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Abstract

In this paper, we estimate a 3D Morphable Model
(3DMM) from a highly distorted image i.e. 360-degree fish-
eye image. Our method first applies the fisheye distortion
to MICC Florence dataset face images and then fits 3SDMM
to the distorted image by jointly optimizing for paramet-
ric face model parameters, the illumination parameters, the
rigid transformation, the camera parameters, and the dis-
tortion parameters. We also compare the estimated mesh
with the ground truth mesh and study the effect of including
distortion parameters in the optimization.

1. Motivation and Idea

Recovering the 3D model of the human face from a sin-
gle 2D image is a challenging task and has many applica-
tions such as facial animation [9] and face recognition [6].
In recent years, there is a rise of interest in image-based
reconstruction using the 3D Morphable Model (3DMM) [5]
[22] [20]. Reconstructing the 3D face model from the image
involves estimating the coefficients of the 3DMM that can
best explain the observation. Modern techniques use deep
Convolutional Neural Networks (CNN) to predict 3DMM
coefficients given the input image [ 1] [12] whereas tra-
ditional methods solve this by minimizing the difference
between the observed image and the synthesis of an esti-
mated 3D face [5] [20]. Lately, numerous methods have
been proposed for an accurate 3D face reconstruction from
a single RGB image [11] [21] [18]. However, to the best
of our knowledge, face reconstruction in 360° images has
not been explored yet. 360° cameras offer the possibility to
capture everything around itself and they are often used in
panoramic photography and robotics. However, such cam-
eras make computer vision problems more complex due to

the distortions introduced by their lenses.

Our goal in this paper is to address face reconstruction in
360° fisheye images. To this end, we first apply fisheye-like
distortion to MICC Florence face images [3] as described
in Section 3.1. Then, we fit Basel Face Model (BFM-2019)
[15] to the fisheye image using the analysis-by-synthesis
technique, jointly optimizing for parametric face model co-
efficients, the illumination parameters, the rigid transforma-
tion, the camera parameters, and the distortion coefficients.

2. Related Work

Analysis-by-synthesis techniques have been explored to
fit 3DMM to multiple image modalities. This ranges from
using multi-view to monocular images and videos. Al-
though multi-view methods produce high-quality recon-
structions, acquiring such data is time-consuming and re-
quires expensive setups. Therefore, a lot of recent research
focuses on using a single image to obtain similar quality
reconstructions.

Estimating 3DMM coefficients from a single RGB im-
age is a most challenging scenario and an extremely ill-
posed problem. The early work of Blanz and Vetter [5] pro-
posed an analysis-by-synthesis solution for fitting 3DMM
to a single image. However, their approach requires manual
initialization for the optimization problem. In recent years,
several robust approaches have been proposed to make re-
construction automatic [2] [4] [19] [13]. Our approach is
similar to that of [5]. In addition, we first minimize the
landmarks-based energy for the initialization of the param-
eters and account for distortion coefficients in the optimiza-
tion.

Face detection in 360° images has been investigated by
Jianglin Fu ef al [14]. They create a fisheye-looking ver-
sion of FDDB [16] and train a face detector on it to detect
the face in fisheye images. Therefore, we adopt the simi-



lar approach outlined in the paper [14] to apply fisheye-like
distortion to the face images.

3. Method
3.1. Fisheye Distortion

We apply fisheye-like distortion to the face images from
the MICC Florence dataset [3]. We use the same formula
as used in [14] to distort the original image. At first, the
square or rectangle image is mapped to the circular image
using Equation 1. Here, (, y) is the normalized coordinates
of the image, such that image center is (0, 0) and the four
corners have coordinates (+1, +1). This form of distortion
introduces radial distortion.
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To add barrel distortion, we further apply Equation 2 to the

distorted coordinates, where r = 741/ (2/)* + (y/)°. We
use 7 to scale the distortion and set it to 1.3 in our experi-
ments. The effect of fisheye distortion is shown in Figure 1.

3.2. Landmark Detection

We extract facial landmarks from the fisheye image to
match the landmarks with the 3D model and perform the
optimization. The key landmark points normally include
the facial regions like the nose tip, eye corner, eyebrows,
and chin tip. With the recent advances in deep learning, the
problem of landmark detection in 2D images has largely
been solved. Some examples of these works are [17] and
[10]. In this paper, we use the work of [8] to detect 68
landmarks of the face. An example of landmarks detection
is shown in Figure 2.

3.3. 3DMM Fitting

We use (BFM-2019) [15] and fit it to the given 360° fish-
eye image. The first two dimensions of the parametric face
model represent shape, and texture respectively. Therefore,
the resulting parametric face model is

Mgeo (a) = Qshape + Eshape cx (3)
Mtew (ﬂ) = Qteg + Ete:r . /6 (4)

This prior assumes a multivariate normal probability distri-
bution of shape and texture around the mean shape aj,qpe €
R3" and texture a, € R3'. The shape Egpape €
R37*199 " and texture E, € R3*199 PCA basis and
the corresponding standard deviations o;4 € R3"*199 and
Otew € R3X199 are given. There are 47439 vertices and

94464 faces in the model. New faces are synthesized from
the model as a linear combination of principal components.
Fitting the model to given RGB image involves optimiza-
tion of the shape ¢ and texture 3 coefficients along with
a set of rendering parameters in an analysis-by-synthesis
loop. Rendering parameters include the illumination param-
eters =, the rigid transformation R, T', the camera parame-
ters K, and the distortion parameters D). To account for the
lens distortion, we use OpenCV [7] fisheye camera model.
Our optimization objective includes three energy terms

E(P)=Ecoi (P)+ Eian (P)+ Ereqg (P)  (5)
——

data prior

where E.,; (P) is the photo consistency error between ob-
served image and the model, Ej,, (P) is the landmarks
feature similarity in observed image and the model and
E,cq (P) is the regularization term. E.; is given by

Eeot (P) = >_[ICs (p) = Cz (p)|l; 6)
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where Cs is the synthesized image, C'z is the input RGB
image, and p € V denote all visible pixel positions in Cgs.
Similarly, Ejq,, is defined as

Eian (P)= > |If,— KD (R(v)) +T)ll; (7
f.eF

Each landmark feature f, is detected by the landmark de-
tector as described in Section 3.2 and associated with a
unique vertex v; = Mg, (o) € R? of our face model.
We include two priors terms to account for the deformation
of the faces and fisheye distortion given by
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where D,,,; is the initial distortion parameters.

We use Ceres Solver [ 1] to solve this unconstrained non-
linear optimization problem. Since reconstruction from a
single RGB image is an extremely ill-posed problem, we
propose optimization in five steps. This helps to avoid local
minima in the highly-complex energy landscape. Our five
steps of optimizations are:

1. We start by minimizing Ej,, (P) and optimize for
the rigid transformation parameters, the camera parame-
ters, and the distortion parameters, keeping other parame-
ters constant.

2. In the second step, we randomly sample 10K ver-
tices from the model and minimize E..; (P) and E,.c4 (P).



(a) Image before applying fisheye distortion. (b) Image after applying fisheye distortion.

Figure 1. Example of a fisheye distortion.

(a) Landmarks before applying fisheye distortion.

(b) Landmarks after applying fisheye distortion.

Figure 2. Example of landmarks detection.

Here, we optimize for the first 20 shape and texture coeffi-
cients along with all the rendering parameters.

3. We randomly sample 30K vertices and optimize for ad-
ditional 30 shape and texture coefficients along with other
parameters by minimizing E.o; (P) and E,..q4 (P).

4. In the fourth step of optimization, we use all the vertices
of the model and optimize for additional 30 shape and tex-
ture coefficients along with other parameters by minimizing
Ecoi (P) and E,c4 (P).

5. In the last step, we just optimize for the shape and texture
coefficients, keeping all the other parameters constant. This
helps in refining the facial details.

Due to the memory constraint of our PC, we only optimize
for the first 80 shape and texture coefficients.

4. Results and Analysis

To evaluate our reconstruction pipeline, we take 4 sub-
jects from the MICC Florence face dataset [3]. Each sub-
ject is associated with a ground truth scan in neutral ex-
pression and video sequences. We extract a specific frame
where the face is zoomed. Applying fisheye distortion to a
zoomed image enhances the distortion and makes the face
highly distorted. As our evaluation metric, we use Mesh-
Lab' Distance From Reference Mesh function to compare
the reconstructed mesh and the ground truth mesh. Figure 3

Uhttps://www.meshlab.net

shows the qualitative comparison between the reconstructed
meshes from both undistorted and distorted images and the
ground truth mesh for 4 subjects. We can see that the mid-
dle segment of the face has relatively low error compared
to the side segments. The reason for this might be the clear
visibility of just the frontal part of the face in the images.
Although reconstructed meshes from distorted images are
still affected by distortion, the difference between the mean
distance from both reconstructed meshes to the ground truth
mesh is marginal as shown in Table 1. In some cases, the
mean distance of the reconstructed mesh from the distorted
image is lower than from the undistorted image. To per-
form reconstruction from the undistorted image, we run all
five steps of optimization for 100 iterations. Therefore, for
some meshes, facial details might not have been recovered.
Specifically, for subject 41, we observed that the variation
between the reconstructed mesh from the distorted image
and the ground truth mesh is high. We assume that the co-
efficients need to be altered relatively more to represent the
woman’s face. Therefore, as the mean face of the model
represents a man’s face, adding distortion and face prior
constraints at the same led to the optimization stuck in the
local minima.

We also investigated the effect of adding distortion prior
to the optimization. Figure 4 shows the comparison be-
tween ground truth mesh with reconstructed mesh without
distortion coefficients/distortion prior and with distortion
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Figure 3. Figure comparing estimated mesh from the undistorted and distorted image of the same subject with ground truth mesh. The
error shows the distance between ground truth mesh and estimated mesh where blue is minimum and red is maximum. Error is plotted

with respect to the mean distance given in Table 1.

Subject Meap distan(.:e from GT mesh’of estimgted meshes
Undistorted image Distorted image
40 3.15 3.30
41 10.56 9.30
44 4.49 4.36
43 4.47 5.80

Table 1. Mean Distance from GT mesh of estimated meshes using
the undistorted and distorted image of the same subject.

prior in the optimization. We can see that adding distortion
prior stops the reconstructed mesh from getting oval like in
the distorted image. However, without the distortion prior,
the model can’t model the distortion correctly. In addition,
without the distortion coefficients in the optimization, the
model doesn’t deviate too much from the prior mean face.

5. Conclusion

We showed that adding distortion prior is crucial while
reconstructing from a single distorted image. Moreover, our
results verify that reconstruction from fisheye images is an
extremely ill-posed that can be further investigated in the
future. Future work can be done to reconstruct the face
from multi-view fisheye images to model the distortion ac-

curately. Since our landmark detector is not ideal for fisheye
images, we use the landmark cost function to initialize the
parameters in the first step of optimization. To add land-
mark cost to other steps of the optimization, we need to
accurately detect landmarks on fisheye images. Therefore,
fine-tuning existing landmark detectors on fisheye images
can also be investigated in the future.
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Figure 4. Figure comparing ground truth mesh with reconstructed mesh without distortion coefficients/distortion prior and with distortion
prior in the optimization.
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