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ABSTRACT Data set bias not only compromises the fairness, accuracy and effectiveness of trained models,
but also leads to a lower performance in real-world scenarios compared to the evaluation results obtained
with a specific data set. This issue is especially evident in the estimation of head pose, as current data sets
suffer from a limited number of images, imbalanced data distributions, the high cost of annotation, and ethical
concerns. Synthetic data offers a promising solution to address these challenges, but current semi-synthetic
data sets fail to deliver satisfactory results, likely due to the limited realism of the generated faces and the
heavily skewed pose distribution. In this paper, we report the existence of data set biases in the most widely
used head pose estimation benchmarks, which lead to an optimistic estimation of model performance in real-
world scenarios. To mitigate this issue, we create a synthetic image data set using a generative model with
explicit control over the head pose. Our experiments demonstrate that incorporating our synthetic images

leads to improved generalization and accuracy.

INDEX TERMS Synthetic data, head pose estimation, generative models, data set bias, ethics.

I. INTRODUCTION

Deep learning models have become prevalent in several face
analysis tasks, by significantly boosting the performance of
different domains, such as face detection [1], [2], [3], face
alignment [4], [5], [6], head pose estimation [7], [8], [9]
or face recognition [10], [11], among others. However, the
success of these models is highly dependent on the quantity,
diversity, and quality of the images and the annotations used
during training. Large, diverse, and well-annotated data sets
are essential for developing robust deep models that allow
them to generalize well under different conditions.

Head pose estimation (HPE) is a relevant pre-processing
step, and it is often integrated into multi-task deep models
in conjunction with other face analysis tasks [4], [12],
[13]. By HPE, we mean predicting the relative orientation
between the viewer and the target head [7]. This information
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is essential for applications, such as face recognition,
gaze estimation, or driver monitoring [11], [14], since the
performance of these systems is affected by the variability of
facial appearance, and most of it depends on the orientation
of the face.

In this task, the demand for large-scale data sets that are
accurately annotated poses significant challenges, as image
collection is time-consuming, expensive, and must comply
with data protection regulations [15]. The process of annotat-
ing images with precise head pose information adds further
complexity due to the need for specialized equipment. As a
result, popular HPE data sets often suffer from lack of vari-
ability [16], [17], imbalanced label distributions, composed,
for example, of predominantly semifrontal faces [18], [19],
and reliance on automatic labeling [19], [20], [21]. Models
trained with them suffer from the so-called data set bias [22].
They do not accurately represent the real world and, as a
consequence, do not generalize well across data sets [23],
[24], [25], [26], [27].
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A solution to the aforementioned issues lies in the
utilization of synthetic data. It refers to artificially generated
images that mimic the real-world, but are created through
algorithms rather than being directly captured with a
camera [28]. In Figures la and 1b, we compare the distinct
characteristics of real images in controlled and unrestricted
scenarios, respectively, with synthetic ones in Figures lc
and 1d. The samples in Figure lc are from the popular
300W-LP semi-synthetic data set [21], produced by warping
images from 300W [29] with a 3D model [30]. 300W-LP is
largely composed of profile views with poor realism. Hence,
as shown in Sect. IV, models trained on them do not perform
well against real images.

]

: z '
(b) Real laboratory images [16], [17]

(d) Our synthetic images

FIGURE 1. Qualitative comparison of HPE data sets acquired in realistic
conditions (a) compared to face images acquired in controlled scenarios
(b), semi-synthetic images simulated by fitting a 3D face model (c), and
the synthetic faces generated in this work using a controllable generative
model [31] (d).

In this work, we advocate for the use of generative models
to create synthetic images for HPE, offering an efficient
and cost-effective alternative, improving model robustness in
handling varied scenarios, lighting conditions, head poses,
or facial expressions (see Figure 1d). Unfortunately, many
challenges arise when using generative models to create syn-
thetic images. They can produce excellent results under ideal
conditions, but they may encounter issues such as generating
faces that appear artificial or distorted, particularly in near-
profile viewpoints [32]. Thus, the quality of the generated
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images can vary significantly depending on the model’s
complexity and the training data distribution. Furthermore,
generative models are also prone to leak information from
the underlying training data, which is specifically of concern
when human data is involved, since identity leakage poses a
significant risk to personal privacy rights [23].

To the best of our knowledge, we are the first to
address the presence of biases in HPE benchmarks, which
mainly stem from varying acquisition conditions and label
distributions across different data sets. To address this,
we introduce a synthetic data set, HPGEN, using a control-
lable generative model that automates head pose annotations.
As shown in our experiments, training a deep model for
HPE that includes our synthetic images demonstrates better
generalization capabilities across all major benchmarks.
The HPGEN images and labels can be downloaded at
https://dx.doi.org/10.21227/d31p-nt47.

Il. RELATED WORK

In this section, we examine current state-of-the-art (SOTA)
methods that generate images conditioned to the head pose,
we analyze the data set bias problem for other facial analysis
tasks, and review the accuracy of present literature for HPE.

A. CONTROLLABLE IMAGE GENERATION

Generative Adversarial Networks (GANs) and Generative
Diffusion Models (GDMs) are two of the most prominent
methodologies in the field of generative modeling. Recent
advancements in computer vision have led to the development
of sophisticated 3D-aware image generators [33], [34]. These
models aim to generate images that not only look realistic but
also adhere to the constraints of 3D structures.

Introduced by Goodfellow et al. [35], GANs consist of two
networks, a generator and a discriminator. The generator
creates synthetic images by learning the distribution of
training samples, whereas the discriminator evaluates their
authenticity by classifying whether the input samples stem
from the training set or are produced by the generator. Both
networks are trained in an adversarial manner, which drives
the generator to produce increasingly realistic images over
time. Nowadays, GANs have been extended incorporating
additional geometric information, such as semantic maps
or 3D models, into the generation process to handle 3D-
aware image generation [36], [37], [38], [39]. Techniques like
GANSs conditioned on pose information have been developed
to ensure that generated images maintain consistent and
realistic 3D structures when viewed from different angles.
However, they continue to struggle in accurately reconstruct-
ing 3D shapes with non-rigid entities such as human faces that
exhibit non-rigid deformations and varied appearances [31],
[32], [38].

GDMs represent an alternative approach to image gener-
ation [40]. Unlike GANs, which use an adversarial training
setup, diffusion models rely on a process of iterative refine-
ment. Starting from random noise, GDMs iteratively denoise
the image through a sequence of steps, guided by learned
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probability distributions. Analogously, diffusion models have
been also adapted for 3D-aware image generation [41], [42],
[43], [44], [45], [46]. These models condition the diffusion
process to ensure that the generated images respect the
underlying 3D structure.

The choice between GANs and GDMs depends on their
respective strengths in controlling output images. In Table 1
we note that 3D-aware GANSs [31], [32] are better suited for
tasks requiring high quality image outputs with high diversity,
but can suffer from training instability compared to 3D-aware
GDMs [41], [43]. Given that our application (HPE) prioritizes
the generation of realistic images properly annotated, we have
opted to use GANs over GDMs. Specifically, OP3D [31],
which proposes a novel feature map representation, regarded
as “OrthoPlanes”, aimed at enhancing the 3D awareness of
the volume rendering stage (see Figure 2), which significantly
improves how well the subjects’ identity is maintained under
different poses.

TABLE 1. Comparative of existing literature on 3D-aware image
generation using FFHQ [18], which differentiates the quality and diversity
of the generated images, and possible control of specific attributes on the
generated images. Lower FID denotes better quality in the synthetic faces
(see Sect. IV).

Method Model Control FID ()
ZestGuide [42] GDM Prompt, Semantic map 22.08
ControlNet [44] GDM |Prompt, Semantic map, Keypoints| 15.27
GRAM-HD [36] GAN Euler angles, FoV, Identity 12.00
VersatileDiffusion [43]| GDM Prompt 11.10
GMPI [38] GAN Euler angles, Identity 8.29
GLIGEN [41] GDM |Prompt, Semantic map, Keypoints| 5.61
SURF-GAN [37] GAN Euler angles, Identity 4.72
EG3D [32] GAN Euler angles, FoV, Identity 4.70
OP3D [31] GAN Euler angles, FoV, Identity 4.01

B. DATA SET BIAS

Data set bias [22] is a well-known problem in other
facial analysis tasks, such as facial alignment [6] or facial
recognition [22], [27]. Synthetic data can help mitigate
it [28], but a model trained only on synthetic data suffers
from a larger bias than the same model trained on real
data [24]. According to [25], while deep models trained using
synthetic data deliver reasonable accuracy, real images lead to
superior results. Domain adaptation helps address this gap by
adjusting a model trained on synthetic data to perform well on
real-world images [26], [47]. Alternatively, Joshi et al. [23]
proposes the combination of synthetic and real data to reduce
biases caused by the unequal distributions often observed in
real-world data sets.

HPE data sets bias will also lead to inaccurate or skewed
estimations of head pose across different conditions. Adding
synthetic data helps mitigate the bias in current HPE data sets,
improving face diversity, augmenting underrepresented head
poses, and reducing labeling inconsistencies (see Table 5).

C. HEAD-POSE ESTIMATION
HPE refers to the process of determining the relative
orientation between the camera and the target head. It is
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usually parametrized using popular Euler angles. Recent
SOTA literature shows remarkable results [7] (see Table 2).
Most approaches follow the same evaluation protocol. They
use a large semi-synthetic data set, 300W-LP [21], to train a
deep model that is evaluated on real data sets, AFLW2000-
3D [21] and Biwi [16], for unrestricted and laboratory
conditions.

We also observe that the most successful methods,
OpNet [48] and TRG [49], have incorporated additional
training data sets, suggesting that models trained exclusively
with 300W-LP semi-synthetic images struggle to generalize
to different scenarios.

In this work, our main goal is to analyze the existence
of HPE data set biases that negatively affect generalization.
To address this, we introduce a synthetic data set, HPGEN,
generated with a GAN with explicit control over head pose.

TABLE 2. Comparative of existing literature on HPE using the popular
AFLW2000-3D and Biwi data sets [16], [21]. Lower GE denotes better head
pose estimation (see Sect. IV).

AFLW2000-3D Biwi

Method MAE (1) MAE ()

yaw pitch roll |mean GEW) yaw pitch roll |mean GE ()
HopeNet [9] 6.47 6.56 5.44/6.15| 993 [4.81 6.61 3.27|4.89 | 9.53
FSA-Net [5] 4.50 6.08 4.64|5.07 | 8.16 |4.27 4.96 2.76| 4.00 | 7.64
WHENet [50] |4.44 5.75 431|483 | - |3.60 4.10 2.73/348| -
MFDNet [51]  [4.30 5.16 3.69|4.38 | - |3.40 4.68 2.77|3.62| -
img2pose [52] |3.42 5.03 3.27(3.91 | 6.41 |4.56 3.54 3.24|/3.78 | 7.10
MNN [13] 3.34 469 3.48(3.83| - [3.98 4.61 2.39|3.66| -
LPONet [12] 2.83 456 3.30{3.56| - (494 4.87 2.85|4.22| -
DSFNet [5] 2.65 428 2.82{3.25| - - - - - -
CIT [4] 2.68 4.38 3.45(3.50| - [3.01 4.54 4.15|3.90| -
SRHP-Euler [53]|2.76 4.25 2.76|3.26 | 5.29 |4.54 5.05 2.80|4.13 | 7.49
SRHP-6D [53] |2.85 4.59 3.04|3.49 | 5.37 |4.58 4.65 2.71|/3.98 | 7.30
OpNet [48] 2.79 4.18 2.49|3.15| 5.23 [3.66 4.61 2.44|3.57| 7.01
TRG [49] - - - - - [3.04 3.44 1.78|2.75 | 5.35

Ill. DATA SET GENERATION METHODOLOGY

A critical component in developing robust HPE models is the
availability of data sets that generalize well under different
conditions. Annotating a large-scale image data set poses
significant challenges that can hinder the progress in this
field. Joshi et al. [23] suggests that training a model with a
combination of real and synthetic images yields outstanding
results and helps mitigate biases.

In this context, the challenges inherent in the development
of a data set for HPE highlight the need for innovative
solutions, such as the use of synthetic data with a controllable
generative model. As illustrated in Figure 2, OP3D [31] pro-
duces high-resolution synthetic faces (i.e., 512 x 512 pixels)
conditioned on a specific head pose input denoted by yaw and
pitch angles. OP3D uses the styleGAN-based backbone [18],
which yields excellent results in data-driven generative image
modeling (see Table 1). In this network, a random latent code
z sampled from a normal distribution defines the identity of
the subject. This latent vector z is processed by the mapping
network to obtain the style vector w, used to control a distinct
visual attribute (e.g., pose, gender, identity) disentangled
within the synthesis network. Finally, the generated 2D
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FIGURE 2. The controllable generative model, OP3D [31] requires as input the random latent code z, truncation trick value y, and camera
parameters based on yaw, pitch and fov, colored with blue boxes respectively. The final discriminator with dashed lines and higher

transparency is used exclusively during training.

feature maps are converted to a 3D representation used as
input for a neural volume renderer that simulates how each
face would look in a 3D space. This formulation regarded
as “OrthoPlanes” uses 3 orthogonal groups aligned with the
axes of feature planes, each with K parallel planes with a
resolution of 256 x 256 x 96. In this work, we use the OP3D
model based on K = 12 planes trained on FFHQ [18].

Although generative models excel at producing highly
realistic synthetic face images, they are also prone to leak
information from the training data set [23]. This is of
particular concern when human data is involved, as leaks of
identity information infringe the right to personal privacy.
The implementation of data protection laws [15], e.g., the
General Data Protection Regulation (GDPR), defines strict
rules for processing data that can reveal identity information.
As specified by Feng et al. [54], identity leaks become less
likely when using data bases with high diversity and a large
number of identities for training, which alleviates model
overfitting. FFHQ consists of 70K identities acquired from
Flickr without explicit consent, which bypasses the legal
requirements of the individuals at the mercy of a permissive
Creative Commons license.! We note that such information
leakage related to the human identities within the training set
is of concern, so we use the standard truncation trick [18]
that defines how far the generated images can be from the
“average face image” (and how diverse the output can be).
We use a ¢ = 0.5 that tends to produce averaged identities
at expense of deteriorate image realism and diversity.

As a result, we generate a synthetic data set that consists
of a total of 400K images generated using 4K different
identities. Each identity is consistent across multiple views.
A total of 100 views properly balanced by yaw angle are
generated, by adjusting the yaw angle from —90° to 90°,

1 https://exposing.ai/ffhq/
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the pitch angle from -60° to 60°, and the field of view
(FoV), which refers to the extent or angle of the scene that
is visible through the camera lens or sensor, between 5°
and 25°. In this way, a pitch range up to £60° guarantees
that the gimbal lock problem [53] can be ignored, which
occurs when the pitch angle is £90°, using a yaw-pitch-roll
configuration [19]. We denote as HPGEN the synthetic data
set generated. Figure 3 shows several samples acquired from
two different identities.

In Table 3, we assess that HPGEN stands out as the most
balanced among the standard HPE data sets. Regarding yaw
and pitch distributions, it maintains a consistent percentage of
samples across all orientations, addressing limitations found
in other data sets that exhibit uneven sample distributions.

As with most HPE data sets in the literature (see Table 3),
it is necessary to annotate the position of the face in our
HPGEN images. So, we annotate each image with the
bounding box provided by the RetinaNet [1] face detector
trained on the popular WIDER [2] data set. In case of several
detections in an image, we only choose the most significant
in terms of confidence and/or size.

IV. EXPERIMENTS
Traditionally, HPE techniques use public image sets obtained
in laboratory conditions. In this context, Biwi [16] is the most
popular data set. It contains 15677 frames from 24 videos of
20 subjects in a controlled environment, where people sit in
front of a Kinect sensor and freely turn their heads.
Nowadays, HPE progress has shifted towards evaluations
that involve more realistic and challenging situations by using
images acquired in-the-wild, that include extreme rotations,
exaggerated facial expressions, arbitrary illumination, blur-
riness, partial occlusions, etc. A common methodology for
performing cross-data set experiments is based on using
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(b)
FIGURE 3. Representative face samples of HPGEN related to 2 different identities in each row. The text below represents yaw and pitch angles in

degrees required to control the output. We note that identity remains consistent across various perspectives, although the realism of near-frontal face
images appears to be higher.

TABLE 3. Comparison among HPGEN and the most popular HPE data sets. We show the head pose distribution of each data set computing the
percentage of faces (%) around each orientation. For example, 15° includes all faces between 0° and 30°.

. . yaw (%) pitch (%)
Database # images | # subjects 750 | 450 | -15° | 15° | 45° | 75° | -45° | -15° | 15° | 45°
AFLW 20954 24140 | 7.62 [12.04]30.04(29.12|10.01| 6.84 | 2.11 [65.49(31.67 | 0.66
DAD-3D 42152 42152 | 2.47 | 8.58 [35.32|42.28| 8.41 | 1.67 | 2.61 |64.92|30.30| 1.66
300W-LP 61225 3837 | 18.76|18.57|12.31|12.81 | 18.69 | 18.83| 3.19 | 75.18 |21.07| 0.52
AFLW2000-3D | 1969 1969 7.26 | 9.90 |35.70|30.87| 9.39 | 6.85 | 3.55 [65.10(26.86 | 2.79
Biwi 13219 20 2.93 |20.34|40.34 | 22.67 | 12.14 | 1.54 | 8.22 |22.77|58.41|10.56
HPGEN 400000 4000 |[16.64|16.63|16.39|16.84|16.68 | 16.79 [ 25.07 | 24.51 | 25.30 | 24.67
300W-LP and AFLW2000-3D data sets [21]. The former A. METRICS

consists of 61225 synthetic images that expand 300W [29]
through extreme orientations, while the latter is a reannotated
subset of AFLW [19]. Both include automatically annotated
Euler angles generated by fitting a 3DMM to each face.
The most popular protocol uses 300W-LP as training set
and both AFLW2000-3D and Biwi as test sets. The standard
evaluation protocol [9] discards faces with yaw outside the
range +99°.

The second popular benchmark is AFLW [19]. It provides
a collection of 25993 faces in 21997 in-the-wild images, with
head pose ranging between +120° for yaw and £90° for
pitch and roll angles. These Euler angles have been computed
assuming the structure of a mean 3D face and applying the
POSIT algorithm [55] with the manually labeled landmarks.
We discard some images with reported annotation errors and
follow the same train and test protocol as [13].

Finally, DAD-3D [20] is a newly released in-the-wild data
set balanced over a wide range of poses, face expressions, and
occlusions. It consists of 42152 and 2746 annotated images
as train and test sets respectively. DAD-3D also includes the
rotation matrix used to accurately fit the 3DMM to each
face.
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In the context of generative deep models, the Fréchet
Inception Distance (FID) [56] and the Kernel Inception
Distance (KID) [57] are used to evaluate the quality and
diversity of the generated images. The FID in Eq. (1)
measures the similarity between extracted features of the real
and generated data sets as multivariate Gaussian distributions,

FID = [|pt, — pgll® + Te(E, + T — 2%, 29" (1)

being w,/ug the means, and X,/X; the covariances of
features from FFHQ [18] and HPGEN respectively.

The KID is based on the Maximum Mean Discrepancy,
which measures the difference between distributions using
kernel methods. It does not assume any specific distribution
(e.g., Gaussian) for the data. Lower scores FID and KID
indicate a greater similarity between real and generated
images. KID has the advantage of having an unbiased
estimator and can be more stable for smaller sample sizes.

The Identity Similarity (ID) [58] measures, using the
Arcface [10] cosine similarity, how well the images generated
in HPGEN preserve the identity of the subjects under
different poses. Higher ID scores indicate better identity
preservation in the generated images.
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In the context of HPE, the most popular metric for quan-
tifying error is the Mean Absolute Error (MAE). Measures
the head pose resorting to the Euler angles representation,
which is dependent on the order in which yaw, pitch, and roll
rotations are applied.

Alternatively, the Geodesic Error (GE) [59],

1< T®&RN -1
GE = ﬁgl“(cos l(f ), 2)

where R;, R; represent the ground truth and predicted rotation
matrices respectively for i-th image, directly compares the
rotation matrices by computing their geodesic distance.
It does not make any errors in the presence of the gimbal lock,
that in HPE usually occurs when the pitch ~ +90° [53].

B. IMPLEMENTATION DETAILS

We use the same architecture for all the HPE experiments,
an EfficientNet-B4 [60] pre-trained on ImageNet. We fine-
tune this model using a SGD optimizer with an initial learning
rate « = 1073 , which is halved when the validation loss
plateaus for 5 epochs. We shuffle each training data set, and
split it into 90% train and 10% validation, to determine the
meta-parameters of the learning process. In 300W-LP and
HPGEN we split the validation data according to different
identities.

We also augment our training data by applying to each
sample the following random operations: in plane rotation
between +5°, scaling by £10%, translation by £20% of the
bounding box size, mirroring the face image horizontally and
changing color multiplying each HSV channel by a random
value between £20%.

In AFLW/DAD-3D/HPGEN we crop faces using the pro-
vided bounding box ground-truth. In 300W-LP/AFLW2000-
3D we use the rectangle enclosing the annotated landmarks.
In Biwi, the bounding boxes provided by the MTCNN face
detector [3] to make fair comparisons with the previous
literature [8], [51], [52], [53] (see Table 2).

At runtime each model estimates the head pose on the
Biwi videos at a mean rate of 12 FPS, using an NVIDIA
GeForce RTX 3080 Ti (12GB) GPU, PyTorch Lightning and
OpenCV libraries. Code and trained models are available at
https://github.com/pcr-upm/access25_headpose.

C. IMAGE GENERATION RESULTS

As mentioned in Sect. III, the controllable generative model
OP3D [31] has been trained using FFHQ [18]. So, we perform
several experiments to assess the reliability of the generated
face images compared to those in FFHQ.

In Table 4 we compare the quality of our HPGEN synthetic
images with the real images from FFHQ. HPGEN always
yields results that fall short compared to those reported in the
original OP3D study. The ID metric suggests that the faces
of HPGEN maintain consistency of the identity of subjects,
although not as effectively as described in [31], i.e., 0.73 vs
0.417 ID.

VOLUME 13, 2025

TABLE 4. Comparison between FID/KID/ID metrics computed by using
HPGEN images against the results provided by OP3D [31]. HPGEN
(yaw/pitch € [-30°, 30°]) represents a subset of HPGEN images with face
orientation in £30°.

Metric
Datas FID () | KID ()| ID (1)
OP3D [31] 4.01 1.23 0.73
HPGEN (yaw/pitch € [-30°,30°])| 6.05 3.50 | 0.685
HPGEN 73.35 | 47.47 | 0417

However, the metrics FID and KID indicate that the
HPGEN images exhibit a greater divergence from the real
images, 4.01 vs. 73.35 FID. The key reason stems from
the head pose distribution in the original FFHQ data set.
In FFHQ, 60% of the images have a yaw angle between
+25°, and 96% of them are between +45° [24]. This bias in
the orientation distribution means that the models trained on
FFHQ perform better on images with similar yaw angles, but
struggle against extreme head poses. In HPGEN the data are
balanced properly according to the yaw angle, which ranges
between £90°.

To assess this hypothesis, we consider a subset of HPGEN
containing only images with a head orientation within £30°.
When computing the FID, KID and ID metrics again, we get
a noticeable reduction in FID/KID metrics, and an increase
in consistency ID (see Table 4). In Figure 3 we qualitatively
verify that images with extreme poses exhibit artifacts around
the face that compromise visual quality.

At this point, we also analyze whether the images in
HPGEN with a head pose close to profile are good, not only
in terms of realism, but also in terms of whether the applied
control to generate them has been successful. In Figure 4a
we show the confusion matrix of a deep model trained
with HPGEN and evaluated with Biwi, where we discretize
each angle in steps of 15°. Note that the classification error
increases as the head pose approaches the profile view, which
indicates that the model struggles with handling poses that are
underrepresented in FFHQ.

In the end, we reannotate the entire HPGEN data set
using the DAD-3DNet model [20] to determine if the error
in the near-profile cases is due to the facial appearance
quality, or is attributed to the original yaw/pitch control
labels. In Figure 4b we replace the previous HPGEN labels
with the reannotated angles, thus reducing the classification
error in the near-profile samples. For example, considering
only those Biwi samples with an absolute yaw angle greater
than 60°, we significantly reduce the classification error from
98.50% to 49.75%. This means that the images generated
in near-profile poses do not agree fully with the orientation
control signal. We speculate that this is caused by the lack of
training images in those angles in FFHQ.

D. HEAD-POSE ESTIMATION RESULTS
The most realistic methodology for evaluating HPE is
a cross-data set procedure, in which the deep model is
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FIGURE 4. Confusion matrices obtained using HPGEN and Biwi data sets
for training and evaluating respectively. We compare results using the
original head pose labels required to control the generative model output
(a), against the reannotated head pose using the DAD-3DNet model [20].

trained with a data set and evaluated with a different one.
In Table 5 we perform several cross-data set experiments
to evaluate the quality of current benchmarks, including
AFLW, DAD-3D, 300W-LP/AFLW200-3D and Biwi data
sets. We also compare the generalization capability of these
models compared to “All”’, which is a model that combines
AFLW, DAD-3D and 300W-LP. “All” can mitigate bias
by using the diversity of combined data sets. The key
finding of this experiment is that we always achieve the
best result when training with the train subset of the same
data base, e.g., 6.85 and 5.97 in AFLW and DAD-3D
respectively. These results demonstrate the existence of a
significant data set bias in most benchmarks. Unexpectedly,
the model trained with DAD-3D also achieves the lowest GE
on AFLW2000-3D and Biwi, while the standard benchmark
relies on 300W-LP [21], which confirms that a model trained
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with 300W-LP synthesized images struggle to generalize to
different scenarios.

TABLE 5. Cross-data set experiment using the most popular HPE data
sets. Note that we use the Geodesic Error (GE) as metric. “All” denotes a
model trained with AFLW, DAD-3D and 300W-LP training subsets. “Avg”
represents the average GE.

Train Test AFLW | DAD-3D | AFLW2000-3D | Biwi | HPGEN | Avg
AFLW 6.85 9.08 6.21 1126 7.55 |[8.19
DAD-3D 8.89 5.97 5.67 778 | 5.14 |6.69
300W-LP 10.69 | 12.44 6.46 11.64| 6.15 |[9.47
All 7.23 6.03 5.10 1040 594 |6.94
HPGEN 12.47 | 13.19 9.24 9.90 1.56 |9.27
All+HPGEN | 7.00 5.86 5.09 8.66 1.53 |5.62

To measure the reliability of the synthetic images in
HPGEN, we compare the generalization capability of a deep
model trained on “All”” standard HPE data sets compared to
All+HPGEN, that also includes the synthetic data. As stated
previously, synthetic data can also contain biases since we
achieve the best result, 1.56 GE in the test subset of HPGEN,
training with its training subset. Another key finding is that
by computing the mean GE of all data sets we achieve the best
result combining the All4+HPGEN benchmarks, 5.62 GE.
Similar to Wood et al. [25], we confirm that models trained
only on synthetic data demonstrate competitive performance,
but combining real and synthetic images we achieve the best
results.

Moreover, we compare 300W-LP results in Table 5 with
previous literature using AFLW2000-3D and Biwi. In Table 2
we note that models trained only with 300W-LP struggle
to generalize to different scenarios. Certain methods [13],
[50], [52] tend to perform well in laboratory data, but do not
generalize in images involving more challenging situations,
while other methods [4], [S], [53] produce superior results in
AFLW2000-3D images compared to those obtained in Biwi.
Similarly, our model provides a GE of 6.46 and 11.64 in
AFLW2000-3D and Biwi respectively. We also note a GE
reduction from 11.64 to 9.92 aligning the reference systems
as in [48] and [53]. Even so, our goal was not to exceed the
SOTA, but rather to demonstrate that incorporating synthetic
images improves the generalization and reduces the data set
bias.

Although not strictly comparable with SOTA [48], [49]
due to the differences in the additional data used for training,
we analyze our best model All+HPGEN combining real
and synthetic data. First, we establish the new SOTA in
AFLW2000-3D and we achieve a significant GE relative
reduction of 2.68% over OpNet [48], from 5.23 to 5.09.
In Biwi, we also obtain a competitive GE, 8.66, which is
further reduced to 7.04 by aligning the reference systems as
in [53]. This ranks second, surpassed only by TRG [49], 5.35,
which incorporates additional training data in laboratory
conditions such as ARKitFace [17].

In the end, we visually compare the six worst All+HPGEN
predictions from the test data sets in Figure 5. By focusing on
the top errors, we can clearly identify the specific conditions
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FIGURE 5. Top-6 errors using the All+HPGEN model in AFLW, DAD-3D, AFLW2000-3D, Biwi and HPGEN test data sets. The blue, green and
black text below represent Euler angles ground truth, prediction and Geodesic error respectively.
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or scenarios where the model fails most often. We note
that results are still unsatisfactory when two faces appear
together and both are within the cropped bounding box
(see Figure 5a), faces are turned upside (see Figure 5b),
certain facial regions are hidden/occluded (see Figure 5c),
heads are tilted sharply with significant yaw/pitch angles (see
Figure 5d), or bounding boxes are captured in a close-up view
(see Figure Se).

V. CONCLUSION

In this work, we propose the addition of synthetic face images
provided by a controllable generative model as a solution
to mitigate the problem of data set bias in the context of
HPE. To this end, we generate a comprehensive synthetic data
set, HPGEN, with annotated head poses, properly balanced
covering yaw and pitch angles from -90° to 90° and -60° to
60° respectively.

By combining the synthetic face images with several
well-known real image sets, we train a regressor that demon-
strates superior generalization capabilities. The All+HPGEN
model achieves excellent results across all benchmarks,
highlighting the effectiveness of incorporating synthetic faces
to alleviate bias and improve performance. Even so, this
model tends to perform best when faces are in near-frontal
positions (within +45°), since we utilize a pre-trained
controllable generative model that produces more realistic
images in this range.

In future work, we plan to apply domain adaptation
to further enhance the performance of models trained
on synthetic data across in-the-wild evaluation data sets.
Additionally, we aim to train the controllable generative
model by exclusively using ethical images with explicit
permissions, ensuring compliance with ethical standards and
allowing us to further enhance the realism of faces.
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