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A Face Reflectance Model

We provide the interested reader the Cook-Torrance BRDF used
to model the human face reflectance. Equations presented here are
based on [WMLT07]. The Cook-Torrance BRDF models a surface
as small micro-facets where each facet interacts differently with
the incoming light depending on its local normal, roughness and
specular parameters. The BRDF is represented as:

fr(si,ri,ci,ni, l,o) = fd(ci)+ fs(si,ri,ni, l,o) (1)

where, ci is the intrinsic albedo color of the surface point. si ∈ R3

represents the base reflectivity of a point. ri ∈ R is the roughness
term, ni is the normal vector at point vi, l ∈ R3 is the light direction
and o ∈ R3 is the view vector. fd is the Lambertian diffuse term:

fd(ci) =
ci

π
(2)

and fs the specular and roughness (ri) term:

fs(si,ri,ni, l,o) =
D(h,ni,ri)∗G(h,ni,ri)∗F(si,o, l)

4∗ (o ·ni)(l ·ni)
(3)

D is the statistical distribution of surface normal over the micro-
surface. In our case, the Blinn-Phong distribution is used, given by:

D(h,ni,ri) =

2
ri
+2

2∗π
(ni ∗h)

2
ri
−2 (4)

where h is the normalized halfway vector between l and o:

h=
l+o

‖l ·o‖ (5)

G is the bidirectional shadow masking function that describes which
portion of the micro-facet is under a shadow in both directions o and
l. In our case, Smith [Smi67] shadowing masking approximation
is used, that approximates G as product of two mono-directional
shadowing terms:

G(h,ni,ri,o, l)≈ G1(ni,o,ri) ·G1(ni, l,ri) (6)

with G1 equals to (using [WMLT07] approximation) :

G1(ni,v,ri) = ∆(
h · v
ni · v

) ·

{
3.535a+2.181a2

1+2.276a+2.577a2 , if a < 1.6.
1, otherwise,

(7)

with a equal to:

a =
1

ri · tan(cos−1(ni · v)
(8)

and

∆(x) =

{
1, if x > 0.
0, otherwise

. (9)

Finally, F is the Fresnel term that describes the amount of re-
flected light in a given direction. We use Schlick approximation
[Sch94] for F equal to:

F(si,o, l) = si +(1− si) · (1−o ·h) (10)

B Ablation Studies (continued)

Light stage Geometries. We compare different light stage configu-
rations such as tetrahedron (four lights), octahedron (eight lights),
icosahedron (twenty lights) and spherical (eighty lights) shape ge-
ometries, as shown on Figure 1. For the topmost subject, the tetrahe-
don and octahedron light stage geometries fail to capture the bright
area on the face (in the forehead area). The estimated light direction
shows incoming light from the right (see the corresponding spherical
environment map), while real light comes from the top-right side of
the subject. The spherical light stage, provides a good approximation
of the incoming light direction but the estimated shadows are not as
accurate as the one produced by the icoshaedron. The icoshaedron
geometry, produces a high quality self-shadows approximation that
is visually close to the input image, even the shadows on bottom
of the subject’s right eye are captured. For the second subject, all
the light stage geometries provide a good approximation of the in-
put self-shadows. We conclude that the icoshaedron provides the
optimal setup for dataset of images shown in the paper.

C Face Catalogs

On Figure 2, we show comparison of our reconstruction and
estimated face and light parameters with those obtained from
[TZK∗17, TLL19]† and [SKCJ18]‡. These methods rely on Lam-

† Results obtained from authors
‡ Using https://github.com/senguptaumd/SfSNet
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Figure 1: Comparison results for different light-stage geometric
configurations. For each subject, we show the estimated shadows
and light direction (represented as sphere environment map).

bertian reflectance model combined with spherical harmonics (SH)
illumination, neither model self-shadows nor specular reflections.
So, we compare their SH illumination with our virtual light stage
illumination and their diffuse albedo with our estimated diffuse
albedo Ĉ. Only [TLL19] estimates a personalized diffuse albedo
similar to our, while [TZK∗17] and [SKCJ18] only estimate sta-
tistical prior-based diffuse albedos, Figure 2. Our reconstruction
is self-shadows and specularity aware, and avoids baking these at-
tributes into the diffuse albedo.
In Figure 3, we show reconstruction results compared to [YS∗18]
and [SSD∗20]. We note again that, [YS∗18] directly regress dif-
fuse and specular albedos from input image and does not estimate
the scene light, so the final reconstruction from their method are
unavailable.

D Geometry Reconstruction Comparisons

Figure 4 shows geometry reconstruction error against state-of-the-art
methods [TZK∗17], [TLL19], [CCZ∗19], and [LMG∗20] †. Vertex
error was evaluated for reconstructed GT geometries provided by
[GZL18] and [ZLLL17]. This 3D face dataset is based on the AFLW
dataset [KWRB11]. The last two images in the second column
shown in Figure 4 are obtained from the 3DFAW database [PJY∗19],
that also provides GT geometries. For a fair comparison we align
all meshes to GT (see Section E for details). Comparisons show that
our method has lower vertex error compared to others, especially
under low light, specular or self-shadow conditions.
Finally, Table 1 shows the mean geometric and normal error for

reconstruction over twenty-four input images. Since, the positional
distance metric does not measure smoothness or bumpiness of the
reconstructions, we report the normal distance error. The normal
error computes the mean per-vertex unit-normal distance (on the
unit sphere surface) between reconstruction and GT meshes.

† Reconstruction geometries were obtained from the authors except
[CCZ∗19]

Distances Position Normal
Method Mean Stdev Mean Stdev
[TZK∗17] 0.299260 0.138 0.187251 0.050
[YS∗18] 0.254348 0.116 0.155058 0.053
[TLL19] 0.173339 0.074 0.160323 0.047
[CCZ∗19] 0.290367 0.119 0.201893 0.057
[LMG∗20] 0.201139 0.080 0.159559 0.045
Ours 0.157435 0.049 0.138541 0.044

Table 1: The mean 3D mesh errors – positional and normal, over
all geometry reconstructions (lower is better).

E Mesh difference

The mean differences were computed per-vertex for each mesh.
We implement a similar 3D mesh evaluation protocol as described
in [PJY∗19]. For computing the mesh difference, we first align the
reconstructed mesh to GT meshes. Several feature points (sparse
correspondence) are defined on both GT and the reconstructed face
meshes, where vertices are minimally affected by facial muscles.
With the corresponding sparse points on both meshes, we use a
traditional least-square estimation introduced by [Ume91] to align
the two meshes. After this alignment, we compute the distance from
each vertex of a mesh to the other, and calculate the average of the
distance measured by [MT97].
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Figure 2: Examples of the final, illumination, and diffuse triplets compared to [TZK∗17], [SKCJ18], and [TLL19].
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Figure 3: Examples of the final, diffuse, and specular triplets compared to [YS∗18] and [SSD∗20].

Figure 4: Quantitative evaluation of 3D mesh reconstructions. For each subject image, the first four columns show the vertex error of
state-of-the-art methods, while the last column shows our results. The vertex errors are color-coded from blue to red, where vertices closer to
the Ground Truth (GT) are more blue.
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