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Various applications of human-computer interaction are based on the estimation of head pose, which
is challenging due to different facial appearance, inhomogeneous illumination, partial occlusion, etc. In
this paper, we propose a deep neural network following the Coarse-to-Fine strategy to estimate head
poses. The scheme includes two branches: Coarse classification phase classifying the input image into four
categories, and Fine Regression phase estimating the accurate pose parameters. The two sub-networks
are trained jointly. To tackle the problem of insufficient annotated data in training process, we design a
rendering pipeline to synthesize realistic head images and generate an annotated dataset with a collection
of 310k head poses. The results on benchmark datasets and synthetic dataset validate the effectiveness
of our approach, as well as the results on images with diverse illumination, occlusion, and motion blur.

Moreover, our method can be easily extended to estimate head poses on depth images.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Head pose estimation has been applied to broad applications
in human-computer interactions, e.g. gaze detection, driving assis-
tance, disabled assistance, and entertainment. Head pose is also
used to understand human attention, behavior or intention, which
has been studied and examined extensively in cognitive psychology
and neurophysiology community [1].

Over the past several years, head pose estimation remains an
attractive research topic, since it is still challenging due to the di-
versity of the head appearance caused by the head motion and var-
ious head pose changes, such as facial texture, inhomogeneous il-
lumination, partially occlusion, etc. A number of algorithms have
been proposed to address the head pose estimation problem, and
a good survey can be referred to [2].

In general, the existing approaches can be divided into two
streams: classification and regression. Classification approaches aim
to classify the head pose into a discrete space, that is, estimat-
ing the head pose by assigning a discrete pose category label to
each input. These approaches are relatively robust to large head
pose variation but with sparse solution space, e.g. 15° intervals for
each category. On the other hand, regression approaches usually
estimate head pose by fitting a regression model on training data
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to output continuous angles. The results of these regression ap-
proaches can reflect small changes of head pose. However, employ-
ing individual regression model for accurate continuous head pose
estimation increases model complexity.

To address the challenge, we approach our method in a coarse-
to-fine manner, which leverages the robustness of the classifica-
tion method and the sensitivity of the regression method to small
changes of head pose. In particular, we first determine the specific
category of the input image, thus narrowing down the solution
space. Then a regression network is selected on the basis of the
output category to estimate accurate pose parameters. The coarse-
to-fine cascade enables our approach to increase the robustness
of head pose estimation without increasing the model complexity
and the difficulty in training process of the traditional regression
networks. The two sub-networks are achieved via a deep learning
model and share the same full-image convolutional feature map
and perform joint learning, thus achieving computation efficiently.

Although, CNN techniques have shown good performance on a
number of tasks, a major challenge on their application for head
pose estimation is obtaining sufficient annotated head pose data,
especially the data with variations of head appearance (e.g. ex-
pression, race, age, and gender), and environmental factors (e.g.
occlusion, noise, and illumination). Previously released head pose
datasets, such as Biwi Kinect Head Pose Dataset [3] and Pointing’04
dataset [4], consist of around 15k and 3k images, respectively.
The limited amount of annotated head images in these datasets
makes it hard to apply CNN techniques. We devise an approach for
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synthesizing realistic head pose images with annotations to over-
come the obstacle of insufficient annotated data in head pose esti-
mation.

Our main contributions are summarized below:

(1) A new deep learning framework following the coarse-to-fine
strategy for estimating head pose. We model the estimation
with a cascade Coarse-to-Fine process, where the accurate
pose parameter estimation is followed by rough pose clas-
sification. Both tasks are achieved via deep learning models,
which share the same full-image convolutional feature map
and perform joint learning. The proposed method spread the
network complexity and training burden of traditional re-
gression networks.

(2) Synthetic head pose image generation. A synthetic head pose
image rendering pipeline is introduced in our approach for
breaking the limitation of head pose image quantity, increas-
ing the diversity of the head pose images with high resolu-
tion (e.g., different illumination conditions, motion blur, and
occlusion), and helping to improve the performance of es-
timation results. In addition, we conducted an experiment
to verify the compatibility between synthetic data and real
data. We generate a dataset with a collection of 310k head
pose images.

(3) Easily expandability and promising head pose estimation re-
sults. The trained head pose estimation network yields very
promising results on both synthetic dataset and real dataset.
Moreover, the proposed deep learning framework and image
rendering pipeline can be easily extended to handle the task
of depth head pose image estimation.

2. Related work

Head pose estimation is an important topic in human-computer
interaction, computer vision, and virtual reality that has attracted
much research attention. Since the head pose data determines
the human visual field, it can be efficient and intuitive applied
to control 3D avatars, devices, or products. Head pose can also
serve as an important pre-processing step for further analysis
of gaze estimation [5,6], human-object interaction understanding
[7-9], and human-robot interactions [10]. We review some repre-
sentative work closely relevant to our problem.

2.1. Head pose estimation

Spurred by the growing demand for human-computer interac-
tion, this field made large progress in the last years. There are
two basic approaches currently being adopted for head pose es-
timation: classification-based approaches and regression-based ap-
proaches. The survey of [2] well-summarized head pose estimation
techniques.

The classification methods learned a mapping between images
and a discretized space of poses. Given a new image, the classi-
fiers assign it to a discrete class [11]. Since the majority of such
methods have discretized outputs, only allowing coarse head pose
estimation, it is difficult to derive a reliable continuous estimation
from the results.

Different from classification methods, regression methods esti-
mate head pose by learning a functional mapping from the image
space to one or more pose directions [12,13]. The allure of these
approaches is that with a set of labeled training data, a model
can be built to provide a precise pose estimation for any new data
samples. Due to the breakthrough results achieved by deep learn-
ing technologies in many research field, Zavan et al. [14] proposed
an automatic pipeline based on convolutional neural networks for
detecting different facial regions, processing them, and combining

the results generated from each, resulting in a robust head pose
estimation and gender recognition. And some recent work can es-
timate head pose with high accuracy and perform in real time
[15,16].

With the development of sensing technologies, such as Time-
of-Flight sensors and the Microsoft Kinect, excellent capability and
flexibility in capturing RGB-D images are provided. New methods
involving both RGB and depth images are emerging. Hong et al.
[17] formulated and solved head pose estimation as a multi-task
learning problem, which was based on combining different types
of features (i.e., features extracted from RGB images and depth im-
age, respectively) with manifold learning method and multi-modal
relationship mapping, thus improving the estimation performance.
Such multi-modal learning formulation can also be used to solve
clic prediction for web image reranking [18], and the manifold
learning methods can be applied to human pose recovery [19,20],
3D object recognition [21], and scene recognition [22].

In comparison with these previous estimation methods, this pa-
per focuses on combining classification and regression methods to
address the head pose estimation task. More concretely, we use
classification network to narrow down the solution space and use
regression network with low computational complexity to estimate
accurate parameters. We also prove that our method can be easily
extended to solve the depth head pose estimation.

2.2. Coarse-to-Fine strategy

Lately, the Coarse-to-Fine strategy is proposed to improve the ef-
fectiveness and performance of many tasks, i.e., aiming to estimate
the parameters roughly in the coarse stage and obtains precise pa-
rameters in the fine stage.

For image classification, Zhang et al. [23] learned a Visual-
Semantic Tree to organize image categories hierarchically in a
coarse-to-fine manner. In face detection tasks, some researchers
proposed to combines classifiers in a cascade structure [24], which
allowed background regions of the image to be quickly discarded
while more computation was spent on promising face-like re-
gions. Pavlakos et al. [25] employed a step-wise approach to pre-
dict human pose, which consists of a convolutional network for 2D
joint localization and a subsequent optimization step to recover 3D
pose.

To estimate head pose, Wu et al. [26] proposed a two-stage
scheme based on the rationale that visual cues of head pose
had unique multi-resolution spatial frequency characterization and
structural signature. In the first stage, they projected the head
image to a Gabor wavelet transform subspace and determined
whether the true pose located in the subset. In the second stage,
they used a structural landmark analysis in the transformer do-
main to refine the estimation.

Inspired by previous works, we propose a cascade CNNs in a
Coarse-to-Fine framework to estimate head pose. In particular, we
use the classification method in the coarse phase to narrow down
the solution space and output a rough range in which the true
pose is located. In the fine phase, we use the regression method
to estimate the true pose from the small range of head pose con-
strained by the first phase output. Therefore, our proposed method
spread the network complexity and training burden of the tradi-
tional regression networks.

2.3. Synthetic dataset

In the past decades, researchers have made impressive progress
on 3D object modeling and synthesis. Synthesized data has been
applied for deep network training in many computer graphics and
vision tasks, e.g., autonomous driving [27], license plate recognition
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Fig. 1. Architecture of our deep estimation model. It consists of two phases: Coarse Classification phase and Fine Regression phase, which share several convolutional layers
at the bottom. The two networks share several blocks borrowed from the first 21 convolutional blocks of GoogLeNet [34].

[28], 3D reconstruction [29], scene understanding [30], human de-
tection and pose estimation [31], and medical image segmentation
[32] and detection [33], which have proved that synthetic data can
help to achieve good performance.

In the follow-up phase of the study, we find that the head
pose datasets (e.g,. Biwi Kinect Head Pose Dataset [3] and Point-
ing’04 Dataset [4]) are not sufficient for training a deep network
due to the limited variation, the number of available samples, and
partially incomplete annotation. Therefore, we devise a rendering
pipeline to synthesize head poses with precise angles consider-
ing different gender, race, and age. During the generating process,
we consider both head structure and face texture, which needs a
more complex and detailed geometric structure than the genera-
tive models used in the previous works.

3. Approach

In this paper, a head pose is parameterised as three angles
of head orientation ® = (6, 6y,6;), 0y € [-75°,75°], Oy € [-50°,
50°], 6r € [-20°, 20°] [35]. 6), Oy and O, represent the pitch, yaw,
and roll, respectively.

We model head pose estimation in a coarse-to-fine framework,
which first classifies the input image into one of the four categories
of head poses, and then a regression network is applied to estimate
the final parameters of head pose. The estimation algorithm is de-
composed into two cascaded deep learning stages, namely, Coarse
Classification phase and Fine Regression phase. As demonstrated in
Fig. 1, these networks share several convolutional blocks in the
bottom and perform joint learning for head pose estimation, which
will be detailed in the following sections.

3.1. Coarse classification

In this section, we introduce our model for roughly estimating
head pose (the Coarse Phase in Fig. 1). The bottom of the classifica-
tion network is a stack of convolutional layers, which are borrowed
from the first 21 convolutional blocks of GoogLeNet [34]. We de-
fine four categories to narrow down estimation range. Thus this
network takes a head image as input and outputs a specific clas-
sification result. After that, the final estimation result is obtained
within the certain category based on a regression network.

Category. According to the sign of three angles of orientation,
we classify head poses into four categories. As shown in Table 1,
the labels are defined as £ = {L;, L,, L3, L4}. The reason that we ig-
nore the roll angle is that the change of head appearance along the
roll axis is not obvious. Thus splitting the space of roll angle will
increase classification error, which will be propagated to the re-

Table 1
Head pose category definition. The angle range of roll
(6,) is fixed as [—-20°, 20°] throughout all categories.

Label  Range of pitch (f,)  Range of yaw (6y)
L [0, 75°] [0, 50°]

L, [-75°,0) [0, 50°]

L3 [-75°,0) [-50°,0)

Ly [0, 75°] [-50°,0)

gression phase and will result in performance degradation. There-
fore, we just take pitch and yaw angles into account. We conduct
evaluations of our classification strategy in the section of the ex-
periment.

Loss function. We build a fully-connected layer and design a new
linear Softmax classifier for the sub-spaces classification. The new
Softmax classifier is trained on data with category annotations.

The goal of training a CNN is to maximize the probability of the
correct class, which is achieved by minimizing the softmax loss.
Let C = {(x;,y;)|i € [1, N]} be the training set. Each image x; is as-
sociated with a label y; €[1, K], where K = 4. The softmax function
is a normalized exponential and is defined as:

Zj

e
Yk €%
where z is the vector that is cast to the softmax layer. The denom-
inator Y§_, €% acts as a regularizer to make sure that Y_5_, y; = 1.
As the output layer of a neural network, the softmax function can
be represented graphically as a layer with K neurons.

for j=1,....K (1)

yi=0j) =

3.2. Fine regression

With the obtained category by the classification network, a re-
gression network is applied to estimate the final head pose param-
eters. We achieve this via a regression network, which takes the
1024-D feature vectors extracted by the share convolutional layers
as input, and outputs the head pose parameters, i.e., pitch, yaw,
and roll (the Fine Phase in Fig. 1). The bottom of the regression
network is the first 21 convolutional blocks of GoogLeNet. We train
four regression networks simultaneously, that is, each sub-space in
Coarse Classification has a corresponding regression network.

Regression Architecture. The bottom of the regression network
is the first 21 convolutional blocks of GooglLeNet. On the top of
the last convolutional layer, we adopt a three-layer regression net-
work to estimate the final outputs. This regression network con-
tains 3 convolutional layers with a kernel of 5 x5 pixels, and 3
max-pooling layers with a kernel of 2 x 2 pixels. The stride of
convolutional layers is set to be 1 and 2 in the pooling layers.
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After each convolution layer, we use ReLU to accelerate conver-
gence. Subsequent to the convolutional layers, there are 2 fully-
connected layers with 300 hidden units. Moreover, we initialize all
weights in each convolutional layer by a zero-mean Gaussian dis-
tribution with a standard deviation of 0.01 and use XavierFilter to
initialize the weights in fully-connected layers. To alleviate overfit-
ting and enhance the robustness of the CNN model, we employ
“dropout” method and set different probabilities in each hidden
layers. In the output layer, there is a linear activation function to
predict the parameters of head poses ®. We train the regression
network using stochastic gradient descent.

Loss function. We use Euclidean loss (the sum of the individ-
ual losses) to measure the distance between ground truth and the
predicted value. To avoid the risk of scale unbalance in the net-
work, we add sigmoid operation before the Euclidean loss. Oth-
erwise, the network optimization will crash due to a gradient
overflow problem. Let R = {(x;, ©®;)|i € [1, N]} be the set of train-
ing data, where x; denotes an RGB image and ©; represents the
corresponding ground truth (® = (0p, 6y, 6;), 0y € [-75°,75°], 6y €
[-50°, 50°], 0, € [-20°, 20°]). We define the following loss func-
tion and cast the problem of training as a minimization problem:

w* = arg min L(w)
w
— argmin & f(xis W) + Ar(w), @)
w N

where A is the parameter of weight decay, and r(w) is the regu-
larization term (L2-norm) that penalizes large weights to improve
generalization. This is achieved by minimizing the loss term be-
tween the prediction angles and the corresponding ground truth.
flx;; w) is a term of the loss defined as:

Floxs w) = 311 G w) — O3 3)

where term 1/(x;; w) is the predicted value of x; with the network
weight w. Note that A determines the trade-off between Euclidean
loss and large weights.

3.3. Synthetic head pose generation

In this section, we discuss how to obtain a large number of
head pose images with precise annotations by rendering tech-
niques. The synthetic data overcomes the barrier of limited data in
the training process and enables CNN techniques to achieve good
performance.

3D Head. The 3D head models used in our approach show var-
ied textures and geometrical structures. We use a commercial soft-
ware FaceGen to generate such models. This software reconstructs
3D models by computer vision techniques. In total, we generate
300 3D head models which involve different genders, races, and
ages.

Rendering. We use Unity 3D engine to render RGB images for
each head model automatically. The head model is imported into
Unity 3D and placed on a virtual ground. In order to simulate the
process of obtaining real data, we place the camera at a fixed po-
sition and set the relative distance between the head model cen-
ter and camera center within a certain range which is generated
randomly and limited from 800 to 1300 mm. We render from a
perspective view to get realistic head images. In this virtual scene,
the head model is rotated with sampled angles that follow a uni-
form distribution. The angles are used as the pose ground truth of
synthesized head images. The pipeline is illustrated in Fig. 2.

It is still challenging to mimic real data. The synthetic data has
no noise, whereas noise is very common in real data, which leads
to a subtle appearance difference between the synthetic data and
real data. To mimic the effect of noise, we add Gaussian noise to

each generated image to simulate the sensor noise in the imaging
process, similarly as in [36].

3.4. Implementation details

Training. Two datasets: our synthetic data and Biwi Kinect Head
Pose Dataset, are used for training our model. The images in these
two datasets are annotated with different categories and specific
parameters (pitch, yaw, and roll). There are 260k synthetic images
and 15k real images in total. Before feeding the input images and
ground-truth to the network, the images are preprocessed by crop-
ping to keep the face region only [37]; resizing to 256 x 256 pixels;
converting to grayscale. For all training process, we use the same
split strategy of data that includes both synthetic images and real
images, 80% for training and 20% for testing.

Our two sub-networks are trained simultaneously. In each
training iteration, we use a min-batch of 128 images, 64 of which
are annotated with the groundtruth category labels, and the rest
with pitch, yaw, and roll groundtruth. The whole training scheme
of our model is presented in Fig. 3(a). The conv1 to conv21 blocks
are shared between both tasks of classification and regression si-
multaneously using all the images in the batch. For the layers spe-
cialized for each sub-network, they are trained using only those
images in the batch with the corresponding ground-truth. Con-
cisely, in Fig. 3(a), we just illustrate one regression network as a
representative of the regression phase.

Both classification and regression networks are initialized from
the weights of GoogLeNet, which is pre-trained on the large-scale
image classification dataset, ImageNet, with 1M images. The learn-
ing rate is set to be 0.01, weight decay is 0.0005, and momentum
is 0.9. The network was trained over 40k iterations. Moreover, we
use a GPU-based engine and optimize the network parameters us-
ing asynchronous stochastic gradient descent.

Testing. While our two sub-networks are trained in parallel,
they work in a cascaded way (see Fig. 3(b)) during testing. Given
an input image for estimation, we first classify the head pose into
one of the four defined categories. Then one regression network
is selected according to the category to estimate the final param-
eters of the head pose. Since the two initial convolutional blocks
are shared between the classification and regression networks, we
directly feed the convolutional feature into the selected regression
network.

4. Experiments

We implemented our approach and conducted experiments on
a Linux machine equipped with an Intel i7-5930K CPU and an
Nvidia GeForce GTX 1080 GPU.

4.1. Dataset details

We evaluate our approach on both synthetic dataset and real
dataset: synthetic images from our generated dataset, real images
from Biwi Kinect Head Pose Dataset [3], Pointing’04 dataset [4] and
Boston dataset [38]. To further verify the potential of the synthetic
images when facing the dataset bias problem, we conduct analy-
sis between the synthetic data and real data. Please refer to sup-
plementary material for exemplary images and detailed analysis of
these datasets.

Synthetic dataset: There are 310k RGB images totally, which are
generated from 300 3D head models (200 males and 100 females).
The RGB images have a resolution of 640 x 480 pixels. After crop-
ping, the face image has 90 x 110 pixels. As shown in Fig. 4, the
head pose range covers =+ 75° of pitch, 4+50° of yaw, and 420° of
roll.
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Camera view

Fig. 2. The pipeline for generating synthetic head pose images. The 3D head is rotated along the pitch, yaw and roll axes based on the randomly generated ground truth.
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Fig. 3. Schematic diagram of our model in training (a) and testing (b). (The real dataset in (a) includes Biwi Dataset, Pointing’04 Dataset, and Boston Dataset.)

Biwi dataset: This dataset contains 15.7k images taken from 20
people. Each image has a resolution of 640 x 480 pixels, and a face
typically consists of 90 x 110 pixels. The head pose range covers
+50° of pitch, +£75° of yaw and +20° of roll. Additionally, to the
best of our knowledge, this is the only released dataset that con-
tains both RGB and depth images, which are shown in the first line
of Fig. 5.

Pointing’04 dataset: This dataset contains 2.7k images taken
from 14 people, who wear glasses or not and have varied skin col-
ors. The head pose is represented by two angles: pitch and yaw.
Each angle is a discrete value which varies from —90° to +90°. The
yaw has an interval of 15°, and the pitch has an interval of 15° and
30°. The dataset is demonstrated in the second line of Fig. 5.

Boston dataset: This dataset contains 14.4k images taken from
5 male. The ground-truth of each image changes continuously on
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pitch, yaw, roll. The range of these three angles covers +20°. Some
examples are shown in the last line of Fig. 5.

Analysis: The presence of a bias in data collection has recently
attracted a lot of attention in the computer vision community
showing the limits in the generalization of any learning method
trained on a specific dataset. To further verify the potential of the
synthetic images when facing the dataset bias problem, we con-
duct an analysis on the existing dataset with continuous annota-
tions (Biwi Dataset). We randomly extracted a sequence from the
synthetic dataset and Biwi Dataset respectively, and visualized the
distributions of each angle (i.e., pitch, yaw, and roll), which are pre-
sented in Fig. 6. The distribution of our synthetic data is uniform
across each angle value of pitch, yaw, and roll respectively. On the
contrary, the distribution of real data is mainly concentrated on
certain angle values.
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Biwi
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Boston  Pointing’04
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Fig. 5. Exemplar images from different datasets. We evaluate Coarse Classification Phase on three kinds of real datasets: Biwi Kinect Head Pose Dataset, Pointing’04 Dataset

and Boston Dataset.
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Fig. 6. The distribution of synthetic data and real data across each angle value, respectively, i.e., pitch, yaw, and roll. Obviously, the distribution of our synthetic data (vertical

axis) is more uniform over the range of values for each angle (horizontal axis).

Table 2

Comparison of different classification strategy on both synthetic dataset and real
datasets. Each row demonstrates the accuracy of one classification strategy, when tak-

ing different angles into account.

#  Category (0p, 0y, 0r)

Accuracy (Synthetic images)

Accuracy (Real images)

1 (L) 76.95%
2 (o) 99.92%
3 (V=) 65.25%
4 (=) 68.79%
5 (Vm) 98.1%
6 (o) 98.50%
7 (=) 77.47%

37.14%
92.35%
59.33%
62.16%
92.03%
91.46%
61.38%

4.2. Evaluation on coarse classification

Classification strategy. To further verify the efficiency of the clas-
sification strategy, we design six baselines, each of which corre-
sponds to different category definition. As shown in Table 2, each
row shows the accuracy of one classification strategy when tak-
ing different angles into account. The considered angle is marked
by a tick on the corresponding column. The sign of each consid-
ered angle determines how to define categories. On the first row,
there are 8 categories, where the solution space is split into eight
parts according to the sign of pitch, yaw, and roll. For the 2nd to
4th rows, there are four categories on each row. For the 5th to 7th
rows, there are two categories on each row.

For the network of each baseline, we train the network with
synthetic images and real images with different labels. For testing,

we use the remaining 10k synthetic images and 20k images from
Biwi Dataset (10k), Pointing’04 Dataset (2k) and Boston Dataset
(8k). All input RGB images are resized to a fixed size of 256 x 256
pixels. Table 2 illustrates the comparison results, which shows that
the second strategy achieves the best performance with an aver-
age accuracy of 99.92% and 92.35% across the synthetic and real
dataset respectively. It is clear that the performance of strategies
considering the roll angle does not achieve satisfactory results.
This is mainly due to the fact that the range of roll angle is rel-
atively narrow and the head appearance along the roll axis is not
obvious.

Head pose classifier. We test three classification models includ-
ing AlexNet, VGGNet, and ResNet-50 on 10k synthetic images and
around 13.8k real images (5.7k from Biwi Dataset, 0.7k from Point-
ing’'04 Dataset, and 6.4k from Boston Dataset). As illustrated in
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Table 3

Performance of head pose classification in Coarse Classification phase on different networks.

Method Synthetic Dataset ~ Biwi Dataset  Pointing’04 dataset  Boston Dataset
AlexNet 99.89% 80.91% 76.71.% 71.75%
VGGNet 92.30% 84.02% 69.29% 80.05%
ResNet-50 98.88% 89.63% 89.00% 90.45%
Our method ~ 99.92% 90.16% 89.86% 92.86%

Table 4

The mean error (ME) and standard deviation (STD) of head pose estimation on the real
dataset (Biwi Dataset), expressed in degrees. The result in each cell of runtime repre-
sents computational estimation time for each head pose image measured on the same
machine equipment. Note that, we only list the computation time of the methods that
estimate all three head pose parameters (i.e., pitch, yaw, and roll).

Method Pitch error (°)  Yaw error (°)  Roll error (°) Runtime (ms)
ME STD ME STD ME STD

Drouard et al. ~ 8.85 9.97 8.7 9.0 - - -

Ricci et al. 10.5 - 9.1 - - - -

Liu et al. 1135 8.29 9.65 8.04 1042 581 049

Ahn et al. 11.89 1435 712 11.71 1278 966  0.68

Our method 5.48 3.23 4.76 4.33 429 330 056

Table 5

Performance of different training dataset in both Coarse Classification phase and Fine Regres-
sion phase on real dataset (Biwi Dataset). The regression results are visualized by mean error
(ME) and standard deviation (STD), expressed in degrees.

Phase Method Testing on Biwi Dataset
Classification Phase  Baseline | 64.71%
Baseline 11 59.47%
Our method  90.16%
Pitch error (°) Yaw error (°) Roll error (°)
ME STD ME STD ME STD
Regression Phase Baseline III 16.47 1014 614 8.32 2111 4,75
Baseline IV 29.51 1219 5,51 1456 2247  3.01
Our method 5.48 3.23 476 433 4.29 3.30

Table 3, the quantitative results of our method with the shared lay-
ers from GoogleNet are more accurate than other models.

Additionally, comparing the performance of our network with
different training data: synthetic data only and real data only, the
improvement of testing on the real dataset is significant: 64.71%
(synthetic data only), 59.47% (real data only) — 92.35%, which
shown in Table 5. The improvement verifies the effectiveness of
our synthetic data, and also demonstrate the compatibility be-
tween synthetic data and real data on classification task.

4.3. Evaluation on fine regression

We adopt the testing set of Biwi Dataset for evaluating the per-
formance of our regression network.

We compare our method to four state-of-the-art methods
[15,16,39,40]. We opt for the mean error and the standard devia-
tion of error metric, which is the commonly used evaluation crite-
rion in head pose estimation. The results are illustrated in Table 4.
In each cell, the first value refers to the mean error of pitch, yaw,
and roll angle, respectively. The second value represents the stan-
dard deviation of error. It is clear that our regression network
achieves impressive results on Biwi Dataset even with a relatively
simple network architecture: the mean error is under 5.5° for all
of the three angles, with a small standard deviation under 4.5°.

Moreover, we also compare the performance of our regres-
sion network with only real data during the training process. The
testing results on Biwi Dataset exceed the acceptable range, i.e.,
29.51+12.19 shown in Table 5, which is due to the insufficient
real datasets for training a deep network. Images from these real

datasets suffer from the limited variation and number of available
samples. Not surprisingly, the reported results demonstrate signifi-
cant improvement when training with both synthetic and real data,
thus verifying the compatibility between these two types of data
consequently.

Overall, our two sub-networks estimate promising results on
par with the state-of-the-art approaches. Moreover, the compu-
tation time for each testing head pose image in Biwi Dataset
achieves 0.56ms. Considering the shared convolutional layers at
the bottom of these two networks, our model achieves a good
tradeoff between performance and computation efficiency.

4.4. Discussions on various conditions

Inhomogeneous illumination, partial occlusions and motion blur
are very common in real images or videos. To further verify that
our Coarse-to-Fine cascade CNNs are robust to such situations, we
show that our networks can also be tested on a variety of images
that involve different illumination conditions, occlusions and blurs.
Since the annotations of this kind of real images are scarce, we
further generate another 50k synthetic RGB head pose images for
testing. Please refer to our supplementary materials for the exem-
plary generated images.

Inhomogeneous illumination. The image quality obtained by
cameras in the wild is always affected by varying illumination con-
ditions. To better understand the influence of illumination condi-
tions, we test our approach on 30k synthetic images that are ren-
dered under different illumination conditions, i.e., different illumi-
nation angles, intensities, and colors.
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Fig. 8. Exemplar images of different occlusions.

Table 6

The mean error (ME) and standard deviation (STD) of head pose estimation under different illu-

mination conditions, expressed in degrees.

[llumination conditions  Pitch error (°)  Yaw error (°)  Roll error (°)  Runtime (ms)
ME STD ME STD ME STD

Angles 623 513 720  5.02 544 421 0.57

Intensities 6.09 494 825 530 533 547 0.62

Colors 6.92 442 957 5.62 499 6.75 0.53

We apply the following settings for each rendered frame: (1)
for different angles of illumination, we only change the horizontal
direction of the illumination angle. The illumination angles range
from —100° to 100° with an interval of 20°. (2) For illumination
intensity, we set the range from 0.3 to 1.2 with an interval of 0.1.
(3) For different colors, we choose ten typical colors for testing,
including red, orange, yellow, green, cyan, blue, purple, pink, gray
and white. As shown in Fig. 7, the newly rendered images under
different conditions are significantly different from the training im-
ages.

In Table 6, we use the same head pose images rendered under
different illumination conditions for testing and we only consider

performance on synthetic data. Our approach achieves 93.55%,
96.36%, and 90.20% in classification accuracy for different condi-
tions, ie., different angles, intensities, and colors. The mean and
standard deviation of the final head pose estimation errors tend
to be consistent. Although the mean errors of each parameter have
increased slightly, it still implies that the cascade network and syn-
thetic dataset can effectively solve the problem. In Table 6, we in-
clude the corresponding computation time. We can observe that
our model only takes about 0.57ms to process a head pose image
under different illumination conditions.

Motion blur. It is common for the subject’s head to move
during image capturing, which causes motion blur. Handling the
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Table 7

The mead error (ME) and standard deviation (STD) of head pose estimation on blurred
images and images with occlusions, expressed in degrees.

Yaw error (°)

Roll error (°) Runtime (ms)

STD ME STD

Test Pitch error (°)
images ME STD ME
Blurred 6.39 711 8.07

Occlusion 741 8.71 8.48

7.75 6.30 5.97 0.60
8.09 7.88 413 0.67

(b)

Fig. 9. Exemplar images of blurred images. (a) The original synthetic image and
the corresponding blurred image. (b) The real image and the corresponding blurred
image.

effect of motion blur is an important problem in many visual anal-
ysis types of research. Therefore, we test our approach on its abil-
ity to deal with such a situation. We blurred the head pose images
with a Gaussian function and obtain a collection of 10k images.
Fig. 9 shows some examples of both synthetic images and real im-
ages.

The classification accuracy achieves 89.05% under such blurring
conditions. The estimation results of blurred real images are shown
in the first row of Table 7. Compared to the results in Table 4, it is
clear that the results decrease obviously in pitch and yaw. The rea-
son is that our generated training images are all in high resolution
with no blur.

Occlusion. Real images of head pose often have occlusions,
which may be caused by the camera’s view or some minor self-
occlusions. To further test the strength of our approach in han-
dling occlusions of images, we generate 10k RGB images covered
with black masks (shown in Fig. 8). We use a fixed size of a black
square with 60 x 60 pixels and a black rectangle with 60 x 120 pix-
els to randomly cover both synthetic images and real images.

The classification accuracy achieves 71.29%, and the estimation
results are reported in the second row of Table 7, which indi-
cate that the cascade CNNs can effectively estimate the occluded
images. From the table, we can see that the accuracy has de-
clined slightly. In order to enhance the robustness of our proposed
method, we will improve the approach of synthesizing images to
mimic more realistic images and add them to the training data.

4.5. Leveraging depth images

With the development of sensing technologies, such as Time-
of-Flight sensors and the Microsoft Kinect, capturing RGB-D im-

Table 8

The mead error (ME) and standard deviation (STD) of different similarity measures
of head pose estimation on real depth images from Biwi Dataset, expressed in de-
grees. The result in each cell of runtime represents computational estimation time
for each head pose image measured on the same computer configuration.

Method Pitch error (°)  Yaw error (°)  Roll error (°)  Runtime (ms)
ME STD ME STD ME STD

Fanelli et al. 5.2 7.7 6.6 12.6 6.0 71 2.79

Wang et al. 8.8 14.3 8.5 111 74 10.8 40

Borghi et al. 4.5 4.7 53 5.2 7.5 7.3 29

Our method 423 513 516 5.32 539 2.61 1.89

ages becomes easy. New methods that work on depth images are
emerging, such as human pose detection in depth frames [41]. To
give a deeper insight of our proposed coarse-to-fine method, we
explore whether our approach can be extended to the depth im-
ages to estimate head poses.

We generate a depth head pose dataset using a similar ap-
proach of generating the synthetic RGB images, which includes 60k
depth images. The depth images are obtained by calculating the
distance between the camera and each pixel of the head model
using Physics Raycast in Unity 3D. We compute the distance be-
tween the camera and the intersection point as the depth value.
Some generated depth images are shown in Fig. 10. Similar to the
process of the generated RGB images, the generated depth images
are preprocessed by cropping to keep the face region only; resizing
to 256 x 256 pixels; normalizing the pixel values of depth images
to the range of [0,1].

We compare our method with three proposed methods on
depth images: random forest-based estimation [3], SIFT-HOG based
estimation [42], and CNN based estimation [43]. The mean and stan-
dard deviation of the head pose estimation error are reported in
Table 8. Note that all these approaches are tested on Biwi Dataset,
where the images are captured by Kinect. Although the standard
deviations of pitch and yaw estimation of our approach are slightly
higher than that of other methods, it still demonstrates that our
cascade networks can achieve reasonable performance on depth
images: the mean error is under 5.4° for all of the three angles.
For all the methods, we include their computation time. All tim-
ings were measured on the same computer configuration. We can
observe that our method only takes about 1.89ms to estimate a
head pose depth image, and is the fastest one. Moreover, for the
non-deep learning method [3], it is the fastest method (7.7ms per
image on CPU).

Fig. 10. Examplar images of depth head poses. (For visualization of the depth images, we rescale the range of pixel value.)
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5. Conclusion

This work proposed a novel head pose estimation model, which
explores to leverage synthetic data to train a Coarse-to-Fine deep
network in a joint leaning manner. Extensive experiments have
been conducted on several publicly available benchmarks and de-
tailed analysis are reported on issues such as the estimation accu-
racy on images with different illumination conditions, motion blur,
and occlusions.

Currently, we have synthesized head pose images with different
gender, age, and race, but our synthesis framework is flexible to
accommodate additional criteria such as different emotion expres-
sions, hairstyles, and accessories. Moreover, the proposed image
synthesis pipeline can be easily modified so as to synthesize di-
verse images for solving different tasks, e.g., hand pose estimation,
human pose estimation, and gait recognition, avoiding the process
of manually collecting and annotating data.

The proposed approach can be applied to support different ap-
plications. For example, in driving assistance, the proposed pose
estimation approach can help to detect human attention and fa-
tigue driving, which will improve the driving safety. In entertain-
ment, our approach can collaborate with current AVATAR tech-
nique [44,45] to animate a virtual character, which can have the
same pose with the user in the real world. In addition, our ap-
proach may assist the disabled people to interact with computer
or robot in a natural way.

Limitation and Future Work. The main practical limitation is that
our head pose is estimated in terms of the single input image.
This enables the generalization of our approach to any applications
but ignoring contextual information when applied to video. Mov-
ing forward, one interesting direction for future work is to consid-
ering contextual head pose constraints to limit it to a more subtle
range, thus improving the final parameter estimation accuracy.

By learning with depth head pose images, we are able to learn a
model that generalizes to any illumination conditions. An interest-
ing future direction would be to train a neural network on depth
images with motion blur and occlusions.
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