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Abstract. Unsigned distance functions (UDFs) have been a vital rep-
resentation for open surfaces. With different differentiable renderers,
current methods are able to train neural networks to infer a UDF by
minimizing the rendering errors on the UDF to the multi-view ground
truth. However, these differentiable renderers are mainly handcrafted,
which makes them either biased on ray-surface intersections, or sensi-
tive to unsigned distance outliers, or not scalable to large scale scenes.
To resolve these issues, we present a novel differentiable renderer to in-
fer UDFs more accurately. Instead of using handcrafted equations, our
differentiable renderer is a neural network which is pre-trained in a data-
driven manner. It learns how to render unsigned distances into depth
images, leading to a prior knowledge, dubbed volume rendering pri-
ors. To infer a UDF for an unseen scene from multiple RGB images,
we generalize the learned volume rendering priors to map inferred un-
signed distances in alpha blending for RGB image rendering. Our results
show that the learned volume rendering priors are unbiased, robust, scal-
able, 3D aware, and more importantly, easy to learn. We evaluate our
method on both widely used benchmarks and real scenes, and report
superior performance over the state-of-the-art methods. Project page:
https://wen-yuan-zhang.github.io/VolumeRenderingPriors/.

Keywords: Unsigned distance function - Volume rendering - Implicit
reconstruction

1 Introduction

Neural implicit representations have become a dominated representation in 3D
computer vision. Using coordinate based deep neural networks, a mapping from
locations to attributes at these locations like geometry [35,39], color [9, 34],
and motion [14] can be learned as an implicit representation. Signed distance
function (SDF) [35] and unsigned distance function (UDF) [8] are widely used
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Fig. 1: We highlight our multi-view reconstruction results from UDFs learned on real-
captured open surface scenes and indoor scenes. The two sides of a surface are colored
in white and beige, respectively. Comparing with NeuS [43] and the state-of-the-art
UDF reconstruction method NeUDF [26], our method does not produce artifacts and
recovers more accurate and smooth geometries on both open and closed surfaces.

implicit representations to represent either closed surfaces [7,20,24] or open
surfaces [16,54]. We can learn SDFs or UDFs from supervisions like ground
truth signed or unsigned distances [3,35], 3D point clouds [6,29-31, 42, 55] or
multi-view images [18,27,48,52]. Compared to SDFs, it is a more challenging
task to estimate a UDF due to the sign ambiguity and the boundary effect,
especially under a multi-view setting.

Recent methods [12,
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biased on ray-surface intersections, or sensitive to unsigned distance outliers, or
not scalable to large scale scenes. These issues make them struggle with recov-
ering accurate geometry. Fig. 2, 3 details these issues by comparing error maps
on depth images rendered by different differentiable renderers. We render the
ground truth UDF into depth images using different renderers from 100 differ-
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ent view angles, and report the average rendering error on each one of 55 shapes
that are randomly sampled from each one of the 55 categories in ShapeNet [4]
in Fig. 2. Using the latest differentiable renderers from NeuS-UDF [43] (using
UDF as input to NeuS), NeUDF [26] and NeuralUDF [27], the rendered depth
images and their error maps in Fig. 3 (a) to (c) show that these issues cause
large errors even using the ground truth UDF as inputs. Therefore, how to de-
sign better differentiable renderers for UDF inference from multi-view images is
still a challenge.

To resolve these ()NeuS-UDF (b)NeUDF (c)NeuralUDF (d)NeuS-SDF (e)Ours  (f)Ground Truth
issues, we introduce

a novel differentiable
renderer for UDF in-
ference from multi-
view images through
volume rendering. In-
stead of handcrafted
equations used by the
latest methods [12,
206,27, 32], we employ
a neural network to Fig. 3: Comparisons of estimated depth images and depth
learn to become a dif- error maps among different differentiable renderers on one

ferentiable renderer in  ghape from the category of “tower” in ShapeNet.
a data-driven manner.

Using UDFs and depth images obtained from meshes as ground truth, we train
the neural network to map a set of unsigned distances at consecutive locations
along a ray into weights for alpha blending, so that we can render depth images,
and produce the rendering errors to the ground truth as a loss. We make the
neural network observe different variations of unsigned distance fields during
training, and learn the knowledge of volume rendering with unsigned distances
by minimizing the rendering loss. The knowledge we call volume rendering prior
is highly generalizable to infer UDFs from multi-view RGB images in unobserved
scenes. During testing, we use the pre-trained network as a differentiable renderer
for alpha blending. It renders unsigned distances inferred by a UDF network into
RGB images which can be supervised by the observed RGB images. Our results
in Fig. 2 and Fig. 3 (e) show that we produce the smallest rendering errors
among all differentiable renderers for UDFs, which is even more accurate than
NeuS-SDF [43] (rendering with ground truth SDF) in Fig. 3 (d). Extensive ex-
periments in our evaluations show that the learned volume rendering priors are
unbiased, robust, scalable, 3D aware, and more importantly, easy to learn. We
conduct evaluations in both widely used benchmarks and real scenes, and report
superior performance over the state-of-the-art methods. Our contributions are
listed below,

Depth Image

Depth Error

— We introduce volume rendering priors to infer UDFs from multi-view im-
ages. Our prior can be learned in a data-driven manner, which provides a
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novel perspective to recover geometry with prior knowledge through volume
rendering.

We propose a novel deep neural network and learning scheme, and report
extensive analysis to learn an unbiased di erentiable renderer for UDFs with
robustness, scalability, and 3D awareness.

We report the state-of-the-art reconstruction accuracy from UDFs inferred
from multi-view images on widely used benchmarks and real image sets.

2 Related Work

Multi-view 3D reconstruction. Multi-view 3D reconstruction aims to recon-
struct 3D shapes from calibrated images captured from overlapping viewpoints.
The key idea is to leverage the consistency of features across di erent views
to infer the geometry. MVSNet [47] is the rst to introduce the learning-based
idea into traditional MVS methods. Following studies explore the potential of
MVSNet in di erent aspects, such as training speed [45,50], memory consump-
tion [15, 46], network structure [13] and generalization [53]. These techniques
produce depth maps or 3D point clouds. To obtain meshes as nal 3D rep-
resentations, additional procedures such as TSDF-fusion [10] or classic surface
reconstruction [21] methods are used, which is complex and not intuitive.
Learning SDFs from Multi-view Images. Instead of 3D point clouds es-
timated by MVS methods, recent methods [43, 44, 48] directly estimate SDFs
through volume rendering from multi-view images for continuous surface repre-
sentations. The widely used strategy is to render the estimated SDF into RGB
images [11, 25, 36] or depth images [2,41,51] which can be supervised by the
ground truth images. The key to make the whole procedure di erentiable is
various di erentiable renderers [2, 33, 43] which transform signed distances into
weights for alpha blending during rendering. Some methods modify the ren-
dering equations to use more 2D supervisions like normal maps [40], detected
planes [17], and segmentation maps [22] to pursue higher reconstruction e -
ciency. However, the SDFs that these methods aim to learn are only for closed
surfaces, which is limited to represent open surfaces.

Learning UDFs from Multi-view Images. Di erent from SDFs, UDFs [8,
56,57] are able to represent open surfaces. Recent methods [12,26,27,32] design
di erent di erentiable renderes to learn UDFs through multi-view images. Neu-
ralUDF [27] predicts the rst intersection along a ray and ips the UDFs behind
this point to use the di erentiable renderer of NeuS [43]. NeUDF [26] proposes
an inverse proportional function mapping UDF to rendering weights. NeAT [32]
learns an additional validity probability net to predict the regions with open
structures, while 2S-UDF [12] proposes a bell-shaped weight function that maps
UDF to density, inspired by HF-NeusS [44].

The di erentiable renderers introduced by these methods mainly get formu-
lated into handcrafted equations which are biased on ray-surface intersections,
sensitive to unsigned distance outliers, and not 3D aware. We resolve this issue by
introducing a learning-based di erentiable renderer which learns and generalizes
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a volume rendering prior for robustness and scalability. The ideas of learnable
neural rendering frameworks are also introduced in [1,5,23].

Fig.4: Overview of our method. In the training phase, our volume rendering prior

takes sliding windows of GT UDFs from training meshes as input, and outputs opaque
densities for alpha blending. The parameters are optimized by the error between ren-
dered depth and ground truth depth maps. During the testing phase, we freeze the
volume rendering prior and use ground truth multi-view RGB images to optimize a

randomly initialized UDF eld.

3 Methods

Problem Statement. Given a set of J imagesfl; gle, we aim to infer a
UDF f which predicts an unsigned distanceu for an arbitrary 3D query g. We
formulate the UDF as u = f(q). With the learned f,, we can extract the zero
level set off , as a surface using algorithms similar to the marching cubes [16,56].
Overview. We employ a neural network to learnf, by minimizing rendering
errors to the ground truth. We shoot rays from each viewl;, sample queries
g along each ray, and get unsigned distance predictiou from f, to calculate
weights w for alpha blending in volume rendering. At the same time, we train
a color function ¢ which predicts the color at these queriesg asc = f(qg). The
accumulation of ¢ with weights w along the ray produces a color at the pixel.
Current di erentiable renderers [12,26,27,32] transformu into w using hand-
crafted equations. Instead, we train a neural network to approximate this func-
tion f,, in a data-driven manner, as illustrated in Fig. 4. During training, we
pushf,, to produce ideal weights for rendering depth images that are as similar
to the supervision fDg}_; from the h-th shape as possible using the ground
truth UDF, and more importantly, get used to various variations of unsigned
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distances along a ray. During testing, we use this volume rendering prior with
xed parameters , of f,,. We leveragef,, to estimate an f, from multi-view
RGB imagesfl;jg of an unseen scene by minimizing rendering errors of RGB
color through volume rendering.

Volume Rendering for UDFs. We render a UDF function f, with a color
function f. into either RGB 1° or depth D° images to compare with the RGB
supervision f1; g or depth supervision fD; g. Note that we do not use depth
supervisionf D; g during the UDF inference, but we include a depth supervision
here to make the UDF rendering with learned priors self-contained.

From each posed view ;, we sample some pixels and shoot rays starting at
each pixel. Taking a ray Vi from view I; for example, Vj starts from the camera
origin o and points to a direction r. We hierarchically sample N points along
the ray Vx, where each point is sampled aty, = o+ d, r and d, corresponds
to the depth value of g, on the ray. We can transform unsigned distances , (¢,)
into weights w,, which is used for color or depth accumulation along the rayV
in volume rendering,

n = fu(fonOMoy; ffu(tm)ai=);

n 1

Wh = n o (1 no)
X N no=1 (1)
I (k)= o Woo fe(Gho);
n0=1
o XN
D(k) = o1 Wpo dno;

where gy is one of M near-
est neighbors of g, along a
ray, and , is the opaque den-
sity that can be interpreted
as the di erential probability

of a ray terminating at an in-

nitesimal particle at the lo-

cation g,. The latest methods
model the weighting function
fw in handcrafted ways with
M = 2 neighbors around g,
on the same ray. For instance,
NeUDF [26] introduced an
inverse proportional function
to calculate opaque density

from two adjacent queries, o .

while NeuralUDF [27] used Fig.5: Distribution of opaque densities and accu-
mulated weights calculated by dierent baselines
. . and predicted by our volume rendering priors. Our
both ochUS|0.n.probab|I|ty and method is 3D aware and robust to unsigned distance
opaque densities. . changes at near-surface points while deriving unbi-

Although these dieren- ,qeq volume rendering weights.
tiable renderers are unbiased

the same two queries to model
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at intersection of ray and surface and can render UDFs into images, they usually
produce render errors on the boundaries on depth images, as shown by error
maps in Fig. 3 (b) and (c). These errors indicate that these handcrafted equa-
tions can not render correct depth even when using the ground truth unsigned
distances as supervision.

Why do these handcrafted equations produce large rendering errors? Our
analysis shows that being not 3D aware plays a key role in producing these
errors. These handcrafted equations merely uskl =2 neighboring points to per-
ceive the 3D structure when calculating the opaque density at queryg,. Such a
small window makes these equations merely have a pretty small receptive eld,
which makes them become sensitive to unsigned distance changes, such as the
weight decrease at queries sampled on a ray that is passing by an object. More-
over, to maintain some characteristics like unbiasness and occlusion awareness,
these equations are strictly handcrafted, which make them extremely hard to
get extended to be more 3D aware by using more neighboring points as input.
Another demerit comes from the fact that all rays need to use the same equation
to model the opague, which is not generalizable enough to cover various unsigned
distance combinations.

Fig. 5 illustrates issues of current methods. When a ray is approaching an
object, handcrafted equations struggle to produce a zero opaque density at the
location where the ray merely passes by an object but not intersects with it.
This is also the reason why these methods produce large rendering errors on
the boundary in Fig. 3. To resolve these issues, we introduce to train a neural
network to learn the weight function f,, in a data-driven manner, which leads
to a volume rendering prior. During training, the network observes huge amount
of unsigned distance variations along rays, and learns how to map unsigned
distances into weights for alpha blending.

Learning Volume Rendering Priors. Our data-driven strategy uses ground
truth meshesf Sy gﬂzl to learn the function f,,. For each shapeS,;,, we calculate
its ground truth UDF fg’; , render A=100 depth imagesfD/lgA-, from randomly
sampled view angles around it, and push the neural network learning,, to
render depth imagesf Dllgi_; to be as similar to fD{lgA-; as possible. During
rendering, we leveragef St to provide ground truth unsigned distances at query
th, which leaves the functionf,, as the only learning target.

Speci cally, along a ray Vi, we hierarchically sampleN =128 queriesf g,g to
render a depth value through volume rendering using Eq.(1). We use the same
sampling strategy introduced in NeUDF [26]. For each queryq,, we calculate
its ground truth unsigned distance u,, = fg“t(q]) and the ground truth unsigned
distances at its M =30 neighboring points fup, = f g (o} )gh-, . Besides, we also
use the sampling interval , between ¢, and ¢?,, as another clue. We do
not use the coordinates as a clue to pursue better generalization ability on un-
seen scenes with di erent coordinates. Therefore, we formulate the modeling of
opaque density as,

n = fwlf mOm=1;fEg(dh)ah=1)idh 2 NN (an): )
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Instead of handcrafted equations, we use a neural network with 6 layers to model
the function f,,. It will learn a volume rendering prior which is a prior knowledge
of being a good renderer for UDFs. Obviously, it is more adaptive to di erent
rays than handcrafted equations, and become more 3D aware with the exibility
of using a larger neighboring size. We train the network parameterized by, by
minimizing the rendering errors on depth images,

Xy X a
mn 0Dy Dij 3)
We do not involve RGB images in the learning of priors for better generalization
ability. The improvements brought by our prior are shown in Fig. 5. We can
accurately predict opaque densities with 3D awareness at arbitrary locations
and robustness to unsigned distance changes.
Generalizing Volume Rendering Priors. We use the volume rendering prior
represented by , of f\, to estimate a UDF f, from a set of RGB imagesf I gle
of an unseen scene. We learfiy, by minimizing the rendering errors on RGB
images.

Speci cally, for a ray Vi, we hierarchically sampleN =128 queriesfqg,g to
render RGB values through volume rendering using Eq.(1). Similarly, we cal-
culate the opaque density at each locationg, using Eq.(2), but using unsigned
distances predicted byf, as , = fy(f mgM_;;ff,(d%)M_; g), not the ground
truth ones when learningf,,, and keeping the parameters , of f,, xed during
the generalizing procedure. Moreover, we use two neural networks to model the
UDF f and the color funtion f. parameterized by , and ., respectively. We
jointly learn  and . by minimizing the errors between rendered RGB images
frjg’., and the ground truth below,

X 5 )
Lo = _ Wil T (4)

Our loss function is formulated with an additional Eikonal loss [49]L for regu-
larization in the eld,

L= Lrgb + L61 (5)

where is a balance weight and set to 0.1 following previous work [43].

Using the learned parameters ,, we use the method introduced in [16] to
extract the zero-level set off ; as the surface.
Implementation Details. We implement our volume rendering priors network
fw as a 6-layer MLP with 256 hidden units and skip connections. Similar to pre-
vious work [27,43], the UDF functionf, is an 8-layer MLP with skip connections
and the color function f . is a 4-layer MLP with 256 hidden units. To control the
smoothness of the UDF learning, similar as the trainable variance in NeuS [43],
we utilize two parameter sets off,, for early and later UDF inference stage,
respectively. More implementation details can be found in the supplementary
materials.
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4  Experiments

We evaluate our method in surface reconstruction from multi-view RGB images.
We report numerical and visual comparisons with the latest methods of learning
UDFs under the same experimental setting. We also report ablation studies to
justify the e ectiveness of our modules and the e ect of key parameters.

4.1 Experiment Settings

Data for Learning Priors. We select one object from car category of ShapeNet
dataset [4] and one from DeepFashion3D dataset [58] to form our training dataset
for learning volume rendering priors. Note that there is no overlap between the
selected object and the testing objects. Our ablation studies demonstrate that
these two objects are su cient to learn accurate volume rendering priors with
good generalization capabilities across various shape categories. For each object,
we rst convert it into a normalized watertight mesh and then render 100 depth
images with 600 600 resolution from uniformly distributed camera viewpoints
on a unit sphere. Without additional annotation, we utilize the volume rendering
priors pre-trained on these two shapes to report our results.

Datasets for Evaluations.  We evaluate our method on four datasets including
DeepFashion3D (DF3D) [58], DTU [19], Replica [38] and real-captured datasets.
For DF3D dataset, we follow [27] and use the same 12 garments from di erent
categories. For DTU dataset, we use the same 15 scenes that are widely used by
previous studies. And we use all the 8 scenes in Replica dataset. We also report
results on real scans from NeUDF [26] and the ones shot by ourselves.
Baselines. We compare our method with the state-of-the-art methods which
use di erent di erentiable renderers to reconstruct open surfaces, including Neu-
ralUDF [27], NeUDF [26] and NeAT [32]. We also report the results of NeuS [43]
and COLMAP [37] as baselines. Note that NeuralUDF uses additional patch
loss [28] to ne-tune the resulted meshes, which is not the primary contribution
of the di erentiable renderer or used by other methods. Hence, for fair compari-
son, we report the results of NeuralUDF without ne-tuning across all datasets.
However, we still perform additional experiments in the supplementary to show
that our method, when getting ne-tuned using the patch loss, outperforms
NeuralUDF under the same experimental conditions.

Metrics. For DTU dataset and

DF3D dataset, we use Cham- Table 1: Numerical comparisons in all
fer Distance (CD) as the met- ShapeNet categories.

ric. For Replica dataset, we report ‘vietnods | Depth-L1# Mask-Entropy# Mask-L1#

CD, Normal Consistency (N.C.) ‘NeusUDF [23]/3.46 1.49 2.67 127 227 1.09
and Fl-score following previous NeUDF[26] |1.67 031 4.19 202 0.89 0.14

NeuralUDF [27]| 1.28 0.28  30.65 7.59  0.61 0.12
works [2'5_1]' Moreov_er, we report NeuS-SDF [43]| 0.97 0.67 0.60 0.56 0.52 0.47
the rendering errors in Tab. 1 us-

. . ours [0.41 019 070 0.63 0.12 0.05
ing depth L1 distance, mask errors

with cross entropy and L1 distance. The de nitions of the metrics are provided
in the supplementary materials.
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Fig. 6: Visual comparisons on open surface reconstructions with error maps on Deep-
Fashion3D [58] dataset (NeAT uses additional mask supervision). The large reconstruc-
tion errors are shown in yellow on error maps.

Fig.7: Visual comparisons of error maps on DTU [19] dataset. The transition from
blue to yellow indicates larger reconstruction errors.

4.2 Comparisons with the Latest Methods

Results on ShapeNet. Tab. 1
reports numerical comparisons in Taple 2: Quantitative evaluations on DF3D
the experiment in Fig. 2 in terms [58], DTU [19] and Replica [38] datasets. Note
of 3 metrics. We report the av- that NeAT uses mask supervision.

erages and variances over all 55pgiasets |DF3D|DTU | Replica
shapes. We render depth images

. 2~ Metrics | CD# |CD#|CD# N.C." F-score'

and mask images by forwarding
ground truth unsigned distances at NeAT [32] | 210088018 0.75 0.36
the same set of queries as OtherCOLMAP [37] 3.10(1.36/0.23 0.46 0.43
Neus [43] 4.360.87/0.07 0.88 0.69

methods with the learned prior. We
calculate the L1-error and cross en-
tropy error between predicted im-
ages and ground truth ones. We Our
achieve the best accuracy among all renderers for UDFs and SDFs.

NeuralUDF [27]| 2.15|1.07|0.11 0.85 0.53
NeUDF [26] 2.01|1.58/0.28 0.78 0.31

s | 1.71 |0.85(0.04 0.90 0.80
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Fig. 8: Qualitative comparisons on Replica [38] dataset (NeAT uses additional mask
supervision). Our method outperforms other methods on complex indoor scenes while
other UDF-based methods struggle to recover complete and smooth surfaces.

Results on DF3D.

We rstreport eval-

uations on DF3D

(CD 10 3). Nu-

merical comparison

in Tab. 2 indicates

that our learned

prior produces the Fig.9: lllustration of the capabilities of reconstructing single-
lowest CD errors layer geometries in indoor scenes.

among all handcrafted renderers. The visual comparison in Fig. 6 details our
superiority on reconstruction with error maps. We see that our prior helps the
network to recover not only smoother surfaces at most areas but also sharper
edges at wrinkles. We also outperform NeAT [32] which uses additional mask
supervisions to learn local SDFs and reconstruct open surfaces. Please see our
supplementary materials for evaluations on each scene.

Results on DTU.

Tab. 2 reports our

evaluation on DTU.

Our reconstructions

produce the lowest

CD errors with our

pre-trained prior.

Although the shapes

used to learn the

prior are not re-

lated to any scenes

in DTU, our prior

comes from sets of

queries in a local Fig. 10: Visualization of our real-captured scenes.
window on a ray,

which are more general to unsigned distances along a ray in unobserved scenes.
Hence, our prior produces excellent generalization ability. Visual comparisons in
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