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Abstract

In this paper, we describe a method for estimating 3d pose of a human head from a 2d
monocular web-cam image. We propose a novel system based on existing computer vision
techniques for real-time head pose estimation, which can start and recover from failure
automatically without any previous knowledge of the user’s appearance or location and
keeping the user free of any devices or wires. The system is robust to large pose and
facial variations and to partial occlusions. With this setting a widespread use on different
machines e.g. computers or laptops is guaranteed. The head pose will be estimated
directly from the web-cam image appearance, leaving the user completely free of any
artificial markers or special glasses. Furthermore, this system estimates the orientation
in the 6 degrees freedom with an uncalibrated monocular camera. The system tracks a
person’s head pose at a reasonable distance without any camera calibration. Finally, the
experimentation on the proposed systems shows that it is accurate, fast (23 fps, 43 ms)
and is flexible to use in cases where classic approaches would fail.
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1 Introduction

Head pose estimation have been studied in numerous works in the literature [1]. It is often
required during runtime applications e.g. to detect and observe human-machine interaction
(HMI), to analyse user attention while driving and many other tasks. Since human head
orientation is an indication of a person’s gaze direction, estimating head pose can provide
critical feedback on commercial products and advertisement impact [1]. Most applications
claim real-time pose estimation which is robust to wide pose variations [1].

Estimation from 2D images is delicate to shadows, illumination, lack of features etc.
Nowadays, 3d depth camera technology e.g. Microsoft Kinect has reached a level of
reliability to overcome these problems. However, the few pose estimation methods are
often limited to a small pose range, need manual initialization, are not running in real-time
because of hight computational time or do not work for images with multiple faces [2].
Additionally they often need a training phase, require manual interaction (e.g. key-frame
selection) or a restart after complete occlusions of the field of interest [2]. Hence, a
number of studies focused on combining head and eye information for gaze estimation are
available in the literature [3] [4]. The work in [5] describes a real-time eye, gaze and head
pose tracker for monitoring driver vigilance. The authors use IR-light to detect the pupils
and derive the head pose by building a feature space from them. In addition, [6] improve
the accuracy of head pose estimation by considering the advantage of multiple camera
arrays and complex face models. They combine these two aspects in a probabilistic
setting within a mixed-state particle filter framework [7].

However, no study is performed on the feasibility of an accurate appearance-only gaze
estimator that considers both the head pose and the facial characteristics.
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2 Methods

The head pose estimation (HPE) system used in this work is based on a combination of
three different algorithms.
Firstly, before estimating the pose of the head, the user’s face in the image of the camera
has to be detected. This is solved by using OpenCV’s implementation of the Viola-Jones
detector [8] with an extended Haar-like feature set [9]. After having detected the face and
face features in the image, its location and size defines a rectangular region of interest.
Secondly, we generate a face template with information of the eyes, nose and mouth fea-
ture location [10]. The advantage of this implementation is that these features are not
greatly affected by facial expressions and have a low variation across users when com-
pared to other features like e.g. face contours. Furthermore, with a simple facial model
[10] we can do a first estimation of the head pose to do a full self auto initializing of the
HPE system.
Thirdly, we use the POSIT [11] algorithm to determine the pose of the head using at least
four non-coplanar 3D points on a model of the object and their two-dimensional projections
onto the image plane.

2.1 Face feature detection

The subject’s head orientation need to be detected automatically in the video stream.
Therefore the eyes, nose and mouth features must be detected for sure. There are sev-
eral different methods to detect the face by various image cues e.g. skin colour [12], [13],
edge patterns, image motion, and ellipse fitting [14]. In our algorithm the face and feature
locations are found by the Viola-Jones algorithm [15]. We used freely available trained
cascades [16] and [17] to detect the face, eyes, nose and mouth regions. These detectors
have been trained on a wide variety of training images, making the detection robust to a
wide variety of people with varying skin colour and general appearance. At the beginning,
the face detection is performed to constrain the face feature locations to areas inside the
face region. This operation increases the computational efficiency of feature detection by
limiting false-positive detections and by reducing the search area. The Viola-Jones method
[15] is based on the values of simple Haar-like operators, and a cascade of weak classi-
fiers. The required processing time needed to detect the face features is of approximately
3ms on a quadcore 2,4 Ghz computer.
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2.2 Face feature tracking

2.2 Face feature tracking

The evaluation of the feature movement is based on matching the template image within
a region of interest (ROI). Every time step the new feature location is updated to the
position with the best match in the video stream. After the face features have been found,
template images of the detected feature locations are captured and stored for subsequent
matching. The trained Haar-cascades used in this work [16], [17] have been trained on
frontal feature images. Consequently, they cannot be used to detect the features under
rotation.
Therefore, to initialize the system correctly the user simply needs to look straight at the
camera.To ensure that the template images are not initialized when the user’s front is
not facing the camera, the centroid of the triangle formed between the eyes and the
mouth is compared to the position of the detected nose tip. If the nose tip is within a
predefined distance of the centroid, then the person is considered to be in a frontal pose,
and the tracking system may be initialised. The maximum distance from the centroid is set
manually and allows for variations in human face appearance. Once the template images
have been extracted, the feature motion is estimated by matching the template over an
area of fixed size centred on the previous feature location. This method uses the simple
normalized sum of squared differences (NSSD) to compute image patch similarity.

The typical proximity between corresponding face features across frames allows the
template matching to be restricted to an area around the previous feature locations. From
the feature tracking alone, estimates of the head translation, scale and roll may be ex-
tracted. The translation may be estimated from the average feature locations in the image,
the scale may be estimated as a scale factor relative to the initial separation between
the features, and the head roll may be estimated from the angle the eyes make with the
vertical image axis.
In this work we consider the 3D method proposed by [10] since this is well suited for near-
frontal head orientations, where all the face features are visible. Moreover, this method
is more suitable for applications in which the user is directly facing the camera. The 3D
face model is made up of three world lengths: Lf , Ln and Lm which denote the eye-mouth,
nose-mouth, and the nose base-nose tip distances. The corresponding distances in the
image are denoted by small case letters.

The face is assumed to a plane passing through the eye and mouth feature locations,
and the facial normal is found by joining the nose base to the nose tip. The symmetry axis
is located by joining the midpoint between the eyes to the mouth, and the nose base is
located using the model ratio Rm = Lm/Lf . A further model ratio Rn = Ln/Lf is required for
the 3D model, however these two ratios needn’t to be calibrated manually for each subject
unless high accuracy is needed. The angle σ which the facial normal makes the vector d
normal to the image plane which is called the slant. This angle may be found by using the
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2 Methods

image measurements Θ, ln, ln, and the model ratio Rn = Ln/Lf . It can be shown that in
camera centred coordinates, the facial normal n is given by [10]

n = [sin(σ) cos(τ ), sin(σ) sin(τ ),− cos(σ)]. (2.1)

With this method we provide a stable and accurate method to initialize the HPE system
without any user interaction.

2.3 Head Pose Estimation

In this work we use the POSIT [11] [18] algorithm to determine the pose of an object using
at least four non-coplanar 3D points on a model of the object and their two-dimensional
projections onto the image plane. The feature points extraction method for suitable features
in the ROI is proposed by [19]. Furthermore, we need to be able to reliably track the
movement of all feature points over several successive frames.

Using the Pyramidal Lucas-Kanade Optical Flow algorithm [20], we can estimate the
motion of the features of two successive frames recorded by the webcam.
The algorithm uses the feature points that have been found in the ROI of the camera image.
The posit algorithm will only start if the initial process completely concluded. Therefore,
the user should look nearly frontally into the camera. After that we estimate their 3D
position in the coordinate system of a model of a human head. For ease and speed of the
calculations, the model of the head can be as simple as a cylinder [21], however we have
found a cylindrical model to yield poor results with significant errors in the estimation of the
rotation angles. Instead, we modified the shape of the cylinder slightly so that an axial cut
through it would form half of a sine wave [18].

Xi =
xi

w
− 0.5, (2.2)

Yi =
yi

h
− 0.5, and (2.3)

Zi = 0.5 · sin(
xi

w
· π). (2.4)

The model coordinates are calculated during the initialization phase using the coordinates
of the feature points xi , yi in the image plane and the width w and height h of the face
determined during face detection. We found this sinusoidal approximation of the front of
the head to give nearly perfect pose estimation results in the desired range of movement
when compared to our reference tracking system.

At some point, due to fast movements and due to occlusions or quick lighting variation
the tracking system fails. In the case features has been lost and the confidence of the other
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2.3 Head Pose Estimation

features is high, the face symmetry and geometrical proportions are exploited. Therefore
the system can detect tracking failure in two ways. Firstly, the best matching score be-
tween the template and the ROI is below a threshold or there is a significant change in the
distance and ratios between the features. The current implementation can recover from
single feature tracking failures and occlusions without having to go back to the feature de-
tection routine, if the person has returned to a near frontal pose. In the event that more
than one feature is lost or the model ratios between features has changed significantly, the
algorithm will return to the feature detection step.
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2 Methods

Figure 2.1: Sequence Diagram of HPE process

Figure 2.2: Face feature detection with head pose estimation. The pictures with the red boarder
shows the face feature detection algorithm. The pictures with the white boarder shows the HPE
algorithm results with the estimated view-vector.
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2.3 Head Pose Estimation

Figure 2.3: The facial model with the three world lengths Lf , Ln and Lm [10].

Figure 2.4: The facial model orientation in real world axes [10].
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2 Methods

Figure 2.5: Slant Calculation of the face model [10].

Figure 2.6: Feature Points, detected with the OPENCV framework [17].
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3 Results

This straightforward implementation of our head pose estimation algorithm certainly has a
few limitations. As we are tracking the movement of the feature points found during initial-
ization, the range of movement from the initial pose is restricted to about ±30◦ in azimuth
and ±15◦ in elevation. With the target scenario being a user sitting in front of a computer
monitor, we found this restriction to be acceptable as we assume the user is looking onto
the screen while using the system.
Furthermore, as the algorithm is relying on the accuracy of the estimation of the motion
vectors, it is sensitive to occlusions, changes in illumination and rapid movements of the
head. Again, we found this to be acceptable for our setting. For more demanding appli-
cation scenarios, we are confident that these shortcomings might be overcome with more
elaborate head pose estimation algorithms. Nevertheless, our implementation works with
sufficient accuracy and is very fast so that we are able to process the camera frames in
real time, i.e. faster than (23fps and 43ms), thus keeping the delay of the processing chain
to a minimum (7fps).

Figure 3.1: Mean Error in comparison with ar-track [22]

The results obtained from the professional ar-track [22] - pose estimation system com-
pared with our scenario demonstrate its applicability to a real-world. The MeanErrors over
a test sequence of 500 frames - 21 seconds

ROLL YAW PITCH
MEANError 1.4056 -0.9791 0.8163
STDError 5.2209 5.9485 3.0118

have been calculated.
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4 Conclusion

The monocular image capture device does not require calibration and easily achieves
real time performance, starts and recovers from failure automatically without any previous
knowledge of the user’s phenotype or location. It can operate in a wide range of constant
lighting conditions, but handling with drastic changes it is still a problem since template
images change considerably with varying illumination. In the current system, this problem
is solved when our algorithm detects failure and automatically re-initialises to capture new
template images under the changed illumination. In future work, a real head motion model
can be used to improve the pose estimation by predicting the next pose position from past
measurements. This would have the effect of smoothing the pose measurements and re-
moving outliers. More robust feature tracking may be achieved by matching the template
images against the regions of interest at various scales and orientations. This approach
could be extended to any affine transformation which would further improve the possibility
of finding a good match, thus enhancing the robustness of the tracker.
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