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Abstract

The paper attempted the recognition of multiple
drivers’ emotional state from physiological signals. The
major challenge of the research is due to the severe
inter-driver variation such that the features of differ-
ent emotional state are high correlated, and it is found
that simple decorrelation method cannot normalize the
features well to achieve acceptable classification accu-
racy. Hence, in this paper, we propose to apply a latent
variable to represent the hidden attribute of individual
driver and use statistical training. In addition, we ap-
plied temporal constraints for the inference process to
improve the recognition accuracy. Experimental results
show that the proposed method outperform existing al-
gorithms used for emotional state recognition.

1 Introduction

The availability of on-board electronics and in-
vehicle information systems has demanded the develop-
ment of more intelligent vehicles. One such important
intelligence is the possibility to recognize the driver’s
emotional state to prevent potential driving risks or to
develop more user friendly driver-car-interactions. Due
to wide application scenarios and great commercial po-
tentials, understanding the driver’s emotional state has
been listed as one of the key area for improving intelli-
gent transportation systems by many leading global car
industries and manufacturers.

To recognize human emotion, many researchers have
focused on facial expression and/or speech analysis [7].
However, under the in-car driving environment, the
heavy noise significantly decreases the performance of
these techniques. On the other side, the physiological
features have been proven to be very effective for moni-
toring human mental state [1]. Examples related to driv-
ing applications include the ASV (Advanced Safety Ve-
hicle) system [5] and the SmartCar project [2], where
researchers sought to discover effective physiological

and bio-behavioral measures to model the driver’s vigi-
lance [1], stress [3], fatigue or drowsiness. Since emo-
tional state is closely related to mental state, using phys-
iological feature to recognize human emotions has also
been attempted [6, 4, 8] for in-door environment, and
promising results were reported. In this paper, we aim
to use physiological features for emotion recognize un-
der in-car environment. Five emotional states are to be
recognized, specifically “Happy”, “Sad”, “Angry”, “Fa-
tigue” and “Neutral”.

Comparing to emotion recognition under in-door
condition [6, 4, 8], collecting the physiological data dur-
ing driving is more difficult. To remove motion arti-
facts, we attached all the sensors to the driver’s left foot
which is relatively more stable; To induce and sustain
the driver into required emotional state, our psychol-
ogist carefully designed different guidance voices and
driving courses. After the driving session, the subject is
required to finish a questionnaire from which our psy-
chologist can judge whether the emotional state is cor-
rect and reliable. We used a physiological sensing sys-
tem called “FlexComp Infiniti” to connect four sensors
to the driver, specifically theRespiration (RESP), skin
conductance (SC), temperature (TEMP)andblood vol-
ume pulse (BVP)sensors. Figure.1 shows the data col-
lection setup. 13 subjects participated in the data col-
lection. Each subject drove five sessions under the five
emotional state respectively. Each session is 15 to 20
minutes long. Based on the features used in [2, 6, 3], we
derived anR25 feature vector in a 60sec sliding window
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Figure 1. Data collection protocol



Sensor Feature

RESP
mean, std, sp0,0.1, sp0.1,0.2, sp0.2,0.3,
sp0.3,0.4

SC
mean, meand, sp0,0.1, sp0.1,0.2,
sp0.2,0.3, sp0.3,0.4

TEMP
mean, meand, sp0,0.1, sp0.1,0.2,
sp0.2,0.3, sp0.3,0.4

BVP
mean, meand, sp0,0.1, sp0.1,0.2,
sp0.2,0.3, sp0.3,0.4, sp0,0.08/sp0.15,0.5

Table 1. Feature Derivation
meand is the mean of the 1st order forward difference;

spa,b is the spectrum power betweena ∼ bHz

with 10sec step-size (Table 1).
Recognizing the driver’s emotional state is a classi-

fication problem. For single subject [6, 8] or subjects
from a very limited age group [4], Support Vector Ma-
chine (SVM) or even simple linear classifiers (FDA) can
be used to recognize their emotional states satisfacto-
rily. This conforms to our experimental results that, if
we train/test using any single driver’s data, FDA/SVM
can achieve 90%/96% accuracy. However, if we con-
catenate multiple drivers’ features together for training,
the obtained classifier perform poorly (As listed in Ta-
ble 2 in section 3). Analyzing the feature distribution
reveals that, although the emotional states are separable
within a single driver, features of different emotional
state from different drivers overlap with each other due
to high inter-driver variation, which makes the recog-
nition of multiple drivers’ emotion difficult. To cope
with the problem, in this paper, we propose to use a la-
tent variable to model the attribute from the individual
driver to assist the final recognition process. In addition,
under the driving scenario, certain prior knowledge can
also be modeled to further improve accuracy.

The remainder of the paper is organized as follows:
Section 2 presents our proposed algorithms for multiple
drivers’ emotion recognition; Section 3 lists the exper-
imental results; And section 4 concludes the work and
discusses some future work.

2 Dynamic Model with Latent Variable

As explained in Section 1, the features of differ-
ent emotional state overlap with each other due to the
existence of a bias attribute for different drivers’ fea-
ture. For example, certain peoples’ heart rate is al-
ways higher than the others. One possibility to solve
the problem is to normalize the features from different
drivers. However, simple decorrelation method does not
improve the overall recognition accuracy in our exper-

iments. Hence we instead apply a latent variablez to
represent the attribute of the driver, and use statistical
method to discover such attribute. In addition, from
the same driver, his attribute, as well as his emotional
state, should possess temporal consistencies, which can
also be utilized to assist emotion recognition. In brief,
we can first guess which driver most likely generates
the observed feature vector, and then use that driver’s
model, as well as temporal information, to recognize
his emotional state. Both the latent variable, as well as
the temporally preceding estimation, can be intergraded
out for robustness. The following subsections elaborate
the proposed algorithm in more detail.

2.1 Latent Representation

Letx be the derived physiological feature vector, and
y be the emotional state. Instead of directly comput-
ing MAP P (y|x) (Figure.2.a), we want to apply a la-
tent variablez to encode the attribute of a particular
driver, and seek to maximizeP (y|x, z) to obtain more
robust estimation (Figure.2.b). Lety ∈ {1, 2, 3, 4, 5} =
{Angry, Happy, Sad, Fatigue, Neutral}, and z ∈
{1, 2, ..., M} whereM is the number of drivers. To
simplify the notation, denoteP (z = i) asP (zi) and
P (y = j) asP (yj). We can have

P (y|x) =
M∑

i=1

(
P (y|zi, x)P (zi|x)

)
, (1)
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Figure 2. Latent Variable Model

2.2 Temporal Consistence of Latent Variable

The next strategy to improve the recognition accu-
racy is to use temporal information. In real driving sce-
nario, the feature vectors come from the same driver,
hence they possess consistent attribute encoded byz
(Figure.3.a), which can be utilized for inference. To
elaborate, let suffixt denote the time instance, e.g.,xt

means the feature vector at timet. Also, letXt be a ma-
trix containing all the feature vectors from time instance
1 to t. To apply the temporal consistence constraint for
zt, in contrast to Eq (1), we are to estimateP (yt|Xt)
by

P (yt|Xt) =
M∑

i=1

(
P (yt|zt

i , x
t)P (zt

i |Xt)
)
, (2)



where

P (zt|Xt) =
∑

k

(
P (zt|zt−1

k , xt)P (zt−1
k |Xt−1)

)
(3)

=
∑

k

( P (xt|zt)P (zt|zt−1
k )∑

p Pr
(
(xt|zt

p)P (zt
p|zt−1

k )
)P (zt−1

k |Xt−1)
)
,

which is recursive withP (z0|X0) = P (z|θl). And

P (yt|zt, xt) =
P (xt|zt, yt)P (yt|zt)∑

q

(
P (xt|zt, yt

q)P (yt
q|zt)

) . (4)
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Figure 3. Temporal Transition Model

2.3 Temporal Evolving of Emotional State

An intuitive extension to subsection 2.2 is to also ap-
ply temporal constraints on the emotional stateyt, be-
cause a driver’s emotion will not change too fast. Hence
a more elegant dynamic model is to evolveyt from
yt−1. On the other side, now we don’t need to evolve
z because otherwise we will have two dynamic vari-
ables. Instead, we can simply regard the probability of
P (z|Xt−1) as the prior ofz for current estimation, and
regard the obtained posteriorP (z|Xt) as the prior for
the next time instance (Figure.3.b). Hence, in contrast
to Eq (2), we are to estimateP (yt|Xt) by

P (yt|Xt) =
M∑

i=1

(
P (yt|zi, X

t)P (zi|Xt)
)
, (5)

where

P (yt|zi, X
t) =

∑
q

(
P (yt|yt−1

q , zi, x
t)P (yt−1

q |zi, X
t−1)

)

=
∑

q

( P (xt|yt, zi)P (yt|yt−1
q , zi)∑

p P (xt|yt
p, zi, y

t−1
q )P (yt

p|yt−1
q , zi)

P (yt−1
q |zi, X

t−1)
)
, (6)

which is recursive withP (y0|zi, X
0) = P (y|zi). And

P (zi|Xt) =
P (xt|zi)
P (xt|θl)

P (zi|Xt−1) , (7)

which is also recursive, withP (zi|X0) = P (zi|θl).

2.4 Training

Training the system requires learning the parame-
ters for the following models: First, the two gener-
ative models, specificallyP (x|z) in Eq (3) (7), and
P (x|y, z) in Eq (4) (6). They are simply modeled us-
ing Gaussian Mixture model (GMM). And second, the
two transition probabilities,P (zi|zk) in Eq (3), and
P (yj |yq, z) in Eq (6). This is difficult because we
don’t have such transitions in our training data. To
cope with the difficulty, we assume that, similar gen-
erative models should have high transition probability
between each other. Hence we can use the obtained
P (x|z) andP (x|y, z) to learn the transition probabil-
ity of P (zi|zk) andP (yj |yq, z) respectively. To depict,
let’s useP (zi|zk) for example, assumingPr(x|zi) ∼
{[w1, µ1, Σ1]i,...,[wLi

, µLi
, ΣLi

]i} and Pr(x|zk) ∼
{[w1, µ1, Σ1]k,...,[wLk

, µLk
, ΣLk

]k}, then

P (zi|zk) = exp
(−Dist(zi, zk)/500

)
,

where the distance measureDist(zi, zk) is computed
based on KL divergence, i.e.,

Dist(zi, zk) = min
j=1,...,Li

Lk∑
p=1

wk
pKL

(
[µi

j ,Σ
i
j ], [µ

k
p,Σk

p]
)
,

where

KL
(
[µi

j , σ
i
j ], [µ

k
p, σk

p ]
)

=
1
2

Tr(Σk
p

−1
Σi

j)−
1
2

In
(
Det(Σk

p

−1
Σi

j)
)− D

2

+
1
2

Tr
(
Σk

p

−1
(µi

j − µk
p)(µi

j − µk
p)>

)
.

whereD is the dimension of feature vectorx. P (zi|zk)
is then normalized according to

∑M
i=1 P (zi|zk) = 1.

3 Experimental Results

In the experiment, we used the beginning half of ev-
ery driver’s data together for training, and use the sec-
ond half of each driver’s data for testing. Table 2 lists
the recognition accuracy of the second half in compari-
son amongst FDA, GMM, SVM, and the methods pro-
posed in subsection 2.2 (Model 1) and 2.3 (Model 2) re-
spectively. As can be seen from Table 2, both of our pro-
posed methods outperform the benchmark algorithms.

Table 2. Recognition Accuracy
FDA GMM SVM Model 1 Model 2
38% 43% 69% 78% 80%
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Figure 4. Dynamic Inference Process for Subject 8
(a) FDA; (b) SVM; (c) Model 1; (d) Model 2. The yellow dot represents the ground-truth; the white circle represents

the predicted result; the background color represents the probability.

Next, we concatenated the five driving sessions of
the same driver together to examine the inference pro-
cess. As can be seen from Figure.4, both of our pro-
posed methods achieve higher accuracy than FDA and
SVM by first estimating the latent variable (the upper
row of Figure.4.c and .d) to assist emotion recogni-
tion. Beside, they can also capture the emotion change
quickly. The reason to select the8th driver’s data for
illustration is because, in his example, the estimation of
the latent variable by model 1 (Figure.4.c) is poorer than
model 2 (Figure.4.d), hence the final emotion recogni-
tion accuracy is also poorer. This proves the importance
of using the latent variable. In most cases, model 2
seems more practical for the data, hence its performance
is slightly better than model 1 (Table 2).

4 Conclusion and Future Work

In this paper we propose a method to recognize mul-
tiple drivers’ emotional state. To deal with inter-driver
variation, we apply a latent variable to represent the at-
tribute of individual driver and use statistical method
for training. In addition, we apply temporal constraints
for the inference process to improve the recognition ac-
curacy. Experimental results show that the proposed
method achieves higher accuracy than existing algo-
rithms for multiple drivers’ emotional state recognition

problem. In the future, we’ll collect addition data for
validation.
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