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1. Volume Scattering Derivation

In this section, we derive the volume scattering approximation equation (Eq. (10) in the main paper) from the equation of
transfer [20]. The general equation of transfer accounting for both volume emission and volume scattering is as follows:
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As defined in the main paper, o and o, are the scattering coefficient and the absorption coefficient, respectively. They define
the probability of light being scattered/absorbed by the participating media per unit length. oy is the attenuation coefficient,
which is the sum of o, and o,. Physically, it describes the probability of light being either out-scattered or absorbed per
unit length, both of which will reduce the amount of radiance that reaches the camera. We refer readers to [21] for detailed
explaination on physical meanings of these parameters. With some abuse of notation, we define L as the radiance accounting
for both volume emission and volume scattering:
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where L. is the volume emission radiance, L is the volume scattering radiance. Since we assume the scene (human body)
does not emit energy itself, L. should always be 0. L; is the incoming radiance via either direct illumination or indirect
illumination, as described in Eq. (9) in the main paper. f,(x, —d, d) is the phase function that describes the probability of
light scattering from direction d to —d at point x. Given these facts, Eq. (1) can be re-written as:
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which corresponds to Eq. (8) in the main paper. We next describe how to further approximate Eq. (3) with discrete samples.



The general idea is to sample offsets from the probability density function (PDF) of T'(¢,,, t) and approximate the integral
with Monte-Carlo integration. Define pdf(t) as the PDF of ¢ from which we sample M offsets {#(?}2  we have:
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in the next two subsections, we describe how to sample from pdf(t).

1.1. Homogeneous Volume

If we assume homogeneous volume, i.e. o4 (r(t)) = oy, then we can simplify T'(¢,,, t) according to Beer’s law:

T(tn, 1) = exp (~oult — ta]) )
Sampling from T'(¢,,, t) is equivalent to sampling from an exponential distribution, where the PDF is given by:

paf(t) = cexp (—arlt — t) ©)

where c is a normalization constant. The cumulative distribution function (CDF) of ¢ should satisfy:
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thus ¢ = o, and we have the following PDF and CDF of ¢ accordingly:
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1.2. Heterogeneous Volume

If the homogeneous assumption is lifted, we can still approximate the integral by dividing the ray segment (¢,,tf) into
intervals and assuming oy to be constant within each interval.

Formally, let us assume the ray segment is divided into N — 1 intervals, each defined by
[t @) @ GHDY L VD DY with t D = ¢, ) = ¢, With our assumption on constant o inside
each interval, i.e. o4 (r(t)) = oy (r(tM)), vt € [tO +t0+D) define 6 = [tC+D ¢
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To obtain the exact PDF from which we sample ¢, we extend Eq. (5) such that we sample from 7'(t™,t) that contains a
homogeneous part and a heterogeneous part:
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where T(t(l), t(i)) is the accumulated transmittance from the heterogeneous volume before t® . Similar to Eq. (6) and Eq. (7)
we can derive the normalization constant as o (r(t)) = o4 (r(t()), thus the PDF of ¢ is:

pdf(t) =0y (r(tONT D, )T (D, D)
=0y (r(t))T(tD, 1) (11)
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Plug Eq. (11) into Eq. (4), one will note that the T'(¢,,, t) term is in both the numerator and the denominator. Thus Eq. (4)
simplifies to:

NGRS
Cor(6) =37 2 5 ey Lo 00 =) (12)
o (r(t))

Since we define the combined effect of and the phase function as a BRDF function, which becomes unrelated to

ot (r(t())
o, while we also need to be able to differentiate wrt. the geometry represented by o;, we use quadrature weights {w(i)} from
NeRF [15], resulting in Eq. (10) in the main paper:
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2. BRDF Definition

As mentioned in the main paper we use a simplified version of Disney BRDF [2] to model the combined effect of the
ab(r(t

volumetric albedo - (r(t<7)))

) and the phase function f,,. It takes predicted albedo «, roughness r and metallic /m as inputs:
&fp(wo,wi) = BRDF(w,, w;, &, ,m,n) max (n - w;, 0) (14)
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where w, and w; are the outgoing and incoming directions (i.e. surface to camera direction and surface to light direction,
respectively). wy, is the half vector between w, and w;, i.e. wy, = ﬁ n is the surface normal. The BRDF is defined as

follows: 7 D a
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in which the term (1 — m)% is the diffuse component while the remaining are specular components. For the specular com-
ponent, F'is the Fresnel-Schlick approximation to the exact Fresnel term, D is the isotropic GGX microfacet distribution [5]
and G is Smith’s shadowing term. They are defined as follows:
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note that for interpolating F', instead of using the typical Schlick approximation, we use the spherical Gaussian approxima-
tion [9, 10] which is slightly more efficient. i1 is the Schlick-GGX approximation to the exact Smith’s shadowing term.

3. Implementation Details

In this section, we provide more details about the implementation of our method.



3.1. Loss Function

In this subsection, we define I® € [0, 1]% as the p-th pixel’s color of the input image, C,.;(r®) € [0, 1]3 as the predicted
pixel color of the radiance field, C’pbr(r(p)) € [0,1]° as the predicted pixel color of the physically based rendering, M(®) ¢
{0, 1} as the p-th pixel’s ground truth binary mask value, O®) € [0, 1] as the predicted ray opacity of the p-th pixel from the
SDF-density field. Further, let P denote the set of all pixels in a training batch. We define the following loss functions:

Radiance Field (RF) Loss: We use L1 loss to measure the difference between the predicted pixel color from the radiance

field and the input image:
1

Lrp = Pl > ‘Crf(r(”)) -I® (19)
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Physically Based Rendering (PBR) Loss: We use L1 loss to measure the difference between the predicted pixel color from

the physically based rendering and the input image:
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Mask Loss: We use binary cross entropy loss to measure the difference between the predicted ray opacity and the ground
truth binary mask M:

Lo = % 3 [M(p) log O® 4 (1 — M®) log(1 — O(p))} @1)
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Eikonal Loss: We also apply Eikonel regularization to analytical gradient of the predicted SDF value at the canonical
locations {x,(f) = LBS 1(x$f’)}szs, where x5 is a sampled point on a ray in the observation space. S is the set of all

sampled points in a training batch during ray marching of the radiance field, excluding those removed by occupancy grids.

Leikonal = % Z <HVSDF(X£S))H2 — 1)2 (22)
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Curvature Loss: We apply curvature regularization [22] to the same set of points on which we compute the Eikonal loss.
The curvature loss is defined as follows:
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where n(*) is the analytical normal at the canonical location xgs), i.e. normalized analytical gradient of the SDF n() =

(s)

%. ngs) is the analytical normal of a nearby point Xﬁs) + et here ¢ = 0.0001 and t() is a random direction
c 2

that is tangential to normal direction n(*).

Local Smoothness Loss: We apply local smoothness regularization on predicted albedo «, roughness r and metallic m
values, in a similar way to [8, 24]:
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whereN (P is the number of samples on ray w(P) is the quadrature weight of tlieth sample on ray. (i) Pty
m™") are albedo, roughness and metallic queried at a perturbated location nieéin Hsmple of rayp.

Lipschitz Bound Loss: Lastly, we apply the Lipschitz bound loss [13] to enforce Lipschitz smoothness of the material
MLP. [22] uses the same technique to regularize the radiance MLP. Formally, given aniMhRa/ery = actyWix + b)
along with a trainable Lipschitz bound, the layer is reparameterized as

y=actv Wix+bh ; W, = norm(W;;softplugk;)) (25)

where norn{ ; ) normalizes the weight matrw/; by rescaling each row such that the row sum's absolute value is less than
or equal to the softplk;). The Lipschitz bound loss is de ned as follows:

V4
Lip = softplugk;) (26)
i=1
whereL is the number of layers in the MLP.

Combined Loss: The nal loss function is de ned as follows:

L=1L Rt PBRL pBR T maskl- mask T eikonaL eikonal t curvL curv smoothnesg smoothnessh Lip L Lip (27)

where we setpgr = 0:2, mask=0:1, eikonal= 0:1, smoothness= 0:01 We set ., = 1:5for the rst 12:5k iterations and
0 after that. We setj, =1e 5 after125k iterations and before that.

3.2. Albedo Evaluation

For evaluating the predicted albedo image, we rst align the predicted albedo with the ground truth albeddN Gamples
on a ray, the predicted albedo of a rais de ned as follows:

o
Ary= wih O (28)
i=1
we compute per-channel scaling facters (s, ;sy; Sp) to align the predicted albedo with the ground truth albedo. Given
AP as the ground truth red albedo of thh pixel, the following equation is computed fsy:

P
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while sy ands, are computed similarly. We evaluate image quality metrics (i.e. PSNR, SSIM, LPIPS) on the aligned predicted
albedo. We visualize the aligned predicted albedo on synthetic data and the non-aligned predicted albedo on real data.

(29)

3.3. Additional Implementation Details

We use a mixture of 64 spherical Gaussians to represent environment lighting during training. During relighting, we do not
use indirect illumination as the learned radiance eld on training data is not applicable to the new lighting condition. We
clip the pixel prediction from both the radiance eld and the PBRQdL] and apply standard gamma correction to obtain

the nal image in SRGB space. For a fair comparison, we also integrate light importance sampling into R4D for relighting,
which directly samples 1024 directions on the high-resolution environment map.

We also implement the pose optimization module following [23]. This module is enabled for the SyntheticHuman-
Relit dataset as the motion is more complex compared to other datasets, while the original ground-truth SMPL estimations
from [19] are also slightly misaligned with the image.

To stay consistent with R4D and [11, 24], we also calibrate our albedo prediction to the[@s0®)€:8]. We note this
technique is especially useful when the subject wears near-black clothes (i.e. al@etfor all channels).

Temporal Occupancy Grids: A common technique to reduce computation is to maintain an occupancy grid to mark
occupied voxels during training and skip unoccupied voxels during ray marching/tracing [1, 3, 12, 16] . This also applies
to temporal reconstruction as one can de ne the occupancy grid as the union of all shapes from different time steps [7]. To
further reduce the computational cost, we employ a 4D occupancy grid structure [18] in which we ma@#faotaupancy

grid for each training frame. At the beginning of training, we rst use a single occupancy grid for all frames. After we have
attained a reasonable SDF we re-initialize the occupancy grid for each frame using the learned canonical SDF.



4. SyntheticHuman-Relit Dataset

To properly compare with R4D on relighting of training poses, we created a new dataset, SyntheticHuman-Relit, which is a
subset of the SyntheticHuman dataset [19] relit using new material and lighting conditions. The dataset consists of 2 synthetic
humans JodyandLeonard, each rotating in front of a xed camera.

We note that the original SyntheticHuman dataset was rendered under studio lighting and the materials were overly spec-
ular compared to real humans. We thus adjusted the materials and re-rendered the dataset under more natural lighting
conditions. See a comparison of the original SyntheticHuman dataset and the new SyntheticHuman-Relit dataset in Fig. 1.

To test relighting on training poses, we further re-rendered each training pose of the SyntheticHuman-Relit dataset under
a random environment map that was not used in the training set.

SyntheticHuman - Jody SyntheticHuman - Leonard SyntheticHuman-Relit - Jody SyntheticHuman-Relit - Leonard

Figure 1.Comparison between the SyntheticHuman dataset and the SyntheticHuman-Relit datasdtlote that the SyntheticHuman
dataset is overly specular compared to real humans, while the light sources are also studio-like. In contrast, SyntheticHuman-relit adopts a
more diffuse appearance which is closer to real humans, while the subjects are lit under natural, outdoor illumination.

5. Additional Quantitative Results

The per-subject and average metrics of R4D, R4D*, and Ours are reported in Tab. 1. We also tested a variant of our approach
that does not calibrate the albedo into the raliiges; 0:8], denoted as Ou¥s Since R4D* and Ours achieve overall better per-
formance than their variants (R4D and OQrsn the RANA dataset, we only report R4D* and Ours on the SyntheticHuman-

Relit dataset in Tab. 2. We also additionally report ARAH [23]'s results on geometry reconstruction, evaluated by the normal
error metric. Albedo estimation and relighting are not evaluated as ARAH does not predict the intrinsic properties of avatars.

6. Additional Qualitative Results

We present additional qualitative results on the RANA dataset in Fig. 2 and Fig. 3, while Fig. 4 shows additional qualitative
results on the SyntheticHuman-Relit dataset. We also present more qualitative results on the PeopleSnapshot dataset in Fig. 5
and Fig. 6. We additionally show qualitative results on the ZJU-MoCap [17] dataset in Fig. 7.

7. Limitations and Future Work

Since we focus on video sequences for people holding still and rotating in front of the camera, we did not consider pose-
dependent non-rigid motion, similar to the assumption of [6, 7]. Our approach can also fail if estimated poses or segmentation
masks are too noisy. Furthermore, our canonical pose representation is not suitable for the animation of very loose clothes
such as skirts or capes.

Our approach is also relatively slow at inference time, requiring about 20 seconds to render a single 540x540 image on
a single RTX 3090 GPU. Regardless, our model's outputs are fully compatible with existing physically based rendering
pipelines, further acceleration can be achieved by using more optimized implementation of volumetric scattering at inference
time.

In the future, we plan to extend our approach to more challenging scenarios, such as modeling large pose-dependent non-
rigid deformations. Applying physically based inverse rendering for relightable scenes and avatar reconstruction is also a
promising direction [4, 14].



Ours

Input RGB Albedo Geometry Repose and Relit  Input RGB Albedo Geometry Repose and Relit
R4D*
Input RGB Albedo Geometry Repose and Relit  Input RGB Albedo Geometry Repose and Relit

Ground Truth

Input RGB Albedo Geometry Repose and Relit  Input RGB Albedo Geometry Repose and Relit

Figure 2.Additional qualitative results on the RANA dataset. We note that our method removes the shadow from the estimated albedo,
whereas R4D* bakes shadow into albedo (column 2). On another subject, we produce albedo close to ground truth while R4D* produces
overly dark albedo (column 6).
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