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Abstract

Neural volume rendering became increasingly popular recently due to its success
in synthesizing novel views of a scene from a sparse set of input images. So far,
the geometry learned by neural volume rendering techniques was modeled using
a generic density function. Furthermore, the geometry itself was extracted using
an arbitrary level set of the density function leading to a noisy, often low fidelity
reconstruction. The goal of this paper is to improve geometry representation and
reconstruction in neural volume rendering. We achieve that by modeling the vol-
ume density as a function of the geometry. This is in contrast to previous work
modeling the geometry as a function of the volume density. In more detail, we
define the volume density function as Laplace’s cumulative distribution function
(CDF) applied to a signed distance function (SDF) representation. This simple
density representation has three benefits: (i) it provides a useful inductive bias
to the geometry learned in the neural volume rendering process; (ii) it facilitates
a bound on the opacity approximation error, leading to an accurate sampling of
the viewing ray. Accurate sampling is important to provide a precise coupling of
geometry and radiance; and (iii) it allows efficient unsupervised disentanglement
of shape and appearance in volume rendering. Applying this new density repre-
sentation to challenging scene multiview datasets produced high quality geometry
reconstructions, outperforming relevant baselines. Furthermore, switching shape
and appearance between scenes is possible due to the disentanglement of the two.

1 Introduction

Volume rendering [[18] is a set of techniques that renders volume density in radiance fields by the
so called volume rendering integral. It has recently been shown that representing both the density
and radiance fields as neural networks can lead to excellent prediction of novel views by learning
only from a sparse set of input images. This neural volume rendering approach, presented in [21]] and
developed by its follow-ups [34, 2] approximates the integral as alpha-composition in a differentiable
way, allowing to learn simultaneously both from input images. Although this coupling indeed leads
to good generalization of novel viewing directions, the density part is not as successful in faithfully
predicting the scene’s actual geometry, often producing noisy, low fidelity geometry approximation.

We propose VoISDF to devise a different model for the density in neural volume rendering, leading
to better approximation of the scene’s geometry while maintaining the quality of view synthesis.
The key idea is to represent the density as a function of the signed distance to the scene’s surface,
see Figure[T] Such density function enjoys several benefits. First, it guarantees the existence of a
well-defined surface that generates the density. This provides a useful inductive bias for disentangling
density and radiance fields, which in turn provides a more accurate geometry approximation. Second,
we show this density formulation allows bounding the approximation error of the opacity along rays.
This bound is used to sample the viewing ray so to provide a faithful coupling of density and radiance
field in the volume rendering integral. E.g., without such a bound the computed radiance along a ray
(pixel color) can potentially miss or extend surface parts leading to incorrect radiance approximation.
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Figure 1: VoISDF: given a set of input images (left) we learn a volumetric density (center-left, sliced)
defined by a signed distance function (center-right, sliced) to produce a neural rendering (right). This
definition of density facilitates high quality geometry reconstruction (gray surfaces, middle).

A closely related line of research, often referred to as neural implicit surfaces [22, [38] [14], have been
focusing on representing the scene’s geometry implicitly using a neural network, making the surface
rendering process differentiable. The main drawback of these methods is their requirement of masks
that separate objects from the background. Also, learning to render surfaces directly tends to grow
extraneous parts due to optimization problems, which are avoided by volume rendering. In a sense,
our work combines the best of both worlds: volume rendering with neural implicit surfaces.

We demonstrate the efficacy of VolSDF by reconstructing surfaces from the DTU [[12] and Blended-
MVS [37]] datasets. VoISDF produces more accurate surface reconstructions compared to NeRF [21]]
and NeRF++ [39], and comparable reconstruction compared to IDR [38]], while avoiding the use of
object masks. Furthermore, we show disentanglement results with our method, i.e., switching the
density and radiance fields of different scenes, which is shown to fail in NeRF-based models.

2 Related work

Neural Scene Representation & Rendering Implicit functions are traditionally adopted in modeling
3D scenes [24} 11} 14]. Recent studies have been focusing on model implicit functions with multi-layer
perceptron (MLP) due to its expressive representation power and low memory foot-print, including
scene (geometry & appearance) representation [9} 20, [19] 23| 25 29| 36, 128, 35]] and free-view
rendering [33} 116, 130, 26, [17, 21 [15} 39, 134, 2]. In particular, NeRF [21]] has opened up a line of
research (see [6] for an overview) combining neural implicit functions together with volume rendering
to achieve photo-realistic rendering results. However, it is non-trivial to find a proper threshold
to extract surfaces from the predicted density, and the recovered geometry is far from satisfactory.
Furthermore, sampling of points along a ray for rendering a pixel is done using an opacity function
that is approximated from another network without any guarantee for correct approximation.

Multi-view 3D Reconstruction Image-based 3D surface reconstruction (multi-view stereo) has been
a longstanding problem in the past decades. Classical multi-view stereo approaches are generally
either depth-based [, 31} I8 7] or voxel-based [5. 3,132]]. For instance, in COLMAP [31] (a typical
depth-based method) image features are extracted and matched across different views to estimate
depth. Then the predicted depth maps are fused to obtain dense point clouds. To obtain the surface, an
additional meshing step e.g. Poisson surface reconstruction [[13] is applied. However, these methods
with complex pipelines may accumulate errors at each stage and usually result in incomplete 3D
models, especially for non-Lambertian surfaces as they can not handle view dependent colors. On the
contrary, although it produces complete models by directly modeling objects in a volume, voxel-based
approaches are limited to low resolution due to high memory consumption. Recently, neural-based
approaches such as DVR [22]], IDR [38]], NLR [14] have also been proposed to reconstruct scene
geometry from multi-view images. However, these methods require accurate object masks and
appropriate weight initialization due to the difficulty of propagating gradients.

Independently from and concurrently with our work here, [27] also use implicit surface representation
incorporated into volume rendering. In particular, they replace the local transparency function with an
occupancy network [[19]]. This allows adding surface smoothing term to the loss, improving the quality
of the resulting surfaces. Differently from their approach, we use signed distance representation,
regularized with an Eikonal loss [38}[10] without any explicit smoothing term. Furthermore, we show
that the choice of using signed distance allows bounding the opacity approximation error, facilitating
the approximation of the volume rendering integral for the suggested family of densities.



3 Method

In this section we introduce a novel parameterization for volume density, de ned as transformed
signed distance function. Then we show how this de nition facilitates the volume rendering process.
In particular, we derive a bound of the error in the opacity approximation and consequently devise a
sampling procedure for approximating the volume rendering integral.

3.1 Density as transformed SDF

Let the set R® represent the space occupied by some objeREjrandM = @ its boundary
surface. We denote iy the indicator function, and byl the Signed Distance Function (SDF)
to its boundary ,

1 ifx2
0 ifx 2z

wherek k is the standard Euclidean 2-norm. In neural volume rendering the valiemsity :
R®! R, is a scalar volumetric function, whergx) is the rate that light is occluded at poit
is called density since it is proportional to the particle count per unit volurre]a8]. In previous
neural volumetric rendering approachig§,[15, 39, the density function, , was modeled with a
general-purpose Multi-Layer Perceptron (MLP). In this work we suggest to model the density using a
certain transformation of a learnable Signed Distance Function (8Dfjamely

(x) = (dXx); 2
where; > 0are learnable parameters, and is the Cumulative Distribution Function (CDF) of

the Laplace distribution with zero mean andcale (i.e., mean absolute deviation, which is intuitively
theL ; version of the standard deviatgnn),

1 (x)= candd (x)=( 1) ® minkx yk; 1)
y2M

<Zexp 2 ifs 0

(s)= . 3)

1 Jexp = ifs>0

Figure[] (center left and right) depicts an example of such a density and SDF. As can be readily
checked from this de nition, as approach zero, the densityconverges to a scaled indicator
function of ,thatis ! 1 forallpointsx 2 nM.

Intuitively, the density models a homogeneous object with a constant densttyat smoothly
decreases near the object's boundary, where the smoothing amount is controlle@hg/bene t

in de ning the density as in equatigr 2 is two-fold: First, it provides a useful inductive bias for
the surface geometiy , and provides a principled way to reconstruct the surface, i.e., as the zero
level-set ofd . This is in contrast to previous work where the reconstruction was chosen as an
arbitrary level set of the learned density. Second, the particular form of the density as de ned in
equatior) P facilitates a bound on the error of tpacity(or, equivalently theransparency of the
rendered volume, a crucial component in the volumetric rendering pipeline. In contrast, such a bound
will be hard to devise for a generic MLP densities.

3.2 Volume rendering of

In this section we review the volume rendering integral and the numerical integration commonly used
to approximate it, requiring a s&tof sample points per ray. In the following section (Secfiof 3.3),
we explore the properties of the densityand derive a bound on the opacity approximation error
along viewing rays. Finally, in Sectign 3.4 we derive an algorithm for producing a s&8rtplée

used in the volume rendering numerical integration.

In volume rendering we consider a rayemanating from a camera positior2 R? in direction

v 2 R3 kvk = 1, dened byx(t) = c+ tv,t 0. In essence, volume rendering is all about
approximating the integrated (i.e., summed) light radiance along this ray reaching the camera.
There are two important quantities that participate in this computation: the volompastyO, or
equivalently, itdransperancyl , and theradiance eldL.

Thetransparencyfunction of the volume along a ray, denotedr, indicates, for each 0, the
probability a light particle succeeds traversinthhe segrfeent(t)] without bouncing off,
t

T(t) =exp . (x(s))ds ; (4)



and theopacityO is the complement probability,
o()y=1 T(@): (5)

Note thatO is a monotonic increasing function where
0O(0) = 0, and assuming that every ray is eventually oc-
cludedO(1 ) = 1. In that sense we can think &f as a
CDF, and

0= "Lwm= xOTO 6) NeRE

is its Probability Density Function (PDF). The volume
rendering equatio% is the expected light along the ray,
1

I(c;v)= L(x(t);n(t);v) (t)dt; (7
0

whereL (x; n; V) is the radiance eld, namely the amount

of light emanating from poink in directionv; in our

formulation we also allov to depend on the level-set's

normal, i.e.n(t) = r yd (x(t)). Adding this depen- VoISDF
dency is motivated by the fact that BRDFs of comm
materials are often encoded with respect to the surf
normal, facilitating disentanglement as done in surfa
rendering B8]. We will get back to disentanglement in the experiments section. The integral in
equation 7 is approximated using a numerical quadrature, namely the rectangle rule, at some discrete
samplesS = fs; gi”;l ,0=951<s,<:::<s = M,whereM is some large constant:

I‘X 1
I(c;v) fs(c;v)= AL ®)
i=1

gure 2: Qualitative comparison to
RF. VoISDF shows less artifacts.

where we use the subscriftin s to highlight the dependence of the approximation on the
sample sesS, 4 (si) s is the approximated PDF multiplied by the interval length, and
Li = L(x(si);n(s;);Vv) is the sampled radiance eld. We provide full derivation and detail of
A in the supplementary.

Sampling. Since the PDF is typically extremely concentrated near the object's boundary (see e.g.,
Figure 3, right) the choice of the sample poiBSthas a crucial effect on the approximation quality

of equation 8. One solution is to use an adaptive sample,&gpmputed with the inverse CDF,
i.e.,O . However,O depends on the density modehnd is not given explicitly. Ing1] a second,
coarse network was trained speci cally for the approximation of the op&zitgnd was used for
inverse sampling. However, the second network’s density does not necessarily faithfully represents
the rst network's density, for which we wish to compute the volume integral. Furthermore, as we
show later, one level of sampling could be insuf cient to produce an accurate s&nflsing a

naive or crude approximation @ would lead to a sub-optimal sample &that misses, or over
extends non-negligible values. Consequently, incorrect radiance approximations can occur (i.e.,
pixel color), potentially harming the learned density-radiance eld decomposition. Our solution
works with a single density, and the samplin@ is computed by a sampling algorithm based on

an error bound for the opacity approximation. Figure 2 compares the NeRF and VolSDF renderings
for the same scene. Note the salt and pepper artifacts in the NeRF rendering caused by the random
samples; using xed (uniformly spaced) sampling in NeRF leads to a different type of artifacts shown
in the supplementary.

3.3 Bound on the opacity approximation error

In this section we develop a bound on the opacity approximation error using the rectangle rule. For a
set of sample¥ = ftigi”:l,0= t1<t,< <th=M,welet; =t t,and ;= (x(t)).
Given somd 2 (0; M ], assume 2 [ty;tx+1 ], and apply the rectangle rule (i.e., left Riemann sum)
to get the approximation:
Z, K1
(x(s)ds= R()+ E(t); whereR(t)= i i +(t t) « ©)

i=1



is the rectangle rule approximation, aBdt) denotes the error in this approximation. The corre-
sponding approximation of the opacity function (equation 5) is

dt)y=1 exp R() : (10)

Our goal in this section is to derive a uniform bound oM ] to the approximationb O. The
key is the following bound on the derivativef the density inside an interval along the ra(t):

Theorem 1. The derivative of the densitywithin a segmenit; ; ti., ] satis es
2

d d’ 2 _ ; :
ds (x(s)) 2—exp — ; whered; = szml;ﬂ+1] kx(s) vyk; (1D
y2Bi[ Bi+1

andB; = fxjkx x(t)k<jdijg,di = d (x(t)).

The proof of this theorem, which is provided in the supplementary,
makes a principled use of the signed distance function's unique prop-
erties; the explicit formula fod; is a bit cumbersome and therefore

is deferred to the supplementary as-well. The inset depicts the bound-
ary of the open balls unioB; [ Bij.1 , the intervalx (ti); X (ti+1 )]

and the bound is de ned in terms of the minimal distance between
these two sets, i.ed, .

The bene tin Theorem 1 is that it allows to bound the density's derivative in each interval ;]
based only on the unsigned distance at the interval's end pgntgd; +1 j, and the density parameters
;. This bound can be used to derive an error bound for the rectangle rule's approximation of the
opacity, I
K 1 d? d? .
JE(t)]  B(t) = . Ze TH(t t)%e (12)
i=1
Details are in the supplementary. Equation 12 leads to the following opacity error bound, also proved
in the supplementary:

Theorem 2. For t 2 [0; M ], the error of the approximated opaci€y can be bounded as follows:

o) O1t) exp R exp B) 1 (13)

Finally, we can bound the opacity error foR [ti;tx+1 ] by noting thahd_f’(t), and consequently also

exp(B(t)) are monotonically increasing in while exp( R(t)) is monotonically decreasing in
and therefore

o ax o) @) exp Rt exp®(tes1)) 1 : (14)
kibk+1
Taking the maximum over all intervals furnishes a bo&d as a function off and
n 0
o) ®r) By, = R(t B(t 1 15
e, () O TS max -exp (t)  exp(B(tk+1)) ; (15)

where by conventiol*?(to) =0,and[]= f1;2;:::; g. See Figure 3, where this bound is visualized
in faint-red.

To conclude this section we derive two useful properties, proved in the supplementary. The rst, is
that suf ciently dense sampling is guaranteed to reduce the error BBwnd
Lemmal. Fix > 0. Forany > 0 a sufcient dense sampling will provideBt. <

Second, with a xed number of samples we can sstich that the error bound is below
Lemma 2. Fixn > 0. Forany > 0a suf ciently large that satis es
M 2
4n  1)log(1+ )

(16)

will provide B .

'Asd is not differentiable everywhere the bound is on ttigschitz constandf , see supplementary.



Opacity

Error

iteration 1 iteration 2 iteration 5 iteration 1 iteration 2 iteration 5

Figure 3: Qualitative evaluation of Algorithm 1 after 1, 2 and 5 iterations. Left-bottom: per-pixel
heatmap; Left-top: rendering of areas marked with black squares. Right-top: for a single ray indicated

by white pixel we show the approximated (orange), true opacity (blue), the SDF (bIacI@, and
sample example (yellow dots). Right-bottom: for the same ray we now show the true opacity error
(red), and error bound (faint red). After 5 iterations most of the rays converged, as can be inspected
by the blue colors in the heatmap, providing a guarantesggproximation to the opacity, resulting in

a crisp and more accurate rendering (center-left, top).

3.4 Sampling algorithm

In this section we develop an algorithm for computing the sam8inig be used in equation 8. This

is done by rst utilizing the bound in equation 15 to nd samplésso that® (via equation 10)
provides an approximation to the true opaci€, where is a hyper-parameter, thatls;. <

Second, we perform inverse CDF sampling wWithas described in Section 3.2.

Note that from Lemma 1 it follows that we can simply choose large enauglensuréBy. <
However, this would lead to prohibitively large number of samples. Instead, we suggest a simple
algorithm to reduce the number of required samples in practice and allows working with a limited
budget of sample points. In a nutshell, we start with a uniform samplisg Ty, and use Lemma
2 toinitially seta . > that satisesBr. , . Then, we repeatedly upsampieto reduce

+ while maintainingBr . ., . Even though this simple strategy is not guaranteed to converge,
we ndthat . usually converges to (typically 85% see also Figure 3), and even in cases it does
not, the algorithm provides, for which the opacity approximation still maintains aarror. The
algorithm is presented below (Algorithm 1).

We initialize T (Line 1 in Algorithm 1) with uniform samplindo = ftig., , wheret, = (k 1)-M_,

k 2 [n] (we usen = 128 in our implementation). Given this sampling we next pick> according
to Lemma 2 so that the error bound satis es the requirbdund (Line 2 in Algorithm 1).

In order to reduce . while keepB+- ., ,N'sam-  Ajgorithm 1. Sampling algorithm.
ples are added td (Line 4 in Algorithm 1), where
the number of points sampled from each interval is
proportional to its current error bound, equation 14. Initialize T = To
AssumingT was suf ciently upsampled and satisfy, |nitialize . such thaBr.
Br., < , we decrease. towards . Since the ’

+

algorithm did not stop we have thBt-. > . There-

Input: error threshold > 0;

+

3 while Bt. > and notmax_iterdo

fore the Mean Value Theorem implies the existencé | upsampler
of 2 (; +)suchthaBr., = . Weusethe s if Br. , < then
bise_ction method (with maximum of 10 iterati_ons) to, Find »2 (; .)sothat
ef ciently search for , and update , accordingly
(Lines 6 and 7 in Algorithm 1). The algorithm runs Br; .=
iteratively untilB . or a maximal number & 7 Update . 2
iterations is reached. Either way, we use the mal end
and . (guaranteedto providBy . , ) to estimate 4
9 en

the current opacit@, Line 10 in Algorithm 1). Fi- : .
nally we return a fresh set off = 64 samples) using ° Estimate® usingT and .

inverse transform sampling (Line 11 in Algorithm 1)1 S get freshm samples using 1!
Figure 3 shows qualitative illustration of Algorithm 1,5 return S

for =0:001and =0:1 (typical values).




Figure 4: Qualitative results for reconstructed geometries of objects from the DTU dataset.

3.5 Training

Our system consists of two Multi-Layer Perceptrons (MLP):f (i) approximating the SDF of

the learned geometry, as well as global geometry featuoé dimension256, i.e., f- (x) =
(d(x);z(x)) 2 R*25 where' denotes its learnable parameters; [(i)(x;n;v;z) 2 R rep-
resenting the scene's radiance eld with learnable parameteis addition we have two scalar
learnable parameters 2 R. In fact, in our implementation we make the choice 1. We
denote by 2 RP the collection of all learnable parameters of the moded,('; ; ). To facilitate

the learning of high frequency details of the geometry and radiance eld, we exploit positional
encoding P1] for the positionx and view directiorv in the geometry and radiance eld. The

in uence of different positional encoding choices are presented in the supplementary.

Our data consists of a collection of images with camera parameters. From this data we extract pixel
level data: for each pixed we have a triplegl »; cp; vp), wherel , 2 R3 is its intensity (RGB color),

Cp 2 RS is its camera location, ang, 2 R3 is the viewing direction (camera to pixel). Our training

loss consists of two terms:

L( )= Lree( )+ Lsor('); where (17)

Lros( )= Ep lp fs(cpivp) ;i andLsoe(’ )= E; (kr d(z)k 1)%; (18)

wherel rgg is the color lossk k; denotes thd-norm,S is computed with Algorithm 1, anfk is the
numerical approximation to the volume rendering integral in equation 8; here we also incorporate the
global feature in the radiance eld, i.ed; = L (x(si);n(si);Vp; z(X(si))). Lspris the Eikonal

loss encouraging to approximate a signed distance functi@f]f the sampleg are taken to combine

a single random uniform space point and a single point ffor each pixep. We train with batches

of size 1024 pixelp. is a hyper-parameter set @l throughout the the experiments. Further
implementation details are provided in the supplementary.

4 Experiments

We evaluate our method on the challenging task of multiview 3D surface reconstruction. We use two
datasets: DTUTZ] and BlendedMVS 37], both containing real objects with different materials that
are captured from multiple views. In Section 4.1 we show qualitative and quantitative 3D surface
reconstruction results of VoISDF, comparing favorably to relevant baselines. In Section 4.2 we
demonstrate that, in contrast to NeRH], our model is able to successfully disentangle the geometry
and appearance of the captured objects.
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