoidance was 15.74 m/s =
35.3 mph = 56.67 km/h. In return all the 136 non-activation
tests were negative; both test cars were completely effective
in preventing false positive actions. It means that indeed the
selected levels of Certainty were very high.

In equation (13), If C is constant, the initial speed and every
corresponding ts are variable obtaining the family of constant
certainty curves (see the parabolic curves in Figs. 14 and 15).

When the car moves to the longitudinal position of ASM = 0
(it is the last opportunity to start braking with full crash avoid-
ance at the speed V0 in a braking time ts), the decision has
to be made, but can only be made with a level of certainty C
or higher to avoid the crash if the distance of the pedestrian to
the IZ (y1) is equal or smaller than the value of y1 according to
(13), and the speed is lower than the CSDM value.

Fig. 15. Lateral position of the pedestrian when the car starts braking.

D. Uncoupled Decision Making Model

The braking decision making can be decoupled when the
path of the pedestrian is perpendicular to the vehicle path. For
every initial speed of the car, there are two associated values of
stopping time ts and stopping distance xs according to (9) when
ASM = 0.

In the designed setting for this real test, the lateral position
of the pedestrian is related with the longitudinal position of the
car stopping distance xs.

y1 = vp · xs/V0 − b/2. (15)

The shorter pedestrian lateral position means the shorter longi-
tudinal distance between the car and the pedestrian if they move
at constant speed and do crash.

Thus, in Fig. 14, the line u0 − u4 defines the true lateral
positions of the pedestrian in the real test as it is designed for
different vehicle initial speeds when the car should start braking
for full avoidance. Above the line u0 − u4, the pedestrian is
closer to the vehicle, meaning that the ASM-T < 0 when the
car starts braking; in that case the best braking result can only
be mitigation (e.g., shown by square markers). Below the line
u0 − u4, ASM-T > 0 and the braking decision can “wait”
since there is still time for condition changes. The parabola
w0 − u1 − u3, is the constant certainty relation for a given
level of certainty Ci. It depicts the lateral positions where the
pedestrian should be at every speed when ASM_T = 0, to have
a certainty Ci of being in the IZ. Lower constant certainty
values lead to lower curves (see the family of parabolic curves
in Fig. 15.

In this ideal theoretical model, if the pedestrian is recognized
early, the decisions of braking with final result of full avoidance
(x markers) should be made on the ASM = 0 segment u0 − u1.
If the recognition was late, the decision points would be found
above line u0 − u4 resulting in mitigation (square marks). The
car speed corresponding to u1 is the highest speed to avoid
crash with certainty Ci, we will call it Test Speed for Decision
Making (TSDM). In the speed range corresponding to the range
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of u0 and u1, the car can fully avoid the crash with a level
of certainty Ci (or higher). If Ci curve is the lowest threshold
value of Certainty acceptable to avoid false positive actions,
all tests beyond TSDM will end only in mitigation although
the recognition is early since the decision of triggering the
automatic braking cannot be made because C is below desired
certainty level Ci.

In order to find the limit stopping time tslim at the TSDM, the
intersection between equation (14) and line u0 − u4 should be
found. Introducing the value y1=vp · ts − C · (1/2) ·Aped · t2s
on the left side of equation (14) the value of tslim and con-
sequently the TSDM can be obtained. Unlike the CSDM, the
TSDM depends on the pedestrian speed vp.

If the recognition is late, the decision is not made on time, the
car continues some time tc at a constant speed and the resulting
position of the pedestrian is closer when the Certainty threshold
is reached and braking starts (see point B), but the result will
only be mitigation.

E. Tests Results

Fig. 15 shows the results of 116 tests carried out with car A.
Mannequin’s speed was 1.2 m/s. The results of 35 of them were
mitigation and 81 were fully avoided.

The dashed line (almost hidden under the black circular
points) shows the regression of the lateral position of the
mannequin (x marker points) when the car started braking in
avoidance tests for every speed. There is a variation compared
with the ideal model of Fig. 14, because the real car speed was
not always exactly the same (it was controlled by the driver) and
the mannequin was a little closer or further than expected from
its theoretical lateral position. The deviation of vehicle speed
with respect to the desired speed showed a Normal distribution
(μ, σ) = (0.291, 0.549) in m/s (426 tests, Car A). The real
vehicle speed was slightly lower (0.291 m/s) than the desired
speed. Additionally, some statistical variation can be expected
as usual in real tests. Circular markers depict the predicted
position of the mannequin when the car should trigger the
braking to avoid crash based on the ASM_T criterion. Cross
markers depict the position of the mannequin when the car
triggered the braking to avoid crash in real tests. Rectangular
markers show the positions of the mannequin when the car
triggered the braking and resulted in mitigation in real test.
We can see that for 10, 20 and up to 25 mph, the decision is
made approximately based on the pure longitudinal ASM_T
within the region of C ≥ 95%. So the model fits very well
the test results, but from 25 mph until 30 mph the decision
starts to be delayed in some tests, the ASM_T = 0 criterion is
no longer satisfied and the last avoidance test is found about
V0 = 12.5 m/s (27.95 mph). The figure presents the different
limit curves of C, the value C ≥ 95% seems to be the limit used
in this car if this model of certainty is used. Some mitigation
tests observed in the high speed area (about 15 m/s) could have
been decided with a lower level of certainty, taking into account
the high severity of the impact at higher speed; the injuries can
be reduced if the final crash speed is reduced, see [45]. Fig. 15
also shows pedestrian lateral positions indicating how close
from the side of the car (situated at 938 mm from zero) they are.

Fig. 16. Lateral mannequin position during braking maneuver in high speed:
40.2 and 48.3 km/h (25 and 30 mi/h), Car A.

Fig. 17. Lateral mannequin position during braking maneuver in low speed:
16 km/h (10 mi/h), Car A.

TABLE II
PEDESTRIAN DISTANCE TO ZERO POINT (m). WHEN THE CAR. . .

Figs. 16 and 17 show the lateral positions of the pedestrian
when the braking action starts (lower line) and when it finishes
(upper line), in two sets of car A tests at high and low speeds,
respectively.

Table II summarizes the numeric results of previous Figs. 16
and 17.

F. Influence of the Zero Point Position in the Test Results

Fig. 16 shows that as test vehicle’s speed is not constant due
to the braking action, the car arrives late to the designed zero
point (DZP) located in the middle of the bumper, the pedestrian
has already passed and the real zero point (RZP) is beyond the
DZP. At low speeds (see Fig. 16), this effect is reduced because
both, FED and stopping time are much lower.

If the test had been designed with closer lateral positions
of the pedestrian for every value of xs, assuming for example
(see Fig. 11):

y1 = vp · xs/V0 − b/2 −H. (16)
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Fig. 18. Proposed scale of certainty in pedestrian AEB tests.

H being a positive value, the line u0 − u4 in Fig. 14 would have
moved upwards and the TSDM would have been higher; the
number of full avoidance tests results would then be bigger.
But if the TSDM reaches the CSDM, the certainty cannot grow
anymore, because if the pedestrian is too close of the IZ when
the car is at xs, the pedestrian could escape just keeping at
constant speed, or even running, (see Fig. 11).

All the TASI tests have been designed with the DZP located
at the mid-point of the car (Point B in Fig. 18), but in order
to consider the behavior of the system in different levels of
Certainty, the DZP should have been varied too. Variations in
the DZP lead to changes in the decision making, in the RZP
and in the test results.

For standardization purposes, a scale of Certainty variation in
this kind of tests (see Fig. 18) can be proposed based in the DZP
position assuming a standard round value of b = 2 m (which
includes not only the car’s width, but part of the pedestrian
step), valid for a wide range of passenger cars.

The lateral distance of the DZP from the mid-point B in cm
can be used, when designing the test, as an indicator of the
certainty level in which the decision has to be made. Associated
with that distance, it can be defined a Standard Certainty Factor
(SCF) which varies among 0 and 100 in every range of b (valid
for different values of b in wider vehicles) and of course it
can also be defined a symmetric Standard Uncertainty Factor
(SUF=100−SCF). See Fig. 18 for a more clear understanding.

The DZP or SCF values are not exactly the value of C in
equation (12) but they are directly related, actually looking at
the Fig. 15, for speeds among 20 and 30 mph, variations of
the lateral position of the mannequin of 10 cm correspond,
in a rough approximation, to variations of C about 5%. This
is approximately the same variation of the SCF when DZP
changes in Fig. 18.

All tests made by the TASI team and presented in this paper
have been carried out with SCF = 50. The tests to assess the
performance of pedestrian AEB systems can be carried out with
different values of designed SCF in every speed, leading to a
more accurate assessment of the system. Thus, very conserva-
tive strategies, triggering the system only with very high values

of C, braking to the full, will get good results when testing with
high values of SCF. In return, systems starting a soft braking
with lower levels of C will get good results in tests with low
values of SCF. Values of SCF < 0 can also be possible in non-
activation tests. Values of SCF > 100 can also make sense for
assessment, testing or research.

VI. CONCLUSIONS AND FUTURE WORK

The TASI team has carried out a complete set of tests with
two cars equipped with pedestrian AEB systems. In this paper
the models of braking and decision making phases for this
kind of tests have been presented. The influence of the friction
coefficient that can modify the results depending on the track
where the tests were carried out and the importance of the
transient phase in those low values of initial speed, that lead
to moderate levels of final effective decelerations, are two
important conditions for these tests. An accurate and standard
definition of what is exactly an impact, as the Center of Gravity
of the mannequin is retarded or advanced with respect to the
feet should be advisable.

The model presented here, can calculate the Active Safety
Margin to trigger the tests as an accurate indicator. But the
decision making is also dependent on the lateral position of
the pedestrian. The importance of an accurate measurement
of the lateral position of the mannequin (not only the car
position) in this kind of tests, is also identified. The concepts
of Certainty and Critical Speed for Decision Making have
been modeled. They help to clarify the reasons for the only
mitigation results in higher speeds. Although the certainty
model presented at Section V-B includes a simple kinematic
and statistical description on the pedestrian behavior, it is valid
to outline the importance of this concept of Certainty and its
influence in the tests results. There is a lack of published data
about real behavior of pedestrians in the pre-crash conditions.
More testing and research is required in this area, perhaps with
the help of driving simulators.

All the tests have been designed to meet both car and
mannequin at the zero point assuming no braking action, but
some tests with more varied lateral positions of the zero point
are required to get a better contrast of the decision making
behavior, completing the points in the Fig. 15 leading to a
better understanding of this kind of systems in those tests. A
scale of certainty variation in the pedestrian AEB tests has been
proposed.

When AEB pedestrian protection systems evolve, tests sce-
narios could include in the future, more complex and chal-
lenging situations, for example random longitudinal and lateral
combined movement, or partial pedestrians occlusion testing.
In that case, the car will continue being subjected to the physics
and vehicle dynamics, but the pedestrian model and its related
mathematical expressions should be different. The concepts of
Certainty and CSDM presented here, could be a valid basis
to analyze these situations, in order to compare and improve
these AEB systems. A careful step by step approach should
be considered, analyzing these more complex scenarios from
a well-established basis of models and tests obtained in more
simple cases.
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