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Abstract

In this paper, we address the “dual problem” of multi-view scene reconstruction
in which we utilize single-view images captured under different point lights to
learn a neural scene representation. Different from existing single-view methods
which can only recover a 2.5D scene representation (i.e., a normal / depth map
for the visible surface), our method learns a neural reflectance field to represent
the 3D geometry and BRDFs of a scene. Instead of relying on multi-view photo-
consistency, our method exploits two information-rich monocular cues, namely
shading and shadow, to infer scene geometry. Experiments on multiple challenging
datasets show that our method is capable of recovering 3D geometry, including
both visible and invisible parts, of a scene from single-view images. Thanks to the
neural reflectance field representation, our method is robust to depth discontinuities.
It supports applications like novel-view synthesis and relighting. Our code and
model can be found at https://ywq.github.io/s3nerf.

1 Introduction

3D reconstruction from images is a central and important problem in computer vision. Multi-view
stereo methods, which capture a target scene from multiple viewpoints under a fixed lighting condi-
tion [12, 24, 45, 46], are the most widely adopted approach for scene reconstruction. These methods,
however, often assume surfaces with Lambertian reflectance and have difficulties in recovering high-
frequency surface details.

An alternative approach to scene reconstruction is to utilize images captured from a fixed viewpoint
but under different point light sources (see Fig. 1 (a)). This setup is adopted by photometric stereo
(PS) methods [15, 47, 56] where shading information is utilized to reconstruct surface details of non-
Lambertian objects. Shadow is another cue that has been exploited for shape recovery by shape-from-
shadow methods [11, 61, 67]. However, existing single-view methods typically adopt a single normal
or depth map to represent the visible surface, making them incapable of describing back-facing and
occluded surfaces (see Fig. 1 (b)). Besides, methods relying on surface normal representation struggle
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Figure 1: (a) Difference between multi-view fixed lighting and single-view varying lighting setups.
(b) Comparison of the normal map, depth map, and neural field in representing a 3D scene. Obtaining
accurate depth from normal integration is non-trivial [5], and depth map cannot describe the invisible
regions. The adopted neural field is capable of modeling the complete scene geometry.

to deal with depth discontinuities [25]. It is desirable to obtain a more complete scene reconstruction
(including both visible and invisible parts) from single-view images. In this paper, we realize this by
exploiting both shading and shadow cues to recover both visible and invisible parts of a scene.

Recently, neural scene representations have achieved significant progress in multi-view reconstruction
and novel-view synthesis [35, 48, 63]. These methods model a continuous 3D space (i.e., the scene)
with a multi-layer perception (MLP) which maps 3D points to scene properties (e.g., density and color
in NeRF [35]). Despite its great success in multi-view scene modeling, neural scene representation
has been less explored in single-view scene modeling.

In this paper, building on top of the recent advances in neural scene representation, we propose to
optimize a neural field using images captured from a single viewpoint under different point lights.
Our method is fundamentally different from existing works [35, 48, 63] in that, instead of relying on
multi-view photo-consistency, we exploit monocular shading and shadow cues to optimize our neural
field for scene reconstruction (see Sec. A in supplementary for intuitive explanations on shadow cues).

A straightforward idea would be to condition the color MLP of NeRF [35] also on the point light
directions. However, we find such a naive solution fails to recover scene geometry and appearance.
To make better use of the photometric stereo images, we explicitly model the surface geometry and
BRDFs with a reflectance field and adopt a physics-based rendering to obtain the 3D point color [2, 3].
The 2D pixel color of a sampled ray can then be computed using volume rendering. Differentiable
shadow computation is considered explicitly by tracing a ray from a 3D point to the point light position
to check the light visibility [71]. As evaluating the light visibility of all points sampled along a ray is
computationally expensive [49], we accelerate the computation by only evaluating the light visibility
at the expected surface point, making online shadow computation possible during optimization.

To summarize, our contributions are:

* We address a novel problem of 3D neural reflectance field optimization from single-view images
captured under different point lights. Different from existing neural scene representation methods
that rely on multi-view photo-consistency, our method exploits monocular shading and shadow
cues for neural field optimization.

* Our method jointly recovers the geometry and BRDFs of a scene, and adopts an efficient online
shadow computation to fully exploit the information-rich shading and shadow cues.

» Experiments on multiple challenging datasets show that our method can faithfully reconstruct a
complete scene geometry from single-view images. Our method is robust to depth discontinuities.
It supports applications like novel-view synthesis and relighting.

2 Related Work

Photometric stereo (PS) PS methods can recover pixel-wise surface normals from images captured
under different light directions [15, 56]. Traditional PS methods treat specular observations as



outliers B6, 57, 58] or t sophisticated re ectance modeld., 18, 54] to handle non-Lambertian
surfaces. Recent methods resort to deep learning technique to solve this problem. Supervised learning
methods learn a mapping from image observations to surface normals using synthetic dataset with
ground-truth normals7, 9, 17, 26, 32, 43, 73]. Self-supervised methods optimize the network
parameters using an image reconstruction 182 31]. The above methods assume directional
lightings. For near- eld PS problem, methods based on POE4nd deep learning?p, 31, 34, 44]

have been proposed. More recentlyetial. [25] proposes a coordinate-based MLP to represent the
normal map of the visible surface assuming directional lights. In contrast, our method represents a
scene with a continuous volume and recovers the full 3D scene geometry under a near- eld setup.

Shape from shadow Shadow has been exploited to estimate shape informatifjnYu and Chang
optimized a height map from shadow cues using a graph-based represer@@ti@hpdowcutsf]
explicitly considers shadow in Lambertian photometric stereo. Yamash#th[61] introduced a

1D shadow graph to accelerate the shadow computation. Recently, DeepSBapmedels the

depth map of a scene by an MLP and optimizes the model with a shadow reconstruction loss. These
methods can only recover a height map of the visible surface. Besides, they require the detected
shadow regions as input, but shadow detection is itself a non-trivial problem.

Neural scene representation Neural scene representations have been successfully applied in novel-
view synthesis and multi-view reconstructid®8[ 48, 52, 59, 63]. The popular neural radiance eld
(NeRF) 5] represents a continuous space with an MLP, which regresses the volume density and RGB
color of a 3D point from the point coordinates and view direction. Attracted by the photo-realistic
rendering produced by NeRF, many follow-up works are introduced to improve the reconstructed
surface quality 39, 55, 64], rendering speedll, 30, 41], optimization speeddy, 50, 65], and
robustness [1, 33, 68].

The above methods consider each 3D point as an emitter, making them not able to model the surface
materials and lighting separately. Inverse rendering methods have been proposed to jointly recover
shape, materials, and lightings in a casual capture s&tdpg9, 71, 72]. NeRV [49] explicitly models
shadow and indirect illumination assuming a known environment map. RR&nf IRON [70]

adopt a co-located camera-light setup to simplify the image formation model. PS-K&RkFilizes
multi-view and multi-light images to induce regularizations for more accurate surface reconstruction.

There are some attempts to reconstruct a radiance eld from a single-view image in a data-driven
manner (e.g., conditioning the MLP input with image featufies; 42, 66]), or utilizing depth image as

shape prior§(0]. However, due to the strong ambiguity, these methods struggle to achieve high-quality
reconstruction. Compared with the above approaches, our method extends neural scene representation
to reconstruct accurate shape and materials from single-view photometric stereo images.

3 Method

GivenN images captured from a single viewpoint under different near point lights, our method
targets at recovering the geometry and materials for the scene (see Fig. 2). Following existing near-
eld photometric stereo method84, 44], we assume a calibrated perspective camera and known
point light positions. Instead of representing the visible surface with a normal / depth map like
others [25, 34, 44], we adopt a 3D neural eld representation [3, 35, 39] to describe the 3D scene.

3.1 Neural Re ectance Field Representation

Our method is built on top of the recent neural radiance eld (NeRBE).[Following UNISURF B9,

we adopt an occupancy eld instead of a density eld to better represent the surface geometry.
UNISURF uses an MLP to map a 3D pot2 R3 and a view directiord 2 R® to occupancy

o(x) 2 R and colorc(x;d) 2 R3. An image can be generated through volume rendering in which
the color of each pixel (or ray) is calculated by

Xv Y
Cry=olxi) @ ofxj)cxi:d); 1)

i=1 j<i

wherex; denotes a 3D point sampled along theray o+ td, with o 2 R3 being the camera center
andd 2 R3 the ray direction speci ed by the pixel, all, 2 R is the number of samples per ray.



Figure 2: Overview of the method. For each camera ray, we rst apply root- nding to locate the
surface intersection points. Ny points on the camera ray are sampled within a relatively large
interval around the surface to generate accumulated shading vélyepoints are sampled on
the surface-to-light segment to calculate the light visibility, which is multiplied to the accumulated
shading to output the nal RGB value.

Given multi-view images, a radiance eld can be optimized to reproduce the input images. However,
applying NeRF-based methods to single-view images is non-trivial. A straightforward idea would
be to condition the color MLP of NeRF also on light directions, but our experiments show that such

a naive solution fails to produce reasonable reconstruction due to the lack of constraints on scene
geometry.

To utilize shading information in photometric stereo images, we explicitly model the BRDFs of
the scene and recover 3D point color with physics-based rend&igy [Observing that shadow
provides strong cues for inferring the geometry of both visible and invisible surfaces in a scene, we
compute shadow in an online manner by tracing a ray from a surface point to the light position to
determine its light visibility. Give a point light located pt 2 R® with emitted intensityL 2 R,

Eq. (1) can be rewritten as

Xv Y
Cry= o) @ ofx))fulpixi)fe(dipibexi); ()

i=1 j<i
where the 3D point colot(x ; d) is replaced by the product of light visibiliti, (p,; x) and physics-
based rendered colbg(d; p;; Le; X), the details of which are given in the following subsections.

3.2 Physics-based Color Rendering

We consider non-Lambertian surfaces with spatially-varying BRDFs. The rendering equation for a
surface poink viewed from a directior under a near point lighp,; L) can be written as

fe(dipiiLe;x) = I—int (D{Z;Le;x”m(d;wi{gpu;X);x;[naX(wi(p.{;) n(X);O}}; 3)

Light Intensity BRDF Value Shading

whereLiy (p;;Le; X) denotes the incident light (taking light falloff into account); (p;; x) the
incident light direction, and,, (d; w;(p,;X); x) the BRDF value ak. The normal ak can be
derived from the gradient of the occupancy eldragx) = r o(x)=kr o(x )k [39].

Lighting model Following previous works34, 44], we adopt the inverse-square law for point light
attenuation where light intensity;y; is proportional to the multiplicative inverse of the square of the
distances (i.e., Liny / 1=5). The incident light directionv; and light intensityL;,; at a pointx

are given by

P X . Le

Wi(p|;X): K Lint (pI;Le;X): W: (4)

P xkp'

BRDF model Similar to [3, 69, 71], we adopt a BRDF model represented by a combination of
diffuse color 4 and specular re ectance, which is given by

fmn(WisWo;X) = g+ s(Wi;We;X): )



Following [16, 25], we model the isotropic specular re ectance by a weighted combination of
Sphere Gaussian (SG) bases, which demonstrates better results in modeling specular effects than the
parametric Microfacet mode2[). Tﬁ‘e specular componeng is helnce writtenass = ! TD(h;n),

X
whereD(h;n) = G(h:n; )= e("'n 1. -ew(h™n 1) genotes the SG bases, with

2 R, controls the specular sharpness. The diffuse componesmtd SG weight$ are estimated
by two MLPs.

3.3 Online Shadow Computation

A 3D pointx is shadowed if there is any occluders in its line of sight for the light posftjorit
follows that light visibility f, (p,; X) 2 [0; 1] for a 3D pointx can be computed by accumulating
occupancies along this line (see Fig. i,

) {8 Y
fu(pi;x)=1 o(xi) (1 o(xj)); (6)
i=1 j<i
whereN| is the number of points sampled along the line.

However, calculating light visibilities for aMy, points

sampled along the ray for a pixel is computationally ex-

pensive (.e., O(Ny N ) MLP queries for each pixel / ray

(see Fig. 3 (a)). To speed up shadow computation, pre-

vious methods either adopt an MLP to directly regress

light visibility of a point [49] to reduce the queries for

each ray tdO(Ny ) (see Fig. 3 (b)), or pre-extracts the

surface points (assuming a xed scene geomefry) fo

reduce the number of MLP queries@{N_ ). Instead,

we rst locate the expected surface poirtsalong the (@O(NvNL) (0) O(Nv)
ray by root- nding [39] and calculate its |Ight VISIbI'Ity Figure 3: Alternative shadow mode”ng_
in an online manner. E@2) can be reformulated for ef -

cient color rendering as

Nv

Y
C(r)=fv(p|;xs). O(Xi)” (1 o(xj)) fe(xi;d;py;Le): (7)

i=1 j<i

3.4 Optimization

Different from shape-from-shadow metho@<,[53], our method does not require direct supervision
for shadow rendering. We rely on image reconstruction loss for optimization.

Volume rendering loss The rst loss is the L1 reconstruction loss between the volume rendered
imageC, (i.e., the computed (r) in Eq. (7)%) and the input image:

L\, = kCV | k]_: (8)
Surface rendering loss UNISURF [39] proposes to combine the volume rendering and surface
rendering by gradually shortening the sampling range in a ray to re ne the surface region. However,
we empirically found that the model will start to degrade when the sampling interval is decreased as
there is no multi-view information to constrain the non-sampled regions. We therefore propose to

adopt a joint volume and surface rendering strategy. We additionally compute the surface rendering
color C 4(r) using the expected surfac)? point and calculate the L1 losie.,

Ls= kCs Ikq; 9
Cs(r) = fu(pisxs)fe(d;pyiLerXs): (10)

Normal smoothness lossSimilar to [39], we also include a regularization loss to promote smoothness
in surface normal (is a small randor?(perturbation):

Ln= kn(xs) n(xs+ )k (11)






