Supplementary Material:
Unrestricted Facial Geometry Reconstruction Using Image-to-Image Translation

A. Additional Network Details
Here, we summarize additional considerations concerning the network and its training procedure.
• The proposed architecture is based on the one introduced in [6]. For allowing further refinement of the results, three
additional convolution layers with a kernel of size 1 × 1 were concatenated at the end. Following the notations of [6],
the encoder architecture is given as
C64 − C128 − C256 − C512 − C512 − C512 − C512 − C512,
while the decoder is given by
CD512 − CD512 − CD512 − C512 − C512 − C256 − C128 − C64 − C ∗ 64 − C ∗ 32 − C ∗ 4,
where C ∗ represents a 1 × 1 convolution with stride 1.
• The resolution of the input and output training images was 512 × 512 pixels. While this is a relatively large input size for
training, the Image-to-Image architecture was able to process it successfully, and provided accurate results. Although,
one could train a network on smaller resolutions and then evaluate it on larger images, as shown in [6], we found that
our network did not successfully scale up for unseen resolutions.
• While a single network was successfully trained to retrieve both depth and correspondence representations, our experiments show that training separated networks to recover the representations is preferable. Note that the architectures
of both networks were identical. This can be justified by the observation that during training, a network allocates its
resources for a specific translation task and the representation maps we used have different characteristics.
• A necessary parameter for the registration step is the scale of the face with respect to the image dimensions. While
this can be estimated based on global features, such as the distance between the eyes, we opted to retrieve it directly by
training the network to predict the x and y coordinates of each pixel in the image alongside the z coordinate.

B. Additional Registration and Refinement Details
Next, we provide a detailed version of the iterative deformation-based registration phase, including implementation details
of the fine detail reconstruction.

B.1. Non-Rigid Registration
First, we turn the x,y and z maps from the network into a mesh, by connecting four neighboring pixels, for which the
coordinates are known, with a couple of triangles. This step yields a target mesh that might have holes but has dense map
to our template model. Based on the correspondence given by the network, we compute the affine transformation from a
template face to the mesh. This operation is done by minimizing the squared Euclidean distances between corresponding
vertex pairs. To handle outliers, a RANSAC approach is used [4] with 1, 000 iterations and a threshold of 3 millimeters for
detecting inliers. Next, similar to [8], an iterative non-rigid registration process deforms the transformed template, aligning it
with the mesh. Note, that throughout the registration, only the template is warped, while the target mesh remains fixed. Each
iteration involves the following four steps.
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1. Each vertex in the template mesh, vi ∈ V, is associated with a vertex, ci , on the target mesh, by evaluating the nearest
neighbor in the embedding space. This step is different from the method described in [8], which computes the nearest
neighbor in the Euclidean space. As a result, the proposed step allows registering a single template face to different
facial identities with arbitrary expressions.
2. Pairs, (vi , ci ), which are physically distant by more than 1 millimeter and those with normal direction disagreement of
more than 5 degrees are detected and ignored in the next step.
3. The template mesh is deformed by minimizing the following energy
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where, wi,j is the weight corresponding to the biharmonic Laplacian operator (see [5, 2]), ~n(ci ) is the normal of the
corresponding vertex at the target mesh ci , J is the set of the remaining associated vertex pairs (vi , ci ), and N (vi ) is
the set 1-ring neighboring vertices about the vertex vi . Notice that the first term above is the sum of squared Euclidean
distances between matches and its weight αp2point is set to 0.1. The second term is the distance from the point vi to the
tangent plane at the corresponding point on the target mesh, and its weight αp2plane is set to 1. The third term quantifies
the stiffness of the mesh and its weight αmemb is initialized to 108 . In practice, the energy term given in Equation 1 is
minimized iteratively by an inner loop which contains a linear system of equations. We run this loop until the norm of
the difference between the vertex positions of the current iteration and the previous one is below 0.01.
4. If the motion of the template mesh between the current outer iteration and the previous one is below 0.1, we divide the
weight αmemb by two. This relaxes the stiffness term and allows a greater deformation in the next outer iteration. In
addition, we evaluate the difference between the number of remaining pairwise matches in the current iteration versus
the previous one. If the difference is below 500, we modify the vertex association step to estimate the physical nearest
neighbor vertex, instead of the the nearest neighbor in the space of the embedding given by the network.
This iterative process terminates when the stiffness weight αmemb is below 106 . The resulting output of this phase is a
deformed template with fixed triangulation, which contains the overall facial structure recovered by the network, yet, is
smoother and complete.

B.2. Fine Detail Reconstruction
Although the network already recovers fine geometric details, such as wrinkles and moles, across parts of the face, a geometric approach can reconstruct details at a finer level, on the entire face, independently of the resolution. Here, we propose
an approach motivated by the passive-stereo facial reconstruction method suggested in [1]. The underlying assumption here
is that subtle geometric structures can be explained by local variations in the image domain. For some skin tissues, such as
nevi, this assumption is inaccurate as the intensity variation results from the albedo. In such cases, the geometric structure
would be wrongly modified. Still, for most parts of the face, the reconstructed details are consistent with the actual variations
in depth.
The method begins from an interpolated version of the deformed template, provided by a surface subdivision technique.
Each vertex v ∈ VD is painted with the intensity value of the nearest pixel in the image plane. Since we are interested in
recovering small details, only the high spatial frequencies, µ(v), of the texture, τ (v), are taken into consideration in this
phase. For computing this frequency band, we subtract the synthesized low frequencies from the original intensity values.
This low-pass filtered part can be computed by convolving the texture with a spatially varying Gaussian kernel in the image
domain, as originally proposed. In contrast, since this convolution is equivalent to computing the heat distribution upon the
shape after time dt, where the initial heat profile is the original texture, we propose to compute µ(v) as
µ(v) = τ (v) − (I − dt · ∆g )−1 τ (v),

(2)

where I is the identity matrix, ∆g is the cotangent weight discrete Laplacian operator for triangulated meshes [9], and
dt = 0.2 is a scalar proportional to the cut-off frequency of the filter.
Next, we displace each vertex along its normal direction such that v 0 = v + δ(v)~n(v). The step size of the displacement,
δ(v), is a combination of a data-driven term, δµ (v), and a regularization one, δs (v). The data-driven term is guided by the
high-pass filtered part of the texture, µ(v). In practice, we require the local differences in the geometry to be proportional to
the local variation in the high frequency band of the texture. That is for each vertex v, with a normal ~n(v), and a neighboring
vertex vi , the data-driven term is given by
(µ(v) − µ(vi )) = hv + δµ (v)~n(v) − vi , ~n(v)i.

(3)

Thus, the step size assuming a single neighboring vertex can be calculated by
δµ (v) = γ(µ(v) − µ(vi )) − hv − vi , ~n(v)i.

(4)

In the presence of any number of neighboring vertices of v, we compute the weighted average of its 1-ring neighborhood
P
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An alternative term can spatially attenuate the contribution of the data-driven term in curved regions for regularizing the
reconstruction by
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where α(v,vi ) = exp (−kv − vi k). where N (v) is the set 1-ring neighboring vertices about the vertex v, and ~n(v) is the unit
normal at the vertex v.
Since we move each vertex along the normal direction, triangles could intersect each other, particularly in regions with
high curvature. To reduce the probability of such collisions, a regularizing displacement field, δs (v), is added. This term is
proportional to the mean curvature of the original surface, and is equivalent to a single explicit mesh fairing step [3]. The
final surface modification is given by
v 0 = v + (ηδµ (v) + (1 − η)δs (v)) · ~n(v),
for a constant η = 0.2.

(7)

C. Additional Experimental Results
We present additional qualitative results of our method. Figure 1 shows the output representations of the proposed network
for a variety of different faces, notice the failure cases presented in the last two rows. One can see that the network generalizes
well, but is still limited by the synthetic data. Specifically, the network might fail in presence of occlusions, facial hair or
extreme poses. This is also visualized in Figure 2 where the correspondence error is visualized using the texture mapping.
Additional reconstruction results of our method are presented in Figure 3. For analyzing the distribution of the error along
the face, we present an additional comparison in Figure 4, where the absolute error, given in percents of the ground truth
depth, is shown for several facial images.

Figure 1: Network Output.

Figure 2: Results under occlusions and rotations. Input images are shown next to the matching correspondence result,
visualized using the texture mapping to better show the errors.

Figure 3: Additional reconstruction results.

Figure 3: Additional reconstruction results.

Figure 3: Additional reconstruction results.
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Figure 4: Error heat maps in percentile of ground truth depth.
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