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Abstract
3D face reconstruction is a very popular field of computer vision due to its ap-

plications in social media, entertainment and health. However, ever since the intro-
duction of 3D morphable models as facial priors, 3D face reconstruction has been
dominated by reconstruction from single images due to its ease and proximity to 3D
face alignment. Even so, single image reconstruction methods suffer from incon-
sistent reconstructions across time and view points. Hence a natural extension is to
reconstruct 3D face shape from videos. Because of recent methods in single image
reconstruction setting the standards for state-of-the-art reconstruction, we introduce
a method to fuse single image reconstructions across multiple frames to create a
more accurate reconstruction. Furthermore, the lack of structured video datasets
that fully captures the face and provide 3D ground truth scans, led us to develop
and release the 3DFAW-Video dataset and challenge. We also introduce a symmet-
ric distance metric for benchmarking reconstructions on the 3DFAW-Video dataset
that is less affected by reconstruction density. Finally, we discuss the usage of 3D
face reconstructions in two different applications to be deployed ’in-the-wild’. In
particular, we illustrate applications in mask-sizing from a metric face 3D recon-
struction, and present 3D face normalization as a technique to improve vision based
non-contact heart rate estimation methods.
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Chapter 1

Introduction

1.1 Motivation

3D reconstruction is a very powerful technique for intuitively modeling the physical world for
digital manipulation and simulation. With the spread of mobile technology containing multiple
cameras and low cost sensors, human sensing has become a popular field. Today face tracking
and reconstruction methods are used everywhere from entertaining social media filters to face
modeling before plastic surgeries. Hence, 3D face reconstruction is an extremely versatile task
that has wide range of applications.

We focus on the task of 3D face reconstruction using 2D monocular camera videos and
highlight a couple of real-world applications. Current methods in the field are saturated with
single-image based reconstruction techniques. They are a rapidly evolving group of methods
due to it’s proximity to other related tasks such as 3D face tracking and alignment. Albeit fast,
such techniques inherently separate the temporal and multi-view consistency, due to reliance on a
image-level reconstruction. Furthermore, the lack of 3D ground truth datasets is a big limitation
in evaluation and pushing the state of the art. Hence, we realize the need for a structured monoc-
ular multi-frame dataset that does not currently exist. And lastly, almost all existing methods for
3D face reconstruction confine themselves to the task and don’t explore other auxiliary tasks or
challenges to application in the real-world.

This hence brings to light these question worth investigating:

1. How do we integrate the multi-view consistency of the subject from multiple single image
reconstructions? What other details of the face shape can be learned additionally to the sin-
gle image reconstructions by introducing a temporal component (i.e. using 2D monocular
videos)?

2. How do we benchmark and evaluate the quality of our reconstructions?

3. What other applications and auxiliary tasks does a multi-view consistent 3D reconstruction
allow, and how do these methods perform on real-world applications?

1



1.2 Challenges
There quite a few factors that makes 3D face reconstruction a challenging task. The majors ones
are as discussed below.

1.2.1 Appearance Diversity
One of the major challenges in 3D face reconstruction is the enormous diversity in appearance of
the population. Most new methods based on machine learning use datasets that are not entirely
representative of the target population due to the bias in the existing datasets. Furthermore,
handling occlusions, such as a facial hair, a hand, or other objects in between the subject and
the camera can also make the task of 3D face reconstruction extremely challenging. It is also
to be noted that various methods which rely on shading information for reconstruction can also
be hampered by dynamic lighting or complex lighting environments. However, when trying to
bridge the gap between single and multi image 3D face reconstruction, a major issue is the non-
rigidity of the subject’s face. When dealing with multiple frames of the subject in the wild, it is
unlikely that the subject holds the same facial expression over time. While, single-image based
approaches entirely bypass this issue, the multi-frame methods have to either actively control it,
or ensure that the data collected is devoid of such variations in expressions as a hard constraint.

1.2.2 Use of Face Models
While the classical computer vision pipeline of 3D reconstruction uses multiple views for re-
construction using techniques such as Structure from Motion(SfM), or Photometric Stereo (PS),
which depends instead on lighting cues on the image for reconstruction, a whole subgroup of
methods reply on 3D facial priors in the form of a 3D morphable model such as the Basel Face
model[25] to be fit to the face. While this allows the method to do a single image reconstruction,
it also introduces limits on the total class of faces that can be represented from the model. Hence,
such methods are hit their limits of accuracy when dealing with large non-symmetries on the face
which are not expression based.

1.2.3 Lack of Ground Truth Datasets
Most recent methods rely on deep learning based approaches to generate the 3D reconstruction
from images. While synthetic or model based data does not alter the nature of classical 3D re-
construction methods, with deep learning approaches these can become severe limitations. Many
of the widely used datasets for 3D face reconstruction such as 300W-3D [54], only provide the
3D morphable model parameters for reconstruction, and not the ground truth 3D meshes. Such
datasets with ground truth 3D meshes are far and few between, and tend to use images as opposed
to video data. This is also an issue during evaluation, where all the methods are not compared to
the ground truth in the wild data, but rather on model fitting with minor improvements.
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1.3 Contributions
In this work we focus on the task of 3D face reconstruction from monocular video by leveraging
the rapid improvements in single-image reconstruction based methods. More specifically, we ex-
plore how to extend single-image reconstruction to a multi-frame based approach. However, the
lack of ground truth 3D datasets for such a task also needed to be filled, if we were to accurately
evaluate the quality of the 3D reconstructions.

Hence the contributions of this work are the following:
1. Introduction of a novel method for extending single-image reconstructions by multi-frame

reconstruction fusion.

2. Creation and release of the 3DFAW-Video dataset containing ground truth 3D meshes, 2D
monocular video and associated evaluation metric.

3. Exploration of in-the-wild applications of 3D face reconstruction in 3D mask-sizing and
heart rate estimation using 2D monocular mobile videos.

1.4 Outline
The thesis document is split into chapters detailing the background, methods, and results etc.
The related works chapter provides a good starting place for those not familiar with the 3D
face reconstruction field. The first half of the chapter explores various classical computer vision
techniques in 3D reconstruction in general and about facial prior models such as 3D morphable
models used by many methods. We also take a look at the ZFace[27] 3D face tracking software,
as well as inspect a few deep learning based methods.

In the Datasets chapter, we detail the various datasets used by our methods in training and
evaluation. In particular, we describe the the newly released 3D ground truth 3DFAW-video
dataset. We also touch on the related challenge held in conjunction with ICCV 2019.

In the Methods chapter, we discuss the position map data representation and the cosine fusion
method and illustrate how it works.

The Results chapter, contains the evaluation of the method that we introduce. It also contains
the evaluation protocol and metric, and the results for 3DFAW-Video challenge that was held
with comparisons between the top few methods and ours. We also discuss the improvement of
the reconstruction of our method over the base PRNet model, and highlight the experiment on
the effect of number of images used for reconstruction.

The Applications chapter, illustrates the power of 3D face reconstruction methods in the
context of a 3D face mask sizing task and for heart rate estimation from 2D monocular facial
videos.

3



4



Chapter 2

Related Work

3D face reconstruction is a rapidly evolving field, with increasing level of interest from the en-
tertainment industry for facial motion capture to health care industry for planing facial cosmetic
surgical procedures. Due to the enormity of the number of methods in the field, there exists nu-
merous ways of classifying the space. The major distinctions between key methods are discussed
in this section along with a few examples of each.

One of the broadest way to distinguish methods are by class of techniques employed by them.
In recent years , with the adoption of deep learning as a mainstay for computer vision tasks, there
is a clear distinction to be made between the classical computer vision techniques and learning
based methods of new. While classical methods often revolved around geometric and physics
based vision, learning based techniques use large amounts of data to find the intrinsic patterns
that lead to the derivation of the structure of the object. Hence, the datasets used to train a learn-
ing based method is as important as it’s architecture, and the constraints it uses to learn network
parameters.

Another classification of existing methods can be made on the precision(level of details) of
results they produce. There are broadly three different groups of methods for 3D face recon-
struction, depending on the amount of detail each of the methods are able to produce. They can
be:

1. Global(Coarse) shape estimation methods

2. Local(Fine) detail estimation methods

3. Joint(Coarse & Fine) shape estimation methods

Global shape estimation methods focus on primarily reconstructing the face to a very low
level of detail, while establishing the primary overall shape of the face. Many of these methods
rely on facial priors to ensure that the reconstruction has a high facial coverage, and reduces the
errors in regions around the major facial landmarks such as the eyes, nose, mouth regions. Such
methods can densify their sparse reconstructions using Catmull-Clark subdivisions or similar
techniques. Local detail estimation methods in contrast work on extracting higher levels details

5



Table 2.1: Categorical representation of recent methods in 3D face reconstruction described
by the precision of the reconstructions and the modality of the reconstruction (single-image vs
multi-frame)

from the face, by photometric stereo, normal map estimation or related methods. These methods
however, tend to suffer from self-occlusions due to facial head-pose changes as they usually rely
on single image detail restoration. But there are a few methods that try to bridge the gap, by
jointly estimating both global (coarse) and local (fine) shape from images. Such methods deal
with optimizing their methods along the level of detail versus reconstruction noise trade-off.

Furthermore, from the perspective of using monocular videos, the existing methods for 3D
face reconstruction can be segregated into two modalities of study. The first is single-image
based reconstruction, which outputs a one is to one map between the frame and the reconstruc-
tion. Such methods are the most common in the field since the introduction of the 3D morphable
models [5].

The second modality is multi-frame based reconstruction. This is essentially the task of re-
constructing a single 3D face mesh from multiple frames spread over the time dimension. It is
important to note the difference between multi-frame based reconstruction and multi-view based
reconstruction. The major difference we will emphasize is that multi-frame based reconstruc-
tion does not make any assumptions that the frames were collected at the same instance in time,
while multi-view based reconstruction does. In other words, multi-view would require 2 or more
cameras with synchronized data capture, while multi-frame refers to single monocular camera
captured data. This means that multi-frame reconstruction is a more generalized reconstruction
modality and closer to reconstruction from image sets.

Table 2.1, shows the spread of the various methods in the field along on 2 dimensions: the
precision(level of details) of the various methods and the modality of the reconstruction. This
representation shows a good example of the number of methods preferring to rely on single im-
age based reconstruction as compared to multi-frame approaches.
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2.1 3D Morphable Models (3DMMs)
One of the corner stones of face modeling since its introduction in [5], 3D morphable models
(3DMMs) have dominated the field as the principle 3D facial prior model in 3D face recon-
struction and related tasks. The 3D morphable models are created by conducting a Principle
Component Analysis (PCA) on a large dataset of 3D face scans, to get the principle component
basis for the face shape in the dataset. In subsequent models such as [25], the same idea was
expanded to skin texture as well. Hence, we can express a face shape(S) and face texture (T ), as
given in equation 2.1, with the mean shape (S̄) and texture (T̄ ) adjusted along the shape/texture
principle components Xs and Xt, by the shape/texture parameters αs and βt. It is important
to note that while the equation 2.1 in the backwards direction is the generative task of creating
a face shape S, given it’s αs, βt parameters, the equation 2.1 in the forward direction allows
for fitting the 3DMM to find the αs, βt parameters that can as closely resemble the face shape
S as possible. Some examples of the variations in shape that can be modeled by the popular
3DMM, Basel Face Model(BFM’09) [25], are shown in Figure 2.1. More recent 3DMMs such
as BFM’19[19], FaceWarehouse[6], and FLAME[32] also account for facial expression changes.
For those inclined, [14] provides a detailed background and history of 3DMMs and their use in
face modeling.

S = S̄ +Xsαs

T = T̄ +Xtβt
(2.1)

Figure 2.1: The Basel Face model (BFM’09) with the mean face in the center, along with sev-
eral variations in the shape, generated by varying the shape parameter along specific principle
components.
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2.2 Classical Methods
In this section we discuss a few classical methods used for general 3D face reconstruction, and
related methods that use some variation of such techniques.

2.2.1 Structure from Motion (SfM)
One of the staple methods for 3D reconstruction from image sets have always been Structure
from Motion (SfM). Structure from Motion constructs both the 3D points clouds of the objects
visible in the image set as well as simultaneously calculating their camera poses. This allows
for reconstruction from un-calibrated cameras and image sets. SfM has been used as a major
technique in methods such as [18] [20] [34]. However, SfM reconstructions need to be further
processed to remove spurious points by smoothing or model fitting, leading to a coarse recon-
struction. For instance, [2] uses a variant of SfM such as Bundle Adjustment (BA) along with
multi-view stereo and 3D morphable models to reconstruct the global facial structure.

2.2.2 Shape from Shading (SfS)
Another related classical method for 3D shape extraction from images is the broad task of Shape
from Shading (SfS). Shape from shading aims to conduct an inverse rendering of an image, i.e.
separate an image into its reflectance(albedo), and corresponding shading components containing
both the object geometry and the illumination. Although an ill-posed problem, with the right
illumination assumptions, SfS can reconstruct high level of surface details. Photometric Stereo
(PS), is one of the many techniques used for SfS. For example, [7] uses a Color PS pipeline with
controlled near point lights setup along with a 3D morphable model for self-calibration, in order
to retrieve the geometry of the face. In contrast, [33] uses a photo set of the subject, binned
by head pose, and aligned using collective flow, before using PS to reconstruct and merge the
reconstructions together without 3D morphable models.

2.3 Learning based methods

2.3.1 Single-Image Reconstruction
A related and important task for most 3D reconstruction pipeline is that of face detection and
tracking. In fact, some methods like the ZFace 3D face tracker [27] provides a dense 3D face
alignment on 2D monocular videos, which can be then further densified using a technique such
as Catmull-Clark subdivision to produce a 3D face reconstruction. The method relies on extract-
ing local Histogram of Oriented Gradient (HOG) features for a set of initial markers and refining
the 2D marker alignment using a trained cascade regressor. These 2D markers are then used to
iteratively fit a custom denser 3D model until convergence, and corrected for excess jitter using
the previous tracked frame. The current 2D/3D alignment is then passed on as initial estimates
for the next frame. However, the ZFace tracker limits the 3D alignment to a select internal facial
region, which prevents it’s use as a full 3D face reconstruction method. Hence, ZFace can be
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seen as a tracker that does single-image, global shape estimation.

Single image based reconstruction methods have become extremely popular in recent years,
with the advent of larger datasets, ample computing power and advances in deep learning. Some
methods like [13] use a CNN based architecture with fusion of intermediate layers to regress
the 3DMM parameters of the face from a single image. Other architectures such as the more
compact MobileFace [8] also used similar 3DMM fitting for real-time 3D reconstruction. MoFA
[45], uses a convolutional autoencoder to create a semantic code vector that parameterizes facial
expression, shape, skin reflectance, camera pose and scene illumination which can then be de-
coded to retrieve the 3D facial geometry.

3DDFA [54] used a cascaded CNN model to regress the 3DMM parameters as well as the
camera pose iteratively till convergence. However, the model does not deal with extreme poses
well, which was improved in the 3DDFAv2 [21] method by meta joint optimization across the
regressed 3DMM parameters and the landmark estimation. The 3DDFA method also introduced
the Normalized Coordinate Code (NCC) representation for the 3D face geometry, which was
modified to include the camera pose in PRNet [16] to form the position map representation.
Much like 3DDFA, PRNet estimates the 3D reconstruction as well the dense landmarks together,
but unlike other methods, it does not explicitly regress a 3DMM. PRNet uses image to image
translation, i.e. translates the input image to the position map image representation of geometry
of the face. However, the data that was used in training the PRNet model is based on 3DMMs
and hence the reconstructions have a bias towards the 3DMM space.

Some recent methods such as [42], also use image to image translation, but extend it to learn
an implicit multi-view consistency while using 3DMMs for the facial geometry. This is done by
considering 3 different views to either side of the face to constraint the the center image based 3D
reconstruction using multiple multi-view consistency losses. Due to the heavy use of face pri-
ors such as 3DMMs, these single image methods tend to produce only the global shape estimates.

Other methods focus on the task of extracting fine details of the face from the images using
normal map representations for geometry. While normal maps allow for great detail and pro-
vides a known correspondence to the image, it does not change the 3D shape of the face. The
normal maps instead is only able to affect the rendered output of an image and hence is a passive
representation of the geometry. Nevertheless, methods such as [1], is able to recover extremely
fine details of facial images using this representation. The method uses a double autoencoder
architecture with a shared latent representation between them, along with a deactivable skip con-
nection that allows for the model to be trained on various paired and unpaired, image/normal
map datasets. SfSnet [41], however uses various residual block sub-networks to separate the
input images into their albedo, normal maps, and illumination components. This provides addi-
tional inverse rendering properties that allow for secondary tasks such as image relighting.

Finally, methods such as DF2Net[51] implements a joint estimation of shape at both the
global and local scale. The method splits the shape estimation based on the levels of detail,
with the D-net providing a dense coarse depth estimate of the face using 3DMM fitting, which
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is refined by the hypercolumn F-net, before the final Fr-net adds details that cannot be modeled
by 3DMM priors. This allows the network to also be stopped at any detail levels as needed
depending on the use case.

2.3.2 Multi-Frame Reconstruction
While single-image reconstruction methods lack temporal and multi-view consistency, the multi-
frame reconstruction techniques take these in to consideration to produce a single 3D face recon-
struction. For instance, [37] is an early method that first localizes the facial landmarks and
ignores the frames with self-occluded landmarks or large deviation from the neutral face, along
with the head pose to select key frames from a video. Then using the [15] technique, the land-
marks are used as a sparse feature set to conduct n-view 3DMM fitting.

Since one of the major issues with multi-frame reconstruction approaches are facial expres-
sion changes between frames, [12] proposed separately regressing the 3DMM facial shape, and
expression for each frame. The DRFAR method approaches this challenge using a RNN to es-
timate the face shape common to all the frames in the video, while a CNN regresses just the
facial expression per frame. However, the method suffers from application in the wild due to
being trained entirely on a synthetic dataset. The FML model [46], similarly separates the shape
and expression by ensuring orthogonality between the regressed identity basis and blendshape
expression basis. The parameters for both these basis are learned using a shared identity network
between frames, and the geometric losses calculated using a differential render. The method also
constraints the reconstructions across frames using multi-frame consistency losses based on non-
rigid SfM-like photometric consistency, 2D sparse landmark consistency and a skin appearance
sparsity metric.

Other multi-frame reconstruction methods use differential renders for an analysis by synthe-
sis approach to constraint the reconstructions across views, but also assume little to no expression
changes across frames. For example, MVF-Net [49], selects 3 different frames of the subject,
one in the frontal head pose, and the other 2 on either sides. The VGG features of these 3 images
are concatenated to regress the 3DMM parameters for the face, as well as using another fully
connected layer to estimate the pose of the cameras for each frame separately. These poses are
then used in conjunction with a differentiable renderer to provide the photo and the alignment
losses.

Few existing methods tackle local shape estimation in the multi-frame modality, such as
FacePSNet [48]. While the method uses multiple images, it relies on images captured under
near-field lights rather than at different views for the 3D reconstruction. Using a single image,
a CNN is used to regress the coarse 3DMM shape and camera pose parameters, and an initial
face normal map is generated. This is then concatenated with features from N input images to
a convolutional decoder that outputs the normal map with the fine details reconstructed, which
the initial 3DMM network cannot model. The method is also trained only on synthetic images.
However, The biggest drawback of such a method is the need for near point light conditions
lending it to be unusable with in-the-wild data.
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2.4 Key Trends and Takeaways

Figure 2.2: (Top)The number of methods in each modality of 3D face reconstruction from
Google scholar search results.

The field of 3D face reconstruction is rapidly growing with the increase in facial modeling
for applications. 3DMM based models have become a mainstay in the field, as it provides great
flexibility in the number of images needed for facial alignment, and shape estimation. However,
while 3DMMs provide a good rough global shape, their biggest drawback is the lack of detail
that they provide, and hence most recent methods have joint estimation or subsequent methods
to retrieve local shape details from the input images.

Furthermore, the field is also dominated by single-image reconstruction methods. The top
Figure 2.31 illustrates the saturation of single image based methods in 3D face reconstruction,
from the number of search results on each modality on Google Scholar. The number of hits
for single image approaches are approximately 3 times the number of multi-frame 3D face re-
construction approaches. This shows that the large majority of research in the field has moved
towards favoring the single-image modality over the multi-frame modality. This is counter-
intuitive to those in other 3D reconstruction sub-fields where more frame/images of an object are
usually used for reconstruction, and single image approaches are the minority. This disparity in
modalities can be attributed to the effect of having strong 3D face priors such as 3DMMs, which
is unavailable in general 3D reconstruction.

1* Results from search on Google Scholar with time frame set to ‘any time’ and including citations and patents
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Figure 2.3: The trend in the number of citations from dimensions.ai in the last decade between
the 2 modalities, and their widening gap in their popularity’s.

Similar results can be seen in the number of citations on 3D face reconstructions over the last
decade, in Figure 2.32, where the number of citations of single-image reconstruction methods
consistently leads multi-frame approaches. This could possibly be due to such methods’ abilities
to also solve the closely related task of 3D face alignment. With the overwhelming number of
methods favoring such a modality, and from Figure 2.3 chart the difference in popularity between
the 2 modalities being lead significantly by single image approaches, it can be assumed that the
field will continue to move in such a direction. Therefore there exists need for a meta-method that
is able to fuse multiple single image reconstructions across multi-frame to remove the temporal
or multi-view inconsistencies present inherently in these models. Hence, we set to explore how
such a task of fusing multiple single image reconstructions to improve the overall quality of
reconstructions can be executed.

2** Results from search on Dimensions.ai based on ‘full data’, keywords search in documents
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Chapter 3

3DFAW-Video Dataset and Challenge

3.1 Existing Datasets

While 3D face reconstruction methods have been around for a long time, the number of 3D face
reconstruction datasets that provide 3D ground truth is only a handful. Most existing datasets
that are used for training 3D face reconstruction models are based on single images and provide
algorithmic ground truth data. Since the task of creating a fixed 3D face reconstruction from
single images provide the 3D alignments for free, many 3D alignment datasets have been mod-
ified for the 3D reconstruction task. These datasets provide the ground truth reconstruction as a
3DMM fit to the image as opposed to ground truth 3D scans of subjects. For example, 300W-
3D[55] combines several single-image datasets to create a large scale dataset with approximately
60,000 images. Similarly, AFLW2000-3D [54], AFLW-LFPA [28], and 3D Menpo [50] datasets
are also large single image datasets frequently used for training 3D reconstruction models but
contain only 3DMM fitted ground truth. However, since these reconstructions are generated us-
ing 3DMM fitting, the methods training on such dataset will be severely limited to accuracy of
the ’ground-truth’ mesh fitting methods used.

Although the existing datasets are dominated by large single-image datasets with 3DMM
fitting, 3D ground truth datasets do have their niche in the 3D face reconstruction field. Most
3DMM fitted datasets are usually adapted from datasets annotated for 3D face alignment. Some
of these also collect the images from the internet, and hence are able to build large datasets
although the images themselves are uncontrolled camera poses and have wide variations in light-
ing. In comparison, 3D ground truth data requires a 3D imaging system and volunteers, which
make data collection difficult. Hence, most 3D ground truth datasets also are much smaller in
comparison in terms of the number of subjects. This also is a boon as it allows for flexibility in
the procedure to capture specifically structured data, such as videos with the full range of head
orientation changes. Due to these constraints and the use of real ground truth 3D data, such
datasets are usually used for bench-marking, model evaluation or in challenges.

Some of the commonly used 3D ground truth datasets can be seen in Table 3.1. Here, we
use the terms controlled camera motion to mean a fixed camera pose across images/video with
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Dataset Modality Camera-
Motion/Pose

Range Dataset
Size
(subjects)

Ground Truth

NoW dataset[40] Single-
images

Uncontrolled Partial
range

100 3D-scans
(3dMD)

Stirling ESRC
[17]

Single-
images

Controlled Full range 100+ 3D-scans
(Di3D)

FaceWarehouse
[6]

Single-
images

Controlled Partial
range

150 RGB-D Kinect
+ 3DMM fitting

ICT-3DRFE [44] Single-
image

Controlled Frontal
Only

23 3D-scans
(Light-Stage 5)

BP4D+ [53] Videos Controlled Partial
range

140 3D-scans
(Di3D)

MICC Florence
[3]

Videos Controlled Full range 53 3D-scans
(3dMD)

3DFAW-Video
(Ours) [31]

Single-
images,
Videos

Controlled,
Uncontrolled

Full range 66 3D-scans
(Di3D)

Table 3.1: The existing 3D face ground truth datasets compared on various dimensions.

respect to the background, while unconstrained camera motion refers to the camera pose chang-
ing over images or frames of a video. In addition, the range refers to how much of the face was
captured by the images/videos.

The major split between datasets can be made by the modalities they cater to. For example
Stirling ERSC [17] and NoW [40] are single image datasets with uncontrolled camera poses,
partial facial range capture, and approximately 100 subjects each. FaceWarehouse [6] is the odd
dataset that uses 3DMM fitting, but has a larger dataset size at 150 subjects. The ICT-3DRFE [44]
provides single images with controlled camera pose and 3D scans captured using a light-stage
which allows for relighting. In comparison, datasets such as BP-4D-Spontaneous[52], BP4D+
[53] and MICC Florence [3] provide 2D monocular videos, introducing the temporal dimension.
BP-4D, like ICT-3DRFE and FaceWarehouse also provides annotation for facial action units
(AUs), landmarks, as well as head pose. However, MICC Florence additionally provides videos
in 3 different resolutions and zoom levels, with controlled camera motion. Additionally, MICC
Florence dataset’s ’cooperative videos’ subset provide full range face capture due to the subject
changing their head-pose to expose all possible regions on the face.

However, none of the existing 3D face datasets have inherent structure that most 3D recon-
struction techniques could easily exploit. Videos provide a temporal dimension, and is a natural
and seamless extension for 3D reconstruction from single images. However, where most other
3D ground truth datasets stop at having videos to support the multi-frame reconstruction modal-
ity, we introduce a known structure to the data by ensuring that all the videos captured of the
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subjects are from profile to profile, giving full range face capture. This structure is a guaran-
tee that all regions of the face will be directly observable from the video, hence allowing true
comparisons for multi-frame 3D reconstruction methods. Furthermore, 3DFAW-Video dataset,
similar to MICC Florence, provides multiple camera resolutions and differing environments,
while still increasing the number of subjects. The 3DFAW-Video dataset also unlike other ex-
isting 3D ground truth datasets, provides both controlled as well as uncontrolled camera motion
videos. This allows our dataset to test the robustness of various methods to camera motion.

3.2 3DFAW-Video Dataset

The 3DFAW-Video Dataset that we created and released has 3 major components:
1. High resolution 2D monocular video from a DI3D Imaging system (Controlled camera

motion, Full range capture)

2. Unconstrained 2D monocular video from an iPhone (Uncontrolled camera motion, Full
range capture)

3. High resolution 3D ground truth mesh, also capture by a DI3D Imaging system

The driving similarity by design between the two different monocular videos(Hi-Res &
iPhone 6 videos) collected is the full range face capture of each subject. These videos are
hence able to provide the maximum amount of information on all regions of the face that are
required for a full face 3D reconstruction. The 3D scanned ground truth we provide were created
by combining multiple frame-level 3D scans, manually. The Figure 3.1 shows the 3 different
components that make up the 3DFAW-Video dataset. The procedure for data collection, and the
dataset construction are elaborated in the following subsections.

3.2.1 Data Acquisition

In order to collect the High resolution videos, our collaborators at Binghampton University, used
a custom built setup. The DI3D 3D imaging system was used for capturing a high resolution
2D monocular video using a high resolution RGB camera. The camera rig was setup to have
2 monocular cameras, as a calibrated stereo pair, vertically above and below the RGB camera.
This setup allowed for dense passive stereo photogrammetry to be used in order to retrieve a 3D
scan of the subject’s face per frame. The RGB camera allows the 3D scans to be textured. In
addition the illumination was carefully controlled with 2 symmetrically arranged lights lighting
the subject from either oblique angles, and a solid dark background and matching colored cloth-
ing worn by the subject. This allowed for easy separation of the subject’s face and neck regions
from the background and clothing by filtering by color.

The high resolution videos and the 3D scans have controlled camera motion but have full
range capture. In other words, the camera is stationary but the subject is asked to rotate their
head from one profile to the other. The 3D scans that are captured by the DI3D system at each

15



frame is made up of 30K-50K vertices with a precision close to 0.2mm RMS. The frequency of
both the RGB monocular video and the 3D meshes were a constant 25Hz. The high resolution
RGB videos have a resolution of 1040x1392 pixels, and most typically only about 5 ∼ 10s long.

The second class of videos in the 3DFAW-Video dataset are captured entirely on an iPhone
6. Unlike the high resolution video, we also allow for the video background to be in a less con-
trolled indoor environment, with ambient lighting. Although not fully ’in-the-wild’ due to the
uniformity of the all the videos with respect to their environments, we try emulate the camera
motion factor to make it more in line with typical smartphone video capture. The videos col-
lected have uncontrolled camera motion as the camera moves around the stationary subject from
profile to profile. It is important to note that there were not external gimbals used to stabilize the
camera motion and hence the videos exhibit jitter, out of frame motion, and speed changes in the
motion of the camera, all of which are typical of handheld video capture.

The demographics of any dataset are crucial to the generalizability of the various models that
use it. Hence we disclose our sampled population demographic in the hopes that it will condi-
tion any further research conducted using the 3DFAW-Video dataset and shed light on the biases
it would introduce. The dataset has a total of N=66 subjects, with the mean age of 19.74 and
standard deviation of 2.3, and an absolute range from 18-28 years of age. The ethnicity of the
dataset population is shown in Table 3.2. The data was collected to ensure that the diversity in
gender was close to equal, having 36 females and 30 males. It has to be noted that our dataset is
heavily biased towards younger adults as well as skewed ethnically with a majority white sample
population. Each participant in the dataset provided their informed consent for the distribution
and use of their video/images for non-commercial research.

Ethnicity No. of Subjects
African American 1
Asian 20
Latino/Hispanic 7
White 35
Others 3

Table 3.2: The racial distribution of the dataset population.

3.2.2 Dataset Generation
Since the data from the DI3D imaging system provides individual frame-level 3D scans of the
face, these had to be manually merged together to create the final ground truth mesh. Each
sequence of videos from the high resolution camera contains approximately 20K vertices, and
35-40K faces. However, these scans are only able to recover the geometry of the regions of the
face that are directly visible to the camera system. This leaves us with multiple partial coverage
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Figure 3.1: (Top) Selected frames from the uncontrolled camera motion, full range video collect
on the iPhone 6. (Middle) Selected frames from the controlled camera motion, full range video
collect from the DI3D imaging system’s RGB camera. (Bottom) The final ground truth 3D model
of the full head of the subject created by merging multiple frame level 3D scans from the DI3D
imaging system’s stereo camera.

3D scans that need to merged to produce a complete 3D mesh of the face. Each video from the
high resolution system is approximately 5 ∼ 10s long and have approximately 130-150 individ-
uals scans.

To begin the merging of multiple partial 3D scans of the subjects’ face, we first manually
cleaned all the scans using MeshLab [9], to remove the regions around the boundary of the mesh
which typically produced high errors due to wrong projections. Then using the high resolution
video approximately 10 frames are chosen which have little to no facial deformations(including
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blinks) from the neutral face. These 10 frames are also as equally spaced apart from each other
as possible to ensure that they retain the full range of the video.

Figure 3.2: (a) The 51 facial landmarks provided by the dataset (b) The cropped ground truth
mesh used in the challenge (c) The full watertight ground truth mesh.

Once all the 10 meshes have been selected as described, they are manually roughly aligned
using the CloudCompare1 software. Then each of the meshes are iteratively finely registered to
the frontal mesh using Iterative Closest Point(ICP) algorithm without scaling. This fine registra-
tion is repeated until convergence defined by a RMSE difference below 1x10−4mm. Then the
meshes are all merged together, and a Screened Poisson reconstruction[29] conducted to create
a smooth water-tight mesh. This is the final 3D ground truth recovered from the DI3D imaging
system after multi-partial scan fusion, shown in Figure 3.2c. While texture is available, we do
not merge them, as the dataset focuses primarily on face geometry.

3.2.3 Data Folds
Since most newer techniques in 3D face reconstruction are learning based, these require an ex-
plicit split of the dataset into training, validation and testing folds. The 3DFAW-Video dataset
is split into 3 subject-independent folds as shown in Table 3.3. The training and validation set
together contain about 60% of the dataset, and the test set contains the remaining 40%. The train-
ing set contained the high resolution videos (controlled camera motion full range), the iPhone 6
videos (uncontrolled camera motion full range), and the restricted 3D ground truth mesh. The
restricted 3D ground truth mesh is shown in Figure 3.2b, and is a crop of the water-tight ground
truth mesh to a radius of 95mm around the tip of the nose. This qualified mesh was created

1http://www.cloudcompare.org/
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Data Fold Total Meshes Stratification No. Subjects
Train 26 Both 26
Validation 14 HiRes 7

iPhone 7
Test 26 HiRes 13

iPhone 13

Table 3.3: The subject independent data folds of the 3DFAW-Video dataset. The validation and
test sets restrict the class of video that is provided (Either high resolution or iPhone 6)

to be released for the associated 3DFAW-Video challenge, as it followed other similar 3D face
reconstruction evaluation protocols[11]. Furthermore, a set of 51 facial landmarks which make
up the inner regions of the face from the Dlib library [30] was also provided for the frontal frame
(Figure 3.2a). This annotation was provided to facilitate exploiting the profile-to-profile structure
of the video by providing the frontal frame to begin the reconstruction.

Both the validation and test sets were constructed to be more challenging. Unlike with the
training set, the test and validation sets only contained either the high resolution video or the
iPhone 6 videos, along with the 51 landmarks. The 3D ground truth was withheld to be used in
the evaluation of the various methods. 26 subjects make up the test set with an equal 13 subjects
providing only one of the 2 videos types. Similarly the validation set contained 14 subjects with
7 in each video class. This was done to ensure that methods don’t train on only the high resolu-
tion videos and disregard the iPhone 6 videos. During the data stratification, care was taken to
balance the number of females/males across the various data splits. Our dataset and the training
and validation splits can be downloaded from our challenge website2.

3.3 3DFAW-Video Challenge
To test the use of 3DFAW-Video dataset as a benchmark for the multi-frame 3D reconstruc-
tion task, we released the dataset with the accompanying 2nd 3D Face Alignment in the Wild
Challenge (3DFAW-Video)[31], at ICCV 2019 held in Seoul, Korea. The challenge concluded
with 4 different methods qualifying by submitting a detailed description of their method. The
best method used a Structure from Motion (SfM) based reconstruction which is then used to fit
a 3DMM. While the method reduced the error quantitatively, the qualitative results were very
noisy with spurious local details. These results are discussed in more details in the results chap-
ter. The second and third place methods both employed deep learning techniques. For example,
[43] used an mesh retrieval process to pick the best reconstruction based on photometric loss be-
tween PRNet[16], MVFnet[54] and 3DDFA[54] predictions, while [38] used a siamese network
to concatenate multi-frame features to regress a 3DMM. Their results along with the evaluation
metric and procedure is described in the results chapter.

2https://3dfaw.github.io/
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Chapter 4

Fusion based Multi-frame Reconstruction

With the creation of the 3DFAW-Video dataset, the task of 3D face reconstruction from 2D
monocular structured videos can be benchmarked against 3D ground truth. Single image recon-
struction methods dominate the field, and perform quite well for global shape reconstruction.
However, provided video data, such methods are not able to exploit the temporal nor the multiple
camera angles to improve the quality of their reconstructions. Hence, we propose a method that
uses multiple frames of the video along with the structure of the continuously varying head pose
to create a single reconstruction fusing the multiple single image reconstructions.

4.1 Assumptions

This method makes a few assumptions in order to fuse the multiple reconstructions. One of the
core assumptions is that the reconstructed points on the face are most accurate when they are
directly facing towards the camera. This is quite intuitive to see as surfaces that are orthogonal to
the camera would have a degenerate projection in the image, and those that are occluded would
face in the same direction as the camera itself. This allows for the camera pose and surface
normal pairs to be used as a proxy for the confidence in the point’s position in the reconstruction.
Hence, picking the most accurate reconstructed points from each input frame becomes crucial
for extending the method for image sets or videos. Moreover, we also assume that most single
image reconstructions show a wide variation in their shape estimates when applied to an image
set with large changes in headpose and illuminations. This assumption highlights the futility
of a fusion if all the 3D face reconstructions per frame where so robust as to produce the same
geometry, thereby adding no additional details in any novel view, and hence invalidating the need
for information fusion across frames. However, the strongest assumption our method requires
is the existence of a known dense correspondence function between the 3D reconstructions in
different frames. This dense correspondence allows the method to ensure we track the same
points across views to be able to assign them weights for recovering the best refinement of the
face shape as possible.

21



4.2 Image Position Representation

Our method builds on the PRNet [16] model as it provides a few advantages over most other
single image reconstruction methods. The PRNet model is not explicitly based on 3DMM fitting
and can be trained directly on ground truth data. Moreover, the PRNet model covers a large
portion of the face, from jawline to most of the ears. This is useful for fusing single image re-
constructions as it allows for the final model to also be comparably expansive.

However, one of the biggest advantages with using PRNet is the associated position map rep-
resentation, which is able to embed the whole face’s 3D point cloud in a 2D image. The Figure
4.1b shows an example of the position map representation, where the 3 channels of the position
map containing the spatial x,y,z coordinate values of the reconstructed face point cloud are show
separately. Similarly, the color values from the original input image are also extracted to create
the texture map as seen in Figure 4.1a. Hence, all the necessary information for a colored point
set can be represented using just two 2D images (Position map and texture map) with perfect
correspondences between them. Due to this compact, fixed 2D representation for a 3D face point
cloud, extracting the landmarks for each of the images also becomes trivial and more importantly
points correspondence between multiple reconstruction position maps is inherently available.

Finally, with the 3D face point cloud embedded in a 2D manifold representation as an image,
we can leverage the power of frameworks such as image to image translation using CNNs for
regressing the 3D structure from images. This is a great advantage over traditional representation
of 3D structures using voxels, custom vector representations, or graph based representations
which increase the complexity of models.

(a.) (b.)

Figure 4.1: (a.) The 68 facial landmarks that are provided by the PRNet model, displayed on
the texture map. (b.) An example of a position map representation with all 3 of the channels
separately representing the x, y, z coordinates each.
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4.3 Face Normal Cosine Method for Multi-Frame Fusion
To fuse multiple single image reconstructions, we use the position map representation as it is
convenient to work in the 2D space and then extract the 3D points once the final position map is
created. Our method revolves around using the cosine distance between the camera and surface
normals of the reconstructions to fuse them together.

First, N different key-frames are selected such that there is always a frontal view frame that
is included, and the other (N − 1) frames are from views from either side of the face. These N
key-frames are then used to generate the position maps for their respective reconstructions. Fig-
ure 4.6a shows an example of 3 selected key-frames, the frontal, left and right sides respectively.
The 3D reconstructions are full face meshes on their own, but each of the position maps encode
not only the shape of the face but also the camera pose, as the point sets are oriented in the
headpose in the input image. Each of the position maps have a resolution of 256x256 pixels but
only a fixed 43,867 pixels of the total 65,536 pixels in the position map representation encodes
meaningful facial information. Therefore, these are the only pixels from all the N position maps
that we will use in our fusion.

(a.) (b.)

Figure 4.2: (a.) The camera from the frontal view and the blue lines indicating the vertex normals
of the single image reconstructed mesh. (b.) The same mesh with the normals in blue and the
camera pose, shown from the top view

The following terminology will be used to explain the cosine fusion method:

• f ∈ [0, ..., N − 1] : The index of a key-frame/position map, of which there are N .
• v ∈ [0, ...,m− 1] : The index of a vertex in a position map, there are m = 43, 867 vertices

in our implementation.
• P f : The position map from the single-image reconstruction on f th key-frame.
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• P f
p : The x,y,z positions of the vertices for the f th position map.

• P f
n : The vertex normals for the f th position map.

• P f
t : The RGB texture of the vertices for the f th position map

• Φ(P f
p ) : The x,y,z positions of the vertices for the f th position map, after being frontalized

to a canonical frontal pose.
• cf : The camera orientation extracted from the f th position map.
• dfcos(v) : The cosine distance for the vth vertex in the f th position map.
• wf (v) : Weightage for the vth vertex in the f th position map.

Our method is detailed as follows. According to our core assumption of the accuracy of the
reconstruction being the best for the points that are facing towards the camera, we first extract
the camera orientation cf , for each of the N reconstructions, and calculate the vertex normals
of the position map, P f

n , using the mesh triangular faces. Figure 4.2 shows the relation between
the camera pose and the mesh along with the vertex normals of the reconstructed mesh. Figure
4.6b shows an example of the normal maps of the 3D reconstructions for each of the N = 3
key-frames.

For each of the position maps which correspond to f th key-frame, we compute the cosine dis-
tance dfcos(v) between the camera normal cf and the vertex normal for the vertex v in the mesh
P f
n , as shown in Equation 4.1. This cosine distance metric, is geometrically significant as the co-

sine distance calculates the angle between 2 vectors, and hence this is able to inherently capture
the orientation towards the camera in a smooth distance space. The Figure 4.6c visualizes the
cosine distance on the 3 key-frames, where yellower color denotes a higher distance. The cosine
distance for each of m vertices in each the meshes are then inverted using their max intra-cosine
distance values as shown in Equation 4.2 to produce the per-vertex weights for each of the N
key-frames. This inversion of the distance, will assign a higher weight to smaller distances. Fig-
ure 4.6d illustrates the final per vertex weights for each of the 3 key-frames, with yellower color
indicating larger weights. As shown in the figure, the cosine similarity metric results in a smooth
weighting across views, regardless of the number of key-frames.

dfcos(v) =
P f
n (v) · cf

‖P f
n (v)‖‖cf‖

(4.1)

wf (v) =
m−1
max
j=0
{dfcos(j)} − dfcos(v) (4.2)

For each of the N key-frames, their position maps are frontalized, by solving a least square
problem between each position map and a canonical position map. These frontalized position
maps Φ(P f

p ), allow for each of the vertex positions to be in the same frame of reference before
fusion. The final fusion of the multiple Φ(P f

p )s is done by a weighted averaging of normalized
weights for each of the m vertices, as shown in Equation 4.3. This produces our final resulting
fused point set, Qp, in the frontalized coordinates, with the fused spatial information from the N
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selected key-frames. Similarly, the same procedure can be applied, this time directly to the ver-
tex textures, P f

t , to fuse the texture across the N key-frames using the Equation 4.4 to produce a
fused texture map Qt.

Qp(v) =

∑N
f=0w

f (v)Φ(P f
p )(v)∑N

f=0w
f (v)

(4.3)

Qt(v) =

∑N
f=0w

f (v)P f
t (v)∑N

f=0w
f (v)

(4.4)

This procedure provides the 3D mesh incorporating both the shape and the texture across N
frames, as seen in Figure 4.4. In practice the N key-frames can be selected based on the confi-
dence in the frames being roughly the same facial expression and lighting, since these factors are
not addressed by the cosine fusion method.

Figure 4.3: The fused mesh from the cosine fusion method color coded to show the combination
of the information used from each key-frame.

Figure 4.3 shows the resultant mesh with each vertex colored by the combination of the
weights and the solid red, green, blue colors assigned to each of the 3 key-frames. It can be seen
that the cosine fusion method is drawing information from the frontal frame for the nose tip and
forehead regions, while the 2 side key-frames contribute heavily to the shape on their respective
sides of the face. However, it is interesting to note that in various complex shaped regions of the
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face such as the mouth, nostrils and the eyes the information across all the 3 key-frames con-
tribute towards their final shape. These regions gain the most from the multi-frame fusion, and
in the results section we will show that these are the regions where our cosine fusion method is
able to outperform and improve over the base PRNet method.

Figure 4.4: The final cosine fusion method result using the 3 frames as seen in Figure 4.6. The
top row shows the mesh shape and the bottom row shows the mesh with texture also calculated
using the method, across few views.

4.4 Fine Detail Estimation
Since the cosine fusion method is only calculating a shape based on multiple global shape es-
timates, the resultant mesh is also only globally accurate. In order to add finer details to the
reconstruction there are 2 different approaches. For example, it is possible to train an image to
image translation model to regress the displacement map to recover the fine details, by training
on 3D ground truth datasets such as 3DFAW-Video. This would physically alter the point coordi-
nates in 3D space of the reconstruction, improving results. However, the more popular approach
is to use normal maps either through methods like SfS, or models such as [1] which produce
stunning levels of details when rendered, but don’t alter the geometry of the 3D mesh. (Figure
4.5(Left))
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Figure 4.5: (Left) The normal map estimated by [1]. (Right) Rendered detail augmentation on
the cosine fusion method mesh using the same normal map.

The results of applying the frontal frame normal map estimates, created using [1], on our
cosine fusion method’s resultant mesh can be seen in Figure 4.5(Right). Even though the details
seem to add more skin surface realism, these meshes are geometrically exactly the same as the
cosine fusion method output. However, it needs to be seen if the same details can be estimated in-
stead with the use a displacement map which would alter the underlying geometry of the meshes
produced. We leave this to future work, to explore the feasibility of such a method.
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(a.)

(b.)

(c.)

(d.)

(e.)

Figure 4.6: From top to bottom: (a.) The selected N=3 frames from the video, (b.) The vertex
normal map of the position maps/meshes reconstructions, (c.) The cosine distance between
camera orientation and vertex normals (yellow is higher distance), (d.) The weights based on the
cosine distance on each of the vertices (yellow is higher weights), (e.) The texture maps for the
3 reconstructions which will also be fused using the weights
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Chapter 5

Results

5.1 Evaluation Protocol
The 3DFAW-Video dataset was introduced to benchmark various methods against 3D ground
truth data in the 3DFAW-Video challenge held in conjunction with ICCV 2019. To be consis-
tent with similar 3D face reconstruction challenges, we use an evaluation procedure borrowed
from [11]. To evaluate the error between 2 meshes, the ground truth and the predicted mesh,
the predicted mesh is first cropped to just the internal region of the face, within a 95mm radius
of the nose tip. This allows us to compare the reconstruction with the ground truth that is also
a similarly cropped mesh. Furthermore, since different method produce meshes that have vary-
ing levels of coverage of the face, the cropping ensures that it does not have any effect on the
evaluated error of the prediction. The cropped meshes are then roughly aligned using their facial
landmarks, and registered using rigid ICP. These registered meshes are then used to calculate the
reconstruction error using the novel, ARMSE metric as explained in the following subsection.
For efficiency and reducing computational load on the servers, a sampled down set of vertices
are used to calculate the reconstruction ARMSE scores.

5.2 Evaluation Metric
3D-RMSE has been used as the error metric of choice for most other 3D ground truth datasets.
However, 3D-RMSE only calculates the root mean squared distance between the vertices of the
predicted mesh to the ground truth (also called accuracy metric). This can be an issue when
comparing multiple predicted mesh with varying mesh densities to the same ground truth mesh,
as a highly dense mesh with low errors and a sparse mesh with higher errors can produce the
similar 3D-RMSE values. When comparing arbitrary reconstructions to a ground truth mesh,
the effect of mesh density must be handled, and thus we introduce, average root mean square
error(ARMSE), our novel error metric which is follows directly from our motivation.

As discussed the average root mean square error(ARMSE), tries to reduce the influence of
mesh density, by extending the 3D-RMSE metric to be a symmetric error metric. While the 3D-
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RMSE score only calculated distance from the predicted mesh to the ground truth, the ARMSE
score is bidirectional and takes a normalized mean between the predicted mesh to ground truth
distance and the vice versa, ground truth to predicted mesh distances. This reduces the effect of
the mesh densities as the number of vertices in the ground truth is constant for all methods. The
ARMSE metric differs from other bi-directional distance metrics such as Chamfer distance, as
we consider distances between meshes rather than point clouds.

The average root mean square error(ARMSE), uses the equation 5.1 to calculate the distance
from a source mesh A and the target mesh B, i.e. the vertex-to-mesh distance (E(Ai, B)). This
equation calculates the distance between a vertex on the source mesh Ai, to the surface of the
target mesh B, as the minimum of the L2 distances from the vertex Ai to any vertex Bv, edge
Be, or face Bf on the target mesh.

E(Ai, B) = min(‖Ai −Bv‖2 , ‖Ai −Be‖2 , ‖Ai −Bf‖2) (5.1)

Similar to the 3D-RMSE, these vertex-to-mesh distances (E(Ai, B)) from the source to tar-
get meshes are squared and aggregated for every vertex of the source mesh and the divided by
the total number of source vertices Na. Taking the square root provides the directed RMSE score
(D(A,B)), from the source to the target mesh. This is captured in the equation 5.2.

D(A,B) =

√√√√ 1

Na

Na∑
i

E(Ai, B)2 (5.2)

ARMSE(X, Y ) =
100(D(X, Y ) +D(Y,X))

2I
(5.3)

The ARMSE score between the predicted meshX and the ground truth mesh Y , is calculated
by the equation 5.3. Here, the directed RMSE scores from the predicted mesh to the ground truth
(D(X, Y )) and from the ground truth back to the predicted mesh (D(Y,X)) are averaged. The
resulting score is then normalized by the outer inter-ocular distance I which is retrieved from
the ground truth mesh and scaled by a factor of 100. This normalization allows the ARMSE
scores between subjects to be compared with each other, making the metric easier to analyse.
Furthermore, the scaling helps increase human readability of the ARMSE score as it expresses
the reconstruction error as percentage of the outer inter-ocular distance.

5.3 Comparisons with 3DFAW-Video Challenge
The Table 5.1 provides the final leader-board results for the competition, ranked by their mean
ARMSE scores on the testing set of the 3DFAW-Video dataset. The methods used by the partic-
ipants in the competition are discussed briefly in the Challenge section of the 3DFAW-Dataset
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Rank Team mean ARMSE
1. Zheng 1.6962
2. Shao et al.[43] 1.8642
3. Maldonado et al. [38] 2.1429
4. Chen 2.1865
5. PRNet w/ Cosine fusion

(ours)
2.4058

6. PRNet 2.5606

Table 5.1: The mean ARMSE scores of the different methods on the 3DFAW-Video test set.

& Challenge chapter. In the major comparison between PRNet with Cosine fusion and the other
methods used in the challenge, our method does not seem to preform well. This is most likely
due to the fact the we currently don’t add any mesoscopic detail to our predicted meshes, and
simply rely on the core method. However, with additional details this performance could dras-
tically improve. Furthermore, the more competitive methods involved various different models
being combined which is also a technique that could bring in some robustness to the front.

Figure 5.1: An example comparison between the Top-1 ranked method in the challenge and PR-
Net w/ cosine fusion method reconstructions. The heatmaps are shown to represent the distance
(mm) between the ground truth meshes and the reconstructions (Accuracy metric).

Although our reconstruction with the cosine fusion method does not outperform the chal-
lenge methods, it has to be noted that the reconstructions that our method provides is of much
higher quality qualitatively. Figure 5.1 shows the geometry and the heatmaps of the top-1 ranked
method in the challenge, against our PRNet with cosine fusion method results. The top-1 ranked
method used a SfM based approach to fuse the multi-view data to get a rough structure and
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further refined it with the use of a 3DMM. However, the overall mesh created from such an ap-
proach although able to minimize the quantitative ARMSE scores, are qualitatively extremely
noisy with visually discernible local defects.

This indicates that although the ARMSE metric might be more robust to quantitative density
differences between predicted meshes, it suffers from its inability to penalize qualitative errors
in the predicted meshes. Hence, the ARMSE score is not a good score to compute the qualitative
accuracy of a predicted mesh. Therefore, combining the ARMSE metric along with a quantifica-
tion of the qualitative fit using another metric such as the Fréchet Inception Distance (FID) [23],
should make comparing 3D face reconstructions more robust to unnatural local noise and defects
in the mesh.

5.4 Improvements over Single Image Reconstruction

However, it can definitely be seen that comparing the base PRNet reconstructions with our PR-
Net w/ cosine fusion, that our method shows good improvements. The table 5.1 shows that we
are able to reduce the mean ARMSE over the test set. This is shows that there is merit in study-
ing the fusion of various single image 3D reconstructions as a method to improve multi-frame
consistency. Furthermore, our method can in fact be extended over to various other single image
reconstruction models that pass our assumptions since many such models produce a fixed repre-
sentation based reconstruction and thus provide semantic consistency over video data.

Figure 5.2, shows the comparison of the base PRNet reconstructions against the PRNet with
our cosine fusion method on 5 key-frames at 30 degrees separation for 9 subjects from the
3DFAW-Video test set. Since the test set contains both HiRes videos as well as iPhone videos,
the figure shows the example results for videos of both classes. While the improvements in the
geometry of the reconstructions are harder to see, the heatmaps comparing the error with the
ground truth meshes show clearly that the overall error reduced in major regions of the face. The
heatmaps show significant improvements mostly along the central vertical axis of the face. The
cosine fusion method meshes reduces the errors on the forehead, the nose, and chin regions. We
can also see improvements in the cheek regions for many of the meshes.

The cosine fusion method is also able to reduce the ARMSE error standard deviations from
0.9919 for the base PRNet method to 0.9037 with the cosine fusion method. Overall, combining
PRNet with the cosine fusion method produced a 6.05% improvement in mean ARMSE, over the
base PRNet reconstructions. Therefore, the information fusion between multiple frames using
cosine fusion method does seem to help in reducing the errors in many of the key anthropometric
landmarks of face.
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Figure 5.2: An example comparison between base PRNet and PRNet w/ cosine fusion method
reconstructions. The heatmaps are shown to represent the distance (mm) between the ground
truth meshes and the reconstructions (Accuracy metric). The reconstructions are based on the
frames from the different video resolutions of the 3DFAW-Video test set.

33



Method
(#Frames, Angle)

Mean
ARMSE

Std
ARMSE

Mean
Accu-
racy

Std Ac-
curacy

Mean
Completion

Std Com-
pletion

PRNet 2.5606 0.9919 2.2575 0.6414 2.8638 1.5168
PRNet w/ CosFu-
sion(3, 45)

2.4150 0.9231 2.1265 0.5475 2.7035 1.4630

PRNet w/ Cos-
Fusion(5, 30)

2.4058 0.9037 2.1202 0.5190 2.6914 1.4474

PRNet w/ CosFu-
sion(7, 10)

2.5080 0.9412 2.2279 0.5649 2.7881 1.4926

PRNet w/ CosFu-
sion(15, uniform)

2.4226 0.8980 2.1398 0.5197 2.7054 1.4415

PRNet w/ CosFu-
sion(20, uniform)

2.4081 0.8974 2.1257 0.5144 2.6905 1.4443

PRNet w/ CosFu-
sion(30, uniform)

2.4193 0.9053 2.1353 0.5241 2.7033 1.4517

Table 5.2: The results of the experiments with changing the number of frames (given in paren-
theses) used for the Cosine fusion method as compared to the base PRNet. The accuracy metric
is the distance from the mesh to the ground truth while the completion is the distance from the
ground truth to the mesh. Note, for all metrics lower numbers are better.

5.5 Experiments with Number of Frames

Since our method is a larger meta-reconstruction technique that is based on the single image
reconstructions, it naturally raises the question on the effect of the number of frames used for
the procedure. In traditional computer vision techniques such as SfM, larger number of inputs
is always appreciated. The more views/frames of the object provide further constraints to help
recover the 3D shape of the object. However, adding more images can increase the computation
time and slow down the whole procedure.

For this experiment, the benchmarking was done on the 3DFAW-Video dataset’s test set, as
it provides us with a head-pose structured video, from which we could systematically sample N
different frames for use in the reconstruction technique. We use both the HiRes and the iPhone
video resolutions for this task, depending on the subject. The videos are all run through the ZFace
tracker to get an initial head pose estimate, which is used to select the frontal frame and the other
frames to each side. The set of the total number of selected frames tested are 3 frames(45 de-
grees apart), 5 frames(30 degrees apart), 7 frames(10 degrees apart), and 15, 20, 30 frames all
uniformly spaced out between the maximal profile to profile head orientation changes. The Ta-
ble 5.1, shows all the results including auxiliary metrics of accuracy, distance from the predicted
mesh to the ground truth and completion metric which is the reverse distance from the ground
truth to the predicted mesh. A cleaner, graphical summary can be seen in Figure 5.3, with just
the mean metric scores compared for all the variations experimented.
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Figure 5.3: The results of the experiments with changing the number of frames used for the
Cosine fusion method as compared to the base PRNet. Note, lower bars are better.

From the results it is not very obvious if there exists a strong correlation between more data
and a better estimate. However, in general the larger number does reduce the errors although it
does seem to plateau past 20 frames. The experiment with 15 images does seem to be anomalous
in the general pattern observed. This could have been due to the set of frames that were selected
introducing more noise due to blurry motions etc. But it is worth mentioning that selecting the
’right’ frames, that can minimize the jitter of the single image reconstructions is a topic that need
to be studied more closely.

Furthermore, the experiment also shows us that the cosine method suffers from similar issues
as the classical Structure from Motion (SfM) approach. Having a larger angle of separation,
wider baseline, between images provides greater amount of information for reconstruction fu-
sion, however, it comes at the cost of lower overlapping regions between them. Conversely, with
a smaller angle of separation, shorter baseline, the information gained is lower while the over-
lapping regions increase. The trade off is one that needs to be investigated further to find the
optimum baseline width for the cosine fusion method.
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Chapter 6

Applications In-the-Wild

Although 3D face reconstruction is not a new field in computer vision, there are increasingly
newer applications for the technique being introduced year after year. While 3D face recon-
struction research has seen it’s uses in popular social media applications such as Snapchat and
Instagram filters, most other uses of 3D face modeling are not as commonly seen in the general
public. The couple of applications we discuss are based on projects focusing on in-the-wild data,
and have applications beyond the just their immediate scope.

6.1 3D Mask Sizing using Mobile Videos
One of the most important piece of equipment for first-responders, soldiers and even clinicians
are accurately and tightly fitting face masks. Since the environment in which they work can be
hostile, leaks between the face and the mask could be fatal. However, the procedure to get such
a mask fitted accurately is time consuming and requires specialized equipment, trained techni-
cians, and can require multiple fitting sessions. Furthermore, the manual measurements are error
prone due to human error and requires physically trying out multiple masks. Yet, even after a
sizing is conducted, it must repeated for other masks as the sizing measurements are mask spe-
cific.

Hence, we introduce the task of automating the mask sizing using solely two specialized 2D
monocular videos collected from a mobile device along with the phone’s accelerometer readings
to conduct 3D face reconstruction to metric scale. The metric 3D face reconstruction can then be
used to get the distance between any points on the face as needed, to allow the whole procedure
to be fast, hassle-free, and a non-contact mask sizing approach. An overview of our method can
be found in Figure 6.1.

6.1.1 Face Reconstruction

To begin the metric face reconstruction, the user, with a custom mobile application built for the
data collection, takes 2 different videos in a relatively well lit environment. The first video is an
Inertial Measurement Unit (IMU) calibration video, while the second video is similar in structure
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Figure 6.1: Overview of pipeline for 3D metric face reconstruction from video. The left half
provides the overview of the metric scale estimation, while the right half combines the metric
scale with the 3D face reconstruction for the final result.

to the 3DFAW-Video iPhone videos as it has uncontrolled camera motion and captures the full
range of the face by a profile to profile camera sweep around the subject.

For any 2D monocular facial task, face tracking is an essential procedure. For this task we
extensively use the ZFace tracker [27] ported to the python language, for use in mobile and
personal devices. On the profile to profile video, collected at a native 30FPS, we run the ZFace
tracker to estimate the headpose of the subject, which provides us the ability to choose specific
frames for reconstruction. For this project, the frontal frame as shown in Figure 6.1 was selected
to be used as it had the least self occlusions. These frames were then run through PRNet model to
get its single-image reconstruction, as shown in Figure6.1. These results were the state-of the art
at the time and hence augmenting the results with additional frames were not done. Furthermore,
a smaller model, such as one based on MobileNet [24]based single-image reconstruction would
be ideal to run on personal devices.

6.1.2 Metric Scale Estimation
The IMU calibration video that is collected using the mobile application is crucial for the metric
scale estimation. The IMU calibration video is also structured, as it is includes a rapid rotation
in the x,y plane, and followed by rapidly moving back and forth from the subject along the z
axis, as shown in Figure 6.2. The video itself is captured at a high frame rate of approximately
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Figure 6.2: The IMU calibration video is collected using the data collection application that also
records the IMU data. The IMU video contains quick in-plane rotations followed by back and
forward movements to ensure that the signal alignment is accurate, and as shown above tracked
with ZFace.

240FPS. This allows for smooth tracking of the subject over the video, using ZFace. Assuming
that the subject is stationary, and we have the camera intrinsic matrix, the 3D face tracks are used
to calculate the camera pose by solving the Perspective-n-Point problem. We then additionally
correct the camera tracks for degenerate cases, and calculate the camera’s accelerations.

The metric scale estimation from the captured high frame video and the accompanying IMU
reading are based on [22]. Although the mobile application is setup to record the accelerometers
and the video in tandem, due to device limitations these are never fully synchronized. Further-
more, the IMU data frequency is much higher than the video accelerations, and this makes the
the temporal alignment bit more challenging. The IMU linear accelerations signal and the cam-
era accelerations are aligned using Normalized Cross Correlation (NCC), but can have errors
with smaller motion due to noise and hence gravity is introduced into the camera accelerations
which allows for more accurate alignment. Then [22] provides the following objective function
formulation:

argmin
s,b,g

η{sÂV + 1⊗ bT + Ĝ−DAIRI} (6.1)

Where s,b,g are the constant parameters being estimated which are the scale, bias of the
IMU sensor, and the gravity component respectively. DAIRI is the down-sampled, body cen-
tric IMU accelerations, Ĝ is the gravity component estimated from the camera rotations, ⊗
represents the kronecker product operator, and finally ÂV is the accelerations from the camera
video. η is a penalty function, which [22] empirically shows works best when selected to be
the L2,1 norm penalty, which is the sum of L2 norms of the objective over all the frames of
the video. The expression 6.1 can be solved by using a linear programming solver, by alterna-
tively solving between the {s,b}, and g. We use the alternating direction method of multipliers
(ADMM) solver as implemented by [22] to solve the linear program. The know gravity compo-
nent, g = 9.81ms−2, is used to normalize the {s,b} values, and iteratively solved till the scale
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and bias converge.

Once the scale values are estimated using this method, it was however, empirically found to
be not fully within the accuracy desired. Hence, we additionally apply a linear regressor, learned
on 3DFAW-Video dataset 3D scans, to correct the scale estimates from this method to be within
the acceptable error range.

The 3D reconstruction and the scale estimation are done separately, and the final output 3D
reconstruction from PRNet is then scaled to metric scale using the corrected scale factor by using
outer inter-ocular(OIC) distance from the ZFace track as normalization factor (see Figure 6.1).
The generated mesh’s preliminary analysis of metric reconstructions were also done by calcu-
lating the outer inter-ocular(OIC) distances and comparing against the ground truth to ensure
that the method does not produce anomalous results. These 3D face reconstructions were used
with predetermined anthropomorphic features on the face to predict a fit, which was then vali-
dated in simulation using CFD Research Corporation’s (CFDRC) computational fluid dynamics
respiratory model.

6.1.3 Results

Figure 6.3: (Left) The comparison of our metric 3D face reconstruction application against 3D
scanner on the face width and face height estimates. (Right) Participants in the QNFT, checking
fit and leaks during large motions. Both the results shown above are courtesy of the CFDRC
experiments as reported in [39].

All the experiments where conducted by our collaborators at CFDRC. As reported in [39], our
metric face reconstructions were tested on 20 individuals on whom first manual measurements
where taken. Then a 3D scanner was used to capture the facial structure of the participants,
and followed by the metric 3D face reconstruction application we built. For the comparison, the
manual sizing was taken to be the ground truth. The results of the quantitative comparison of
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the face dimensions using the scanner and our application can be found in Figure 6.3(Left). The
application is able to estimate the dimensions to a very close accuracy to the 3D scanner, with
the difference between the two methods estimated less than 0.3cm for face width, and 0.1cm for
face length. Our technique, when compared against ground truth measurements on the total set
of facial features for mask-sizing, also reportedly produced a mean error below 4mm and a mean
percentage error below 5.4%.

Moreover, 13 subject took the Quantitative fit test (QNFT) in which the participant physically
tries on the mask with the size predicted by our application. Then the participants’ mask fit was
tested during various body motions as shown in Figure 6.3(Right). All the masks predicted by our
application passed the QNFT, showcasing its effectiveness as a fast, portable, and non-contact
based replacement for manual mask sizing techniques.

6.2 Facial Video based Physiological Signal Estimation

While the first application was more directly involving the result of 3D face reconstruction, here
we introduce an auxiliary task using 3D face reconstructions on video data. While most of
the single-image reconstruction methods might ignore multi-view geometry for creating their
reconstructions, for a task that requires quick 3D face alignment, it is not an issue. Hence we
discuss the use of 3D face reconstructions as a normalization technique made possible by single
image reconstruction methods.

6.2.1 3D Face Reconstruction as Normalization Technique

The task of normalizing data is an extremely powerful technique for a wide variety of appli-
cations further down stream. Hence, when engineering large data pipelines it is almost always
useful to remove as many factors contributing to the variation in the data as possible, especially
when it obstructs the main task. For instance [26] showed that normalizing datasets using a
spatial transformer network allowed the network to learn invariance to rigid transformations and
certain types of warping, which greatly improved their accuracy on classification tasks.

The more recently released Automated Facial Affect Recognition (AFAR) toolbox [35] ex-
tends this normalization to faces, and provides a very powerful facial video normalization proce-
dure, which removes in-plane orientation changes on the face. While appearance variation due
to headpose can only be partially addressed using the AFAR toolbox, as it provides a 2D normal-
ization, it still greatly simplifies the following tasks such as automated facial Action Unit (AU)
Detection. Furthermore, in the field of psychology where human experts are still common as a
source of ground truth annotations, a 2D normalized video can make the annotation task much
easier and more accurate.

However, with the use of 3D face reconstruction one can go a step further. One such method
was introduced in [4], which uses a UV space based mapping to embed all facial features in a
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Figure 6.4: The 2 different normalization, techniques and their edge case behaviours can be seen
in this montage. The top row of images are from the original unaltered video for reference, while
the second row contains frames from the 2D normalized AFAR toolbox output. The bottom row
contains our implementation of 3D face normalization using a re-rendering of single-image 3D
face reconstructions.

2D manifold. Since the 2D manifold is canonical and fixed, it provides a seamless correspon-
dence between individuals. We use a similar approach, but instead focus on using a 3D rendering
based technique so as to still provide a human friendly 3D normalized representation. In order
to produce a 3D normalized facial video, first every frame has to 3D reconstructed separately.
Hence, single image reconstruction methods such PRNet becomes extremely useful. Once all
the frame are reconstructed, they are re-rendered using the 3D reconstructions at each frame,
but from a fixed frontal view. By ensuring all the reconstructions are frontalized and aligned, a
smooth frontal view only video will be generated.

Figure 6.4 shows the differences between the 2 different types of facial normalizations. The
top, middle, and bottom rows refer to the original frames, 2D normalized frames, and our 3D nor-
malized frames respectively. The vertical set of frames are selected to show the boundary case
behaviours of the different normalizations. With the 2D normalized video, when there are large
out-of-plane rotations such as in the first and third columns, a major portion of the face such as
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the forehead temple regions or the cheeks become self-occluded, and their appearance changes.
However, even with these headpose changes, the 3D normalization roughly maintains its appear-
ance, due to the re-rendering trick. In fact, while the 2D normalization only removes in-plane
rotations, scale, and 2D translations, which amount to 4 degrees of freedom removed, the more
powerful 3D face normalization removes all 6 rigid degrees of freedom (all head orientations and
translations). Hence, 3D normalizations therefore only leaves the non-rigid deformations due to
expression changes to be handled.

6.2.2 Heart Rate Estimation from Video

Tele-health in recent years have become a very popular field in both research and industry. The
COVID-19 pandemic, has also piqued the interest of many towards tele-health approaches, and
hastened those who are already in the field. While tele-health is still growing there is a push
towards automating vital sign detection through solely the commonly available sensors suite of a
smartphone. Such physiological measurements can be used for final disease state estimation as a
tool for health care workers, and also help improve access to healthcare due to the reduced cost,
training, and its ability to capture this data in a remote, non-contact manner.

Figure 6.5: Heart-rate estimation from video using the ZFace-BKF method.

Recent years have seen multiple vision based approaches towards tasks such as heart rate es-
timation. Approaches known as remote-PhotoPlethysmography (rPPG) try to estimate the heart
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rate of a person from analysis of the light reflected off the skin’s surface. These methods specif-
ically try to separate out the pulsatile blood volume signal, which is then cleaned to derive the
heart rate estimate. For rPPG methods, a robust face tracking method is necessary for accurate
results, as the same points in the face have to be examined over the temporal dimension to in-
fer the pulsatile signal. For example,the Bounded Kalman Filter (BKF) method for heart rate
estimation [36], uses a bounded Kalman filter to track a set of 5 vertical points in each of the 3
empirically selected regions of interest such as the cheeks and the forehead. While the method
shows promising results and has been deployed to work on in-the-wild dataset, it suffers in low
lighting, and videos with high face motions. Hence, we augment the method by replacing the
existing frame by frame landmark estimation method with the ZFace tracker[27].

This modified ZFace-BKF method, also allows for the heart rate estimation from a larger
number of tracked 3D points, as opposed to just 15 points over the whole face. The ZFace
tracker along with a skin segmentation method [10], recognizes the 3D tracked points which
correspond to facial hair and ignores them for the heart rate estimation. Once the BKF method
has calibrated itself using a fixed number of frames, the average hue of all the valid 3D points is
calculated by projecting the pixel values to the HSV color space, and stored in an array. These
aggregated values, are selected by a moving window of a fixed size (typically 30s long), normal-
ized and a fast Independent Component Analysis (ICA) conducted on it to separate the signals
in the normalized values. This signal is then de-trended, a butter-worth bandpass filter applied ,
and it’s max power spectrum value calculated using a fast fourier transform (FFT). This is then
output as the heart rate estimate for the frame, as shown in Figure 6.5. By a sliding window
technique, a per frame heart-rate can be calculated after the initial number of calibration frames.

When using the original videos, the headpose and expression changes along with lighting is a
major factor in the quality of tracking and therefore the derived heart rate estimate. With the use
of normalization techniques such as 2D normalization implemented by AFAR toolbox, or our
PRNet based 3D normalization, the tracking is much less complex due to the reduced degrees of
freedom.

6.2.3 MMSE-HR Dataset

In order to compare the 2 normalization techniques against each other, we use the MMSE-HR
dataset which is subset of the much larger BP4D+ dataset[53] containing both physiological
signals, as well as 3D scans and thermal video of the subjects. The MMSE-HR dataset has
become widely used for benchmarking heart rate estimation methods. The dataset, contains
ground truth physiological signals such as heart rate, respiration rate and blood pressure collected
using a Biopac MP150 data acquisition system. It contains a total of 40 subjects divided into 2
subsets, called the ’first10’ and the ’rest30’ which are aptly named after the number of subjects
they contain. Each of the subsets are subject independent.
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Figure 6.6: The original video frame, 2D normalized video frames, the 3D normalized (ours)
video frame are shown in the left, center, and right image columns respectively. The graph on
the right shows the heart rate estimate from the ZFace-BKF method for both the normalization
techniques and the ground truth at the time the frames are captured given by the vertical yellow
bar.
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Normalization Technique mean RMSE with ZFace-BKF[36] mean RMSE with POS[47]
2D normalization [35] 26.03 33.13
3D normalization w/ PRNet 23.73 35.52

Table 6.1: The mean RMSE scores of the different normalization techniques on the ’first10’
subset of the MMSE-HR dataset using 2 different heart-rate estimation methods.

6.2.4 Results

To evaluate the two normalization techniques, we proceed by using 2 different heart-rate estima-
tion methods. For this experiment, both the normalization techniques are applied to the videos
in the ’first10’ subset of MMSE-HR, containing 40 videos. Then the ZFace-BKF method[36],
as well as the older, signal processing based POS method[47] are used for evaluation, and the
results compared with the ground truth heart rates from the dataset. Note that there is no addi-
tional pre-processing of the heart-rate ground truth than that which is provided. The results of
the experiment are shown in Table 6.1.

The 3D normalization seems to work well with the heart-rate estimation method and does
well to reduce the loss much more than the 2D normalized data, when compared to the ground
truth using the ZFace-BKF method. This shows that 3D normalization based on 3D face re-
construction is a viable alternative to existing 2D normalization techniques. However on older
techniques like the POS[47], the effect of lighting and resolution still leaves much to be im-
proved in the quality of the 3D face normalization as it does not outperform 2D normalization.
It is also difficult to separate the factors that are affecting these heart rate estimation methods
in their implementation which leads to the variations in the results displayed, as each method
makes different assumptions. Nevertheless, 3D face normalization will be a great boon for more
qualitative tasks that use face shape and expression, and are less effected by re-rendering noise
etc.

An example of the two normalization techniques with their synchronized heart rates esti-
mates from ZFace-BKF can be seen in Figure 6.6. The heart rate estimate at the beginning of the
video is more accurate with the 2D normalization than with the 3D normalization. At this stage
in the video (0-7s), the subject is mostly stationary, and hence should have been the easy case
for the heart-rate estimation. The difference between the 2D and 3D normalization during this
period is most likely due to the higher resolution of the 2D normalized video as compared to the
3D normalized video. Increasing the resolution of the 3D normalized video should improve the
heart-rate estimates in the stationary case.

However, at 7s into the video, the subject shakes their head from side to side and followed
by tilting the head up and down as shown by the 4 frames picked at the peak of each movements
(Figure 6.6). It can be seen that even though the 3D normalized video with the lower resolution
was not performing as well as the 2D normalized video in the stationary case, when the subject
starts introducing the head poses changes at 7s, the 2D normalized videos starts to negatively
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correlate with the ground truth. However, even with the reduced resolution, the 3D normalized
video follows the ground truth closely as the head pose changes have significantly less effect
on the 3D normalized video. Furthermore, the 3D normalized video only starts to diverge from
the ground truth when the subject starts undergoing large facial expression changes (at about
11s), which the 3D normalization cannot yet control. Additionally, while 3D normalizations as
shown in the Figure 6.6 can remove head orientation changes from the video, the illumination
on the face (which is a function of the head pose and lighting) will still change, and cannot be
controlled by 3D normalization. In fact, techniques to integrate these additional factors to 3D
face normalization, provide good avenues for further research on the topic.

Figure 6.7: Selected frames from heart rate estimation on 3D normalized video, showing the
ability of ZFace to track changes in facial expression. The circles show the the points on the
skin being tracked in 3D, and only the red colored points are used for the heart-rate estimation
procedure.

One of the other limitations of 3D face normalization is the large amount of computation that
is required to run 3D reconstruction on every frame of every video in a dataset. While this can be
done offline without issues, for tasks such as heart-rate detection which would eventually want
to be run online, such a technique is not fast enough as of yet. However, newer single-image re-
construction methods such as 3DFFAv2[21] are able to run at much higher frame rates and closer
to real-time. Therefore, in the upcoming years the re-rendering based 3D face normalization can
possibly made more computationally feasible.

The combination of a good face tracker and data normalization such 3D face normalization
shows promise in estimating more accurate bio-signals from videos, as opposed to letting the data
be fully unconstrained. Figure 6.7, shows the ZFace track on the 3D normalizations, where the
tracker now only needs to account for the non-rigid deformations of the face due to expression
changes. While this standard for 2D normalized videos, note that it’s redundant for the 3D
normalized videos as the PRNet reconstructions provide the ability to track the deformations of
the mesh over time. This also has the advantage of a denser 3D track than ZFace. Hence, a two
pronged approach, with 3D face normalization and mesh deformation tracking would allow for
possible improvements in tasks such as heart-rate estimation and action unit detection.
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Chapter 7

Conclusion

The field of 3D face reconstruction is always evolving due to new advancements in deep learning
architectures, and more efficient methods created to run under constrained resources etc. The
smartphone and mobile applications have pushed human-centric computer vision tasks such as
3D face reconstructions in the recent past. With the world slowly embracing the virtual space
as a real dimension of their lives, many tasks such as online shopping, or consulting a doctor
will continue to move further into the virtual space and thereby introduce new applications for
human-centric vision.

In this work we introduced the cosine fusion method that utilizes multiple single-image
reconstructions to estimate a more accurate multi-frame consistent reconstruction. While the
method outperforms the base single-image reconstruction method it is based on, we plan to take
the idea further by jointly regressing a displacement map to modify the reconstruction geome-
try to recover the local details that are currently missing. We also released the 3DFAW-Video
benchmarking dataset based on 3D ground truth data to help accurate evaluation of 3D face
reconstruction methods. However, more importantly we applied the technique of 3D face recon-
structions to real in-the-wild applications such as mask sizing and provided an application for
3D reconstruction based normalization, more directly in the tele-health space. In future work,
we aim to improve the quality of our reconstructions by introducing deep learning for fine detail
estimation, as well as look into new applications of 3D reconstruction for deployed, computer
vision based systems in-the-wild.
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