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Optimization-based Multi-view Head Pose Estimation for Driver Behavior Analysis
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ABSTRACT

Head pose estimation plays an essential role in driver behavior analysis for safe driving. Since a

single camera cannot accurately estimate head pose if the head moves to a large degree, we need to
deploy multiple cameras to obtain a larger view space to cover the head movements during driving. In
this paper, we present an optimization-based multi-view head pose estimation method that takes
advantage of the constraint relationship formed by the relative positions of the cameras and the driver's
head to fuse multiple estimation results and generate an optimized solution. The proposed method is
novel in the following ways: 1. it introduces the ideal pose constraint conditions for each view pose
self-adjustment, 2. it sets up the optimization goal of minimizing the average of the 3D projection error
in the 2D plane to guide pose estimated value adjustment, and 3. it determines the adjustment through
the iteration process for each view pose. The proposed method can improve the accuracy and confidence
of the system estimation through self-adjustment of each view’s pose estimation result by using the
proposed optimization rules. We verified the method by simulation and experiment and developed a

prototype to classify the driver's head movements to study the driver’s behavior.
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Introduction

The behavior of the driver is the most important thing
for safe driving, and head pose estimation, as a basis for
fatigue and visual distraction detection, has attracted the
attention of more and more researchers to reduce the
number of traffic accidents. Among them, the vision-
based method is widely used because it is non-intrusive,
easy, and less expensive. Usually the head pose has three
degrees of freedom (DOF) and can be characterized by
pitch, roll, and yaw angles (Fig. 1), which correspond to a
single rotation matrix. Vision-based 3D pose estimation is
used to find the proper rotation and translation of a head

from a 2D image.

Fig. 1 Three degrees of freedom of head pose.

Currently most head pose estimation methods can be
categorized into two types: model-based methods'® and
image appearance-based methods®!?. The former is
usually based on the correspondence between 2D facial
landmark points and the 3D head model’*® or on the
geometric features of those facial landmark points”®, The
image appearance-based method is used to estimate pose

directly through classification®!?, regression'¥, or
Manifold embedding'®, which in most cases can obtain

only coarse estimation.

The human head can be regarded as a sphere or cylinder.

When the head turns to a large degree, no matter which

method is applied, the estimation result is likely to be less

accurate because of the limited view plane of a single
camera. To obtain a larger viewing space, multiple camera
fusion solutions have emerged. Ren et al.'¥) pick up one
head image with minimum Yaw angle from multiple
cameras and calculate pose based on this image.
Ruddarraju et al.'> use a decision metric to switch from
one camera set to another. Jiménez et al.'® apply a
weighted sum as a fusion operation based on conventional
single-view head pose estimation. Michael Voit!? fuses
each result through scoring a pose hypothesis and finding
the best one. Most existing fusion methods do not consider
the camera’s position relationship as well as the accuracy
and confidence of the estimation values with different
pose angles.

In fact, the multiple cameras are relevant to each other
in a pose estimation system. Their stable position
relationship results in the head pose estimation under a
different view also having a certain correlation, which
provides the possibility of improving the overall pose
estimation.

In this paper, we present an optimization method to fuse
head pose estimation from multiple views. Firstly, the
ideal pose constraints between multiple views are derived
from the position relationship of the cameras. Then, with
the rotation matrix and projection as the bridge, each view
estimation result is adjusted by the ideal pose constraint
and constraint of the pose estimation from the image.
Through setting the optimized target, it is possible to make
the final head pose converge to the actual pose with the
desired accuracy as good as possible. Thus, both the
confidence and accuracy of the pose estimation are
improved.

The rest of the paper is organized as follows. In the next
section, single camera pose estimation method is given.
Section 3 introduces the proposed optimization-based
multi-view head pose estimation method. Section 4
presents the experimental result and finally conclusion is

given in Section 5.
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Single camera head pose estimation

2-1 Overview

In model-based pose estimation methods, the model
refers to the geometric relationship in which different
mathematical techniques can be used, such as analytical
perspective solutions (PnP), affine solutions (POSIT),
numerical perspective solutions, etc. These methods also
need to obtain facial landmark points from the 2D image
to describe face orientation. The known geometric
correspondence between the landmark points and the
model is the core feature of the model-based methods for

single view pose estimation.

2-2 Landmark point location and face

alignment

For a human face, the effective facial landmark points
are usually on the areas near face contours, eyebrows,
eyes, the nose, and the mouth. The locating of landmark
points is called face alignment. The ASM (active shape
model) is one of the most representative face alignment
methods'®, which provides a framework to use prior
knowledge from training samples to aid face alignment.
In the ASM, each face shape is interpreted by model shape
parameters, and it uses an iterative procedure to deform
the model example to find the best fit to the image of the
object by locally finding the best nearby match for each

1921)  have made

landmark point. Many researchers
improvements to the ASM, such as the AAM adding
texture constraint to enhance shape matching!?, using
SIFT descriptors to improve the local feature?®, or
reorganizing the ASM face model as a hierarchical
component model tree to solve the difficulties in shape
optimization in high dimensional parameter space?!.
Besides, more and more new methods?*?* have been
presented in recent years to obtain a better face alignment
result. Figure 2 shows an example of an ASM face

alignment result with 76 points.

Fig.2 Face alignment result with 76 landmarks.

2-3  POSIT and head 3D pose estimation

POSIT (pose from orthography and scaling with
iterations) can find the pose of an object from a single
image and does not require an initial guess. It is a widely
used model-based object pose estimation method'-1419),
It requires four or more point correspondences between
the 3D model and 2D image to calculate the object pose.

For single camera head pose estimation using POSIT,
an anthropometric 3D rigid model of a human head is
required. This can be acquired by a frontal laser 3D scan
of a physical model, but the sparse density is enough. In
this paper, five non-coplanar points on a human face are
picked up from the face alignment result for pose
estimation (Fig. 3), and the focal length in POSIT is
obtained through camera calibration. In our paper, the tip
of the nose is selected as the first 3D model point to
establish the object coordinate system to describe the head
3D model.

The POSIT pose estimation accuracy depends on not
only how well the 3D head model describes the current
human face but also the positioning accuracy of the
landmark points, which is also affected by the pose angle.
With the increase in the rotation angle of the head in three
directions, the corresponding estimation accuracy and

confidence gradually weakens.

Ricoh Technical Report No.42

48

FEBRUARY, 2017



Fig. 3 Five non-coplanar points corresponding to 3D
head model are used for POSIT head pose
estimation.

Multi-camera head pose estimation

3-1 Overview

Multi-cameras can obtain a larger viewing space than
covered by a single camera, which helps to track the head
when there are continuous pose changes. In a multi-
camera environment, each camera works independently,
and the pose estimated value has stochastic properties
associated with its pose. When all cameras face the same
person jointly, they become relevant to each other. Unlike
most multi-view pose fusion methods, our proposed
method not only takes into account the confidence and
accuracy of each estimated value under different pose
angles but also pays more attention to the relevance
among those cameras to improve both the confidence and

accuracy of the pose estimation.

3-2  Multi-camera deployment and ideal pose

constraint

To better capture the driver’s head during regular
activity, two cameras are deployed on each side of the
driver’s head, and they both face the driver. Once the
position of the cameras and the driver are fixed, a stable
pose difference is formed between the pose observed from
each camera. The difference between the estimated values
of the same object from a different view is called the ideal
pose difference, which represents a constant constraint
between the views. For example, Fig. 4 shows two

cameras that are symmetrically deployed, and the angle

between the camera and the head is 90°. When the face is
facing forward, the yaw direction angle obtained by the
left and right camera will be —45° and 45°. If the head
turns 10° to the left, the new angle for the two cameras
will change to 35° and 55°. They always keep a difference

of 90° between them.

e @

Fig. 4 Ideal pose constraint under different view.

Generally speaking, pose determination is equivalent to
the exterior orientation of a camera, that is, determining
the rotation and translation between the object coordinate
system and the camera coordinate system®>. Thus, we can
calculate the ideal pose difference in advance through
camera calibration. Each camera external parameter
obtained by calibration is the rotation matrix of the camera
coordinate respect to the world coordinate. Thus, firstly
the world coordinate system centered at the head is
established, and the left and right camera rotation matrices
R; and Ry can be obtained through the independent
calibration operation. Then, the rotation matrix R,z from
the left camera to the right camera can be calculated based
on R; and Rp. Finally, R;.r can be decomposed into pitch,
roll, and yaw angles through Euler angle calculation®® to
form the pose constraint CONST (pitch, roll, yaw).

Although each camera works independently, as part of
the multi-camera system, they are relevant to each other.
Thus, one can try to adjust each estimation value in a
certain range from the perspective of relevance to make it
meet a certain constraint. The adjustment is under the
control of the optimization objective. The rotation matrix
and projection are used as a bridge that connects the

optimization and the adjustment.
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3-3 Rotation matrix, projection, and

optimization objective

Each camera estimates pose independently and the pose
estimated value has stochastic properties associated with
its pose. For this reason, the ideal constraints between
multiple cameras are not guaranteed to be well every time.
Thus, we adjust each estimated value in a controllable
range to approximate the ideal pose constraint, while the
controllable range is constrained by images. The
estimated values, the image and pose constraint can be
associated by rotation matrix, 3D projection error, and
optimization goal.

A sequence of rotations around the pitch, roll, and yaw
direction can be represented as a 3 x 3 rotation matrix R,
and the pose of the 3D head is strictly a combination of its
orientation R (a 3D rotation matrix) and its position T (a
3D translation vector) relative to the camera. So, the pose
P=/[R|T]isa3 x4 matrix. Given a 3D point (X, ¥, Z)
of the head in the object coordinate system, their
corresponding projection point (x, y) in the image is

defined as

(x, )T =0+ fx * Xc /Z¢, y0 + fy * Yc/Zc)T (1)
Where (Xc, Ye, Ze)™= [RIT] (X, Y, Z)"

Here, (x0, y0) is the center point of the image, and (fx,
fv) is the focal length of the camera in the “x” and “y”
direction.

It can be seen that the adjustment of the pose rotation
angle can be reflected in the rotation matrix and is further
associated with image landmark points through 3D
projection. The distance between the 2D point re-obtained
from the 3D projection and the corresponding landmark
point detected in the image is called projection error. It is
usually used to verify the correctness of pose estimation,
and in this sense it is also considered as an image pose
estimation constraint. Figure 5 shows five projection

points with a 5° offset in the yaw direction.

Fig. 5 Green points are projected points with 5° offset in
yaw direction, and white points are original
landmark points.

Correction of each pose value should be carried out
between the ideal pose constraint and the image pose
estimation constraint. This forms our optimization goal:
to minimize the average projection error while keeping
each image projection error less than a threshold value. In
fact, the accuracy of pose estimation has special
probability distribution. The estimated value can be
considered as a sampling of the distribution; therefore, the
adjustment should be in a certain error range to ensure its
credibility.

It can be expected that the adjustment for different
views is different. Figure 6 shows that even with the same
rotation angle, the projection error is different for different
poses. It is a similar situation with the head model, and the

pose adjustment for each view will be non-linear in our

optimization.
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Fig. 6 Projection of equal interval grid sphere on 2D
plane. Each intersection can be considered as 3D
projection point.
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3-4  Optimization-based method for multi-

view pose estimation

To sum up, our multi-view pose estimation method is
actually an optimization calculation, which can be

described as below:

AAL*, AB* = arg Min 1 DA+ A, D) + F(B + AB, 1))

ALAB B

Meet condition

A+ AA + CONST ~ B + AB and
lZFL(AJFAA,J') < V,EZFR(BJFAB,J') <V
ns n s

Here, Fi(.)/Fr(.) is projection error calculation function
for left / right camera.

F(4 + A4, 1) = |[£,(4 + A4, 0P, — Pi(L)
Fy(B + AB, i) = |£,(B + AB, MP,) — Pi(R)|

Here, MPi is i-th head 3D point, and Pi(L/R) is 2D point
in left / right view image corresponding to MPi. fi(.) / fr(.)
is projection function for left /right camera

Though conventional single-view head pose estimation,
we obtain Pose 4 (yaw, pitch, roll) and B (vaw, pitch, roll)
from the left and right camera, the ideal pose constraint
CONST (yaw, pitch, roll) is known when the positions of
cameras and drivers are fixed. Our problem is to calculate
A A and A B, meet the condition of the ideal pose
constraint . The objective of optimization is to minimize
the average of the projection error ArglyiAnB YHFL(A+A
A,i) + FR(B+AB,i))/n ” for all landmark points
(including the left and right view image) in the 2D plane
while keeping each view image projection error less than
a threshold value V.

The simplest way to solve the optimization calculation
is to apply discretization and enumerate all the possible
combinations for A4 and AB. Since the optimization
process involves matrix computation instead of image
processing, it is not a time consuming operation.

The new value for pose A and B meet the ideal pose
constraint. They can be used to derive the same result for

the head pose relative to the front direction independently;

thus, two independent events become concurrent events.
According to the theory of probability, the system
confidence will increase accordingly. Figure 7 shows the
new flow chart for this optimization-based multi-view

head pose estimation method.

Calculate pose constraint for
multi-view cameras through
camera calibration

v

Estimate head pose for each
view camera

—

Adjust each pose rotation
matrix to meet constraint

b

Calculate average of 3D
projection error for all
matched points

/// T~
N _continue o Y

W

_— .
. Meet constraint?

Transfer head pose to world
coordinate system

v

{ Output result
e

Fig. 7 Flow chart of optimization-based multi-view head
pose estimation.

3-5 Calculation of each view pose self-

adjustment in optimization

An iterative searching method to solve the optimization
problem, which was inspired by the idea of half-interval
search, is given below. For example, with the calculation
in the yaw direction between the two cameras, since the
yaw direction in the projection only affects the X
coordinates, we can redefine the projection error based on
the difference in the X coordinates as a measure of

optimization.

Ricoh Technical Report No.42

51

FEBRUARY, 2017



Firstly, we calculate AD =B- A- CONST
Letn =0, S=4D, A=A
Then, enter into iterative processing.
while (S >= threshold V) {

n++;’

Select best solution A, based on optimization
objective and conditions from 3 candidates {An-1, An-
1S, Au-1-S}, each candidate C; should be valid, meet
condition, Ci >=min{A, A+ AD} and Ci <max{A, A+

ADY

S=5/2;
/
S is step length of each round of iteration.
If'§ < threshold V, stop iteration
So finally ,AA =An - A,
correspondingly AB =AA - AD

In the above process, 4 and B are still the pose values
obtained from the left and right cameras, each candidate
in iteration represents the new value after adjustment for
pose A. Accordingly, the new value for pose B is
determined under the ideal pose constraint; thus, the
average projection error for each candidate can be
calculated, and the candidate corresponding to the
minimum projection error can be selected as a better new
value for the current iteration. Since the process is iterated
until S is less than a threshold value V, V indicates the
accuracy for this method.

The adjustment of the other two directions can be

carried out in a similar manner.

Experiment analysis

To evaluate the proposed method, we set up an
experiment with three cameras placed at —30°, 0°, and 30°
in the yaw direction. Among them, the camera at 0°
represented the single camera system, and the other two
cameras formed the multi-view system. All cameras were
calibrated and individually estimated pose by the same
method using the same 3D model. The driver’s head

movement was limited to #45° in the yaw direction, and

we took 10 pictures every 15° for every camera. In total,
we collected 70 x 3 pieces, and all facial landmark points
were manually marked to eliminate error caused by
inaccurate location and to better show each algorithm
performance. We compared our method with the single
camera method and the Samsung patent method'. The
results show that our method is better than the other two
methods in improving accuracy. Fig. 8 shows each
average estimation error at different poses in the yaw

direction with ground truth facial feature landmarks.
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Fig. 8 Comparison of accuracy among three methods.

The confidence is also an important performance
indicator that shows how much the probability can
maintain the estimated value around the true value in a
given range. Considering the capacity of the sample was
not enough, the confidence was analyzed by sampling
simulation method. We assume each camera pose
estimation value obeys Gauss distribution and has
different deviation under different pose angles. Although
the simulation result is affected by assumed parameters,
we can still find the trend change in confidence improving
compared with the other two methods through trying
different parameter combinations. Figure 9 is one of the

simulation results with a failure number of 1000 samples.
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Fig. 9 Confidence simulation result with 1000 samples.

In addition to the experimental verification, we also
developed a simple prototype to show the concept of
vision-based driver behavior analysis. We captured image
and estimated head pose with POSIT, through voting in
short time. We divided the driver’s head status into five
kinds: front, left, right, etc. This prototype integrates five
models, the camera calibration, face and eyes detection,
face alignment, pose estimation, and behavior analysis.
Figure 10 shows some snapshots outputted by this
prototype.

Fig. 10 Snapshots of head pose estimation prototype.

4. Conclusion and future work

We have proposed an optimization-based method for
multi-view head pose estimation in the driving
environment. The core idea for the proposed method is to
use the relevance between different views and promote the
estimated values to adjust themselves in a certain range to
improve the accuracy and confidence. And the experiment
result confirms this idea from simulation and real
measurement.

During the optimization adjustment, if the image
estimation constraint cannot be effectively guaranteed, we
can relax the ideal pose constraint within a certain range
of accuracy and try again. If this attempt fails again, there
is at least one mistake in those independent estimators, so
the optimization method cannot be applied. In fact, the
setting of the multi-view system is not only for single
frame pose calculation but also more importantly for
tracking the head pose changes continuously. Thus, when
the confidence for a single estimation is not known, the
priori probabilities and the historical information at that
time should be considered together to decide which view
result is more reasonable. Therefore, to strengthen
collaborative tracking in the multi-view environment is

the main task for future work.

References

1) D.F. DeMenthon, L. S. Davis: Model Based Object
Pose in 25 Lines of Code, International Journal of
Computer Vision, Vol. 15, Issue 1-2, pp. 123-141
(1995).

2) B. H. P. Prasad, R. Aravind: A Robust Head Pose
Estimation System for Uncalibrated Monocular
Videos, Proc. 7th Indian Conference on Computer
Vision, Graphics and Image Processing, pp. 162-169,
ACM (2010).

Ricoh Technical Report No.42

FEBRUARY, 2017



3)

4)

5)

6)

7)

8)

9)

10)

11)

12)

13)

14)

15)

16)

P. Martins, J. Batista: Monocular Head Pose
Estimation, Proc. 5th ICIAR, pp. 357-368, Springer
(2008).

T. Petersen: A Comparison of 2D-3D Pose Estimation
Methods, Aalborg University (2008).

PR, BRI BL T2 R 3D NG B Al
5, ChEBEBEZZmRD) , Vol 13, No. 7
(2008).

ERWNHE, #A: JET 05 S A e Fn 2 M [m] 9 3D
MNELEEAG I, GHEALRIATD | Vol. 26, No. 12
(20006).

HATCZE, VEMIE: PUEA AR BRI K A
R, BRI 5 ANTEHED |, Vol. 19, No.
(20006).

EERE: AT AEG T FREE NI LS
7, CGFEHLRGNAD |, Vol. 20, No. 4 (2011).
T. Vatahska, M. Bennewitz, S. Behnke: Feature-
based Head Pose Estimation from Images, Proc. 7th
IEEE-RAS International Conference on Humanoid
Robots (2007).

Z. G. Yang et al.: Multi-view face pose classification
by tree-structured classifier, [EEE International
Conference on Image Processing, Vol. 2 (2005).
X, B, o JERRARERE I T RORRS
SLERZEAETE, THREHLILAR, Vol. 34, No. 10 (2008).
K3, B2, Dot @A “HrHOGS-CS-LBPHY
LESR AR, BRERG K, Vol. 10, No. 5
(2015).

JOHEE, BRBUE: WS 5 IELMERIA 45 & 1)
ARG, T EE BT TR, pp. 1002-1010
(2012).

RS, VB, &FW: — MLk 3
%} J71E, CN 102156537 A (2010).

R. Ruddarraju et al.: Fast Multiple Camera Head
Pose Tracking, Vision Interface (2003).

P. Jiménez et al.: Face tracking and pose estimation
with automatic three-dimensional model construction,
Computer Vision, IET, Vol. 3, Iss. 2, pp. 93-102
(2009).

17)

18)

19)

20)

21)

22)

23)

24)

25)

26)

M. Voit: Multi-view Head Pose Estimation using
Neural Networks, Proc. 2nd Computer and Robot
Vision, IEEE (2005).

T. F. Cootes et al.: Active Shape Models-Their
Training and Application, Computer Vision and Image
understanding, Vol. 61, No. 1, pp. 38-59 (1995).

T. F. Cootes et al.: Active Appearance Models, /EEE
Transactions on Pattern Analysis and Machine
Intelligence archive, Vol. 23, Issue 6, pp. 681-685
(2001).

S. Milborrow, F. Nicolls: Active Shape Models with
SIFT Descriptors and MARS, Computer Vision
Theory and Applications (VISAPP) (2014).

REMRIR: — b AR 5507 1R 26 B M p1 7% CN
201610963243.4 (2016).

L. Liang, F. Wen, J. Sun: Face Alignment Via
Component-Based Discriminative Search, US patent
8,200.017 B2 (2012).

S. Ren: Face Alignment at 3000 FPS via Regressing
Local Binary Features, Computer Vision and Pattern
Recognition (CVPR) (2014).

S. Z. Zhu et al.: Face Alignment by Coarse-to-Fine
Shape Searching, Computer Vision and Pattern
Recognition (CVPR) (2015).

I. Lopez et al.: Pose estimation from 2D to 3D for
computer vision in an assembly node, CTB500-02-
0000 (2002).

G. G. Slabaugh: Computing Euler angles from a
rotation matrix, http://www.staff.city.ac.uk/~sbbh653/
publications/euler.pdf (accessed 2016-10-05).

Ricoh Technical Report No.42

FEBRUARY, 2017



