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Figure 1. Pipeline of the proposed automatic method to obtain the
shadow mask M .

A. More Implementation Details

A.1. Shadow Detection
As mentioned in the main paper, our method only requires
a coarse mask M to indicate the baking artifacts in IUV .
Thus, obtaining M is low-cost and easy. In the following,
we propose two methods to obtain M , one is manual, the
other is fully automatic.

Manual Method For the manual method, we open IUV

in Photoshop and use the Polygonal Lasso Tool to mark the
facial regions containing baking artifacts. This step is easy
and only requires a few mouse clicks.

Automatic Method We also develop a fully automatic
method to obtain M as shown in Figure 1. Specifically, we
detect shadow regions in the raw images {Iiraw}Vi=1, and
then lift these image-space predictions into the UV space
to obtain M . The rationale is to use shadow as a proxy to
locate baking artifacts.

To detect shadow regions in {Iiraw}Vi=1, we adopt an ex-
isting work, i.e., DiFaReli [9]. Following DiFaReli++ [10],
we use DiFaReli to soften the shadows in {Iiraw}Vi=1. We
denote the processed images as {Iisoft}Vi=1. Then, we com-
pute the shadow mask M i by thresholding the color dif-
ference between Iiraw and Iisoft. We further apply a me-
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Figure 2. Comparison of the manual and automatic shadow mask
M . We visualize the shadow mask in the first row and show the
reconstructed diffuse albedo map in the second row.

dian filter to M i and remove connected areas smaller than a
threshold; we denote the processed per-view shadow mask
as M i

filter Next, we lift {M i
filter}Vi=1 to the UV space to

obtain M ; we also dilate M to some extent to ensure it
includes all the baking artifacts. All the hyperparameters,
e.g., thresholds and kernel sizes, are shared across different
subjects.

Comparison of the Two Methods As shown in Fig-
ure 2, the automatic and manual methods reconstruct dif-
fuse albedo maps in similar quality. Since the goal of our
automatic method is to detect shadow regions as a proxy
for baking artifacts, it also includes regions around eyes in
M . However, we find that SwitchLight produces negligi-
ble baking artifacts around the eyes in the 2 cases shown in
Figure 2, thus we do not mark them in the manual method.
In addition, we notice that the automatic method fails to de-
tect the baked ambient occlusion effects on the side nose,
as shown in the rightmost column. To ensure the highest
quality, we use the manual method by default. We leave
training a portrait-delighting network with shadow removal
confidence as our future work.
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A.2. Light Stage Dataset
Our Light Stage dataset for training the diffusion prior is
the same as that used in DoRA [3]. The dataset contains
6 Asians (2 males and 4 females), 9 African Americans (5
males and 4 females), and 33 Caucasians (17 males and 16
females). Please refer to DoRA for details on processing
the dataset.

A.3. Lighting Regularization
As mentioned in the main paper, during optimization, we
add a regularization term Lreg to our lighting model Γθ:

Lreg = 0.1 · LTV + Lneg (1)

We apply a total variation regularization LTV to constrain
the spatial smoothness of the actual lighting parameters γ:

LTV =
∑
u,v

||γu,v − γu,v−1||22 + ||γu,v − γu−1,v||22 (2)

We apply a negative shading regularization Lneg to con-
strain the shading of γV to be negative:

Lneg =
∑
u,v

max(0, sVu,v)
2 (3)

Here, sVu,v is the shading of γV at UV location (u, v). The
rationale of Lneg is that we expect baking artifacts to be
explained as a clean diffuse albedo map illuminated by local
dark lights.

A.4. Super-Resolution Network
We adopt RCAN [15] as our super-resolution network U to
upsample the 1K resolution reflectance maps into 4K. Sim-
ilar to previous works [7], we train U at the patch level. At
inference time, we directly send a 1K-resolution reflectance
map to U . During training, we cropped paired reflectance
patches from the 1K and 4K versions of the scan. The patch
size is set to 48 × 48, and U is trained to upsample it to
192× 192. We also modify the number of input and output
channels of RCAN to 7 to support upsampling the concate-
nated diffuse albedo, specular albedo, and detailed normal
map simultaneously.

B. More Experiments
B.1. Evaluation on Skin Tone Control
Recall that in our method, we control the skin tone via
initialization. Specifically, we set the sampling start point
xTinit

as the noised version of a Light Stage scan xref
0

whose skin tone is similar to the provided one. We also
modify the diffuse albedo component of xref

0 using the
color-matching transform to better align with the provided
skin tone. At the same time, we initialize the lighting so

Figure 3. Evaluation on skin tone control. We show the texture
map IUV , the reconstructed diffuse albedo map A, and the initial-
ization xref

0 from the top row to the bottom row.

that the shaded initial reflectance map xref
0 has a consistent

color tone as IUV . As shown in Figure 3, our strategy can
effectively control the skin tone of the solved diffuse albedo
maps (2nd row) to match the initialization xref

0 (3rd row).

B.2. Baking Artifacts of SwitchLight
Since one of our core contributions is to explain Switch-
Light’s baking artifacts as lighting effects, a natural ques-
tion is, when will SwitchLight produce these artifacts? In
Figure 4, we comprehensively test our method on diverse
in-the-wild cases, ranging from simple cases captured under
low-frequency lighting to hard cases with apparent shadow
and specularity appearing on the face.

From Figure 4, we find that SwitchLight performs quite
well in easy cases with low-frequency lighting, such as the
first two rows. As the scene illumination becomes high-
frequency, shadows and specularity appear on the face. We
empirically find that SwitchLight works well in removing
specularity, but struggles in shadows. However, shadows
are ubiquitous in everyday captures. For example, both
the sun and the roof light bulb would cast shadows on the
face. This drawback prevents SwitchLight from becoming
an ideal method for facial albedo capture in the wild. Fortu-
nately, thanks to our model-based optimization, we success-
fully explain the shadow-baking artifacts as a clean diffuse
albedo illuminated by a dark shading.

B.3. Deeper Analysis of Texel Grid Lighting
As shown in Figure 5 of the main paper, there is a trade-off
controlled by the grid size: a larger grid (with smaller g)
can better preserve details, while a smaller grid (with larger
g) can produce a cleaner albedo due to increased represen-
tation capacity. Here, we test on a more challenging case to
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Figure 4. Evaluation of our method on various in-the-wild captures. From left to right, we show a raw captured image Iiraw, the predicted
diffuse albedo image Ii by SwitchLight, the texture IUV , the reconstructed diffuse albedo map, the shadow mask used to modulate our
texel grid lighting model, and the shading.



Figure 5. A deeper analysis of the Texel Grid Lighting.

PSNR ↑ SSIM [12] ↑ LPIPS [14] ↓
DeFace* 28.43 0.9791 0.0826
FLARE* 22.48 0.9742 0.0571

Ours 28.71 0.9802 0.0388

Table 1. Quantitative comparison on diffuse albedo reconstruc-
tion. We compare our method with DeFace* and FLARE* using
the scan of Digital Emily. The metric is computed on the same
cropped facial skin region.

highlight the potential loss of real texture details due to the
high-capacity representation of TGL.

In an extreme case shown in Figure 5 where the nevus is
located in the shadow region and its size is coincidentally
close to the grid size (a), our method (g = 96) somehow
absorbs it into the lighting (b)(c). This is because the small
grid lacks global information to distinguish nevus from bak-
ing shadow. To address this while preserving the expressive
power of the small grid, we can exclude the nevus from the
shadow mask (d)(e). This aligns with our design: we apply
TGL only to the shadow region (g), rather than the entire
face (h).

B.4. Quantitative Comparison on Synthetic Data
We conduct a quantitative comparison of diffuse albedo re-
construction using the Digital Emily project [1]. We render
multi-view images from the scan and then run each method
(Ours, DeFace* [4], and FLARE* [2]). We compare the
reconstructed diffuse albedo and GT in image space. As
shown in Table 1, our method obtains the best metrics.

B.5. Results on Studio-Captured Dataset
Our method can also be applied to studio-captured multi-
view face datasets, like NeRSemble [6] and Ava256 [8]. We
show some results on NeRSemble in Figure 6. Compared
to in-the-wild videos captured by a smartphone camera,
these studio-captured datasets are less challenging. The rea-
son is that the lighting conditions in these studio-captured
datasets are low-frequency. For example, Ava256 uses uni-
form white light to capture the data, and the captured im-
ages are almost shadow-free. We believe using our method
to create an open-sourced, large-scale Light Stage dataset

from existing studio-captured datasets is a valuable future
direction.

B.6. Position and Contribution of WildCap

Despite previous closed-source works, such as Xu et al. [13]
and Rainer et al. [11], proposing to capture appearance from
multi-view images, we emphasize that we consider a more
challenging and practical problem.

As shown in Figure 7, the test subjects in Xu et al. [13]
and Rainer et al. [11] have little or moderate cast shadow
(1st row), which can already be well resolved by Switch-
Light [5] (2nd row) or our baseline method w/o TGL. How-
ever, we test on subjects with strong cast shadow (e.g., the
last 3 rows in Figure 4), where SwitchLight leaves appar-
ent baking artifacts. We emphasize that cast shadow from
indoor lighting or the sun is ubiquitous in the real world.
Although we process more challenging data, our diffuse
albedo maps have fewer artifacts and more details than Fig-
ure 1 of Xu et al. [13] and Figure 5 of Rainer et al. [11].

Thus, in addition to technical novelty, we convey to the
community that low-cost techniques can handle challenging
cases with strong cast shadows, which is a new effect and a
large step in this field.

B.7. Failure Case of WildCap

Since our lighting representation is continuous, our method
does not perform well when sharp shadow boundaries ap-
pear in SwitchLight’s prediction. As shown in Figure 8, we
test on a challenging case where the video is captured at
noon under the sun. Even after being delighted by Switch-
Light, there are still very sharp shadow boundaries on the
face. Although our method obtains significantly better re-
sults, it still cannot totally remove these sharp boundaries.
To address this, we leave training an improved portrait-
delighting network as our future work.
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