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Abstract—Camera with a fisheye or ultra-wide lens covers a
wide field of view that cannot be modeled by the perspective
projection. Serious fisheye lens distortion in the peripheral region
of the image leads to degraded performance of the existing
head pose estimation models trained on undistorted images. This
paper presents a new approach for head pose estimation that
uses the knowledge of head location in the image to reduce the
negative effect of fisheye distortion. We develop an end-to-end
convolutional neural network to estimate the head pose with the
multi-task learning of head pose and head location. Our proposed
network estimates the head pose directly from the fisheye image
without the operation of rectification or calibration. We also
created a fisheye-distorted version of the three popular head
pose estimation datasets, BIWI, 300W-LP, and AFLW2000 for
our experiments. Experiments results show that our network
remarkably improves the accuracy of head pose estimation
compared with other state-of-the-art one-stage and two-stage
methods.

Index Terms—Head pose estimation, fisheye camera, fisheye
distortion, convolutional neural networks

I. INTRODUCTION

THE goal of head pose estimation (HPE) in the context of
computer vision is to estimate the orientation of the head

concerning the camera coordinate system. The estimated head
pose is usually expressed by Euler angles (pitch, yaw, roll) [1].
Head pose is regarded as an important non-verbal characteris-
tic of human intent for human social behavior analysis [2]. It
is involved in many cognitive processes and provides strong
cues for human attention, motivation, and intention. Head pose
estimation has attracted significant research interest in the
fields of cognitive science and computer vision as it helps the
computer or robot understand human intention and plays an
essential role in various intelligent applications such as driver
assistance systems [3] [4], video-conferencing [5], security
surveillance [6], virtual reality [7], human-robot interaction [8]
and cognitive system [9].

Traditionally, research work on HPE was committed to es-
timating the head pose from rectilinear (conventional) images.
With the rapid growth of the fisheye camera market, estimating
the head pose from fisheye image is becoming an emerging
requirement.
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Fig. 1. Examples of fisheye images obtained from (a) BIWI-360 dataset,
(b) a fisheye camera (JR®HF900).

Rather than generating images with straight lines of per-
spective, fisheye camera use a special mapping to produce
images with a characteristic convex non-rectilinear appear-
ance, as shown in Fig. 1. This distortion nature of the fisheye
camera makes estimating head pose from fisheye image a very
challenging task.

Head pose estimation from rectilinear image has already
achieved promising results [10]. An intuitive idea for esti-
mating the head pose from fisheye image is the so-called
two-stage strategy. It involves rectifying the fisheye image to
a rectilinear image first, and then using a good rectilinear-
image-based HPE method to estimate the head pose from
the rectified image. The main advantage of this strategy is
that head pose estimators already developed for the rectilinear
image can be directly migrated to rectified fisheye image. If
the camera parameters are available, this strategy may achieve
good results. However, the camera parameters are not always
available in real-world scenarios and the camera calibration is
proved to be a tedious and time-consuming process. The lack
of the camera parameters prevents the rectification operation
from completely eliminating the geometrical difference in
appearance between the rectified image and the corresponding
rectilinear image, which decreases the accuracy of the two-
stage based strategy in head pose estimation.

Another approach is to perform head pose estimation di-
rectly on the fisheye images, which we call the one-stage
method. One-stage methods do not require an explicit process
of image rectification and are expected to result in a unified
optimized framework. In image processing, there have been
successful attempts to extend traditional techniques designed
for rectilinear images to fisheye images or spherical (omnidi-
rectional) images. Hansen et al. mapped a wide-angle image
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to a sphere and developed a scale invariant feature transform
(SIFT) algorithm on the sphere to match points between wide-
angle images [11]. Additionally, Cruz-Mota et al. proposed
a SIFT-based algorithm in spherical coordinates for point
matching between spherical and rectilinear images [12]. De-
monceaux et al. used the geodesic distance metric between
pixels in fisheye image to redefine the basic filter kernels [13].
Delibasis proposed an efficient implementation to redefine the
Laplacian of Gaussian kernel using the geodesic distance [14].
Georgakopoulos et al. presented a method of human pose
recognition for fisheye images by using Convolutional Neu-
ral Networks (CNN) enhanced with geodesically corrected
Zernike moments [15]. These works employed a one-stage
approach without resorting to image rectification and provided
us with valuable insights and confidence in the practicability
of one-stage approaches for head pose estimation.

In this paper, we address the problem that estimates head
pose directly from a single fisheye image without the op-
eration of rectification or calibration. Considering objects
appeared at different locations in the camera field of view
suffer distinct distortions in the fisheye image, we argue that
the accuracy of head pose estimation for fisheye can be
improved if the location of the head in the image can be
introduced into the estimation network. We present an end-
to-end convolutional neural network to estimate the head pose
by proposing multi-task learning of head location and head
pose. As it does not require rectification, or the knowledge
of the camera parameters of the fisheye camera, the proposed
method significantly simplifies HPE computation. Considering
there are no publicly accessible fisheye image datasets for
head pose estimation, we created a fisheye-distorted version of
the three popular public benchmark datasets, BIWI, 300W-LP,
and AFLW2000, and performed comparison experiments on
the new datasets. Experimental results show that our proposed
approach achieved higher accuracy compared with two-stage
and other one-stage methods. We also constructed a real-world
fisheye dataset to evaluate the effectiveness of the proposed
method. Experimental results show that our method decreased
the average estimation errors for real-world fisheye images
compared with the two-stage methods.

The contributions of our work include:

(1) We propose an end-to-end estimation network to predict
head pose directly from a single fisheye image, without the
requirement of rectification or calibration. The proposed net-
work estimates the head pose by jointly learning the head pose
and head location, and uses the knowledge of head location to
reduce the impact of radial distortion for head pose estimation.

(2) We constructed a fisheye-distorted version of the three
popular public benchmark datasets, BIWI, 300W-LP, and
AFLW2000, and a real-world fisheye dataset for evaluating
the performance of fisheye-image based HPE.

(3) Experimental results show that the knowledge of the
head location in the image contributes to the improved HPE
accuracy. The proposed method obtained superior performance
compared with two-stage and other one-stage methods on the
synthetic datasets of fisheye images.

II. RELATED WORK

Over the last two decades, advances in hardware and soft-
ware have made perspective (pinhole) cameras used in a wide
variety of cognition concerned applications, including human-
computer interaction and human-robot interaction. Many ef-
ficient methods based on perspective cameras were proposed
to capture and estimate the head pose [8], gesture [16], pose
of body [17], [18] and gaze direction [19] and achieved
promising results. These research works significantly improved
the development of intelligent robotic systems and artificial
cognitive systems.

With the ability to capture image of a larger scene area
than perspective (pinhole) camera, omnidirectional cameras
have been widely employed in many applications including
video surveillance [20], autonomous driving [21], and 3D
reconstruction [22]. Fisheye and catadioptric cameras are two
typical omnidirectional camera types. Fisheye camera is a sort
of conventional camera combined with a fisheye-shaped lens,
while the catadioptric camera combines a standard camera
with a shaped mirror. The drawback of catadioptric camera
is the shaped mirror is fragile and the camera itself occludes
the central part of the image, which makes catadioptric camera
a less popular option than the fisheye camera.

Fisheye camera is able to capture images with an ultra-wide
field-of-view (FOV). As high-resolution and portable fisheye
cameras are becoming relatively affordable, more and more
computer vision tasks, such as object detection [20], semantic
segmentation [21], fall detection [22], saliency prediction [23],
face detection [24], and face recognition [25], have gradually
shifted from traditional rectilinear images to fisheye images.
However, all existing RGB image-based HPE algorithms were
designed for rectilinear images.

Current RGB image-based HPE methods for rectilinear im-
ages are commonly grouped into landmark-based methods and
landmark-free methods. Landmark-based methods estimate
head pose by investigating the geometric relations implied
among facial landmarks, while landmark-free methods explore
the whole face image and estimate the head pose directly from
the input image.

Landmark-based methods detect the facial landmarks and
estimate the 3D pose of an object from n 3D-to-2D point-
correspondences with Perspective-n-Point (PnP) algorithms.
Both classical [26], [27] and deep learning-based [28], [29]
facial landmark detectors have been proposed and remark-
ably improved the accuracy of landmark-based head pose
estimation. However, the accuracy of these methods is highly
dependent on the correct prediction of the landmark positions.
Hence, inferior landmark localization caused by occlusion and
extreme rotation can consequently impair the accuracy of head
pose estimation.

Rather than exploring the geometric relations among facial
landmarks, landmark-free methods estimate the head pose by
learning the characteristics of the whole image. Benefitting
from the advancement of machine learning techniques, espe-
cially the success of deep learning [30] [31] [32], landmark-
free methods have achieved promising results on many widely
used datasets and become a popular approach for head pose
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estimation. Hopenet employed a multi-loss ResNet50 network
to predict Euler angles and achieved accurate results by
training with both classification and regression losses [33].
FSA-Net proposed a feature aggregation method to improve
the accuracy of head pose estimation [34]. Li et al. proposed
a lightweight network to obtain highly accurate head pose
estimation [35]. They preprocessed the image with image
rectification to reduce the negative effect of perspective dis-
tortion and employed a discriminative weighted loss to train
the network. QuatNet proposed a Quaternion-based head pose
regression framework and obtained a more effective HPE
method [36]. Img2pose estimated the head pose by calculating
six degrees of freedom (6DoF) and 3D face poses of the head
directly from raw images without face detection or landmark
localization [37].

All the aforementioned HPE methods assume an ideal
pinhole camera model is employed. The pinhole camera
model mimics the geometrical projection carried out by a
pinhole camera and has a small FOV. However, wide FOV
cameras violate the rules of perspective transformation and
linear projection, and result in distortions in wide-angle image.
Therefore, the performance of pinhole camera model degrades
significantly for wide-angle image. In order to characterize
such distortion, Geyer et al. presented a unifying theory for all
central catadioptric systems [38]. A central catadioptric cam-
era means the catadioptric camera equipped with hyperbolic,
parabolic, or elliptical mirror. They proved that all central
catadioptric systems can be modeled with a projection from
a sphere to a plane where the projection center is on the
sphere diameter and the plane is perpendicular to the sphere
diameter. Furthermore, Ying et al. presented a unified imaging
model for fisheye and central catadioptric cameras [39]. With
this unified model, a fisheye image can be transformed into a
central catadioptric one, and vice versa.

Radial distortion is the main distortion in fisheye camera,
which arises from the spherical shape of the lenses and causes
the projection onto the image plane to be displaced from the
ideal position along the radial axis [40]. As shown in Fig. 1,
while the fisheye lens provides ultra-wide view, the face in the
image is significantly distorted by the radial distortion of the
lens. The radial distortion not only influences the appearance
of the face, but also greatly degrades the performance of the
existing HPE methods. Hopenet [33] is one of the best HPE
models, which was trained on the 300W-LP dataset. We used
their pre-trained model and tested it on the fisheye-distorted
version of the BIWI-360 dataset we created. The testing results
are shown in Fig. 2, where the horizontal coordinate means
the normalized radial distance, which represents the distance of
the face from the optical axis. The vertical coordinate depicts
the average error of the estimated Euler angles in degrees.

Fig. 2 shows the head pose estimation performance of
Hopenet [33] is quite good if the location of the head is closed
to the center of the fisheye image, but it degrades as head
moves toward the perimeter where the distortion is worse.
The radial distortion introduced by the fisheye lens is closely
related to the distance between the object and the optical axis.
When the head is very close to the optical axis or the center of
the fisheye image, the accuracy of the current HPE methods is
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Fig. 2. Average head pose estimation error in fisheye image versus normalized
radial distance. The solid line is the result on the fisheye-distorted BIWI-360
dataset. The dotted line is the result on the non-distorted BIWI dataset.

quite good because the radial distortion is minimal. When the
head is positioned away from the optical axis of the camera
and the radial distortion is more evident, their performance
suffers.

Literature review shows that learning related tasks at the
same time can achieve better performance than training tasks
separately [41]. Studies show that head pose estimation can
also achieve better performance with the help of multi-task
learning [42], [43]. Ranjan presented an all-in-one convo-
lutional neural network (CNN) for simultaneous face de-
tection, face alignment, pose estimation, gender recognition,
smile detection, age estimation, and face recognition [42].
HyperFace first learns common features by CNN, and then
simultaneously performs several tasks in a single framework:
face detection, landmark localization, gender classification,
and head pose estimation [43]. Both of these research work
proposed multi-task learning networks that combined the task
of head pose estimation with other facial analysis tasks and
obtained improved performance for the combined tasks.

Although rapid growth of fisheye camera market has been
witnessed in recent years, there is no reported research of
HPE specially designed for fisheye image. One compromising
approach to estimate head pose from fisheye image is to
perform the HPE methods designed for rectilinear image
directly on the fisheye image. Without a specially designed
mechanism to deal with the distortion existed in fisheye image,
the HPE methods for rectilinear image usually can only obtain
very limited performance for fisheye image, as shown in Fig.
2. Another approach to estimate head pose from fisheye image
is the so-called two-stage strategy which rectifies the fisheye
image to a rectilinear image first, and then employs a good
rectilinear-image-based HPE method to estimate the head pose
from the rectified image. The estimation accuracy of this
approach much depends on the performance of rectification
methods. As the camera parameters are not always available
in real-world applications, the performance of rectification
methods is much limited. This situation makes the two-stage
strategy also a compromising approach of HPE for fisheye
images.

To fill the gap between the potential requirement of HPE
for fisheye image and the previous techniques, we propose an
end-to-end network to estimate the head pose for fisheye image
without the operation of calibration or rectification. We believe
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Fig. 3. The overview of the proposed network.

that the accuracy of HPE for fisheye images can be improved
if the location of the head in the image can be introduced into
the estimation network. The proposed network estimates the
head pose by jointly learning the head pose and head location,
and uses the knowledge of head location to reduce the impact
of radial distortion for head pose estimation. Experimental
results show that our approach of using the knowledge of head
location achieved higher accuracy compared to two-stage and
other one-stage methods.

III. METHODS

A. Network Architecture

The main idea of this work is to use the head location
information to help the backbone module learn the camera
distortion and improve the HPE accuracy. In this paper,
we propose an end-to-end convolutional neural network to
estimate the head pose from the fisheye image directly. The ar-
chitecture of the proposed network, as shown in Fig. 3, consists
of the backbone module, location feature extraction module,
pose estimation module, and location estimation module.

In the proposed network, the backbone module is first
used to extract features from the fisheye image. The obtained
features are then fed to the location feature extraction module
which learns the location-related features supervised by the
ground truth of head location. We fuse the features learned
from the backbone module and the location-related features
to obtain the fused features. The fused features are fed to an
estimation module to estimate the Euler angles of the head
pose.

B. Backbone Module

The backbone module is used to extract high-level features
directly from the fisheye facial image. Considering the residual
neural network (ResNet) [44] is an excellent convolutional
neural network that can solve the vanishing gradient problem
in deep learning models, and is used in many promising HPE
networks for feature learning [33], [43], [45]–[47], we adopt
the ResNet50 structure as the backbone of our model. The
employed ResNet50 is pre-trained on ImageNet-1k [48] for
the object recognition task. The input of the whole network is
a single RGB image in size of 224×224. The size of the output
feature maps (Fbasic in Fig. 3) from this module is 7×7×2048.

C. Location Feature Extraction Module

As the fisheye distortion of an object presented in the
fisheye image is closely related to its location, estimating the

location of the object can help the network learn the cues of
distortion. We employ a location feature extraction module to
learn the features of head location from Fbasic. Specifically,
the location feature extraction module generates the location-
related features and provides high-level clues implying object
distortion. We fuse the location-related features with the basic
features and provide location guidance to the estimation of
head pose.

To make the network focus on more important features for
the task of head location estimation, as shown in Fig. 4, we
apply an attention mechanism in the location feature extraction
module, which includes a channel attention submodule and a
spatial attention submodule successively [49].

For the input feature Fbasic 2 RC�H�W , the channel at-
tention submodule first generates two feature vectors by using
both average-pooling and max-pooling operations, denoted as
FC

avg 2 RC and FC
max 2 RC .

FC
avg =

1

H �W

HX
h=0

WX
w=0

Fbasic(c; h; w); (1)

FC
max = max

h;w
Fbasic(c; h; w) (2)

After the pooling operations, the two feature vectors are
fed into a multi-layer perceptron (MLP) with one hidden
layer to produce two weight vectors. The weight-matrixes
of the hidden layer and the output layer are denoted as
W1 2 R(C=r)�C and W2 2 RC�(C=r), where r is the
reduction ratio and set to 16. The hidden layer is followed
by a ReLU activation function for nonlinearity. Then the two
weight vectors are added and activated by a sigmoid function
to obtain the channel attention map MC 2 RC ,

MC = �
�
W2�

�
W1FC

avg

�
+ W2�

�
W1FC

max

��
(3)

where �(�) and �(�) indicate the sigmoid and ReLU func-
tion, respectively. Finally, the channel-weighted feature, F0 2
RC�H�W , is obtained by multiplying the input feature and
the channel attention map.

The spatial attention submodule performs the average-
pooling and max-pooling operations along the channel-
weighted axis, and generates two feature maps denoted as
FS

avg 2 RH�W and FS
max 2 RH�W .

FS
avg(h;w) =

1

C

CX
c=1

F0(c; h; w) (4)

FS
max(h;w) = max

c
F0(c; h; w) (5)
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Fig. 4. The location feature extraction module based on the attention mechanism in [49] that includes two sequential submodules: (a) submodule of channel
attention and (b) submodule of spatial attention.

After the pooling operations, the two maps are concatenated
along the channel axis, and then convolved by a 7×7 convolu-
tion layer, producing the spatial attention mapM S 2 RH � W ,

M S = �
�
f 7� 7 ��

FS
avg ; FS

max

���
(6)

where f 7� 7(�) a convolution operation with a 7×7 kernel.
Finally, the channel-weighted feature,F0, is multiplied by the
spatial attention mapM S to produceF location .

D. Location Estimation Module

The location estimation module is used to generate the
�nal estimation of head location in the image and help the
module of location feature extraction to learn the cues of
location-related distortion. We express the location of the head
center with the polar angle and normalized radial distance in
polar coordinates. We split the range of polar angle,� 2 [-
180°, 180°] into 72 equal intervals, and the normalized radial
distance,� 2 [0; 0:99] into 66 equal intervals. This design
turns head location estimation into a task of classi�cation.

The location estimation module receivesF location from the
location feature extraction module as an input feature. A global
average pooling layer is �rst applied to the feature ofF location

and produces a one-dimensional (1D) feature vector for two
parallel branches to estimate the values of� and � . Each
branch includes a fully connected (FC) layer, a softmax layer,
and an expectation operation. The softmax layer turns the
output of the FC layer into probabilities of� or � in the
corresponding intervals. The expectation operation generates
the �nal estimation of � and � by using Eqs. (7) and (8),
respectively,

�̂ = 5
MX

i =1

p�
i

�
i �

M + 1
2

�
; (7)

�̂ = 0 :015
NX

i =1

p�
i

�
i �

1
2

�
; (8)

wherep�
i and p�

i are the probabilities of the estimated polar
angle and normalized radial distance in the correspondingi th

interval. In Eq. (7), 5 is the interval length of polar angle and
M is the number of intervals for the polar angle. In Eq. (8),
0.015 is the interval length of normalized radial distance and
N is the number of intervals for the normalized radial distance.
The subtracted terms in both equations shift the interval index
to the midpoint of the interval.

Although we estimate the values of polar angle and normal-
ized radial distance in the training stage, we do not need to
calculate them in the inference stage. We employ the location
estimation module to help the location feature extraction
module to learn the cues of location-related distortion in the
�sheye image. We add the feature ofF location and Fbasic to
form a fused featureF fused for the HPE and anticipate the
feature of head location to help improve the performance of
head pose estimation.

E. Pose Estimation Module

The pose estimation module is used to generate the �nal
estimation of head pose, which is expressed by Euler angles
(pitch, yaw, roll). To facilitate the comparison with [33]–[35],
we only considered samples whose Euler angles were within
the range of [-99°, 99°]. The range of each Euler angle is split
into 66 equal intervals of 3 degrees. This design turns head
pose estimation into a task of classi�cation.

As shown in Fig. 5, a global average pooling layer is
�rst applied to the feature ofF fused and produces a one-
dimensional (1D) feature vector for three parallel branches
to estimate the values of pitch, yaw, and roll. Each branch
employs an FC layer followed by a softmax function. The
output of the softmax function is a 1D vector of 66 values
that represent the probabilities that the Euler angle of head
pose falls into the intervals. Then an expectation layer is used
to generate the �nal estimation of each Euler angle by using
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Fig. 5. The structure of the pose estimation module.

Eqs. (9) to (11).

[pitch = 3
NX

i =1

pp
i

�
i �

N + 1
2

�
; (9)

dyaw = 3
NX

i =1

py
i

�
i �

N + 1
2

�
; (10)

droll = 3
NX

i =1

pr
i

�
i �

N + 1
2

�
; (11)

where pp
i , py

i , and pr
i are the probabilities of the angles of

pitch, yaw, and roll in thei th interval, respectively, the value
3 before the symbol of summation represents 3 degrees for
each interval andN is the number of intervals for each Euler
angle (N=66 in our design). The subtracted term shifts the
interval index to the midpoint of the interval.

F. Loss Funtion

In our proposed multi-task learning network for pitch, yaw,
roll, normalized radial distance and polar angle, the loss
function for each task can be formulated by Eq. (12):

L task = CE(ytask ; ŷtask ) + � task � MSE(ytask ; ŷtask ); (12)

where the subscripttask indicates the estimation task which
can bepitch, yaw, roll , normalized radial distance� and polar
angle� ; CE(�) and MSE(�) represent cross entropy and mean
squared error loss functions, respectively.ytask is the ground
truth of the corresponding task, whilêytask is the estimated
result of the corresponding task, and� task is the weight of
MSE(�) for the corresponding task. We express the location
of the head center with the polar angle and normalized radial
distance in polar coordinates. The pitch, yaw, roll, and polar
angle are estimated in degree, while the estimated value of
radial distance is normalized into the range of [0, 0.99] and
the range of polar angle is [-180°, 180°]. Experiments show the
MSE of the estimated normalized radial distance differs from
the MSEs of other estimated tasks by at least two orders of
magnitude. Therefore, we set the value of� task for the MSE
loss of estimated normalized radial distance to 100, while the

values of� task for the MSE losses of estimated pitch, yaw,
roll, and polar angle to 1.

The overall loss is represented by a weighted sum of the
loss for each task, as shown in Eq. (13):

L total = L pitch + L yaw + L roll + � 1L � + � 2L � ; (13)

whereL pitch , L yaw , L roll , L � andL � are the losses for pitch,
yaw, roll, normalized radial distance� and polar angle� ,
respectively;� 1 and � 2 are the weights to balance the losses
for normalized radial distance and polar angle, respectively.

We provide a list of parameters used to train the network in
Table I. The training process of one iteration is summarized
in Algorithm 1 for better understanding.

TABLE I
L IST OF PARAMETERS USED TO TRAIN THE NETWORK

Parameter Note

� pitch the weight of MSE for the estimation of pitch
� yaw the weight of MSE for the estimation of yaw
� roll the weight of MSE for the estimation of roll
� � the weight of MSE for the estimation of�
� � the weight of MSE for the estimation of�
� 1 the weight to balance the loss for the estimation of�
� 2 the weight to balance the loss for the estimation of�

Algorithm 1: Training Process in One Iteration
Input: Fisheye image (I input ), model parameters (� ),

learning rate (� ), backbone module(HBAC ),
location feature extraction module(HLF E ),
location estimation module(HLOE ),
pose estimation module(HP OE ).

Output: Updated model parameters� � ;
1: Extract features from �sheye image,

Fbasic = HBAC (I input );
2: Generate the location-related features,

Flocation = HLF E (Fbasic );
3: Generate the fused features,

Ffuesd = Flocation + Fbasic ;
4: Predict the polar coordinates,

[�̂; �̂ ] = HLOE (Flocation );
5: Predict the Euler angles,

[ ^pitch; ^yaw; ^roll ] = HP OE (Ffuesd );
6: Calculate the lossL total via Eq. (13);
7: Update model parameters,

� �  � � � @
@�L total .

IV. EXPERIMENTS AND DISCUSSION

As there is no publicly accessible benchmark dataset of �sh-
eye images for head pose estimation, we created the �sheye-
distorted version of three popular public benchmark datasets
for our experiments. To demonstrate the superiority of our pro-
posed method, we performed several comparative experiments



7

with both two-stage and one-stage HPE approaches for �sheye
image. Firstly, we compared the estimation accuracy of the
proposed network with three two-stage approaches which rec-
tify the �sheye image using a recently developed recti�cation
method and perform head pose estimation using three state-of-
the-art methods [33]–[35] trained on the rectilinear datasets.
These state-of-the-art methods were included for comparison
because their goals are also to predict Euler angles from a
single RGB image. Secondly, we compared the estimation
accuracy of the proposed network with three existing state-of-
the-art (one-stage) methods [33]–[35]. For a fair comparison,
these networks were retrained on the �sheye-distorted version
of three popular head post estimation datasets we created.
Thirdly, we evaluated the processing speed and number of
parameters of the proposed network. The �nal experiment
involved a series of ablation tests to investigate how head
location guidance affects the performance of the proposed
framework.

A. Datasets

We created datasets of �sheye images annotated with the
ground truth of head pose to evaluate the performance of
our proposed method. Using a �sheye camera to capture
a large number of face images with their accompanying
head pose ground truth is a daunting task. Instead, we se-
lected three open-source popular head pose datasets, including
BIWI [50], 300W-LP [51], and AFLW2000 [51], and created
their �sheye-distorted version. We named these new datasets
BIWI-360, 300W-LP-360, and AFLW2000-360, respectively.
We followed the same mapping function used in [52]–[55]
to transform the original images in the datasets into �sheye-
distorted images while keeping the ground truth of the head
pose unchanged.

Source Datasets.The BIWI dataset was collected in a
lab environment. It contains 15,678 images collected by a
Kinect v2 device [50]. Subjects (6 females and 14 males)
moved and turned their heads to all possible angles observed
from a frontal position. RGB images and depth information
were included for each image and head pose annotations were
created from the depth information. The head poses of these
images are in the range of ±75° for yaw, ±60° for pitch, and
±50° for roll.

Both the 300W-LP [51] and AFLW2000 [51] datasets were
created by cropping out the face region directly from photos
or video frames downloaded from the Internet or other similar
sources. Besides, both datasets use 3D Dense Face Alignment
(3DDFA) to �t a morphable 3D model to 2D input images
and provide accurate head poses as ground truth. 300W-LP
additionally generates synthetic views, greatly expanding the
number of images. More speci�cally, the 300W-LP dataset
employed face pro�ling with a 3D image model to expand the
300W dataset which combines several face alignment datasets
including LFPW [56], AFW [57], HELEN [58], IBUG [59],
and XMSVTS [60], with 68 landmarks for each face im-
age. As a result, 61,225 samples (16556 from LFPW [56],
5,207 from AFW [57], 37676 from HELEN [58], and 1,786
from IBUG [59]) were generated. 300WP-LP further �ipped

all these samples to double the sample size to 122,450.
AFLW2000 is a very challenging dataset with large pose
variations with various facial expressions and illumination
conditions. AFLW2000 provides face images, corresponding
head pose ground truth, and 3D face for the �rst 2000 images
in AFLW [61].

Mapping Function. To visually approximate the distortion
of a �sheye lens, we �rst normalized the coordinates of
rectilinear image, which means that (0.0, 0.0) represents the
origin of the coordinate system located at the image center, and
(±1.0, ±1.0) represents the coordinates of the four quadrants.
Let (x; y) be the normalized coordinates of an arbitrary pixel
in a rectilinear image. Its corresponding pixel(x0; y0) in the
�sheye image can be formulated as Eq. (14).

(x0; y0) =

 

x

r

1 �
y2

2
; y

r

1 �
x2

2

!

: (14)

Furthermore, we introduce a coordinate scaling factore� r 2
2 to

control the severity of its distortion with Eq. (15),

(x00; y00) =
�

x0e� r 2
2 ; y0e� r 2

2

�
; (15)

wherer is the radial distance of the pixel(x0; y0) to the image
center [53].

This mapping function introduces �sheye distortion, which
manifests itself as an effect of “squeezing” the content to-
wards the perimeter of the �sheye image. Different from the
distortion in real-world �sheye images, which involves various
camera parameters or lens distortion parameters, the mapping
function we adopted is not camera or lens speci�c.

Synthetized Datasets.In the source datasets, the regions of
faces usually appear around the center of image. However, in
real applications, the region of face may appear elsewhere in
a photo or video frame. The face region subjects neglectable
geometric distortion if it is very close to the center of �sheye
image. The degree of distortions increases as the face region
moves towards the perimeter. To re�ect the geometric distor-
tion induced at different locations, a good �sheye dataset must
have suf�cient samples of which the face region may appear
at all possible locations.

For each rectilinear image in the source datasets, we rep-
resented the location of face by the center of its bounding
box. Then we created a canvas and replaced a canvas region
with a facial region from the rectilinear image. In our work,
the width and height of the canvas were both set to 5
times of the face bounding box. Next, we set up a polar
coordinate system as the �sheye distortion is usually circularly
symmetrical with respect to the image center [62]. The polar
point was set at the canvas center and the angular angle
increases counterclockwise. The radial distance of face was
normalized by half the width of canvas and was sampled from
the uniform distribution (0, 0.8). The polar angle of face was
sampled from the uniform distribution (-180, 180). Finally,
we transformed the canvas using the mapping function in
Eqs. (14) and (15) to create the effect of �sheye distortion.
The corresponding bounding box and landmarks were also
converted into the �sheye image coordinate system. Once the
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(a) (b) (c)

Fig. 6. The distribution of the face locations in polar coordinates for different �sheye datasets. (a) BIWI-360, (b) 300WP-LP-360, and (c) AFLW2000-360.

(a) (b) (c)

(d) (e) (f)

Fig. 7. Examples of face images from different datasets. The upper row represents original (rectilinear) face images from different datasets (a) BIWI, (b)
300W-LP, (c) AFLW2000, and the bottom row represents the corresponding �sheye face images from the synthesized datasets (d) BIWI-360, (e) 300W-LP-360,
(f) AFLW2000-360.

coordinate transformation was completed, we cropped the face
areas from the resulting �sheye image.

We performed the above operations on the BIWI, 300W-
LP, and AFLW2000 datasets, and correspondingly obtained
three synthesized �sheye datasets with varying face locations
in the images. The distributions of the face locations in polar
coordinates for these synthetic �sheye datasets are shown in
Fig. 6. Each dot in these maps represents the face location in
polar coordinates of each sample in the corresponding datasets.
In order to have an intuitive impression on the synthesized
�sheye datasets, we show some samples of face image from
the original and the corresponding synthetic datasets in Fig. 7.

B. Implementations and Evaluation Metrics

In all our experiments, the proposed method was imple-
mented on the Pytorch platform. Cuda 10.2 was also employed
to speed up model training. Our network was trained for 25
epochs using Adam optimization [63] with an initial learning
rate of 10� 4, � 1 = 0 :9, and� 2 = 0 :9. The learning rate was
reduced at the10th epoch and the20th epoch by a factor of 0.5
each. Each color channel was normalized using the mean and
standard deviation of ImageNet before training and testing.
We set the value of� task for the MSE loss of estimated
normalized radial distance to 100, i.e.,� � = 100 , while the
values of� task for the MSE losses of estimated pitch, yaw,

roll, and polar angle to 1. Face detection was performed using
RetinaFace [64].

Fig. 8 shows the overall loss and MAE losses of training
and validation obtained in three experiments on BIWI-360
datasets. In these experiments, we randomly split the BIWI-
360 dataset into 70% (16 videos) for training and 30% (8
videos) for validation. Fig. 8 indicated the proposed network
converged after around 20 epochs.

Two evaluation metrics were used in all experiments. One
was the average error in the yaw, pitch, and roll angles in
degrees. The other metric was the mean absolute error (MAE),
which is expressed in Eq. (16).

MAE =
1

3N

NX

k=1

�
j� k � �̂ k j +

�
�
� � k � �̂ k

�
�
� + j
 k � 
̂ k j

�
;

(16)
where N is the number of samples in the testing dataset,
(� k ; � k ; 
 k ) are the ground truth of the Euler angles and
(�̂ k ; �̂ k ; 
̂ k ) are the estimated Euler angles.

C. Comparison with two-stage approaches

In this subsection, we compared the performance of our
proposed method with the two-stage approaches. The two-
stage approaches for comparison employed the progressively
complementary network (PCN) [65] to rectify the �sheye



9

(a) (b) (c) (d)

Fig. 8. The overall loss and MAE losses of the proposed network in training and validation on the BIWI-360 dataset. Experiments were repeated three times.
(a) The overall loss of the proposed network in training; (b) the MAE loss of estimated yaw in validation; (c) the MAE loss of estimated roll in validation;
(d) the MAE loss of estimated pitch in validation.

TABLE II
AVERAGE ERROR COMPARISONS ON THEAFLW2000-360DATASET. OUR
NETWORK WAS TRAINED ON THE300W-LP-360DATASET WHILE OTHERS

WERE TRAINED ON THE300W-LPDATASET.

Method Yaw Pitch Roll MAE

Hopenet (� = 1 ) [33] + PCN 6.31° 8.20° 6.20° 6.90°
Hopenet (� = 2 ) [33] + PCN 6.68° 8.36° 6.10° 7.05°

FSA-Net [34] + PCN 4.97° 7.66° 5.04° 5.89°
Li et al. [35] + PCN 5.39° 7.68° 5.23° 6.10°

6DRepNet [66] + PCN 5.57° 8.12° 5.95° 6.55°
Ours 3.65° 5.85° 4.17° 4.55°

image �rst, and then estimated the head pose from the recti�ed
image with the state-of-the-art HPE methods for rectilinear
images. PCN was adopted as it is independent of the camera
parameters and can generate an undistorted image from the
�sheye image directly [65]. However, if the recti�cation error
is very large, it may be the reason for the head pose error.
We used the well-trained models of the two-stage approaches
as reported in their corresponding publications. The estima-
tion results obtained by using the two-stage approaches are
reported as “original methods + PCN” in our experiments.

Our network was trained on the 300W-LP-360 dataset while
others were trained on the 300W-LP dataset. For training our
network, the batch size was set to 128, and the weights� 1 and
� 2 in Eq. (13) were set to 5 and 0.001, respectively. In testing,
our network used the �sheye image as input, while others used
the recti�ed �sheye image as input. Testing was performed
on two datasets: AFLW2000-360 and BIWI-360 datasets. The
experimental results of testing on the AFLW2000-360 dataset
are shown in Table II. The experimental results of testing on
the BIWI-360 dataset are shown in Table III. Fig. 9 shows
the estimated head pose on some samples from the BIWI-360
and AFLW2000-360 datasets.

As shown in Tables II and III, our proposed network
obtained much lower average errors in yaw, pitch, roll angles,
and MAE than the two-stage methods. Experiments demon-
strated that the proposed method achieved better performance
compared to other two-stage approaches.

Further investigation found our proposed method obtained
large estimation error for some samples. We present some of
these samples in Fig. 10. All these hard samples involve very

TABLE III
AVERAGE ERROR COMPARISONS ON THEBIWI-360 DATASET. OUR

NETWORK WAS TRAINED ON THE300W-LP-360DATASET WHILE OTHERS
WERE TRAINED ON THE300W-LPDATASET.

Method Yaw Pitch Roll MAE

Hopenet (� = 1 ) [33] + PCN 6.21° 9.84° 4.26° 6.77°
Hopenet (� = 2 ) [33] + PCN 6.98° 7.82° 4.32° 6.37°

FSA-Net [34] + PCN 6.37° 8.34° 4.28° 6.33°
Li et al. [35] + PCN 6.77° 8.13° 4.50° 6.47°

6DRepNet [66] + PCN 5.76° 8.46° 4.74° 6.32°
Ours 4.53° 7.24° 3.73° 5.16°

Fig. 9. Estimated head poses for examples from the BIWI-360 (the top line)
and the AFLW2000-360 (the bottom line).

large head pose. They indicate the limited performance of our
proposed method in dealing with images with large head pose.
We argue that two reasons result in the large MAE for samples
with large head pose. One reason is large head pose leads to the
missing feature of head pose, which decreases the ef�ciency
of the representation of head pose feature. The other reason
is lacking of samples with large head pose in the training set,
which limits the knowledge about large head pose the proposed
model learned from the training set.

D. Comparison with one-stage approaches

Head pose estimators designed for rectilinear image can
be retrained to deal with �sheye distortion as the one-stage
approaches. We retrained some existing state-of-the-art meth-
ods for comparison, and cited them as “original methods +
retrain” in experiment. We used the same con�gurations of the
compared methods, including model architectures, loss func-


