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Abstract

Uncalibrated photometric stereo (UPS) is challenging
due to the inherent ambiguity brought by the unknown light.
Although the ambiguity is alleviated on non-Lambertian ob-
jects, the problem is still difficult to solve for more general
objects with complex shapes introducing irregular shad-
ows and general materials with complex reflectance like
anisotropic reflectance. To exploit cues from shadow and
reflectance to solve UPS and improve performance on gen-
eral materials, we propose DANI-Net, an inverse render-
ing framework with differentiable shadow handling and
anisotropic reflectance modeling. Unlike most previous
methods that use non-differentiable shadow maps and as-
sume isotropic material, our network benefits from cues of
shadow and anisotropic reflectance through two differen-
tiable paths. Experiments on multiple real-world datasets
demonstrate our superior and robust performance.

1. Introduction

Photometric stereo (PS) [48] aims at recovering the sur-
face normal from several images captured under varying
light conditions with a fixed viewpoint. It has been ap-
plied to many fields (e.g., movies production [6], indus-
trial quality inspection [47], and biometrics [53]) due to
its advantage in recovering fine-detailed surfaces over other
approaches [10, 16] (e.g., multi-view stereo [38], active
sensor-based solutions [61]). Light calibration is crucial to
the performance [52]. However, it is also tedious, restricting
the applicability of PS. Therefore, uncalibrated photometric
stereo (UPS) methods estimating surface normal with un-
known lights have been widely studied in the literature.
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Uncalibrated photometric stereo suffers from General
Bas-Relief (GBR) ambiguity [4] for an integrable, Lam-
bertian surface. However, GBR ambiguity is alleviated
on a non-Lambertian surface [13]. Therefore, recent ad-
vances in UPS (e.g., [26,56]) adopt the isotropic reflectance
model accounting for non-Lambertian effects to solve UPS.
Nonetheless, such a model restricts methods’ performance
on objects with more general (e.g., anisotropic) materials,
while modeling general reflectance is challenging due to
extra unknowns, which eventually make UPS intractable.
Other works (e.g., [25, 56, 57]) notice the benefits of the
shadow cues in utilizing global shape-light information to
solve PS/UPS because the shadow reflects the interaction
of shape and light [24, 59]. Howeyver, these methods either
fail to exploit the shadow cues due to the lack of a differ-
entiable path from the shadow to the concerned unknowns
like shape [25], or the shadow cues have limited effects on
the visible shape reconstruction due to the implicit shape
representation [56,57].

To this end, this paper proposes the DANI-Net, which
solves UPS by Differentiable shadow handling, Anisotropic
reflectance modeling, and Neural Inverse Rendering.
DANI-Net builds the differentiable path in the sequence
of inverse rendering errors, shadow maps, and surface nor-
mal maps (or light conditions) (Fig. 1) to fully exploit the
shadow cues to solve UPS. Since those cues facilitate solv-
ing extra unknowns introduced by a more sophisticated
reflectance model, DANI-Net manages to build up such
a model (Fig. 1) to improve the performance on general
materials. During optimization, DANI-Net propagates in-
verse rendering errors via two paths of shadow cues and
anisotropic reflectance, respectively, and simultaneously
optimizes the shape (i.e., the depth map and surface nor-
mal map), anisotropic reflectance model, shadow map, and
light conditions (i.e., direction and intensity). As a result,
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Figure 1. The proposed DANI-Net differs from other PS or UPS
methods in two aspects: 1) Shadow Handling. The path in the se-
quence of inverse rendering errors, shadow maps, and surface nor-
mal maps (or light conditions) of the DANI-Net is differentiable;
2) Reflectance Modeling. DANI-Net adopts an anisotropic re-
flectance model. The state-of-the-art UPS method SCPS-NIR [26]
is compared in this figure. As can be observed, the proposed
DANI-Net produces a smoother and more realistic shadow map of
copper BUNNY thanks to the differentiable shadow handling and
renders a more realistic copper BALL image and Bidirectional Re-
flectance Distribution Function (BRDF) sphere (of the reference
point) due to the anisotropic reflectance modeling. Data of copper
BUNNY and BALL are from DILIGENT10? [36].
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DANI-Net achieves state-of-the-art performance on several
real-world benchmark datasets. In a nutshell, our contribu-
tions are summarized as follows:

* We propose a differentiable shadow handling method
that facilitates exploiting shadow cues with global
shape-light information to solve UPS. Experimental
results demonstrate its effectiveness in shadow map re-
covery and surface normal estimation.

* We introduce an anisotropic reflectance model that de-
scribes both isotropic and anisotropic materials to im-
prove performance on general materials. Experimental
results demonstrate its effectiveness on surface normal
estimation for objects with a broad range of isotropic
and anisotropic materials.

* We propose the DANI-Net that simultaneously opti-
mizes shape, anisotropic reflectance, shadow map, and
light conditions in an unsupervised manner, propagat-
ing inverse rendering errors through two paths involv-
ing the shadow cues and anisotropic reflectance, re-
spectively. DANI-Net achieves state-of-the-art perfor-
mance on several real-world benchmark datasets.

2. Related Work

This section reviews the relevant works in PS. Table 1
summarizes differences between representative existing PS
methods and the proposed DANI-Net. We also briefly re-
view recent advances in neural reflectance representation
in 3D vision. Note that our reviews on calibrated PS only
include the unsupervised calibrated PS methods. Readers

may refer to [40, 54, 65] for more summaries on supervised
PS methods and neural reflectance representation methods.

Unsupervised calibrated photometric stereo. The
baseline method (LS [48]) assumes Lambertian surface and
solves PS via least squares optimization. A category of tra-
ditional methods considers the non-Lambertian reflectance
as outliers [3, 12, 49, 50].  Another category of tradi-
tional methods either adopt analytic models (e.g., Torrance-
Sparrow [13], Ward [1, 12, 14], Bi-polynomial [64], etc.)
or utilize the general reflectance features (e.g., isotropy [2],
monotonicity [17], anisotropic properties [14, 18]). Tradi-
tional methods rely on optimizers tailored to specific as-
sumptions, making them computationally efficient but less
accurate. In contrast, although learning-based approaches
are more computationally demanding, they could offer su-
perior performance on general objects. Recently, a group
of learning-based unsupervised methods (TM18 [43] and
LL22 [25]) has been proposed to estimate the spatially vary-
ing BRDFs and the surface normal with known lights.

Uncalibrated photometric stereo. Early works either
hold the Lambertian assumption and exploit extra clues
from reflectance [28, 39, 58] or make additional assump-
tions of light source distribution [28, 34, 39, 51, 66] to al-
leviate GBR ambiguity [4] in UPS. Supervised methods
(CH19 [8], CW20 [10], and SK22 [37]) achieve promis-
ing performance on public benchmark datasets. However,
these methods assume the light intensity distributing in a
pre-defined range (i.e., [0.2, 2]) and solve UPS in two-stage,
making them suffer from the data bias (between synthetic
training data and real-world ones) and the accumulating er-
rors. Recently, SCPS-NIR [26] utilizes the neural inverse
rendering method to jointly optimize light and surface nor-
mal in an unsupervised manner based on local reflectance
information, free from data bias and accumulating errors.
The proposed DANI-Net also addresses UPS in an unsuper-
vised manner, but it differs from all previous works in two
aspects. 1) Our method builds a differentiable path in the
sequence of inverse rendering errors, shadow maps, and sur-
face normal maps (or light conditions), which fully exploits
shadow cues containing global shape-light information to
solve UPS. 2) Our method introduces the anisotropic re-
flectance model in solving UPS, which improves the perfor-
mance on general materials. Besides, as compared with [206]
that calculates shadow maps by image binarization and fixes
them during training, our method computes shadow maps
from shapes and constantly updates them during training.

Shadow handling in photometric stereo. Supervised
learning-based methods [8, 10, 37] handle shadow implic-
itly by learning priors from training data, while unsu-
pervised ones often consider the shadow as the outliers
(e.g., [25,26,34,43,48,60]). Aware of useful cues in the
shadow, several works utilize the shadow information ex-
plicitly by involving the shadow in inverse rendering to



Table 1. A summary of differences between the proposed DANI-Net and representative existing PS and UPS methods in terms of the
solving problem, supervision, shadow handling strategy, and material model. We categorize the shadow handling strategy as ‘outliers’
rather than ‘cues’, if it models the shadow without explicitly exploiting it for shape recovery. ‘N.A.” represents Not Applicable.

Method Problem Supervision Shadow Handling Material Model
TMI18 [43] PS Unsupervised Implicit (Outliers) Isotropic (Bi-Polynomial BRDFs)
LL22 [25] PS Unsupervised Non-differentiable (Outliers) Isotropic (MLP Bases)
CHI19 [8] UPS Light + Surface Normal Implicit (Data-driven) Implicit (Data-driven)
CW20[10] UPS Light + Surface Normal Implicit (Data-driven) Implicit (Data-driven)
CM20 [11] Semi-PS Unsupervised (1-based Minimization (Outliers) Lambertian
SK22 [37] UPS Light + Surface Normal Implicit (Data-driven) Implicit (Data-driven)
SCPS-NIR [26] UPS Unsupervised Image Binarization (Outliers) Isotropic (Gaussian Bases)
S3-NeRF [57] Near Field PS Unsupervised Differentiable (Cues for Invisible Shape) Isotropic (Gaussian Bases)
KF22 [23] Near Field PS Unsupervised Known Shadow Maps (Cues for Visible Shape) N.A.
DANI-Net UPS Unsupervised Differentiable (Cues for Visible Shape) Anisotropic (Gaussian Bases)

solve PS/UPS. However, early works [7,42] assume Lam-
bertian surface, which restricts them to general materials,
while recent advances (LL22 [25], SCPS-NIR [26], S3-
NeRF [57], KF22 [23], PS-NeRF [56]) fail to efficiently
exploit shadow cues. That is, some works [25,26] calculate
the shadow map without simultaneously optimizing shadow
and other unknowns due to the discontinuity of the binary
representation of the shadow map; the others either need
the ground truth of shadow maps and ignore the shading
cue [23], or rely on priors of scene or light to ensure the ac-
curacy [56,57]. In contrast, DANI-Net simultaneously op-
timizes shadow and other unknowns, and exploits shadow
and reflectance cues for UPS.

Neural reflectance representation in 3D vision. Neural
Radiance Fields (NeRFs) [29] implicitly represent the shape
information through MLPs. While NeRF [29] applies vol-
ume rendering [22] to optimize the MLPs through recon-
struction loss, they often end up with ‘fake reflectance’ [44]
(i.e., the emitters inside the objects contribute to specific
reflectance effects) and inaccurate geometries due to the

lack of an implicit surface representation [54]. To solve
this, works like [32,46] combine surface rendering [21]
with volume rendering [22]. Other works [5,41,44,62,63]

adopt explicit representation on surface’s reflectance to
mimic realistic reflectance, which improves the accuracy of
NeRF [29]. Different from the above methods that work on
multi-view inputs and focus on the full but coarse geometry
recovery, DANI-Net takes single-view inputs under a UPS
setup and focuses on the fine-detailed recovery of depth and
surface normal.

3. Problem Definition

Following a standard setup of UPS, we take input of
a set of observed images I = (I, Is,...,I;) of a static
object captured under varying directional, parallel lights,
and intend to recover light directions L £ (ly,1a, ..., 1),
light intensities E £ (ey,ea,...,ey), and surface normal
N £ {n;|i € P} based on the observed images, where
P is the set of all positions on the surface. The solution is
achieved by solving the optimization problem,

#P f

argminy > D(inij, mij), )

LEN = 3
where m,;; € I; is the observed pixel intensity at position ¢,
#P is the number of elements in P, D(+, -) is a metric to com-
pute inverse rendering error, m;; is the corresponding ren-
dered pixel intensity. With the linear radiometric response
and an orthographic camera, m;; can be formulated as,

mij = ejsijpi; max(n; 1, 0) @

= e;sij(p5; + ng) max(n, 1;,0),
where p;; = p(n;, 15, V 4) describes the general reflectance
which contains diffuse p¢ and specular p;j components,
Va4 = [0,0,1] is the view direction, max(n, l;,0) de-
scribes the attached shadow, and s;; is the cast shadow cal-
culated from the global shape and light.

Ambiguities in UPS. Unknown light in UPS brings the
generalized bas-relief (GBR) ambiguity [4], which can be
represented by a 3 x 3 matrix for the Lambertian surface.
For a non-Lambertian surface, specularity helps alleviate
the GBR ambiguity [13]. However, general reflectance in-
troduces more unknowns, which require extra cues to solve.
Another ambiguity is reflectance-light ambiguity denoted
as a non-zero scalar between e; and other terms in Eq. (2).
Researchers focus on alleviating the GBR ambiguity while
ignoring reflectance-light ambiguity, as the former deter-
mines the accuracy of the estimated surface normal. This
paper also focuses on alleviating GBR ambiguity.

4. Proposed DANI-Net

This section elaborates on how DANI-Net solves UPS.
We first present a differentiable shadow handling method
that fully exploits shadow cues to solve UPS and introduces
an anisotropic reflectance model that describes a more pre-
cise and realistic specularity to improve performance on
general materials. We then show how the proposed DANI-
Net connects the differentiable shadow handling method,
the anisotropic reflectance model, and the inverse render-
ing together to jointly optimize the shape and light in an
unsupervised manner. Finally, we introduce additional loss
functions to train DANI-Net.
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Figure 2. An illustration of our shadow calculation methods,
which shows how sampled points and surface points are computed,
based on which the shadow is calculated by Eq. (3).

4.1. Differentiable Shadow Handling

Finding the differentiable relationship between shadow,
shape, and light is beneficial for solving UPS since 1) it
generates a more accurate shadow map through iterative op-
timization which leads to a more accurate shape-light esti-
mation; 2) compared to previous PS/UPS methods [25,26]
lacking usage of global shape-light information, it facili-
tates fully exploiting shadow cues containing that informa-
tion to solve UPS. While the attached shadow is already
differentiable to the surface normal and light direction in a
specific domain, finding the differentiable relationship for
cast shadow is more tricky, since it directly associates with
light and the entire depth map instead of the surface nor-
mal at a particular point. Such an association raises two
key technical challenges to optimizing DANI-Net. First,
since the pixel-wise cast shadow calculation increases the
computational cost, it is necessary to introduce a technique
to improve the training efficiency. Second, since there is
no direct connection between the cast shadow and the sur-
face normal, an effective fitting method that calculates the
surface normal from the depth map of limited resolution is
another required technique to ensure the backpropagation
efficiency and the connection from the depth map to the re-
flectance model for inverse rendering.

Shadow calculation. The basic idea of our shadow cal-
culation method is to consider the occlusion of a reference
point according to a few points rather than all points. As
shown in Fig. 2, given the depth map W £ {w;|1 < i <
#P}, the ‘soft shadow’ [27,33] s; ; of areference point p; il-
luminated by a light with direction l; is calculated as:

Sij = Sigmoid(a(min{wfj — w51 <k<N})+8), (3)
where {Ubfj|1 < k < N,} are depth values of sampled
points {pfj|1 < k < N,} uniformly sampled from the

light segment that starts at p; along I; and ends at pg” L

{wfj|1 < k < N,} are depth values on the surface with
the same xy-coordinates to sampled points. N, is the num-
ber of sampled points set as 64 in our implementation. The
Sigmoid function and learnable parameters of o and 3 are

! pi\;p ’s projection in xy-plane lies on the boundary, shown in Fig. 2.

Different Strategies of
Existing Methods

Weighted
Interpolation (Ours)

n;
Figure 3. An illustration of different strategies of existing methods
and the proposed surface normal fitting method (Eq. (4)). We mark
the points, triangles, or lines that are leveraged to fit the surface
normal in red for easy comparison. From left to right, method
that uses excessive neighbor points [35], just a few points [30], a
proper number of neighbor points while ignoring the information
of query point [25], and our method that jointly considers a proper
number of neighbor points and the query point.

adopted to calculate the ‘soft shadow’. In practice, wfj can-
not be directly retrieved from W given the limited resolu-
tion of W, as shown in Fig. 2. Although we can directly
infer wf] through a Multi-layer Perceptron (MLP), it signif-
icantly increases the training time. To this end, we apply
grid bi-linear interpolation to interpolate wfj by retrieving
its four neighboring points’ depth values from W, as shown
in Fig. 2. The grid bi-linear interpolation is much faster’
than inferring wfj, which speeds up the training process.

Surface normal fitting. The surface normal fitting
method in this work requires pixel-level accuracy and deals
with the depth map that is dynamically optimized according
to the backpropagation from fitting results. Existing solu-
tions cannot be directly applied because they either use ex-
cessive neighbor points (> 4) [31,35] that reduces the preci-
sion of the fitted surface normal, or use just a few points [30]
(< 4) that brings ineffective backpropagation since the gra-
dients affect a limit number of points on the depth map, or
use a proper number of points (= 4) while ignoring the in-
formation of the query point [25], as shown in Fig. 3. To
solve these problems, we propose a weighted interpolation
method to fit the surface normal that jointly considers the
depth information of the query point and a proper number
of neighbor points. As shown in Fig. 3, our method first
computes normal vectors {nf|k = 1,2, 3,4} of query’s ad-
jacent triangles and then fit the normal n; of the query point
p, by weighted interpolation of these vectors,

4 4
ni =Y fnf = AFNor((p{* —p;) x (f —p)]",
k=1 k=1 4
bt “)
YW= A= el tw
k=1 1471

where p¥ are adjacent points of p;, k = 1if k +1 > 4,
‘Nor’ is the vector normalization operation, w is the depth
value of point p¥. In this way, our method generates a

k+1 _ o

i Wi,

2The inference time of grid bi-linear interpolation vs. MLP inference
is 0.002 vs. 0.212 seconds on average, for 64 sampled points and a batch
size of 1 on DILIGENT dataset [40]
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Figure 4. An illustration of building up the anisotropic reflectance
model by Eq. (5). A group of ASG bases with various specular
lobe’s widths (i and r}) [45] in the direction of tangent vector
ax; and binormal vector y, are multiplied by the corresponding
spatially varying weight c¥ to compute Pij-

high-precision normal map and backpropagates gradients to
a proper number of points for the depth map optimization”.

4.2. Anisotropic Reflectance Modeling

We build up a more sophisticated and precise reflectance
model to optimize the shape and light through anisotropic
reflectance. As illustrated in Fig. 4, we represent the spa-
tially varying anisotropic specularity as a weighted sum of
Anisotropic Spherical Gaussian (ASG) [55] bases*.

Ng
pfj _ Z Ci‘f [e—rﬁ(hj'mq‘,)z—ﬂz (hj'yi)Q]’ (5)

k=1
where k € [1,2,...,Ng]. Ng is the number of the ASG
bases empirically set as 12. c¥ is spatially varying weights
that balance different ASG bases to model spatially vary-

ing specularity. h; = % is the half-unit-vector be-
tween view direction V4 and light direction I;. r and r}
are the lobe’s width in the direction of x; and y;, respec-
tively. When ri = 7, ASG degrades to Isotropic Spherical
Gaussian (ISG) bases. x; and y; are the tangent and bi-
normal vectors, respectively, of the surface tangent plane at

point p,. As shown in Fig. 4, ; and y, are calculated by:

z;=Va— (Vi ni)n;, y,=n;xz;. (6)
The annealing strategy in [26] is adopted to control the

number of activated ASG bases at different training stages,
which helps avoid local optimum at the beginning.

4.3. Neural Inverse Rendering

As shown in Fig. 5, our neural inverse rendering frame-
work integrates the differentiable shadow handling method
and anisotropic reflectance model to two MLPs’ and several
learnable parameters.

DepthMLP and Material MLP. To consider spatially-
dependent information, we build up a neural depth field

3 A further comparison between our weighted interpolation method and
other normal fitting methods can be found in the supplementary material.

4We neglect the Fresnel term applied in micro-facet reflectance models
(e.g., Ward model [14]) for easier convergence.

5More implementation details, such as the MLPs’ structures, could be
found in the supplementary material.
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Figure 5. Framework overview of DANI-Net. DepthMLP takes
the positional code as the input and outputs depth w;. Mate-
rialMLP takes the same positional code as the input and outputs p¢
and c¥. The shadow si; is calculated based on Eq. (3). Spatially
varying anisotropic specularity p;; is obtained through Eq. (5).
Rendered images are generated through Eq. (2). The inverse ren-
dering loss L£ir measures the rendering error between rendered im-
ages and observed images, and backpropagates to the light calibra-
tion and shape estimation through the differentiable shadow path
(in red and green colors) and the anisotropic reflectance path (in
blue and green colors).

named DepthMLP and a neural material field named Ma-
terialMLP, implemented by two MLPs. The DepthMLP es-
timates w; pixel-wisely; the Material MLP outputs ¢} and
pd for spatially varying reflectance. We apply the same
method [29] to encode the coordinate on the image plane.
Learnable parameters. As shown in Fig. 5, light con-
ditions (i.e., I, e;), ASG lobe’s width parameters (i.e., 7,
rg), and soft shadow parameters (i.e. o and () are set as
learnable parameters. We initialize I; and e; using outputs
of a pre-trained light calibration model, i.e., we apply the
CNN structures in [26] and train on the Blobby and Sculp-

ture dataset [9]. We set the scope of r and 7 in [10°,10%]
(log 300—log 10) (k—1)
and initialize rf = ¥ = 10 ~e 80 (e,

uniformly sampled N¢ values from [10,300] in the log
space) to force an isotropic reflectance model and con-
sider different sharpness at the beginning, which enables a
smooth transition to the anisotropic reflectance. v and /3 are
empirically initialized to 400 and 3.

A rendered image is calculated through Eq. (2) using the
outputs from the two MLPs and the learnable parameters.
The inverse rendering ¢; metric error Lz between the ren-
dered images and the observed images given by Eq. (7)
passes through the differentiable paths to jointly update
weights of MLPs and learnable parameters,

#Pf

1
Lig = ZZ|mw €585 ( pd +p”)max(n 1;,0). (D
#Pxfl 1=

4.4. Optimizing DANI-Net

In addition to the inverse rendering loss function, the
proposed DANI-Net is optimized by the silhouette loss
function Lg; and the smooth loss function. The silhouette



Table 2. Quantitative comparison in terms of MAE of surface normal on DILIGENT benchmark dataset [40].

Bold numbers and

underlined numbers indicate the best and the second-best results among UPS methods, respectively.

Method BALL BEAR BUDDHA CAT Cow GOBLET HARVEST Potl Pot2 READING AVG

LS [48] 4.10 8.39 14.92 8.41 25.60 18.50 30.62 8.89 14.65 19.80 15.39
TM18 [43] 1.47 5.79 10.36 5.44 6.32 11.47 22.59 6.09 7.76 11.03 8.83
LL22 [25] 243 3.64 8.04 4.86 4.72 6.68 14.90 5.99 497 8.75 6.50
PF14 [34] 477 9.07 14.92 9.54 19.53 29.93 29.21 9.51 15.90 24.18 16.66
CH19 [8] 2.77 6.89 8.97 8.06 8.48 11.91 17.43 8.14 7.50 14.90 9.51
CW20 [10] 2.50 5.60 8.60 7.90 7.80 9.60 16.20 7.20 7.10 14.90 8.71
SCPS-NIR [26] 1.24 3.82 9.28 4.72 5.53 7.12 14.96 6.73 6.50 10.54 7.05
DANI-Net w/o s 1.71 3.95 8.71 4.95 4.95 6.80 16.00 7.04 5.27 9.32 6.87
DANI-Net w [25] 1.64 4.03 9.16 5.27 522 6.98 16.43 6.85 5.52 9.53 7.06
DANI-Net 1.65 4.11 8.69 4.73 5.52 6.96 13.99 6.41 529 8.08 6.54

loss function Lg; is similar to those in [10, 15,26] by calcu- light intensity, e; is the estimated light intensity, and 7 is

lating the cosine similarity between estimated and fitted sil-
houette’s normal®. The fitted surface normals at the silhou-
ette alleviate the GBR ambiguity because the GBR trans-
formation on these surface normals equals an identity ma-
trix. Our smoothness loss function focuses on the diffuse
reflectance map R?, the normal map IV, and the depth map
W, which follows the similar implementation in [25, 26],

Lsmooth :AERd + )\»CW + ANLN

(8)

We train the DANI—Net in three stages’ for fast conver-
gence. The loss function in three stages is as follows,

Estagel =L + AsiLsi + ﬁsmooth;

CstageZ :EIR + /\SiESi + )\L:N, )]

Litages =LR + Asilsi,
where A = 0.01, Ay = 0.02, and Ag; = 0.01. Three stages
take 500, 1000, and 500 epochs, respectively. We also apply
a progressive training schema with the learning rate decay-
ing in a cosine annealing manner. During training, we use

Adam as the optimizer with a learning rate oy; = 0.001 de-
caying to 0.0001 for 2000 epochs.

5. Experiments

Evaluation Metrics. To evaluate the accuracy of the
predicted light directions and surface normal, we adopt
mean angle error (MAE) in degree. To evaluate the accu-
racy of recovered light intensity free from the reflectance-
light ambiguity, we use the scale-invariant relative error [8],

Em = % Z (M), where ¢; is the ground truth

OFitted silhouette’s normal is pre-computed based on the geometry in-
tuition, i.e., the projection of silhouette’s normal to xy-plane is likely to
be perpendicular to the silhouette if we assume the silhouette is occluding.
For objects with non-occluding silhouette, we apply a flexible strategy to
use Lg;, please refer to the supplementary material for more details.

7Please refer to the supplementary material for more ablation studies
about our three-stage training schema and silhouette loss.

calculated through solving arg min,, Zle (nej — 'éj)2 by
least squares.

Datasets. We evaluate our method on DILIGENT [40]
and DILIGENT10? benchmark dataset [36]5.

5.1. Performance on DILIGENT [40]

We compare with six state-of-the-art photometric stereo
methods on DILIGENT dataset [40], including two
unsupervised calibrated PS methods (TM18 [43] and
LL22 [25]), two supervised UPS methods (CH19 [8] and
CW20 [10]), and an unsupervised UPS method (SCPS-
NIR [26]). We also include two baseline methods for PS
(LS [48]) and UPS (PF14 [34]).

Surface normal estimation. Table 2 shows that DANI-
Net outperforms other UPS methods and achieves compara-
ble performance as the state-of-the-art calibrated PS method
LL22 [25]°. For READING and HARVEST that contain sub-
stantial cast shadow, DANI-Net achieves a superior perfor-
mance advantage over the other methods because our dif-
ferentiable handling method simultaneously optimizes the
shadow map with other unknowns, ensuring full utilization
of shadow cues. For Cow and GOBLET with a more promi-
nent anisotropic reflectance as compared to other objects,
DANI-Net also achieves the best performance, validating
the effectiveness of our anisotropic material model.

Light calibration. As shown in Table 3, our method
achieves the best light intensity and the second-best
light direction calibration results. Interestingly, although
CW20 [10] achieves better light direction calibration results
than DANI-Net, it achieves a less comparable performance
of surface normal estimation. The reason could be that
CW20 [10] and other two-stage methods suffer from the
accumulating error brought by the light calibration stage.

Differentiable shadow handling validation. To val-
idate the effectiveness of our differentiable shadow han-
dling method, we compare it with ‘DANI-Net w/o s’ and
‘DANI-Net w [25]’, which are two alternatives of DANI-

8Results on LIGHT STAGE DATA GALLERY dataset [6] and APPLE &
GOURD dataset [2] can be found in the supplementary material.

9Visual quality comparison on DILIGENT dataset [40] can be found in
the supplementary material.



Table 3. Quantitative comparison in terms of MAE of light direction and scale-invariant error of intensity on

DILIGENT benchmark

dataset [40]. Bold numbers and underlined numbers indicate the best and the second-best results, respectively.
BALL BEAR BUDDHA CAT Cow GOBLET HARVEST Potl PoTr2 READING AVG
Model di.  int.  dir it dir  int.  dir  int.  dir  int.  dir  int.  dir it dir  int.  dir  int.  dir  int. | dir  int
PF14[34] 490 0036 524 0098 976 0053 531 0059 1634 0074 3322 0223 2499 0.156 243 0017 13.52 0.044 2177 0.122 | 13.75 0.088
CHI9 [8] 327 0039 347 0061 434 0048 408 0095 452 0073 1036 0067 632 0082 544 0058 287 0048 450 0.105 | 492 0.068
CW20[10] 175 0027 244 0.101 286 0032 458 0075 3.5 0.031 298 0.042 574 0065 141 0039 281 0059 547 0048 | 332 0052
SCPS-NIR [26] | 1.43 0.019 156 0.019 422 0.021 441 0032 494 0062 226 0.042 641 0.023 346 0030 4.19 0082 734 0035 | 402 0037
DANI-Netw/os | 125 0.020 208 0026 250 0.021 3.9 0027 212 0059 289 0047 527 0026 423 0031 276 0086 545 0.026| 3.16 0037
DANL-Netw[25] | 1.24 0020 169 0024 307 0.021 328 0026 241 0058 301 0043 647 0030 450 0029 330 0084 537 0.025| 343 0.036
DANI-Net 123 0020 371 0022 263 0025 3.32 0029 419 0055 1.65 0044 634 0026 417 0029 342 0079 328 0028 | 3.39 0.036
Light Directions
A B c D Normal Map 9
or Error Map
Original
Image
LL22
SCPS-NIR
(DANI-Net
w/os)
DANI-Net
w [25]
DANI-Net

DANI-Net w/o s, DANI-Net w [

], and DANI-Net on HARVEST from DILIGENT [

Figure 6. A visual quality comparison on shadow maps (cast and attached shadow) and surface normal among LL.22 [25], SCPS-NIR [26],

]. The four left columns are images/shadow maps

under four light directions, labeled by ABCD, indicated by red dots shown in the light direction figure on the top right. The two right
columns are the ground truth or estimated normal maps and error maps. Red boxes highlight prominent regions for easy comparison.

Net without differentiable shadow handling. As compared
with DANI-Net, the only difference of the two alternatives
are shadow handling method (i.e., DANI-Net w/o s uses
the same fixed shadow map in SCPS-NIR [26]; DANI-Net
w [25] uses same shadow handling method in [25]). As
can be observed in Table 2 and Table 3, the performance
of DANI-Net w/o s and DANI-Net w [25] drops on sur-
face normal estimation (the average MAE increases 0.33°
and 0.52°, respectively), while remains similar on light cal-
ibration compared with DANI-Net. However, as shown in
Fig. 6, DANI-Net generates much more realistic and smooth
shadow maps than its alternatives. This is because the
shadow maps’ calculation in [25, 26] suffers from certain
limitations. For [26], shadow maps are calculated based on
pixel intensities rather than depth and light which can be af-
fected by surface points with dark color; for [25], shadow
maps are explicitly calculated based on depth and light but
are sensitive to the accumulating error in the depth map at
a specific epoch'®. In contrast, DANI-Net overcomes these
limitations by explicitly calculating shadow maps based on

101 [25], they use the same shadow maps as [26] at the beginning but
recalculated based on 500 epoch’s normal map and remain fixed afterward.

iteratively optimized depth and light, free from impact of
surface points with dark color and accumulating errors in
the depth map, leading to high-quality shadow maps.

5.2. Performance on DILIGENT10? [36]

To conduct an in-depth analysis of DANI-Net regard-
ing its generalization ability on different light conditions
and imaging setups, we test DANI-Net on the challenging
DILIGENT10? benchmark dataset [36]''. As the super-
vised calibrated PS method CNN-PS [19] achieves the best
performance on DILIGENT102 [36] according to [36], we
also compare with it in this section.

Surface normal estimation. To evaluate the perfor-
mance of DANI-Net on a variety of materials, we test it
on 10 different materials with two typical shapes of simple
BALL and general BUNNY. In additional to the state-of-
the-art supervised PS method CNN-PS [19], we also com-
pare with three state-of-the-art UPS methods CH19 [£],
CW20 [10], and SCPS-NIR [26]. As can be observed in

"TComplete results of all 100 objects for surface normal estimation and
light calibration on DILIGENT10? benchmark dataset [36] can be found
in the supplementary material.



Table 4. Quantitative comparison in terms of MAE of surface normal on BALL and BUNNY with 10 different materials from DILIGENT10?

benchmark dataset [

]. Bold numbers and underlined numbers indicate the best and the second-best results, respectively.

Isotropic Group Anisotropic Chall. Group
Object Method PoM PP NYLON PvC ABS BAKELITE AL cu STEEL ACRYLIC AVG
CNN-PS [20] 510 640 320 450 6.90 730 1500 1410 1640 19.10 9.99
CHI19 [¥] 4.40 2.10 4.60 4.50 3.20 4.30 15.30 19.70 21.90 42.40 12.24
BALL CW20[10] 10.10 3.01 9.84 7.13 5.64 4.94 21.49 24.01 27.04 37.92 15.11
SCPS-NIR [26] 3.07 2.30 9.28 1.40 5.29 5.23 20.27 26.82 27.11 57.75 15.85
DANI-Net 2.04 3.15 7.06 4.14 2.87 6.07 3.94 11.75 8.03 34.14 8.32
CNN-PS [20] 24.30 11.40 27.20 7.80 20.80 9.10 12.40 7.70 11.60 14.40 14.67
CHI19 [8] 29.00 18.00 29.00 17.00 28.00 18.00 28.00 16.00 23.00 33.00 23.90
BUNNY CW20[10] 19.88 11.64 22.36 9.49 18.63 12.55 18.03 12.54 17.85 28.54 17.15
SCPS-NIR [26] 22.81 9.49 26.76 7.44 19.39 9.82 21.52 8.13 18.55 26.20 17.01
DANI-Net 19.55 7.57 23.82 6.59 16.49 7.81 10.36 6.76 6.16 21.89 12.70

Table 5. Quantitative comparison in terms of MAE of surface normal on the ‘anisotropic group’ of DILIGENT10? benchmark dataset [36]
with 10 materials. Bold numbers and underlined numbers indicate the best and the second-best results, respectively.

Material Method BALL GOLF SPIKE NUT SQUARE PENTAGON HEXAGON PROPELLER TURBINE BUNNY | AVG
CNN-PS [10] 1590 1160 1430 16.10  13.40 14.60 18.30 16.40 25.20 1240 | 15.82

AL SCPS-NIR [26] 2027 1520 2566 2260 1837 24.25 32.38 33.14 31.20 2152 | 2446
DANI-Net w/o ASG | 17.51 1001 2045  17.57 14.22 14.78 14.81 28.88 33.61 1234 | 18.42

DANI-Net 394 723 1059 1450  11.56 14.04 14.25 37.09 32.33 10.36 | 15.59

CNN-PS [20] 1410 920 830  13.00 4.90 12.80 10.40 9.60 22.40 770 | 11.24

cu SCPS-NIR [26] 2682  9.86 892 2571 27.16 39.35 11.89 14.72 28.96 8.13 20.15
DANI-Net w/o ASG | 20.03  7.07 742  12.03 6.75 22.53 7.38 9.75 24.90 7.40 12.53

DANI-Net 1175 644 6.08  10.46 6.43 15.89 6.66 10.15 23.79 6.76 10.44

CNN-PS [20] 1640 1340 16.10 13.90 7.90 15.50 16.90 9.80 21.50 1160 | 1430

STEEL SCPS-NIR [26] 2711 2054 2922 1607 3337 36.84 27.23 27.69 34.15 18.55 | 27.08
DANI-Net w/o ASG | 20.16 843 2289 1145  17.83 13.60 1347 20.88 24.71 8.92 16.23

DANI-Net 803 750 1185  9.95 12.95 1524 11.29 21.63 32.66 6.16 13.73

Table 4, DANI-Net achieves the best performance for sur-
face normal estimation and even outperforms the supervised
PS method CNN-PS [19], especially for anisotropic mate-
rials of STEEL, CU, and AL. It owes to our anisotropic
reflectance modeling and differentiable shadow handling
method. However, DANI-Net is less competitive on
ACRYLIC material with a translucent effect due to the ab-
sence of explicit modeling of translucent BRDFs.
Anisotropic reflectance modeling validation. To
further testify the effectiveness of the anisotropic re-
flectance model in DANI-Net, we conduct experiments
on the ‘anisotropic group’ of DILIGENT10? benchmark
dataset [40] with 10 different shapes. In addition to the
state-of-the-art methods, CNN-PS [19] (supervised and cal-
ibrated) and SCPS-NIR [26] (unsupervised and uncali-
brated), we also compare with ‘DANI-Net w/o ASG’, which
is the alternative of DANI-Net with isotropic reflectance
modeling. That is, we apply ISG bases instead of ASG
bases by setting r{ = 7} in Eq. (5) during training. As can
be observed from Table 5, DANI-Net outperforms CNN-
PS [19] and SCPS-NIR [26] for all cases except for shapes
of PROPELLER and TURBINE, where the averaged MAE
of these two shapes over three materials (i.e., AL, CU, and
STEEL) is 26.27°. This is because DANI-Net takes a poor
initialization of light from [26] on these two shapes'”. Even
s0, DANI-Net achieves the best numbers in average across
different shapes. Table 5 also shows an observable per-

127 compared with [26], the GCNet in [10] provides a better initial-
ization of light for shapes of PROPELLER and TURBINE, which improves
DANI-Net’s normal estimation results on these two shapes from 26.27° to
16.21° in average. The study of the impact on using different initialization
of light can be found in the supplementary material.

formance degradation of ‘DANI-Net w/o ASG’ due to its
isotropic reflectance modeling, which indicates the effec-
tiveness of using the anisotropic reflectance model.

6. Conclusion

This paper proposes DANI-Net to address UPS in an
unsupervised manner. Thanks to shadow handling and
anisotropic reflectance modeling, DANI-Net can address
more general objects with complicated shadows and ma-
terials. This paper also presents solutions for shadow
calculation and surface normal fitting for differentiable
shadow handling. Our unsupervised training manner and
anisotropic reflectance modeling are beneficial for general-
izing DANI-Net to data from different sources.

Limitations and future work. Although our method
produces promising results for light conditions and surfaces
normal estimation on multiple real-world datasets, it has
several limitations. First, DANI-Net cannot handle objects
with strong inter-reflections or translucent materials. Sec-
ond, the image’s noise caused by overexposure or underex-
posure will degrade the performance of the proposed DANI-
Net and other inverse rendering methods. Third, we have a
longer testing time compared to [26] (i.e., 34 minutes for
DANI-Net vs. 14 minutes for [26] in average per objects
in DILIGENT [40]). Given DANI-Net’s performance on
anisotropic materials, building up a more sophisticated re-
flectance model to consider the translucent effect and inter-
reflection is worth exploring in the future.
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