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A Light Source Estimation
In Section 4.2 of the main paper we introduced the light source estimation used in
the proposed patch scanning setup. The idea is to position two mirror spheres next to
the cutout for the skin patch and having two witness cameras that observe both mirror
spheres. We assume that the camera intrinsics and extrinsics are calibrated and the size
and location in space of the mirror spheres are known. We now provide additional detail
on how to estimate the light source position.

Each of the two witness cameras sees one reflection of the light in each of the two
mirror spheres. With blob detection we find the center pixel of each reflection and then
project it onto the surface of the sphere. Let Oi be the point of reflection in 3D space, Ni
the normal vector of the sphere at that location, and Vi the directions from the mirror
sphere to the camera. Then, the direction from the mirror sphere intersection to the light
source is given as

Li = 2(Ni ·Vi)Ni−Vi. (1)

Next, we are searching for the point P̂ that minimizes the distance to the four light
rays Ri = Oi + tiLi (two cameras with two reflections each). Chen et al. [CGS06] chose
to optimize parameters ti using SVD. Instead, we opt to minimize the distance of point
P̂ from the light rays Ri for i = 1,2, ... directly by solving the following least squares
problem, to directly express the distance to be minimized:

P̂ = argmin
P
||AP−b||2 (2)

with A =
4

∑
i=1

1−LiLT
i , (3)

b =
4

∑
i=1

(1−LiLT
i )Oi. (4)
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The optimized light source position P̂ is found for each captured frame, which gives
us a light direction for each captured image of a skin patch. These light directions are
important for conducting photometric stereo in a later step.

B Simulation Fitting
In the following we extend upon the classification and generation architecture introduced
in Section 5.2 and present additional qualitative and quantitative evaluations.

B.1 Network Architecture Details
Dataset Creation. To train the classification and generation networks used to fit
simulation parameters from scanned displacement maps, we create a database of 50,000
simulated displacement maps of resolution 5122. We found that using two levels in the
simulation leads to the best result. Only one level did not add sufficient detail to match
real scans and three levels did not add a noticeable improvement.

To keep the combinatoric complexity in bounds, we randomly sample parameter
values from a subset of 11 parameters of all available parameters in the simulation
that we found have the largest impact on the appearance of the wrinkles. We refer to
Weiss et al. [WMC∗23] for a detailed description of each of those parameters. First, we
sample the pore distance of the first simulation level. The distance at the second level is
fixed to half of the distance of the first level. Second and third, the primary orientation
of wrinkles and the strength of the directionality compared to a uniform orientation
distribution is encoded using two scalars uv ∈ R2,

√
u2 + v2 ≤ 1. The angle is the given

as αθ = atan2(v,u) and the uniform orientation strength as αs = 1−
√

u2 + v2. The
other parameters that are sampled and optimized are the noise strength and frequency
αfnoise,αfscale, the pore and wrinkle width αpore-width,αwrinkle-width, the pore blending
factor αblend, the pore skewing factor αskew, and the simulation continuation weight
and distance exponent αcont,αdist. All other parameters are fixed to their default values.
We refer to Appendix C and Fig. 6 for examples of fitted results and values of all the
parameters.

Classification. For the classification, we build upon the VGG-11 architecture by
Simonyan et al. [SZ14] with an added global average pooling layer [LMW∗22, SK22]
to support larger input sizes. The detailed architecture is listed in Table 1. “conv3-x”
indices a convolutional layer with a filter size of 3×3 and x output channels, “maxpool2”
represents a max-pooling layer with a filter size of 2×2, “FC-x” is a fully-connected
layer with x output features. The output of the classification network are directly the
continuous-space simulation parameters, no additional binning is necessary. We train
the network using an MSE loss between the ground truth and predicted simulation
parameter using Adam with a learning rate of 1e−4, a batch size of 32 images and 50
epochs over the dataset of 50,000 synthetic displacement maps. The whole optimization
takes around 7 hours.
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Table 1: Modified VGG-11 architecture [SZ14] for classification of a displacement map.
The 11 simulation parameters are directly predicted as continuous-space outputs.

Layer (s) Dimensions H×W ×C

Input 512×512×1
conv3-64, relu, maxpool2 256×256×64

conv3-128, relu, maxpool2 128×128×128
conv3-256, relu 128×128×256

conv3-256, relu, maxpool2 64×64×256
conv3-512, relu 64×64×512

conv3-512, relu, maxpool2 32×32×512
conv3-512, relu 32×32×512

conv3-1024, relu, maxpool2 16×16×1024
global average pooling 1×1×1024

FC-2048, relu, dropout 2048
FC-2048, relu, dropout 2048

FC-11 11
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Figure 1: Generator architecture based on StyleGAN2 [KLA∗20] to predict displacement
maps from simulation parameters. The simulation parameters are directly passed to the
network as an 11-dimensional, continuous-space class label c ∈ C = R11. The last layer
of the generator is changed to predict a 1-channel grayscale displacement map instead
of a 3-channel rgb image.
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StyleGAN generator. For the generation architecture, we use the StyleGAN2 archi-
tecture [KLA∗20] with two changes. First, the output layer is changed to predict a
single-channel image for the displacements instead of a 3-channel rgb image. Second,
the 11-dimensional simulation parameters are treated as class labels and concatenated
with the regular latent vector, see Fig. 1. Experiments with other architectures, e.g. Style-
GAN3 [KAL∗21] led to inferior results. We use the same dataset of 50,000 displacement
maps and train the network for roughly 5 days.

Once the generator is trained, we keep the weights frozen when optimizing the class
labels for a given scanned displacement map through the generator. We use Adam with
a learning rate of 1e−2, 400 epochs, a style loss as the main loss plus an MSE loss with
a weight of 1e−4 and an LPIPS loss with weight 1e−3 for regularization. For the style
loss, we use the same loss as Weiss et al. [WMC∗23], that is, comparing the mean and
variance of the features of a pre-trained VGG network. This optimization takes around
80 seconds per input displacement map.

B.2 Additional Evaluation of the Simulation Fitting
In Section 5.1 of the main paper, a combination of an image classification and an
image generation network was presented to fit the scanned displacement maps to the
simulation data. Since the fitting method is not tied to the presented patch scanning
setup, we conducted further evaluation on the displacement maps provided by Gra-
ham et al. [GTB∗13] in Fig. 2 In previous work by Weiss et al. [WMC∗23], particle
swarm optimization (PSO) was used to fit the simulation parameters (see Fig. 2). This
optimization scheme, however, can get stuck in suboptimal local minima in some cases,
see, for example, the cheek or nose patches, where the directionality of the input wrin-
kles is underestimated. In comparison, the proposed neural network fitting pipeline of
performing a StyleGAN embedding from an initialization obtain from a classification
network, produces much closer fits (see Fig. 2, second row). Samples from the database
of synthetic displacement maps used to train the two networks are depicted in Fig. 3.

Additional qualitative and quantitative comparisons of our method (Classifier-
initialization + StyleGAN refinement) against PSO, Classifier-only, and StyleGAN-only
fitting on six patches from the presented patch scanning setup can be found in Fig. 4.
Qualitatively, PSO and Classifier-only fail to extract the directionality of the scanned
input patches. StyleGAN-only often struggles with extracting the correct pore density.
Quantitatively, our method reports the best LPIPS score in four out of the six examples,
compared against PSO, Classifier-only and StyleGAN-only. In the remaining two exam-
ples, Classifier-only leads to the lowest LPIPS score as the improved (visual) match of
the directional component of the wrinkles harms the LPIPS score.

C Simulation Preset Parameters
In the main paper we presented the Simulation Preset Library consisting of artistically-
designed presets and presets fitted from scanned patches. These presets can then be
placed at arbitrary points the face and the parameters are smoothly interpolated in-
between. Fig. 5 and Fig. 6 show samples from this library with their parameters and a
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Figure 2: Results of the parameter fitting on displacement maps provided by Gra-
ham et al. [GTB∗13] (Subject 1). The first row shows the original displacement map that
is used as as input to the fitting and also as style image. The second row the re-simulated
fitting results using the proposed neural network pipeline, the third row the fitting results
using the particle swarm optimization (PSO) presented by Weiss et al. [WMC∗23].
The patches are shown shaded with a light source coming slightly from the left for
visualization purpose.
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Figure 3: Random samples from the database with 50,000 synthetic displacement maps
used to train the classification and generation network.
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Scan PSO Classifier StyleGAN Ours

1)

LPIPS: 0.625
Texture: 0.676

LPIPS: 0.603
Texture: 0.331

LPIPS: 0.565
Texture: 0.149

LPIPS: 0.564
Texture: 0.365

2)

LPIPS: 0.568
Texture: 0.087

LPIPS: 0.565
Texture: 0.169

LPIPS: 0.587
Texture: 0.189

LPIPS: 0.592
Texture: 0.220

3)

LPIPS: 0.565
Texture: 0.362

LPIPS: 0.557
Texture: 0.308

LPIPS: 0.569
Texture: 1.067

LPIPS: 0.551
Texture: 0.487

4)

LPIPS: 0.608
Texture: 0.408

LPIPS: 0.599
Texture: 0.437

LPIPS: 0.554
Texture: 0.439

LPIPS: 0.530
Texture: 0.349

5)

LPIPS: 0.593
Texture: 0.330

LPIPS: 0.559
Texture: 0.310

LPIPS: 0.629
Texture: 0.859

LPIPS: 0.562
Texture: 0.255

6)

LPIPS: 0.637
Texture: 0.762

LPIPS: 0.616
Texture: 0.830

LPIPS: 0.572
Texture: 2.397

LPIPS: 0.555
Texture: 0.276

Figure 4: Additional qualitative and quantitative comparison of our method (Classifier-
initialization + StyleGAN refinement) against PSO [WMC∗23], Classifier-only, and
StyleGAN-only fitting. For each sample, we report the LPIPS [ZIE∗18] and Texture-loss
score compared to the scanned displacement map. For the texture loss we compare the
Gram-matrix features of a pre-trained VGG network [GEB16].
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visualization of the generated skin patches. For details on the individual parameters, we
refer to Weiss et al. [WMC∗23].

D User Study: Questions
To evaluate the proposed method, we conducted a user study with 58 participants. Each
participant was asked to choose one image of an A/B pair on which one looks more
like natural skin. Each participant saw the same images but in a randomized order. The
56 image pairs shown to the participants together with the results for each pair can be
found in Fig. 7 to Fig. 9
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Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.000 0.640

αdist 0.259 0.601
αcont 0.500 0.200
αsim 2.000 0.665
αcross 0.867 0.620

αdeposit 0.357 0.547

αwrinkle-width 0.238 0.266
αpore-width 0.180 0.093

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 0.000

αcushion 0.394 0.504
αfperturb 113 56

αsperturb 1.028 2.155

αfnoise 130 322
αfscale 0.168 0.000

Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.000 0.640

αdist 0.259 0.601
αcont 0.500 0.200
αsim 2.000 0.665
αcross 0.867 0.620

αdeposit 0.357 0.547

αwrinkle-width 0.054 0.117
αpore-width 0.180 0.093

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 0.000

αcushion 0.394 0.504
αfperturb 113 56

αsperturb 3.494 3.182

αfnoise 130 322
αfscale 0.168 0.000

Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.000 0.240

αdist 0.001 0.001
αcont 0.000 0.008
αsim 0.665 0.665
αcross 0.620 0.620

αdeposit 0.547 0.547

αwrinkle-width 0.168 0.117
αpore-width 0.266 0.317

αdmin 0.001 0.100
αblend 0.000 0.326
αskew 0.258 0.361

αcushion 0.591 0.100
αfperturb 52 100

αsperturb 2.726 0.100

αfnoise 168 322
αfscale 0.298 0.000

Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.000 0.240

αdist 0.001 0.001
αcont 0.000 0.008
αsim 0.665 0.665
αcross 0.620 0.620

αdeposit 0.547 0.547

αwrinkle-width 0.111 0.071
αpore-width 0.139 0.317

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 0.361

αcushion 0.591 0.100
αfperturb 52 100

αsperturb 2.726 0.100

αfnoise 168 322
αfscale 0.062 0.000

Parameter Level 1 Level 2
αd 0.010 0.008

α
θ̂

0◦ 90◦
αs 0.000 0.000

αdist 0.001 0.001
αcont 0.000 0.008
αsim 0.665 0.665
αcross 0.620 0.620

αdeposit 0.547 0.547

αwrinkle-width 0.184 0.188
αpore-width 0.139 0.096

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 1.046

αcushion 0.591 0.100
αfperturb 47 56

αsperturb 2.056 3.182

αfnoise 130 322
αfscale 0.301 0.000

Parameter Level 1 Level 2
αd 0.010 0.008

α
θ̂

0◦ 90◦
αs 0.000 0.000

αdist 0.001 0.001
αcont 0.000 0.008
αsim 0.665 0.665
αcross 0.620 0.620

αdeposit 0.547 0.547

αwrinkle-width 0.111 0.103
αpore-width 0.139 0.096

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 1.046

αcushion 0.591 0.100
αfperturb 47 56

αsperturb 4.164 3.593

αfnoise 168 322
αfscale 0.212 0.000

Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.000 0.185

αdist 0.259 0.601
αcont 0.051 0.074
αsim 2.000 0.665
αcross 0.867 0.620

αdeposit 0.061 0.224

αwrinkle-width 0.508 0.559
αpore-width 0.180 0.174

αdmin 0.199 0.093
αblend 0.760 0.326
αskew 0.224 0.137

αcushion 0.387 0.000
αfperturb 113 12

αsperturb 1.028 2.155

αfnoise 130 322
αfscale 0.134 0.000

Parameter Level 1 Level 2
αd 0.010 0.005

α
θ̂

0◦ 0◦
αs 0.705 0.640

αdist 5.000 3.204
αcont 0.000 0.074
αsim 2.000 0.665
αcross 0.867 0.620

αdeposit 0.357 0.547

αwrinkle-width 0.115 0.188
αpore-width 0.139 0.149

αdmin 0.001 0.100
αblend 0.123 0.326
αskew 0.258 0.000

αcushion 0.476 0.100
αfperturb 68 56

αsperturb 4.521 3.182

αfnoise 130 322
αfscale 0.168 0.000

Figure 5: Samples from the Simulation Preset Library, showing the displacement map
and a shaded render for each sample together with the parameters defining the user
preset.
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Parameter Level 1 Level 2
αd 0.006 0.003

α
θ̂

30◦ 30◦
αs 0.000 0.000

αdist 2.929 2.929
αcont 0.498 0.498
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.160 0.160
αpore-width 0.500 0.500

αdmin 0.100 0.108
αblend 0.641 0.641
αskew 0.734 0.734

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 164 164
αfscale 0.412 0.412

Parameter Level 1 Level 2
αd 0.007 0.004

α
θ̂

-47◦ -47◦
αs 0.000 0.000

αdist 0.539 0.539
αcont 0.469 0.469
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.259 0.259
αpore-width 0.302 0.302

αdmin 0.100 0.108
αblend 0.419 0.419
αskew 0.202 0.202

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 234 234
αfscale 0.352 0.352

Parameter Level 1 Level 2
αd 0.007 0.004

α
θ̂

84◦ 84◦
αs 0.000 0.000

αdist 3.280 3.280
αcont 0.984 0.984
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.229 0.229
αpore-width 0.500 0.500

αdmin 0.100 0.108
αblend 0.398 0.398
αskew 0.478 0.478

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 235 235
αfscale 0.522 0.522

Parameter Level 1 Level 2
αd 0.005 0.002

α
θ̂

-32◦ -32◦
αs 0.000 0.000

αdist 0.739 0.739
αcont 0.031 0.031
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.212 0.212
αpore-width 0.500 0.500

αdmin 0.100 0.108
αblend 0.696 0.696
αskew 0.599 0.599

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 162 162
αfscale 0.446 0.446

Parameter Level 1 Level 2
αd 0.008 0.004

α
θ̂

71◦ 71◦
αs 0.000 0.000

αdist 2.975 2.975
αcont 0.515 0.515
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.143 0.143
αpore-width 0.473 0.473

αdmin 0.100 0.108
αblend 0.294 0.294
αskew 0.970 0.970

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 215 215
αfscale 0.385 0.385

Parameter Level 1 Level 2
αd 0.005 0.003

α
θ̂

52◦ 52◦
αs 0.000 0.000

αdist 1.924 1.924
αcont 0.479 0.479
αsim 0.862 0.862
αcross 0.163 0.163

αdeposit 0.250 0.574

αwrinkle-width 0.199 0.199
αpore-width 0.500 0.500

αdmin 0.100 0.108
αblend 0.600 0.600
αskew 0.782 0.782

αcushion 0.598 0.100
αfperturb 100 153

αsperturb 0.484 2.432

αfnoise 159 159
αfscale 0.488 0.488

Figure 6: Cont.: Samples from the Simulation Preset Library, showing the displacement
map and a shaded render for each sample together with the parameters defining the fitted
preset.
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Figure 7: Image pairs used in the user study. Each image is captioned with the method
that are used on the left and right side and the values indicate how many participants
chose that particular option. Captions were not shown to the participants, only the
images.
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Figure 8: (Cont’d) Image pairs used in the user study.
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Figure 9: (Cont’d) Image pairs used in the user study.
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