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Nonparametric Approaches for
Estimating Driver Pose

Paul Watta, Member, IEEE, Sridhar Lakshmanan, and Yulin Hou

Abstract—To better understand driver behavior, the Federal
Highway Administration and the National Highway Traffic Safety
Administration have collected several thousands of hours of driver
video. There is now an immediate need for devising automated
procedures for analyzing the video. In this paper, we look at the
problem of estimating driver pose given a video of the driver as he
or she drives the vehicle. A complete system is proposed to perform
feature extraction and classification of each frame. The system
uses a Fisherface representation of video frames and a nearest
neighbor and neural network classification scheme. Experimental
results show that the system can achieve high accuracy and reliable
performance.

Index Terms—Classification, driver pose estimation, eigenfaces,
fisherfaces, neural networks, video.

I. INTRODUCTION

IN ORDER to design the next generation of automotive
safety and comfort devices, the intelligent transportation

systems (ITS) community has been very interested in under-
standing driver behavior [1], [2], [16], [17]. There are a number
of reasons why driver behavior is of interest.

1) The way a driver behaves behind the wheel can give an
indication as to the driver’s attentiveness and/or fatigue.
For example, drivers who are falling asleep at the wheel
tend to blink at a faster rate than drivers who are fully
awake [2], [24].

2) As more and more communication and travel assistance
devices make their way into the vehicle, it is important
to understand how they impact driver performance. For
example, drivers that use cellular telephones are more
prone to being inattentive [21].

3) When driving assistance systems such as backup or blind
spot collision warning systems are installed in vehicles,
their utility is enhanced significantly if the systems are
strategically placed. For example, drivers tend to look at
the rear-view mirror most often during a lane change [24].
What does that mean in terms of the optimal location for
a blind-spot detection system?
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4) Even state-of-the-art vision and radar-based forward col-
lision warning systems produce an abundance of false
alarms and quickly become a nuisance to the driver.
Perhaps one way of integrating these systems into the
vehicle is by activating them only in situations where the
driver is inattentive.

A number of recent ITS conference papers [16], [17] can
be consulted for additional reasons for investigating driver
behavior.

One approach to understanding driver behavior is to try to
infer what the driver is doing based on vehicle data, such as
speed, yaw, and braking. Although these types of vehicle data
can certainly be correlated with driver attentiveness and fatigue,
they are neither sufficiently accurate/reliable nor do they pro-
vide a complete description of the driver’s state [1]. Systems
that combine vehicle data with human factor information are
more accurate/reliable and provide a more complete description
of the driver’s state.

A commonly used method for measuring human factors
information is to use a video camera and record the driver
(both face and hands) as he or she drives the vehicle. A
massive project initiated by the Federal Highway Administra-
tion and the National Highway Traffic Safety Administration
(NHTSA) has indeed collected several thousands of hours of
such video. There is now an immediate need for analyzing
this facial video. Unfortunately, analysis of facial images and
video is a nontrivial problem, as the volume of previous studies
indicate [5].

The driver pose estimation problem is formulated as
follows.
1) Frame Classification Problem: Given a video sequence

consisting of a driver as he or she drives a vehicle, determine
the pose of the driver for each frame in the sequence.

An example of a single video frame is shown in Fig. 1 and
shows the driver looking straight at the road ahead.

Although there are an endless number of possibilities, the
NHTSA has formulated seven standard driver pose classes:

Pose 1 looking over the left shoulder;
Pose 2 looking in the left rear view mirror;
Pose 3 looking at the road ahead;
Pose 4 looking down at the radio/instrument panel;
Pose 5 looking at the center rear view mirror;
Pose 6 looking at the right rear view mirror;
Pose 7 looking over the right shoulder.

Although simple to state, the pose estimation problem is
rather difficult to solve. Factors that are common to all im-
age processing problems contribute to the difficulty: image
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Fig. 1. Example frame from the driver video.

Fig. 2. Complete pose estimation system.

noise, shift, rotation, and changes in illumination. In addition,
the problem suffers from several difficulties specific to this
application.

1) The driver can change his/her facial expression without
any apparent change in pose.

2) The driver’s face can be occluded when the driver touches
his/her face or hair, or eats food.

3) The driver can tilt his/her head without any apparent
change in pose.

4) The background can change due to vehicle motion.
Of course, one way to determine driver pose is by hand, and

have a human operator look at the video and mark those frames
where the driver changes pose, and then, by visual inspection,
classify the resulting pose sequences. This process, however, is
very tedious and prone to errors. For example, to partition and
classify one 20-min video took a student assistant 6 h! Even
so, the resulting ground truth contained a number of missed
pose transitions and sequences that were misclassified. Clearly,
an automatic and computer-based classification method is
needed.

A schematic diagram of an automated pose estimation sys-
tem is shown in Fig. 2. There are four main processing stages:
preprocessing, feature extraction, classification, and decision.

In the preprocessing stage, the signal from the video camera
or video data file is converted into a sequence of frames suitable
for further processing. In this paper, the original video signal
is in the form of an MPEG file. The preprocessor decodes the
input MPEG video into the raw pixel values for each frame
(8-b RGB grayscale pixel data).

Additional processing can be done in this initial stage as
well. For example, we can use motion detection in order to
segment the video into chunks of constant pose. Fig. 3 shows a
typical output of such a motion detector. Here, the output of
the motion detector is 1 if there is significant motion in the
video; otherwise, the output is 0. For example, Fig. 3 shows
that there is significant motion between frames 50 and 75. One

Fig. 3. Output of the motion preprocessor which identifies areas where there
is motion. The areas between motion indicators are those frames which contain
relatively little motion (i.e., the driver has constant pose).

Fig. 4. Typical output of the pose estimation system.

of the primary causes of the motion will be when the subject
changes pose. However, there can be motion due to other causes
as well, such as if the driver is eating or moving their arms and
hands, etc.

The next stage of the pose estimation system involves feature
extraction. Here, the problem is one of representation, and the
task is to choose an efficient way to extract salient features
from the video data. We desire features which will minimize
the amount of storage and processing time required. Of course,
the chosen representation must maintain enough information
so that the classifier can adequately discriminate between the
target pose classes.

Once a data representation is chosen, the classifier design
problem involves designing a system to map each feature vector
to the proper pose class. Typically, a training set of randomly
selected patterns is used to design the classifier. After training,
the system is tested with another data set called the test set,
which contains novel patterns.

Note that several different classifiers may be used in the
classification stage. Hence, a final decision stage is needed in
order to combine the classifier outputs and make a final decision
as to the driver pose. Sometimes, postprocessing is useful for
smoothing the classifier outputs. Such postprocessing is also
included as part of the decision stage.

Given an input video file, the complete system should pro-
duce an output such as the one shown in Fig. 4. Here, a pose
is assigned to each frame of the video. The transition regions
are shown highlighted in gray. It is expected that the system
will make errors in these transition regions, as the driver is
between poses.

It is desired that the system be invariant to changes in
image illumination, facial movement, occlusions, rotations,
etc. For example, the system should work just as well when
driving under a tunnel (dark video images) as when driving
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out in the open on a sunny day (bright video images). The
design of systems that are invariant to such distortion ef-
fects presents a major obstacle for feature extraction and
tracking [5].

Driver pose estimation is a special case of the more general
problem of pose estimation in image processing. Gee and
Cipolla [7] proposed a technique using projective geometry to
estimate the pose of a human face from five features: the far
corners of the eyes and mouth and the tip of the nose. Since
estimating the position of the tip of the nose is not an easy
task, Ho and Huang [9] proposed a technique that just relied
on the corners of the eyes and the mouth. For the problem of
eye gaze detection, it is possible to use information from just
one eye [26].

Nikolaidis and Pitas [15] proposed a technique for pose
estimation that used both feature extraction (using the Hough
transform) and template matching. Sherrah and Gong [19]
proposed a head tracking system that relied on a data fusion
technique to combine head position information with face pose
information.

Kruger et al. [12] proposed a Gabor wavelet-based technique.
This approach requires a computationally intensive elastic
graph matching technique and requires the user to select (by
hand) a suitable grid of matching points for each pose. Using
specialized hardware, McKenna and Gong [14] developed a
Gabor-based features pose estimation system that ran in real
time. Huang et al. [10] proposed a technique based on support
vector machines. Like Gabor wavelets, although, this method is
extremely computationally intensive.

In this project, we propose a nonparametric technique to
determine driver pose from video data. The technique is based
on computing an eigenface [20], [22], [23] or Fisherface rep-
resentation [3] of the video data, and it completely avoids
the computation of (and the associated pitfalls of) explicit
geometric facial features (for example, eye positions, etc.).
The set of Fisherfaces is used to compactly represent each
standard pose of the driver. The pose of an input image can be
determined by first computing the Fisherface representation of
the input and then comparing it to the representation of the set
of stored prototypes. We also introduce a novel neural network
which can be used to optimize a nearest neighbor-type classifi-
cation. Note that many neural network-based approaches for the
processing of face images can be found in the literature [4], [6],
[8], [11], [18].

The remainder of this paper is organized as follows. In
Section II, we review the representation problem and outline
how features can be efficiently extracted from the video
data. In Section III, we review the operation of the nearest
neighbor and the max–min classifiers. We also propose a hybrid
nearest neighbor-neural network classifier. In Section IV, we
discuss the decision problem and how the classifier output
can be biased to improve performance. In Section V, we
introduce various measures to assess pose estimation system
performance. In Section VI, we describe the database of driver
videos that we used in order to design and test our system,
and in Section VII, we present experimental results on these
videos. Finally, Section VIII gives an analysis of the results
and outlines future work.

II. REPRESENTATION AND FEATURE EXTRACTION

We will assume that we have a database or memory set
containing sample images of each of the classes of interest. In
this problem, there are seven classes of interest. Let M denote
the total number of training samples, and let mi represent the
number of samples of class i, i = 1, 2, . . . , 7. Hence, we have
M = m1 + m2 + · · · + m7. The training images will be de-
noted I1, I2, . . . , IM , and each training image is assumed
to be an N -dimensional vector of grayscale pixel data. In
addition, let tj represent the facial pose for each mem-
ory image Ij so the database has the following form:
{(I1, t1), (I2, t2), . . . , (IM , tM )}.

A. Eigenfaces

The eigenface algorithm employed here is based on a direct
implementation of the ones in [20], [22], and [23]. Some of our
preliminary results in applying eigenfaces to pose estimation
can be found in [27].

An N × M dimensional matrix of zero mean images
X = [x1,x2, . . . ,xM ] can be constructed with column entries
xj = Ij − Iavg, where Iavg is the average of all the images:
Iavg = (1/M)

∑M
j=1 Ii.

The covariance matrix of X is then given by C = XXT. In
general, M � N , and so, rather than compute the eigenvectors
of the N × N matrix C, we compute the eigenvectors of the
M × M matrix XTX. The eigenvectors (or eigenfaces) e1, e2,
. . . , eM of the covariance matrix C are then computed as
X • eig(XTX). For each training image Ij , an eigen
representation wkj = eT

k xj , j = 1, 2, . . . M is obtained by
projecting the corresponding xj onto each of the eigenfaces
e1, e2, . . . , eM . Therefore, each database image Ij is now
represented by an M -dimensional vector of eigen coefficients
wj . For M � N , this amounts to a significant dimensionality
reduction. In addition, the dimension can be further reduced by
only considering the eigenvectors which have sufficiently large
eigenvalues. We will denote the number of eigenvectors used
by M ′.

B. Fisherfaces

While the eigen approach allows for a low-dimensional
representation of the training images, it implicitly reduces
the discrimination between training images. While this is a
useful property for compactly coding images, it may have
some undesirable consequences when it comes to classification.
The Fisher representation, on the other hand, provides better
discrimination between classes while preserving the reduced
discrimination property of the eigen representation within
each class.

In the Fisherfaces algorithm [3], [13], we compute the aver-
age image within each of the seven classes. That is, for each
i = 1, . . . , 7

µi =
1

mi

∑

xj in class i

xj

is the average of all the memory set images which are in class i.

Authorized licensed use limited to: UNIVERSITY OF MICHIGAN - DEARBORN. Downloaded on August 16,2021 at 05:38:45 UTC from IEEE Xplore.  Restrictions apply. 



WATTA et al.: NONPARAMETRIC APPROACHES FOR ESTIMATING DRIVER POSE 2031

The within-class scatter matrix SW is an N × N matrix
which provides a measure of the amount of variation among
the memory set images within each class and is given by

SW =
7∑

i=1

∑

xk∈Classi

(xk − µi)(xk − µi)T =
7∑

i=1

AiAT
i .

The between-class scatter matrix SB is also N × N and mea-
sures the amount of variance between the means of each class
and is computed by

SB =
7∑

i=1

mi(µi − Iavg)(µi − Iavg)T .

The Fisher criterion is to choose a linear projection such that
the distance between the projected class means is maximized,
but the selection is normalized by the within-class scatter. This
amounts to computing the eigenvectors of the matrix S−1

W SB.
Again, since this is an N × N matrix, the computation of the
eigenvalues of S−1

W SB is computationally inefficient. Hence,
rather than directly computing the eigenvectors, we first project
the memory set data onto a lower dimensional space using
eigenfaces.

If we let µ̄i = µi − Iavg, A = [µ̄1, µ̄2, . . . , µ̄7], B = [m1µ̄1,
m2µ̄2, . . . ,m7µ̄7], and SB = BAT, then we can give an effec-
tive measure of SW and SB in the eigenspace coordinates:

SW =
7∑

i=1

WT
pcaAiAT

i Wpca

and

SB = WT
pcaBATWpca

where Wpca is the eigenfaces linear projection operator. Fi-
nally, the Fisher projection is computed as the eigenvectors
of S̄−1

W S̄B.

Wfld = eig(S−1
W SB)

Once the projection matrix is computed and just like in
the eigenfaces method, the Fisher projection matrix is used to
project each of the database images Ij onto an M ′ -dimensional
vector of wj Fisher coefficients.

III. CLASSIFIERS

In this paper, we use two methods for mapping the feature
vector into a pose class: nearest neighbor and a hybrid nearest
neighbor-neural network approach. The hybrid approach uses a
nearest neighbor (and max–min) computation to determine the
best matching patterns and, then, a neural network to map these
distances to the appropriate class.

A. Nearest Neighbor

Here, we assume that a representation has been chosen and
applied to all database images, yielding a database of feature
vectors w1,w2, . . . ,wM . In the nearest neighbor classifier, for
a given input image x, we first compute the corresponding

representation: w (Fisher or eigen coefficient vector). Then,
we compute the distance between w and each of the stored
database feature vectors:

δ1 = ‖w − w1‖
δ2 = ‖w − w2‖

. . .

δM = ‖w − wM‖.

Finally, we choose the minimum such distance and output the
pose associated with the closest database vector.

For convenience, we normalize the resulting distances as
follows. First, we compute the minimum distance between w
and each pose class i = 1, 2, . . . , 7:

di = min {δ(w,wj) : wj is in class i} .

Then, we normalize these minimum values to be in the range
0 ≤ di ≤ 1 by dividing by the sum:

d̄i =
di

dsum

where dsum = d1 + d2 + · · · + d7. Of course, in the nearest
neighbor classifier, choosing the smallest distance is the equiv-
alent to choosing the smallest d̄i.

B. Max–Min Classifier

The min–max classifier works as follows: We compute the
maximum distance to each class:

Di = max {δ(w,wj) : wj is in class i}

and then select the minimum among these maximum distances.
Note that the maximum distances can be normalized in the same
way: D1 = Di/Dsum and Dsum = D1 + D2 + · · · + D7. Pre-
liminary results showed that the max–min classifier gave poor
results for the pose estimation problem. However, the next
section shows that a neural network can be used to combine
both the smallest d̄i and largest Di distances to achieve a high-
performance decision rule.

C. Hybrid Neural Network Classifier

The nearest-neighbor classifier chooses the smallest distance
among all the d̄i normalized distances, and the max–min
classifier chooses the smallest among all the Di distances. It
is conceivable, although, that there may be other and more
optimal strategies of combining all of the d̄i and Di information
to determine the output pose. To this end, we propose using a
feedforward neural network to learn such a mapping.

The structure of the proposed neural network is shown in
Fig. 5. In this case, the input to the neural net consists of all
the d̄i and Di values for all seven classes. The output layer
consists of seven nodes, and each node signifies one of the
classes. Therefore, for example, Pose 3 would be indicated by
the output: y = [0, 0, 1, 0, 0, 0, 0]T.

In order to determine the network weights νji and wkj ,
a separate training set of data is needed (separate from the
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Fig. 5. Architecture of the neural net classifier which maps minimum and
maximum distances to output pose.

data used to compute the eigen or Fisher representation). The
training phase for the neural network proceeds as follows.
First, before training begins, we compute the eigen or Fisher
representation for each image in the given database. Then, for
each pattern in the training set, we compute the following:

1) the appropriate representation w;
2) normalized min and max distances d̄i and Di, i =

1, 2, . . . , 7;
3) the neural network output y.

The backpropagation algorithm is then used to update all
the network weights so that sum-squared error between the
neural net output y and the target output t is minimized. The
adjustable parameters associated with the neural net design are
the number of hidden units J and the number of training cycles.
J must be chosen large enough so that the network can learn
the required mapping; however, choosing J too large can result
in overfitting problems where the network achieves low error
on the training set but is not able to generalize well for new
patterns.

IV. DECISION AND POSTPROCESSING STAGE

A. Biasing the Classifier Output

For the driver pose estimation problem, we expect (and
hope!) the driver to be in Pose 3 most of the time (looking
straight at the road ahead). Hence, most of the frames in the
training and test set will have truth of Pose 3.

In order to account for the fact that not all of the poses
are equally probable, we modify the distances computed in
the nearest neighbor classifier by including a bias term in the
computation of the normalized distances:

d̄i =
d1

dsum
− α1

d̄2 =
d2

dsum
− α2

. . .

d̄7 =
d7

dsum
− α7.

Each bias term can be used to decrease the distance ac-
cording to the a priori probability of each pose class. For this
application, the most critical bias is that of Pose 3. Hence, we
will set all other bias terms to zero: αi = 0 for all i �= 3. The
remaining bias parameter α3 = α must be determined based on
the available training data.

Clearly, when α = 0, no bias is used, and we just have the
nearest neighbor rule. Let us denote the correct classification
rate of the nearest neighbor rule by PNN. When α = ∞, the
classifier output will be constant and give Pose 3 for every test
image. In this case, the classification rate will be determined by
the probability of a test image being in Pose 3. Let us denote
this probability by P3.

What happens for intermediate values of α? We have found
empirically that intermediate values of α can yield larger values
than both PNN and P3.

A bias term can also be used for the neural network classifier.
In this case, we apply the bias at the output of the neural
network rather than at the input. Hence, with the bias term, the
output of each unit is modified as follows:

ȳi = yi + αi, i = 1, 2 . . . , 7.

B. Sequence Classification Problem

The previous discussion has ignored the temporal aspect of
the problem and focused on how to classify each frame of the
video (individually and independently). However, the frames
of the video are not independent, and the temporal aspect of
the problem may be used in order to design more efficient
and practical pose estimation systems. As mentioned earlier,
one way to incorporate temporal information is to use motion
detection or some other preprocessing to segment the video into
regions of constant pose. Once this preprocessing is done, then
the classification becomes one of mapping the sequence to the
proper pose.
1) Sequence Classification Problem: Given constant pose

video sequences, classify each sequence into one of the seven
standard pose classes.

Designing a system to map the sequence directly to pose
class is problematic because each sequence may contain a
different number of frames. One simple way to classify a
sequence is to first apply a frame-by-frame classification using
the previous nearest neighbor or neural net classifier and then
combine the outputs using some decision rule to obtain the class
of the sequence. The simplest decision rule is to use a majority
rule and simply choose the pose which is most prevalent among
all the classified frames.

Of course, the performance of the sequence classifier now
depends on the performance of the motion detection preproces-
sor. In this paper, we will assume that the preprocessor operates
perfectly and produces the precise sequences, as indicated in
the ground truth.

V. MEASURES OF SYSTEM PERFORMANCE

There are several measures which can be used to assess
the performance of the pose estimation system. For example,
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Fig. 6. Sample poses from Subject 11.

Fig. 7. Sample poses from Subject 46.

we can consider the percent correct classification for each
individual pose:

Pi =
#Correct Posei frames
#Total Posei frames

.

In addition, we can look at the overall correct classification
rate of the individual frames over all the poses:

Pframe =
#Correct frames
#Frames total

.

It is expected that the system will make errors in the tran-
sition regions between poses. This is not surprising since even
human operators have difficulty choosing a precise demarca-
tion between poses when truthing the video. Hence, we will
compute the Pi and Pframe measures in three ways:

1) over all the available testing data;
2) over the testing data without any transition regions;
3) just the transition regions.

We assume that the transition region consists of five frames
on each side of the pose change. For example, if the pose
changes from straight to looking down at frame 100, then the
transition region is taken to be frames 95–105. These frames
would be excluded in the calculation of Pi and Pframe when
evaluating system performance in the nontransition regions.

The previous measures can be used for both the frame
classification problem and the sequence classification problem.
For the sequence classification problem, we can also look at the
percent of the segments that were correctly classified:

Pseq =
#sequences correct
#sequences total

.

Oftentimes, the performance of an algorithm depends on
several factors, including the number of training samples used,
quality of training samples, number of hidden units (for neural
net classifiers), etc. Hence, to get a reasonable estimate of how
the system performs, we perform several runs of each algorithm
and average the results. In addition, to average performance, it
is also important to consider the variance of the results. For
example, it may be preferable to use a system which offers
slightly lower average performance but has a low variance of
results, yielding a more reliable system.

VI. VIDEO DATA

MPEG videos were obtained from the Transportation Re-
search Center, East Liberty, Ohio. Individual frames from
the MPEG video were extracted and cropped to a size of
150 × 115. Sample poses from the video are shown in Figs. 6
(subject 11) and 7 (subject 46).
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TABLE I
NUMBER OF FRAMES IN EACH DATABASE

Fig. 8. Sample pose-8 frames.

Two databases for each subject were used, and the number of
frames in each database is shown in Table I.

The ground truth was obtained by hand-classifying each
frame of the video. Some of the frames in the video were
difficult to classify into any of the standard seven poses. In this
case, the frame was labeled Pose 8 (none of the above). All
the Pose-8 cases were excluded from the training and test sets.
Examples of frames that were classified as Pose 8 are shown
in Fig. 8. In Fig. 8(a), the driver is leaning so far forward
that she is no longer in the camera’s view. In Fig. 8(b), the
driver has a clearly discernible pose—looking down at the
passenger seat—but this is not one of the seven standard poses.
In Fig. 8(c), the driver’s face is completely occluded by her
hand and arm.

Sometimes occlusions occur that are not as drastic as that
shown in Fig. 8(c). It is desired that the system be able to
produce reasonable classifications when such minor occlusions
occur. In order to study the effect that occlusions have on
overall classification, we performed a very conservative hand-
classification for one of the databases: the 11-2 database. In this
case, all frames in which there was an occlusion—even a minor
occlusion—were classified as Pose 8. Using this conservative
truthing strategy, the human operator assigned 28% of the
frames to Pose 8. In the other three databases, a much more
liberal truthing strategy was used, and minor occlusions were
included. In these three databases, the number of Pose-8 frames
is less than 5%.

VII. EXPERIMENTAL RESULTS

There are a number of parameters which affect the perfor-
mance of the proposed system: number of Fisherfaces, the bias
parameter, memory set selection, number of images per pose
in the memory set, etc. In this section, we look at the effect

Fig. 9. Plot of the magnitude of the 100 largest eigenvalues.

TABLE II
OVERALL PERCENT CORRECT CLASSIFICATION AS A FUNCTION OF M ′

TABLE III
OVERALL PERCENT CORRECT CLASSIFICATION AS A FUNCTION OF mi

of these parameters on system performance and compare the
performance of the nearest-neighbor algorithm with the hybrid
neural network.
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Fig. 10. Effect of the bias parameter α on percent correct classification for (a) the nearest neighbor and (b) the hybrid neural network classifier.

Fig. 11. Histogram of neural net outputs for (a) the winning unit when the classification is correct and (b) the winning unit when the classification is wrong.

A. Number of Fisherfaces

One of the advantages of the Fisher representation is that
a small number of Fisherfaces can be used to represent the
data set. In this section, we examine the question: How many
Fisherfaces should be retained?

Given a database of driver video frames to be classified,
suppose we start with a memory set consisting of 50 patterns
for each pose, except for Pose 3, which contains 150 patterns.
These memory set patterns are selected randomly from the
given database. In this case, there are a total of 450 different
memory set images, and hence, there are 450 different eigen-
vectors and eigenvalues. Fig. 9 shows a plot of the magnitude
of the 100 largest eigenvalues (in descending order). The plot
shows an exponential-type decay in magnitude. Since each
eigenvalue is related to the amount of variance captured by the
corresponding eigenvector (or eigenface), the plot suggests that
it is possible to capture much of the variance of the training
set by retaining just a few of the eigenfaces with the highest
eigenvalue, for example, the top 50.

Classification experiments were run on the 11-1 database for
different values of M ′ : M ′ = 10, 25, 50, 75, and 450, and the
results are shown in Table II. The results show that typically
a reduction from M ′ = 450 to M ′ = 10 or 25 reduces the
overall percent classification by a few percentage points. The
big advantage of using a smaller number of eigenvectors is that
the classification time is greatly reduced. For example, using
M ′ = 10 requires 5.2 ms to classify a single frame, while using
M ′ = 450 requires 64.5 ms. Note that these timing results were

Fig. 12. Neural net training error versus cycle number.

obtained from running the algorithm in Matlab on a 3-GHz PC
with a Pentium 4 processor. For a practical system, we want to
use as small a value for M ′ as possible.

B. Number of Memory Images

The question addressed in this section is: How many training
samples are needed in the memory set in order to achieve good
classification performance? Remember that it is expected that
the driver will be in Pose 3 most of the time. Hence, it is natural
to use more training samples for Pose 3 than the other poses.
We will use a uniform number of memory images for each of
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TABLE IV
PERCENT CORRECT CLASSIFICATION RATE FOR THE HYBRID NEURAL NETWORK CLASSIFIER

ON THE FOUR DATABASES. THE RESULTS WERE AVERAGED OVER TEN RUNS

the nonstraight poses: m = mi, i �= 3, and triple that amount
for Pose 3: m3 = 3 m.

Table III gives the classification performance when m varies
from 30 to 60 (and, hence, m3 varies from 90 to 180). As
expected, as the size of the memory set increases, classification
performance increases as well. The disadvantage of using a
large memory set is that classification time becomes slower.
As shown in Table III, the amount of time (on a 3-GHz PC) to
classify a single frame increases linearly from 38.5 ms when the
memory set contains 30/90 images per pose to 78.3 ms when the
memory set contains 60/180 images per pose. It is desired that
the system operates as close to real time as possible (30 fps =
33.3 ms/frame). Hence, even though better classification results
can be obtained by using the largest memory set possible, we
will use the 50/150 memory set for all remaining simulations.

C. Bias Parameter

Fig. 10(a) shows how the probability of correct classification
varies with the bias parameter α for the nearest neighbor
classifier on the 11-1 database. From this figure, it is possible to
determine an optimal bias value of α∗ = 0.02. With this value
of the bias, the classification rate is raised from about 88% (the
simple nearest-neighbor rule with α = 0) to about 94%.

Fig. 10(b) shows how the correct classification rate varies
with α for the hybrid neural network. In this case, there is a

steady increase in performance and a rapid falloff near α =
0.95. An optimal bias here would be about α∗ = 0.92.

Recall that each neural net output is bounded between 0 and
1. Hence, at first glance, it seems odd that such a large α is
needed for the neural network. The reason for this can be seen
in the plots shown in Fig. 11. Fig. 11(a) shows a plot of a
histogram of the neural net output for the winning (largest) unit
when the winning unit correctly classifies the input image. As
expected, the output is near 1. Fig. 11(b) shows a histogram of
the output of the winning unit when the classification was not
correct (i.e., the pattern was misclassified). Notice that these
values are also tightly clustered around 1. Hence, to correct
these errors requires a large bias.

D. Neural Net Versus Nearest Neighbor

To compare the performance of the nearest-neighbor and
neural net classifier, we proceeded as follows. First, we se-
lected a training set with 50 patterns for each pose, except
for Pose 3, which contained 150 patterns. Then, we computed
the Fisherface representation (which was used by both the
nearest neighbor and neural net). Note that only the top 50
Fisherface coefficients were retained; hence, the feature vector
representing each image was 50-D.

The neural net required a separate training set, and we
used the same size for the training set as the memory set
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TABLE V
PERCENT CORRECT CLASSIFICATION RATE FOR THE NEAREST-NEIGHBOR CLASSIFIER

ON THE FOUR DATABASES. THE RESULTS WERE AVERAGED OVER TEN RUNS

(50 samples per pose and 150 samples of Pose 3). We found
that setting J = 30 provided sufficiently many hidden neurons
to learn the desired mapping. Also, we limited training to
1500 cycles because we found that the training error was
typically sufficiently small at that point. A typical plot of how
the training error decreases as training proceeds is shown in
Fig. 12. Note that, ideally, one would like to monitor neural
net training with a separate validation set, which would provide
more information as to when to stop training. The driver video
databases that we used, however, did not have enough training
data (other than Pose 3) to use a separate validation set. Also,
note that both the neural net and the nearest neighbor were
tested on the same test set and that the test set excluded all of
the training and memory patterns.

From the trial simulations on the 11-1 database and as
indicated in Fig. 10, the following bias parameters were used:
α = 0.02 for the nearest-neighbor classifier and α = 0.90 for
the hybrid neural network. The same bias parameters were used
for all the other databases without any further refinement or
training.

The classification experiment was repeated ten different
times for each database, each time with a different (randomly
selected) memory set. The overall classification results Pframe

are shown in Table IV for both the nearest-neighbor algorithm
(with bias) and the hybrid neural network (with bias). The
results are reported both with and without the transition regions

in the test set. As expected, the system performs rather poorly
in the transition regions.

In general, the hybrid neural network outperforms the nearest
neighbor classifier because it achieves a higher classification
rate. Both algorithms offer relatively stable performance in
that the standard deviation is typically less than 1% over the
ten runs.

The classification results pertaining to each individual pose
Pi are shown in Table V for the nearest-neighbor classifier and
Table VI for the hybrid neural network classifier. As before,
each result is averaged over ten trials.

For the 11-1 database, the best result over the ten runs yielded
a 94.6% correct classification rate. In this case, 5.4% of the
frames were misclassified. For this best result, Table VII gives
an indication as to what types of errors were made. The first
column of the table shows how the system classified all Pose 1
frames. Here, 65.6% were correctly classified as Pose 1 (the
main diagonal gives the percent correct classification for each
pose); however, 5.6% were misclassified as Pose 2, 28.8% were
misclassified as Pose 3, etc.

E. Sequence Classification Problem

The goal here is to classify sequences of data at a time rather
than individual frames. Here, we assume that a preprocessing
is done to the video data in order to partition the frames into
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TABLE VI
PERCENT CORRECT CLASSIFICATION RATE FOR THE HYBRID NEURAL NETWORK CLASSIFIER

ON THE FOUR DATABASES. THE RESULTS WERE AVERAGED OVER TEN RUNS

TABLE VII
RESULTS OF THE HYBRID NEURAL NET ON THE SUBJECT 11 VIDEO. OVERALL CORRECT CLASSIFICATION RATE: 94.6%

sequences of constant pose. Since we did not implement such a
motion preprocessor, we used a best-case scenario and assumed
that an ideal motion detector was able to partition the given
database into exactly the same sequences as our ground truth.
We assume that the motion occurs in the five frames on either
side of the pose transition.

For example, for the 11-1 database, the ground truth indicates
that for frames 1–50, the driver is in Pose 3, and for frames
51–84, the driver is in Pose 4. Hence, the ideal motion detector
would indicate that in frames 5–45, the pose was constant (no

motion) and that motion occurred between frames 46–54 (as the
driver changed pose from 3 to 4). In the next segment, frames
55–79 would be considered constant pose, and frames 80–89
would be marked as motion frames.

As described in Section IV-B, the sequence classification
strategy involves classifying each frame in the given sequence
and then combining the results in order to assign a pose
class characterizing the entire sequence. Let ni be the num-
ber of frames in the sequence that were classified as pose
i, i = 1, 2, . . . , 7. We use a simple plurality rule combination
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TABLE VIII
PROBABILITY OF CORRECT CLASSIFICATION FOR INDIVIDUAL FRAMES AND FOR SEGMENTS

Fig. 13. Two frames of subject 11 showing (a) Pose 3 and (b) Pose 4. These
two poses are very difficult to distinguish even for a human operator.

strategy. That is, the sequence is classified as class i∗ when
that class appeared most often in the individual frames: ni∗ =
max{n1, n2, . . . , n7}.

Table VIII gives the constant pose sequence classification
rate Pseq and the frame classification rate Pframe for the four
databases after such an ideal motion detector is used. Notice
that the variance of results is much higher here than the frame
classification results.

VIII. DISCUSSION

A thorough analysis of the classifier outputs reveals that the
major sources of error are the following.

1) Indistinguishable poses—In some instances, not all seven
poses are clearly distinguishable from each other. Fig. 13
shows two different facial poses (Poses 3 and 4) of subject
11. Notice the visual similarity between the two images,
and indeed, they are both classified as belonging to
Pose 3. We believe a feasible solution to eliminate such

errors would be to more carefully select the training
samples and/or select a region of interest within the image
to do the training and the classification.

2) Transition poses—When a subject makes a transition
from one pose to another, there are frames in the interim
that may really not belong to either one of the poses, or it
may not even belong to any of the seven standard poses.
A case in point is the transition from Pose 3 to Pose 7,
where one or two of the intermediate frames could belong
to Pose 6. Fig. 14 shows a Pose 3 to Pose 7 transition
sequence. This problem is further compounded by the fact
that very few of the images used to train the classifier
are in these transition regions. A possible solution to this
problem is explicit inclusion of the so-called transition
poses in both the training and classification phases.

3) Incorrect true pose—When videos are truthed by a
human operator, certain types of errors are introduced.
Going back to the transition pose problem, the classifier
error rate is dependent on where (on which frame) the
human operator chose to separate the two poses. In
addition, pose transitions that are of very small duration
can (and often are) be completely missed. Such errors
and others were found to be present in the ground truth
produced by two different people. Using the existing
ground truth as a starting point, the video can be truthed
again to eliminate errors.

4) Image noise—Template matching approaches are sen-
sitive to changes in illumination and background.
Preprocessing measures (for example, histogram equal-
ization, cropping, etc.) can be used to try to mitigate these
types of noise. In addition, one can populate the memory
set with a rich set of prototypes, which are covering, as
much as possible, instances of the input noise that the
system is expected to handle. As mentioned previously,
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Fig. 14. Sequence of frames which shows subject 46 moving from Pose 3 to Pose 7. The ground truth for this sequence was determined to be [3, 3, 3, 3, 7, 7],
and the classifier output for this sequence was [3, 3, 3, 6, 7, 7].

Fig. 15. Sample images of subjects 11 and 46 showing various types of
occlusions.

the size of the memory set has to be chosen as the result of
a compromise between accuracy and computation time.

5) Wrong pose—Movement of the subject’s head can cause
large changes in both the position and/or the brightness
values of facial pixels. In addition, movements of the
subject’s hands to the face cause occlusions. Fig. 15
shows several examples. There is no obvious method to
overcome such errors.

IX. SUMMARY

The results in this paper show that the Fisherface represen-
tation shows much promise in terms of solving the difficult
problem of driver facial pose classification. Both the nearest
neighbor and the hybrid neural net classifiers provide favorable
results across a wide spectrum of images.

In a practical implementation of a pose estimation system, a
troubling problem to be solved is “How is the training data to
be collected?” One approach is for a human user to classify the
first few frames by hand. However, some of the poses are not
encountered until 1000 of frames into the video. What is needed
is a system confidence measure, and when the confidence falls
lower than a specified threshold, then the system will just add
that pattern to the database and ask the user to provide the
needed ground truth. In future work, we will devise schemes
for such a practical implementation.

In the present procedure, the training images are randomly
selected from all available video frames. Naturally, the more
training images used in the training set, the better the classifier
will perform; however, the higher dimensional feature vector
increases the classification time. A method is needed whereby
the training images are chosen—not randomly—but to maxi-
mize the discrimination ability of the classifier [25]. In future
work, we will investigate incremental and adaptive strategies
to systematically choose just the “right” number of training
images.

Finally, the present system requires that both the memory and
test set contain images of the same driver. An obvious needed
extension is the design of a system that is driver independent.
We plan to develop such systems and test whether the system

trained with the images of one driver can be used to reliably
classify test sets of many different drivers.
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