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Driving Safety Monitoring Using Semisupervised
Learning on Time Series Data
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Abstract—This paper introduces a dangerous-driving warning
system that uses statistical modeling to predict driving risks.
The major challenge of the research is how to discover the
safe/dangerous driving patterns from a sparsely labeled training
data set. This paper proposes a semisupervised learning method
to utilize both the labeled and the unlabeled data, as well as
their interdependence to build a proper danger-level function.
In addition, the learned function adopts a continuous paramet-
ric form, which is more suitable in modeling the continuous
safe/dangerous-driving state transitions in a practical dangerous-
driving warning system. Our comprehensive experimental eval-
uations reveal that, in comparison with driving danger-level
estimation using classification-based methods, such as the hidden
Markov model (HMM) or the conditional random field algorithm,
the proposed method requires less training time and achieved
higher prediction accuracy.

Index Terms—Driving safety monitoring, functional safety,
semisupervised learning.

I. INTRODUCTION

HE AVAILABILITY of onboard electronics and

in-vehicle information systems has accelerated the
development of more intelligent vehicles. One possibility is
to automatically monitor a driver’s performance to prevent
potential risks. Although protocols to measure a driver’s
workload have been developed by both government agencies
and the automobile industry, they have been criticized as being
too costly and difficult to obtain. In addition, existing uniform
heuristics for driving risk prevention does not account for
changes in individual driving environments [1]. Hence, the
technology for understanding a driver’s frustrations to prevent
potential driving risks has been listed by many international
automobile companies as one of the key research areas for
realizing intelligent transportation systems.

In the past decade, there have been much research that has
attempted to recognize the driving danger level by detecting a
driver’s vigilance level, using physiological and biobehavioral
signals such as heart rate, blood volume pulse, respiration,
etc. [2]-[4]. However, acquiring physiological data is intrusive
because electrodes or sensors must be attached to the driver’s
body. To develop nonintrusive driving safety monitoring sys-
tems, two sets of features have been explored. The first set is

Manuscript received May 9, 2008; revised April 13, 2009 and April 24, 2010;
accepted May 3, 2010. Date of publication June 1, 2010; date of current version
September 3, 2010. The Associate Editor for this paper was N. B. Sarter.

The authors are with NEC Laboratories America, Inc., Cupertino, CA 95014
USA (e-mail: jjwang @sv.nec-labs.com; zsh@sv.nec-labs.com; ygong @sv.nec-
labs.com).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TITS.2010.2050200

to extract visual features that are correlated to a driver’s fatigue
state [S]-[7] using cameras or infrared light-emitting diodes [8].
Unfortunately, these visual features cannot always be acquired
accurately or reliably due to the large human/environment
variations and the immaturity of current computer vision tech-
niques. The other set of nonintrusive features relates to a
vehicle’s dynamic parameters, such as lateral positions, steering
wheel movements, accelerations/decelerations [9], and environ-
mental condition parameters, such as road-adhesion coefficient
[10] and magnetic lane-marker detection [11]. Since these
parameters can be extracted using hidden sensors and are strong
indicators of a driver’s state, they are promising features and
have big potential for developing driving safety monitoring
systems [2].

The task of detecting driving risks can be modeled as an
anomaly detection problem. The most straightforward way is to
use rule-based approaches. However, defining a comprehensive
set of rules to cover all kinds of driving conditions/risks is an
extremely difficult task. Therefore, many researchers applied
statistical modeling methods, such as Fisher’s linear discrimi-
nant analysis [3], [12], support vector machines [13], Bayesian
networks [14], reinforcement learning with temporal Difference
criteria [9], etc., to learn rules (or knowledge) for driving anom-
aly detections from training samples. Many of these reported
works used classification-based methods to identify safe and
dangerous states. However, classification-based methods have
several inherit limitations for the problem. First, it is very dif-
ficult to collect sufficient samples for dangerous driving states.
Second, there are no commonly agreed-upon criteria to draw a
clear boundary between safe and dangerous driving states. For
instance, should a dangerous/safe label be assigned to states of
near misses or states with frequent corrective actions? Third,
the entire driving state space is indeed a continuous space where
states corresponding to driving accidents scatter in many places,
and any transitions between safe and dangerous states occur
rather continuously than discretely. Hence, classification-based
methods are not an ideal model for the driving anomaly detec-
tion problem. To cope with these limitations, the reinforcement
learning algorithm using temporal difference was examined in
[9]. Since it is based on regression, very impressive results
were obtained. However, the proposed method requires lengthy
training time.

In this paper, we propose a novel semisupervised learning
method to build a model to measure the danger level of each
driving state using a vehicle’s dynamic parameters. We assume
that, in the entire driving state space, states that correspond to
driving accidents are the most dangerous states and should be
assigned the highest danger level, whereas states that are far
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away from any accident states are the safest states and should
be assigned the lowest danger level. We also assume that the
danger level of any other state should be proportional to their
spatiotemporal distances to the safe/accident states. The pro-
posed learning method strives to estimate a danger-level model
from time-series training samples that satisfies the aforemen-
tioned three assumptions. It requires labeling only the accident
and the safe' states in the training data and learns an optimal
model with respect to predefined constraints. Compared with
the classification-based approaches, our method has several
advantages. First, it does not need to label those nonaccident
dangerous states, which are the most difficult and subjective
part of the labeling task. Second, the model’s performance will
not be seriously affected by the imbalance between positive
and negative training samples. Third, the model has explicit
and smooth parametric forms so that it can be estimated with
efficient algorithms. Fourth, the proposed method is more ap-
propriate for modeling the continuous driving state space with
very sparsely distributed accident states. Our comprehensive
experimental evaluations reveal that the driving anomaly detec-
tion accuracy of the proposed method surpasses classification-
based approaches by a large margin under all circumstances.

The rest of this paper is organized as follows: Section II
describes the data-acquisition and feature-extraction setup in
our work. Section III explains the problem in more detail.
Section IV describes the mathematical model of the prob-
lem and the proposed learning methods. Section V briefly
introduces the classification-based approach for comparison.
Section VI lists the experimental results. Section VII draws
conclusions and discusses some future work.

II. DATA ACQUISITION

In the current work, the set of features used is the vehicle’s
dynamic parameters, such as speed, accelerating/braking, steer-
ing, lateral lane position, and physical data from the vehicle. In
our study, the vehicle dynamic parameters are collected from
a driving simulator called “STISIM” by Systems Technology,
Inc. STISIM is a PC-based interactive driving simulator that
allows the user to control almost all aspects of driving such
as throttling, breaking, and steering (see Fig. 1). The driving
scenario, including weather, road condition, traffic light/sign,
pedestrian, buildings, and so on, was carefully designed by
professionals to make the simulation as close to reality as possi-
ble. During simulation, “STISIM” outputs 38 different dynamic
parameters simultaneously. Table I lists the nine parameters
used in our system. These parameters are selected because
they are suggested to be highly correlated to driving safety
performance and can be extracted reliably in real vehicles.

The raw vehicle dynamic parameter data stream is converted
into a sequence of feature vectors for modeling. A sliding
window with length T, and step size T is applied on the raw
data stream, and the raw data samples covered by the sliding
window are converted into one single feature vector x. We
denote the obtained feature sequence by X = [x1,Xa,

., X, ..., Xr|. The process to convert the raw data in each

I'Safe states will be automatically discovered based on their temporal dis-
tances to the accident states.

Fig. 1. Driving simulator (“STISIM”).
TABLE 1
VEHICLE DYNAMIC PARAMETERS F3
1D Description
p1 | Driver’s lateral lane position (meter).
p2 | Longitudinal acceleration due to the throttle (m/sQ)
ps | Longitudinal acceleration due to the brakes (m/sz)
pa | Driver’s longitudinal velocity (m/s)
ps | Steering angle
pe | Throttle depression fraction
pr | Braking depression fraction
ps | Minimum range (meter) between the driver and all
vehicles in the driver’s direction
po | Minimum range (meter) between the driver and all
vehicles in the driver’s opposite direction
sliding window into a feature vector x;, ¢ =1,...,7T is as

follows: Denoting each R° raw data sample by f=
[p1,D2,--.,Do] ", we first calculate its first-order forward dif-
ference Af = f;11 — fi, square f2, and first-order forward
difference of square A f2. Then, we concatenate them to-
gether to obtain f = [f, Af, f2, Af?]T, which is a column
vector in R3C. Next, denoting those f’s covered by sliding
window T, by F; = [f1,f5,...,f;] [see Fig. 2(b)], we cal-
culate the maximal, minimal, average, and standard deviation
of each row of F;, as well as the zero-crossing-rate (ZCR)
of p1, ps, and their square values. Finally, these statistics
are concatenated together to form an R'48 feature vector
x; = [ZCRi(p1),ZCR;(ps), ZCR?(p1),ZCR? (ps), max(F;),
min(F;), mean(F;), std(F;)]" [see Fig. 2(c)]. With the x; se-
quence, the next system module uses semisupervised learning
algorithms to mine specific patterns for driving risk prediction.

III. PROBLEM FORMATION

As previously explained in this paper, the training and test-
ing data in our model are the multidimensional data streams
generated by “STISIM” and collected from multiple driving
sessions with different drivers. These multidimensional data
streams contain various driving situations, but the only labels
we have are the time instances of each crash accident.



730 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 11, NO. 3, SEPTEMBER 2010

sliding window t

I vl

Tt t+Te

‘ t+TW t+TS+TW ;——*—***Tf { }
2 E max(Ft)
@ i ;
e W&
sliding window t T —— { } min(F
_______ T %/—/
omomON®. f
7 i y T @) e | Af Ft { }meanﬁ)
ot SHOEO) i 12
OROROMOROROMONOmO ROMOROmOmE. { } std(Fy)
%/—/
Fy sy
(b) (©

Fig. 2. Feature derivation. (a) Sliding window ¢; each circle represents one
data sample. (b) Obtaining F';. (c) Obtaining x;.

To facilitate analysis, we regard those feature vectors derived
from those windows that overlap any of the accidents as the
dangerous samples and assign the highest danger-level score
fa to them. Next, we use a simple heuristic to identify the safe
samples, which are the feature vectors that have sufficiently
large temporal distances to all the accident instances, and label
them with the lowest danger-level score fs. The danger-level
scores of the remaining feature vectors are unknown. As a
result, the entire training data set X can be denoted by X =
LUU, where L = {(x;,y;)|i € Tr} is the labeled portion,
yi € {fs, fa}, U ={x;|j ¢ Tr} is the unlabeled portion, and
|L| < |U|. Ty, is the index set that contains the time instances
of all the accident and safe units.

From the training data set X', we want to create a danger-
level estimation model (function) f(x) that can map each
input feature vector x into a numerical danger-level score. Our
proposed learning method stipulates that the learned model
f(x) must satisfy the following two principles: 1) For la-
beled feature vectors x; € L, the estimated danger-level scores
f(x;) must be as close to y; as possible; and 2) for all the
neighboring feature vectors x;, x;, € A&, the difference between
their estimated danger-level scores f(x;) — f(x;) must be
proportional to the spatiotemporal distance between x; and
X. Hence, the obtained function should generate low danger-
level scores for normal driving states and higher scores for
more dangerous driving states. As a typical semisupervised
learning approach, our method does not need to label feature
vectors x € U. Furthermore, our method produces a model
that estimates a numerical danger-level score for each fea-
ture vector, which, we believe, is more appropriate for mod-
eling the driving anomaly-detection problem than sequential
classification-based approaches, because the entire driving state
space is continuous rather than discrete. Our experimental
evaluations show that our proposed method outperforms those
classification-based methods in various aspects and is less af-
fected by the imbalance between positive and negative training
samples.

IV. SEMISUPERVISED LEARNING

As previously explained in this paper, we want to learn
a danger-level estimation model f(x) that assigns a danger-
level score f(x;) to a labeled feature vector x; € L, which
is as close to y; as possible, and assigns scores f(x;), f(xx)
to neighboring feature vectors x;,x; € X with the difference

dangerous: fa
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Fig. 3. Similarity propagation scheme.

proportional to the spatiotemporal distance between x; and x.
We strive to learn such a model by minimizing a predefined
cost function using the quasi-Newton method. In this section,
we propose two label-propagation schemes to utilize both
the labeled and the unlabeled data for training and describe
the corresponding optimization algorithms to compute the

optimal f(x).

A. Similarity Propagation

In the first scheme, the danger-level scores of the labeled
feature vectors x; € L are propagated to the unlabeled feature
vectors x; € U through the spatial similarity between neigh-
boring feature vectors (see Fig. 3).

Using the notations defined in Section III, the cost function
for this scheme can be defined as follows:

S(f) = or(f) + A2 (f) = D (i — f(x:))?
x,€L
+ A Z f(xx))? ajr (1)
xJ,xkeX

where a;y, is the spatial similarity between x; and xj,, which is
defined as

g —xi? e s
ajp = exI)( T ) , ifk= j +1 )
0, otherwise.

In (1), the first term ¢ (f) penalizes the difference of an
assigned score f(x;) for a labeled feature vector x; € L to its
label y;, and the second term ¢o(f) penalizes the difference
of assigned scores to two neighboring vectors x;, X, € A with
high spatial similarity a;. This is an appropriate cost function
for learning the desired f(x) because it encodes both the two
principles defined in Section III.

Equation (1) can be rewritten in a compact matrix form.
Define an |L| x N matrix X where row i is the labeled
feature vector x; € L, an |X| x N matrix X where row j is
a feature vector x; € X, and an |L| x 1 column vector y =
[y1,y2,-- .,y In addition, define a |X| x |X| similarity
matrix A where each element aj;, is defined by (2), a diago-
nal matrix S where each diagonal element is equal to s;; =
>k ajk, and a matrix L = S — A. With these definitions, the
first term of (1) becomes

¢1(f)

where f(X) is an |L| x1 column vector f(X)=
[f(x1), f(x2),..., f(xr)]", and X1, X2, ..., X1, are the row

=y'y-2y fXp)+ T Xp)fXe) 3
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vectors of the matrix X . Similarly, the second term of (1) can
be rewritten as

= 2<ZsjjfT(Xj)f(Xj)

Zajkﬂ(xj)ﬂxk)) =2f (X)Lf(X). 4
gk

Taking (3) and (4) into (1), we have
o(f) )f(Xp)+2Af T (X)Lf(X)
(5)

and our problem becomes finding a model f*(x) that minimizes
o(f), ie., f*(x) = argming ¢(f).

The model f(x) can take any parametric or nonparametric
form. For nonparametric f(x), the problem becomes the same
as that proposed by Zhu et al. [15], where the authors proposed
a quadric energy function to constrain the learned model to
generate similar labels for similar feature vectors. With our
problem, we use parametric f(x) because we can use the
quasi-Newton method and matrix computations to estimate the
optimal f(x) efficiently, and the obtained model f(x) will have
a simple form that requires fewer computations. This will be
very important for any in-vehicle information systems because
of limited computation resources in vehicles.

We first consider a simple linear form for f(x)

=y 'y=2y' f(X0)+f (X

f(x)=xw+e (6)

where w is the coefficient vector that defines the linear func-
tion, and € is an independent and identically distributed noise
with normal distribution N(|0, o7). It can be verified that the
optimal w* is
~1
w = (XX, + 20X LX +071)  X.y/2
where 71 is the Tikhonov regularization term. 0% is set to 105
in our current implementation.
In our experiments, we also evaluated the logistic function,
hyperbolic tangent (tanh) function, and radical basis function

(RBF) for f(x). Specifically, for both the logistic and tanh
functions

Ny,
Xx) = Z ay tanh(xw,, +b,) +c+e€ @)

n=1

where w,, a,,, b,, and c are the parameters to be estimated. N,

is the number of tanh functions used. If N,, = 1, (7) becomes

a logistic function; if N, > 1, (7), the multi-tanh function

actually represents a simple neural network with /V,, neurons.
For Gaussian RBF form f(x)

jgjanexp<

7”71”

0.2 >+e (3)
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Fig. 4. AR propagation scheme.

where p,, and a,, are the parameters to be estimated, and N, is
the number of RBFs used. V,. = 1 represents a single RBF, and
N, > 1 represents multiple RBFs.

There are many techniques in the literature to optimize
(5). In our implementation, we used the limited-memory
Broyden—Fletcher—Goldfarb—Shanno (I-BFGS) method [16] to
optimize the parameters of f(x).

B. AR Propagation

The second propagation scheme aims to propagate the
danger-level scores from the labeled data to those unlabeled
data according to certain decaying rates (see Fig. 4). Hence,
for unlabeled data, we want to find a danger-level model f(x)
that satisfies the following constraints:

f(xj) =af(xj11) +e, x; €U ©)
where « € (0, 1] is a user-defined constant, and € is an indepen-
dent and identically distributed noise with normal distribution
N (€]0, 02).

The cost function for the autoregression (AR) propagation
can be defined as follows:

O(f) = 1(f)+A¢2(f)

Z( Xz yz +Z

x;€L x;eU

—af(x41)) (10)

where the first term is the same as that used in the previous
similarity propagation scheme, whereas the second term em-
ploys the AR approach to propagate the danger-level labels to
unlabeled data. With the same definitions used in (3) and (4),
(10) can also be rewritten in a compact matrix form, i.e.,

o(f)=y'y -2y f(Xp)+ f(Xr) f(XL)

+20f(X)'D'Df(X) (11)
where D is a | X'| x |X| sparse matrix with nonzero element on
the diagonal and top-right off-diagonal locations. Specifically,
for the diagonal element d;; and the top-right off-diagonal
element d;; 1

[dj;  djj+1] = { E) 01 o

Since a parametric model f(x) is preferred, we also evalu-
ated the linear form in (6), the tanh form in (7), and the RBF
form in (8). To optimize (11), again, we applied the 1-BFGS
method [16].

ifXj € U

otherwise. (12)
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C. Inherent Relation Behind the Two

As can be seen from (5) and (11), the two propagation
schemes result in very similar cost function forms. In fact, the
ideas behind the two schemes are also very similar. They all
require partial labeling and propagate the labeling information
to the unlabeled feature vectors. The difference is the strategy of
propagation: The similarity propagation scheme propagates the
labeling information in proportion to the similarity between the
neighboring vectors (4), whereas the AR propagation scheme
propagates the information by a fixed decaying factor «v in (9).
This leads to different Laplacian matrices in the cost functions,
i.e., Lin (5) and D "D in (11). We can verify that, in (5)

ai 2 —a1,2
L— —ai2 a12+azs —a2,3
—ag;3 —as4

Q2,3+ asa

and the DD term in (10) can be expanded as

1 -
—a 1+4+a? -

T _
D'D= —a 14a®> —a

which is also a Laplacian matrix. The first Laplacian matrix L
relates the propagated labeling values between the neighboring
feature vectors x; and x;, by their similarity a;;, whereas the
second Laplacian matrix D "D relates the propagated labeling
values by the fixed decaying factor a.

V. CLASSIFICATION-BASED METHODS

To make comparisons with the classification-based ap-
proaches, we also evaluated the hidden Markov model (HMM)
and the conditional random field (CRF) algorithms for the
purpose of danger-level estimations [17]. Since HMM and CRF
are classification algorithms, we need to modify them so that
comparisons can be made with our proposed method. The
modifications are briefly explained as follows. More detailed
explanations can be found in [17].

To obtain training samples for HMM and CRF, we extracted
multiple nonoverlapping segments from the entire training
data set. Each segment is 1 min long. These segments are
extracted in such a way that they end with either an accident
or a nonaccident state, and no accidents occur at the start or
middle of any segments. The former segments are used as
dangerous samples, and the later are used as safe samples. As
in Section III, each segment is converted into a sequence of
N-dimensional feature vectors.

To apply HMM, we built a dangerous HMM model ©, and
a safe HMM model O using the dangerous and safe training
segments, respectively. To apply CRF, we labeled all the units
in a dangerous/safe training segment as dangerous/safe, respec-
tively. Then, the entire set of training segments is used to train
a CRF model O.

To train the HMM model, the expectation—-maximization
(EM) algorithm is applied. To train the CRF model, the same

I-BFGS method as that used in our proposed semisupervised
method is applied.

To predict the danger-level score of a testing unit x;, we
use the obtained HMM and CRF models to classify a 1-min-
long segment before the current feature vector into either a
dangerous or a safe class and use the classification confidence
to derive a numerical value as the danger-level score. Letting
X = [x1,X2,...,X;] be the segment of feature vectors, the
danger-level score by HMM is computed as
P(X|04)

) =1
Fna o) =108, e,
and the danger-level score by CRF is computed as

(x; — dangerous|X, ©)
p(x; — safe|X, O)

forr(x:) = log 2

VI. EXPERIMENTAL RESULTS

In our experiment, 14 participants were invited to drive
the “STISIM” simulator. Each subject performed two to three
sessions, each session was 20 min long, and 40 sessions
were conducted in total. In every driving session, the multi-
channel sensor data stream was continuously captured, and a
148-dimension feature vector (N = 148) was derived for
every data unit (see Section III). Both the proposed propa-
gation schemes used f; = 300, f; =0, and A = 1. To make
a fair comparison with the HMM and CRF methods, the
safe/dangerous labels were given at a 1-min interval, i.e., any
time instance with a given fy or fs values should be at least
1 min away from a neighboring label. For the AR propagation
scheme, the decaying factor «v in (10) was empirically set to 0.5.

A. Prediction Accuracy

First, we evaluated the danger-level prediction performance
using a leave-one-out cross-validation strategy: The driving
sessions from the same driver were left out in each trial for
validation, and the remaining sessions were used for training. In
each iteration, the validation data set was sequentially fed to the
trained model to generate a continuous danger-level curve from
which we calculated the receiver operating characteristic (ROC)
curve. To proceed, we arbitrarily define an interval 77 before
each crash instance and regard this interval as the ground-truth
dangerous time. This way, the set of real dangerous instances
can be represented by T, = {x;|x; tonext crash < T7}. We
varied T between 1 and 30 s and calculated the ROC curve
correspondingly. In addition, as mentioned in Section II, we
tested the sliding window size T, with 5 and 15 s, respectively.
The following Figs. 5 and 6 illustrate the ROC curves when
T =5 and T7 = 10 or 20 s, respectively, and Figs. 7 and 8
illustrate the ROC curves with T, = 15 and 77 = 10 or 20 s,
respectively.

As can be seen from the aforementioned figures, the pro-
posed method outperforms the HMM- and CRF-based methods.
This is because, as explained in Section V, the danger-level
scores computed by the classification-based methods are
derived from the classification confidence. However, the
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ROC curve comparison (77 = 20s, T = 153).
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Fig. 9. Relative prediction precision.

confidence score has no direct connection to the danger-level
score. For instance, higher confidence of being the dangerous
class only implies that the stated segment is more similar to
those dangerous training samples and does not necessarily rep-
resent that the driving state is more dangerous. This observation
consolidates our statement in Section I that the classification-
based methods are not an ideal model for the driving
anomaly-detection problem, whereas our proposed model is
more appropriate for modeling the driving anomaly-detection
problem.

It is also observed that, compared with the similarity propa-
gation scheme, the AR propagation scheme resulted in higher
accuracy, because the similarity propagation scheme enforce
the output of f(x) to be proportional to the temporal distance to
the accident states, whereas the AR model correlates the output
of f(x) to its neighboring predictions, which is more robust
against noise. This fits the practical situation better.

Note that, in a 20-min driving course, the real dangerous in-
stances only take a very small portion of the whole session. For
instance, each session contains averagely five crashes. The real
dangerous instances, denoted by 7)., add up to only 50-100 s
when T is set to 10 s. These instances take up only 4.17% to
8.33% of the whole driving session. Hence, it is appropriate
to adopt another relative measure to examine how much the
system can improve over random guess. Let us define a thresh-
old T», where the set of predicted dangerous instances can be
represented by T, = {x;|f(x;) > T»}. Then, the precision is
calculated as P = |T, N T,|/|T,|. By adjusting T5, the total
predicted dangerous time |T;,| will change accordingly. In such
a manner, a precision score can be calculated from each curve
with respect to T (or |T}|), and the ratio between the score and
the random guess accuracy can be assessed accordingly. Fig. 9
shows an example of the relative precision with |T},| spanning
in 12-240 s. Fig. 9 can be interpreted as follows: When 75 is
large, i.e., |T},| is small, only instances that lead to peak danger-
level scores are counted as predicted danger. The predicted
dangerous instances mostly fall into the real dangerous period
defined by 77, and the precision score is around 4.5 times
higher (e.g., by the similarity propagation model in Fig. 9)
than random guess. As 75 decreases, |Tp| will increase, and the
system flags other dangerous instances that do not all lead to a
crash. Hence, the precision score will decrease as the ground-
truth danger time is defined solely based on a crash. Further

Total predicted dangerous time (second)

AR propagation

Total predicted dangerous time (second)

Benchmark technique

TABLE 1II
COMPARISON OF AVERAGE TRAINING TIME
method \ time
Linear 92 sec
Similarity | Logistic 95 sec
prop. Multi-tanh 1191 sec
RBF 176 sec
Multi-RBF 188 sec
Linear 36 sec
AR Logistic 46 sec
prop. Multi-tanh 974 sec
RBF 160 sec
Multi-RBF 169 sec
HMM | 28007 sec
CRF | 42222 sec

investigation is presented later to verify if some of the predicted
dangerous instances are false alarm or near miss.

B. Convergence Speed

Next, we examined the computational time required for
training our model in comparison with the classification-based
methods. All the algorithms are implemented in MATLAB and
run on a Dell Precision 650 PC with dual 3.2-GHz CPU and
2-GB RAM. Table II lists the average training time used in
each cross-validation iteration. It can be seen that our method
converged much faster than the HMM and CRF methods. The
slow convergence of the HMM algorithm is due to the excessive
number of iterations by the EM algorithm. The CRF algorithm
is slow due to the computation of the partition function during
the optimization process. On the other side, our method quickly
converged because the defined cost function has a simple para-
metric form, such that the gradient can be easily obtained for
updating the Hessian during the optimization process [16], and
hence, the I-BFGS method quickly converged.

C. Case Study

In this section, we further analyzed several predicted danger-
ous situations by looking at both the real driving conditions and
the computed danger-level scores. This way, we want to gather
more insight about how the system performs. First, a danger-
level curve from a whole driving course is listed in Fig. 10 for
three danger-level functions, i.e., the linear function in (6), the
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Fig. 10. Danger-level curve examples. (a) Linear model. (b) Multi-tanh
model. (¢c) Multi-RBF model.

multi-RBF function in (8), and the multi-tanh function in (6).
The vertical red lines represent the time instances when crashes
were logged. Then, we selected three predicted dangerous
situations for discussion, i.e., two leading to true crashes and
one false alarm, as presented in the following sections.

Slow Danger Approaching Case: The first studied case cor-
responds to the second vertical red line in Fig. 10. It is a true
crashed case, and the driving condition is shown in Fig. 11. In
this case, bollards were placed on the driver’s lane. Although
the driver became aware of the situation 5.25 s before the
crash [see Fig. 11(a)], he failed to bypass these roadblocks and
finally hit one of the roadblocks. Now, back to the danger-level
curves in Fig. 10, in all the three predicted curves, the generated
system significantly increased the danger-level scores as the
vehicle approaches the roadblock; hence, by using a simple
thresholding boundary, all the three functions can predict this
accident shortly before the crash. In addition, since the road-
block is observable with plenty of time before the crash, we
expect that the danger can be detected as early as possible.
This is achievable from both the linear danger-level function
[see Fig. 10(a)] and the multi-RBF function [see Fig. 10(c)],
whereas in Fig. 10(b), the multi-tanh function responded only
when the vehicle was very close to crash.

Fast Danger Approaching Case: The second studied case is
also a true crashed case, and it corresponds to the fifth vertical
red line in Fig. 10. Its driving condition is shown in Fig. 12. In
this case, the driver was driving normally until he entered a slip-
pery road at 2.75 s before the crash [see Fig. 12(d)]. He tried to
make a right bend, but the vehicle slipped to the left and shortly
crashed. Now back to Fig. 10, in all the three prediction curves,
the generated system significantly increased the danger-level
scores; hence, they all can predict this accident. In addition,
according to the driving condition, the instances before entering
the slippery road should belong to the normal driving condition;
hence, the curves by both the multi-tanh danger-level function
[see Fig. 10(b)] and the multi-RBF function [see Fig. 10(c)]
are more desirable because they remain low until close to the

crash. On the other side, in Fig. 10(a), the predicted danger-
level score by the linear function started to rise much earlier.
This obviously has nothing to do with entering the slippery road
later, and hence, the linear function seems a bit more sensitive
to noises.

False Alarm Case: The third studied case is illustrated in
Fig. 13. It corresponds to 700-725 s in Fig. 10, with a predicted
peak danger-level score at 725 s. In this case, the driver was
driving at 60 mi/h when he entered a left bend. He did not
reduce his speed and hence poorly remained the vehicle in his
own lane. Then, he found the red traffic light and made an
abrupt brake to reduce the speed from 45 mi/h to O within 2 s.
During the last of this 2 s, the predicted danger-level score
reached a local peak value [see Fig. 13(h)]. This is obviously a
dangerous driving case because either reducing speed abruptly
or invading into other’s lane may cause a serious accident.
However, since this very case did not result into a crash, the
simulator did not record it as a dangerous instance for training.
Going back to the three danger-level curves in Fig. 10, both
the linear and multi-RBF functions generated increased danger-
level curves for this period; hence, this dangerous driving
portion could be correctly predicted. This result shows that,
in spite of noises in training samples, our system robustly
discovered the true patterns from dangerous driving behaviors.
In addition, compared with the linear and multi-RBF functions,
the danger-level curve generated by the multi-tanh function
gave no predictions in this stated dangerous portion. Hence,
although the ROC and relative precision metrics show that the
multi-tanh gave the best performance, it is overfitted to the
training samples, whereas the linear and multi-RBF functions
have higher generalization ability.

D. Live System

Based on the offline cross-validation results, a live driving
danger-level prediction system using the AR propagation
scheme was developed, as shown in Fig. 14. It captures the
driving simulator output (the left screen) and predicts the
danger-level score in real time (the right screen). Several partic-
ipants were invited to operate the system. Their online driving
test results show that the system can predict driving risks due
to sharp turning, sudden acceleration/deceleration, continuous
weaving, approaching object, etc., events accurately. It is sen-
sitive to the changes of vehicle’s condition resulted from the
driver’s inattention or the road condition change such as a
windy and slippery road. Overall, when the participant drove
in good manner, the system stayed in silence unless a certain
traffic condition changed, e.g., an ambulance or a police car
approaching. Hence, the developed system worked as a reliable
driving assistant with no noticeable false alarming. On the other
side, if the participant wanted to crash the car on purpose, such
as suddenly turning into the incoming vehicle, the alarm in
our system did not go off because these types of dangerous
situations do not occur in the collected training samples.

The first feedback compares between the linear and multi-
RBF danger-level prediction functions. Most subjects felt that
the linear function is too sensitive, whereas the multi-RBF
function gives satisfactory stability and performance. Hence,
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Fig. 12. Case 2 illustration. Off-road crash. (a) —9.60 s. (b) —5.73 s. (c) —3.64 s. (d) —2.75 s. (e) —2.05 s. (f) —1.68 s. (g) —0.84 s. (h) Crash.
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Fig. 13.
(h) Peak danger-level (DL).

Fig. 14. Real-time driving DL prediction.

combining the objective comparison from Figs. 5-8 and the
subjective user feedback, the multi-RBF danger-level predic-
tion function is recommended.

The second feedback is with regard to the transparency
of the danger-level function: When the system alarms, the
drivers were often unclear about which action caused the
risk. Although a precise danger reason probe module is not
available at the current stage, it is able to analyze the trained
parameters to roughly know the contribution of each feature
for the increasing of the danger-level score. Our analysis is
based on the linear function because it gave top performance in
objective evaluation (see Section VI-A) and is easy to interpret.
To proceed, recall that each dimension of the derived feature
vectors is normalized (see Section II), in the learned w of the
linear function, if any dimension has a greater positive value,
and an increase in the corresponding feature vector dimension
will lead to a greater increase in the danger-level score, and vice
versa. Table III lists the top-10 feature dimensions that differ
most between safe and crash.

VII. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a semisupervised learning
method to mine the safe/dangerous driving patterns from time-

(2

Case 3 illustration. Lane violation and abrupt brake. (a) —14.66 s. (b) 11.42 s. (c) —6.79 s. (d) —5.38 s. (¢) —3.98 s. (f) —2.80 s. (g) —1.40 s.

TABLE II1
ToP-10 IMPORTANT FEATURES

ID | Description DL 1 if
Tog Square Mean Driver’s longitudinal velocity 1
54 | Max Delta Braking input counts 1
50 Max Delta Longitudinal acceleration due to T

the brakes
r27 | Mean Braking input counts 1
Tos Mean Minimum range between the driver T

and all vehicles in the driver’s direction
x24 | Mean Driver’s longitudinal velocity 1
144 | Square Std Delta Steering input counts 1
89 Square Max Driver’s longitudinal velocity 1
X6 Min Driver’s longitudinal velocity T
Tg Min Braking input counts 1

series data with very limited labeling information. The pro-
posed method achieved higher prediction accuracy and less
training time compared with classification-based methods. In
addition, although the labeling information is only given for
accidents, the learned model is able to predict noncrash dangers
such as near miss or other dangerous driving maneuvers. Based
on the result, we further developed a real-time driving danger-
level prediction prototype. The subjective driving test result was
promising.

We have begun investigating the next stage of the proposed
system. The future framework includes several parts: 1) to
integrate the model into a more realistic driving simulator or
real vehicles to perform an additional subjective user study;
2) to incorporate the driver’s visual-behavior-based features
to further improve the performance; 3) to evaluate additional
machine learning algorithms on larger data sets so that more
driving safe/dangerous patterns can be modeled; and 4) to
improve the user interface in real vehicles and have a good way
to notify the driver of the urgency of the information, as well as
the confidence of it, all in a very short time in which he would
not have time to interpret other notifications such as speech.
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