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Figure 1. Our method obtains a high-quality 3D reconstruction from an RGB-D input sequence by training a multi-layer perceptron. The
core idea is to reformulate the neural radiance field definition in NeRF [48], and replace it with a differentiable rendering formulation based
on signed distance fields which is specifically tailored to geometry reconstruction.

Abstract

Obtaining high-quality 3D reconstructions of room-
scale scenes is of paramount importance for upcoming ap-
plications in AR or VR. These range from mixed reality
applications for teleconferencing, virtual measuring, vir-
tual room planing, to robotic applications. While current
volume-based view synthesis methods that use neural radi-
ance fields (NeRFs) show promising results in reproducing
the appearance of an object or scene, they do not recon-
struct an actual surface. The volumetric representation of
the surface based on densities leads to artifacts when a sur-
face is extracted using Marching Cubes, since during opti-
mization, densities are accumulated along the ray and are
not used at a single sample point in isolation. Instead of
this volumetric representation of the surface, we propose to
represent the surface using an implicit function (truncated
signed distance function). We show how to incorporate this
representation in the NeRF framework, and extend it to use
depth measurements from a commodity RGB-D sensor, such
as a Kinect. In addition, we propose a pose and camera re-
finement technique which improves the overall reconstruc-

tion quality. In contrast to concurrent work on integrat-
ing depth priors in NeRF which concentrates on novel view
synthesis, our approach is able to reconstruct high-quality,
metrical 3D reconstructions.

1. Introduction
Research on neural networks for scene representations

and image synthesis has made impressive progress in re-
cent years [73]. Methods that learn volumetric represen-
tations [42, 48] from color images captured by a smart-
phone camera can be employed to synthesize near photo-
realistic images from novel viewpoints. While the focus
of these methods lies on the reproduction of color images,
they are not able to reconstruct metric and clean (noise-
free) meshes. To overcome these limitations, we show that
there is a significant advantage in taking additional range
measurements from consumer-level depth cameras into ac-
count. Inexpensive depth cameras are broadly accessible
and are also built into modern smartphones. While classical
reconstruction methods [9, 33, 53] that purely rely on depth
measurements struggle with the limitations of physical sen-
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sors (noise, limited range, transparent objects, etc.), a neu-
ral radiance field-based reconstruction formulation allows
to also leverage the dense color information. Methods like
BundleFusion [14] take advantage of color observations to
compute sparse SIFT [44] features for re-localization and
refinement of camera poses (loop closure). For the actual
geometry reconstruction (volumetric fusion), only the depth
maps are taken into account. Missing depth measurements
in these maps, lead to holes and incomplete geometry in
the reconstruction. This limitation is also shared by learned
surface reconstruction methods that only rely on the range
data [47, 67]. In contrast, our method is able to recon-
struct geometry in regions where only color information is
available. Specifically, we adapt the neural radiance field
(NeRF) formulation of Mildenhall et al. [48] to learn a trun-
cated signed distance field (TSDF), while still being able to
leverage differentiable volumetric integration for color re-
production. To compensate for noisy initial camera poses
which we compute based on the depth measurements, we
jointly optimize our scene representation network with the
camera poses. The implicit function represented by the
scene representation network allows us to predict signed
distance values at arbitrary points in space which is used
to extract a mesh using Marching Cubes.

Concurrent work that incorporates depth measurements
in NeRF focuses on novel view synthesis [16, 49, 81], and
uses the depth prior to restrict the volumetric rendering to
near-surface regions [49,81] or adds an additional constraint
on the depth prediction of NeRF [16]. NeuS [76] is also
a concurrent work on novel view synthesis which uses a
signed distance function to represent the geometry, but takes
only RGB images as input, and thus fails to reconstruct the
geometry of featureless surfaces, like white walls. In con-
trast, our method aims for high-quality 3D reconstructions
of room-scale scenes using an implicit surface representa-
tion and direct SDF-based losses on the input depth maps.
Comparisons to state-of-the-art scene reconstruction meth-
ods show that our approach improves the quality of geome-
try reconstructions both qualitatively and quantitatively.

In summary, we propose an RGB-D based scene recon-
struction method that leverages both dense color and depth
observations. It is based on an effective incorporation of
depth measurements into the optimization of a neural radi-
ance field using a signed distance-based surface represen-
tation to store the scene geometry. It is able to reconstruct
geometry detail that is observed by the color images, but
not visible in the depth maps. In addition, our pose and
camera refinement technique is able to compensate for mis-
alignments in the input data, resulting in state-of-the-art re-
construction quality which we demonstrate on synthetic as
well as on real data from ScanNet [12].

2. Related Work
Our approach reconstructs geometry from a sequence of

RGB-D frames, leveraging both dense color and depth in-
formation. It is related to classical fusion-based 3D recon-
struction methods [9, 14, 50, 53, 92], learned 3D reconstruc-
tion [7, 15, 47, 58, 79], as well as to recent coordinate-based
scene representation models [48, 69, 74].

Classical 3D Reconstruction. There exists a wide range
of methods for RGB and RGB-D based 3D reconstruc-
tion that are not based on deep learning. Reconstruct-
ing objects and scenes can be done using passive stereo
systems that rely on stereo matching from two or multi-
ple color views [29, 62], Structure-from-Motion [63], or
SLAM-based [20, 21, 23] methods. These approaches may
use disjoint representations, like oriented patches [25], vol-
umes [38], or meshes [32] to reconstruct the scene or object.
Zollhöfer et al. [92] review the 3D reconstruction meth-
ods that rely on range data from RGB-D cameras like the
Kinect. Most of these methods are based on [9], where
multiple depth measurements are fused using a signed dis-
tance function (SDF) which is stored in a uniform 3D grid.
E.g., KinectFusion [50] combines such representation with
real-time tracking to reconstruct objects and small scenes
in real-time. To handle large scenes Nießner et al. [53]
propose a memory-efficient storage of the SDF grid using
spatial hashing. To handle the loop closure problem when
scanning large-scale scenes, bundle adjustment can be used
to refine the camera poses [14]. In addition, several regu-
larization techniques have been proposed to handle outliers
during reconstruction [19, 61, 88].

Deep Learning for 3D Reconstruction. To reduce artifacts
from classical reconstruction methods, a series of meth-
ods was proposed that use learned spatial priors to predict
depth maps from color images [24, 28, 39], to learn multi-
view stereo using 3D CNNs on voxel grids [34, 68, 82], or
multi-plane images [22], to reduce the influence of noisy
depth values [79], to complete incomplete scans [13, 15],
to learn image features for SLAM [2, 10, 90] or feature fu-
sion [4,71,80], to predict normals [89], or to predict objects
or parts of a room from single images [11, 18, 27, 51, 75].
Most recently coordinate-based models have become pop-
ular [74]. These models use a scene representation that is
based on a deep neural network with fully connected layers,
i.e., a multi-layer perceptron (MLP) [73, 74]. As input the
MLP takes a 3D location in the model space and outputs
for example, occupancy [7, 47, 52, 55, 58–60], density [48],
radiance [48], color [54], or the signed distance to the sur-
face [56,83,84]. Scene Representation Networks [69] com-
bine such a representation with a learned renderer which is
inspired by classical sphere tracing, to reconstruct objects
from single RGB images. Instead, Mildenhall et al. [48]
propose a method that represents a scene as a neural ra-
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Figure 2. Differentiable volumetric rendering is used to reconstruct a scene that has been captured using an RGB-D camera. The scene
is represented using multi-layer perceptrons (MLPs), encoding a signed distance value Di and a viewpoint-dependent radiance value
ci per point pi. We perform volumetric rendering by integrating the radiance along a ray, weighing the samples as a function of their
signed distance Di and their visibility. We also learn a per-frame latent corrective code to account for exposure or white balance changes
throughout the capture, which is passed to the radiance MLP alongside the ray direction d. We optimize the scene representation’s MLPs,
together with the per-frame corrective codes, the input camera poses, and an image-plane deformation field (not shown) by computing
losses for the signed distance Di of the samples, and the final integrated color C with respect to the input depth and color views.

diance field (NeRF) using a coordinate-based model, and
a classical, fixed volumetric rendering formulation [46].
Based on this representation, they show impressive novel
view synthesis results, while only requiring color input im-
ages with corresponding camera poses and intrinsics. Be-
sides the volumetric image formation, a key component of
the NeRF technique is a positional encoding layer, that uses
sinusoidal functions to improve the learning properties of
the MLP. In follow-up work, alternatives to the positional
encoding were proposed, such as Fourier features [72] or si-
nusoidal activation layers [67]. NeRF has been extended to
handle in-the-wild data with different lighting and occlud-
ers [45], dynamic scenes [40, 57], avatars [26], and adapted
for generative modeling [5, 66] and image-based render-
ing [77, 87]. Others have focused on resectioning a camera
given a learned NeRF [85], and optimizing for the camera
poses while learning a NeRF [41, 78].

In our work, we take advantage of the volumetric render-
ing of NeRF and propose the usage of a hybrid scene rep-
resentation that consists of an implicit surface representa-
tion (SDF) and a volumetric radiance field. We incorporate
depth measurements in this formulation to achieve robust
and metric 3D reconstructions. In addition, we propose a
camera refinement scheme to further improve the quality of
the reconstruction. In contrast to NeRF which uses a den-
sity based volumetric representation of the scene, our im-
plicit surface representation leads to high quality geometry
estimates of entire scenes.

Concurrent Work. In concurrent work, Wang et al. [76]
present NeuS which uses an implicit surface representation
to improve novel view synthesis of NeRF. Wei et al. [81]

propose a multi-view stereo approach to estimate dense
depth maps which they use to constrain the sampling region
when optimizing a NeRF. Similarly, Neff et al. [49] restrict
the volumetric rendering to near surface regions. Additional
constraints on the depth predictions of NeRF were proposed
by Deng et al. [16]. In contrast to these, our method focuses
on accurate 3D reconstructions of room-scale scenes, with
explicit incorporation of depth measurements using an im-
plicit surface representation.

3. Method
We propose an optimization-based approach for geome-

try reconstruction from an RGB-D sequence of a consumer-
level camera (e.g., a Microsoft Kinect). We leverage both
the N color frames Ii as well as the corresponding aligned
depth frames Di to optimize a coordinate-based scene rep-
resentation network. Specifically, our hybrid scene rep-
resentation consists of an implicit surface representation
based on a truncated signed distance function (TSDF) and
a volumetric representation for the radiance. As illustrated
in Fig. 2, we use differentiable volumetric integration of the
radiance values [46] to compute color images from this rep-
resentation. Besides the scene representation network, we
optimize for the camera poses and intrinsics. We initialize
the camera poses Ti using BundleFusion [14]. At evalua-
tion time, we use Marching Cubes [43] to extract a triangle
mesh from the optimized implicit scene representation.

3.1. Hybrid Scene Representation

Our method is built upon a hybrid scene representation
which combines an implicit surface representation with a
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volumetric appearance representation. Specifically, we im-
plement this representation using a multi-layer perceptron
(MLP) which can be evaluated at arbitrary positions pi in
space to compute a truncated signed distance value Di and
view-dependent radiance value ci. As a conditioning to the
MLP, we use a sinusoidal positional encoding γ(·) [48] to
encode the 3D query point pi and the viewing direction d.

Inspired by the recent success of volumetric integration
in neural rendering [48], we render color as a weighted sum
of radiance values along a ray. Instead of computing the
weights as probabilities of light reflecting at a given sample
point based on the density of the medium [48], we compute
weights directly from signed distance values as the product
of two sigmoid functions:

wi = σ

(
Di

tr

)
· σ

(
−Di

tr

)
, (1)

where tr is the truncation distance. This bell-shaped func-
tion has its peak at the surface, i.e., at the zero-crossing of
the signed distance values. A similar formulation is used
in concurrent work [76], since this function produces unbi-
ased estimates of the signed distance field. The truncation
distance tr directly controls how quickly the weights fall to
zero as the distance from the surface increases. To account
for the possibility of multiple intersections, weights of sam-
ples beyond the first truncation region are set to zero. The
color along a specific ray is approximated as a weighted
sum of the K sampled colors:

C =
1∑K−1

i=0 wi

K−1∑
i=0

wi · ci. (2)

This scheme gives the highest integration weight to the
point on the surface, while points farther away from the
surface have lower weights. Although such an approach
is not derived from a physically-based rendering model, as
is the case with volumetric integration over density values,
it represents an elegant way to render color in a signed dis-
tance field in a differentiable manner, and we show that it
helps deduce depth values through a photometric loss (see
Sec. 4). In particular, this approach allows us to predict
hard boundaries between occupied and free space which
results in high-quality 3D reconstructions of the surface.
In contrast, density-based models [48] can introduce semi-
transparent matter in front of the actual surface to represent
view-dependent effects when integrated along a ray. This
leads to noisy reconstructions and artifacts in free space, as
can be seen in Sec. 4.

Network Architecture Our hybrid scene representation
network is composed of two MLPs which represent the
shape and radiance, as depicted in Fig. 2. The shape MLP
takes the encoding of a queried 3D point γ(p) as input and

outputs the truncated signed distance Di to the nearest sur-
face. The task of the second MLP is to produce the sur-
face radiance for a given encoded view direction γ(d) and
an intermediate feature output of the shape MLP. The view
vector conditioning allows our method to deal with view-
dependent effects like specular highlights, which would
otherwise have to be modeled by deforming the geome-
try. Since color data is often subject to varying exposure or
white-balance, we learn a per-frame latent corrective code
vector as additional input to the radiance MLP [45].
Pose and Camera Refinement The camera poses Ti, rep-
resented with Euler angles and a translation vector for ev-
ery frame, are initialized with BundleFusion [14] and re-
fined during the optimization. Inspired by [91], an addi-
tional image-plane deformation field in form of a 6-layer
ReLU MLP is added as a residual to the pixel location be-
fore unprojecting into a 3D ray to account for possible dis-
tortions in the input images or inaccuracies of the intrin-
sic camera parameters. Note that this correction field is the
same for every frame. During optimization, camera rays are
first shifted with the 2D vector retrieved from the deforma-
tion field, before being transformed to world space using the
camera pose Ti.

3.2. Optimization

We optimize our scene representation network by ran-
domly sampling a batch of Pb pixels from the input dataset
of color and depth images. For each pixel p in the batch, a
ray is generated using its corresponding camera pose and Sp

sample points are generated on the ray. Our global objective
function L(P) is minimized w.r.t. the unknown parameters
P (the network parameters Θ and the camera poses Ti) over
all B input batches and is defined as:

L(P) =

B−1∑
b=0

λ1Lb
rgb(P) + λ2Lb

fs(P) + λ3Lb
tr(P). (3)

Lb
rgb(P) measures the squared difference between the ob-

served pixel colors Ĉp and predicted pixel colors Cp of the
b-th batch of rays:

Lb
rgb(P) =

1

|Pb|
∑
p∈Pb

(Cp − Ĉp)
2. (4)

Lb
fs is a ‘free-space’ objective, which forces the MLP to

predict a value of tr for samples s ∈ Sfs
p which lie between

the camera origin and the truncation region of a surface:

Lb
fs(P) =

1

|Pb|
∑
p∈Pb

1

|Sfs
p |

∑
s∈Sfs

p

(Ds − tr)2. (5)

For samples within the truncation region (s ∈ Str
p ), we ap-

ply Lb
tr(P), the signed distance objective of samples close
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to the surface:

Lb
tr(P) =

1

Pb

∑
p∈Pb

1

|Str
p |

∑
s∈Str

p

(Ds − D̂s)
2, (6)

where Ds is the predicted signed distance of sample s, and
D̂s the signed distance observed by the depth sensor, along
the optical axis. In our experiments, we use a truncation
distance tr = 5 cm, and scale the scene so that the trunca-
tion region maps to [−1, 1] (positive in front of the surface,
negative behind).

The Sp sample points on the ray are generated in two
steps. In the first step S′

c sample points are generated on the
ray using stratified sampling. Evaluating the MLP on these
S′
c sample points allows us to get a coarse estimate for the

ray depth by explicitly searching for the zero-crossing in the
predicted signed distance values. In the second step, another
S′
f sample points are generated around the zero-crossing

and a second forward pass of the MLP is performed with
these additional samples. The output of the MLP is con-
catenated to the output from the first step and color is inte-
grated using all S′

c +S′
f samples, before computing the ob-

jective loss. It is important that the sampling rate in the first
step is high enough to produce samples within the trunca-
tion region of the signed distance field, otherwise the zero-
crossing may be missed.

We implement our method in Tensorflow using the
ADAM optimizer [36] with a learning rate of 5× 10−4 and
set the loss weights to λ1 = 0.1, λ2 = 10 and λ3 = 6×103.
We run all of our experiments for 2× 105 iterations, where
in each iteration we compute the gradient w.r.t. |Pb| = 1024
randomly chosen rays. We set the number of S′

f samples to
16. S′

c is chosen such that there is on average one sample for
every 1.5 cm of the ray length. The ray length itself needs to
be greater than the largest distance in the scene that is to be
reconstructed and ranges from 4 to 8 meters in our scenes.

4. Results
In the following, we evaluate our method on real, as well

as on synthetic data. For the shown results, we use March-
ing Cubes [43] with a spatial resolution of 1 cm to extract a
mesh from the reconstructed signed distance function.

Results on real data. We test our method on the ScanNet
dataset [12] which provides RGB-D sequences of room-
scale scenes. The data has been captured with a StructureIO
camera which provides quality similar to that of a Kinect
v1. The depth measurements are noisy and often miss struc-
tures like chair legs or other thin geometry. To this end our
method proposes the additional usage of a dense color re-
construction loss, since regions that are missed by the range
sensor are often captured by the color camera. To compen-
sate for the exposure and white balancing of the used cam-
era, our approach learns a per-frame latent code as proposed

Method C-ℓ1 ↓ IoU ↑ NC ↑ F-score ↑
BundleFusion 0.062 0.594 0.892 0.805
RoutedFusion 0.057 0.615 0.864 0.838
COLMAP + Poisson 0.057 0.619 0.901 0.839
Conv. Occ. Nets 0.077 0.461 0.849 0.643
SIREN 0.060 0.603 0.893 0.816
NeRF + Depth 0.065 0.550 0.768 0.782

Ours (w/o pose) 0.049 0.655 0.908 0.868
Ours 0.044 0.747 0.918 0.924

Table 1. Reconstruction results on a dataset of 10 synthetic scenes.
The Chamfer ℓ1 distance, normal consistency and the F-score [37]
are computed between point clouds sampled with a density of 1
point per cm2, using a threshold of 5 cm for the F-score. We
voxelize the mesh to compute the intersection-over-union (IoU)
between the predictions and ground truth.

in [45]. In Fig. 3, we compare our method to the origi-
nal ScanNet BundleFusion reconstructions which often suf-
fer from severe camera pose misalignment. Our approach
jointly optimizes for the scene representation network as
well as the camera poses, leading to substantially reduced
misalignment artifacts in the reconstructed geometry.

Quantitative evaluation. We perform a quantitative eval-
uation of our method on a dataset of 10 synthetic scenes
for which the ground truth geometry and camera trajectory
are known. Note that the ground truth camera trajectory is
only used for the rendering and evaluation, and not for the
reconstruction. For each frame, we render a photo-realistic
image using Blender [8, 17]. We apply noise and artifacts,
similar to those of a real depth sensor [1, 3, 30, 31]. On this
data, we compare our technique to several state-of-the-art
methods that use either depth input only, or both color and
depth data to reconstruct geometry (see Tab. 1).

BundleFusion. BundleFusion [14] uses the color and
depth input to reconstruct the scene. It is a classical depth
fusion approach [9] which compensates misalignments us-
ing a global bundle adjustment approach.

RoutedFusion. RoutedFusion [79] uses a routing net-
work which filters sensor-specific noise and outliers from
depth maps and computes pixel-wise confidence values,
which are used by a fusion network to produce the final
SDF. It takes the depth maps and camera poses as input.

COLMAP with screened Poisson surface reconstruction.
We obtain camera poses using COLMAP [63–65] and use
these to back-project depth maps into world space. We ob-
tain a mesh by applying screened Poisson surface recon-
struction [35] on the resulting point cloud.

Convolutional Occupancy Networks. We accumulate the
point clouds from the depth maps using BundleFusion poses
and evaluate the pre-trained convolutional occupancy net-
works model [58] provided by the authors (which has been
used on similar data [6]).
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Figure 3. We compare our model without pose optimization and our full model with both the pose optimization and image-plane de-
formation field to BundleFusion, RoutedFusion, SIREN and a NeRF optimized with depth supervision in scenes 2, 5, 12, and 50 of the
ScanNet dataset. Our model without pose optimization recovers smoother meshes than the density-based NeRF model, but still suffers
from misalignment artifacts. These are solved by our full model to recover a clean reconstruction.
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Figure 4. Accuracy shows how close ground truth points are to predicted points, while completeness shows how close predicted points are
to ground truth points. Geometry reconstructed purely through the photometric loss has slightly lower accuracy than geometry for which
depth observations were also available. Furthermore, the accuracy and completeness drop in distant areas, which had less multi-view
constraints and more noise in the depth measurements.

SIREN. We optimize a SIREN [67] per scene using the
back-projected point cloud data. The ICL-NUIM [31] scene
on which the method was originally tested, is also included
in our synthetic dataset.

NeRF with an additional depth loss. NeRF [48] proposes
using the expected ray termination distance as a way to vi-
sualize the depth of the scene. In our baseline, we add an
additional loss to NeRF, where this depth value is compared
to the input depth using an L2 loss. Note that this baseline
still uses NeRF’s density field to represent geometry.

As can be seen in Tab. 1, our approach with camera re-
finement results in the lowest Chamfer distance, and the
highest IoU, normal consistency (mean of the dot product of
the ground truth and predicted normals), and F-score [37].
Especially, the comparison to the density-based NeRF with
an additional depth constraint shows the benefit of our pro-
posed hybrid scene representation.
Ablation studies. We conduct ablation studies to justify our
choice of network architecture and training parameters. In
Fig. 3, we show the difference between a volumetric repre-
sentation (density field, ‘NeRF with Depth’) to an implicit
surface representation (signed distance field, ‘Ours-Full’)
on real data from ScanNet [12]. While representing scenes
with a density field works great for color integration, ex-
tracting the geometry itself is a challenging problem. Al-
though small variations in density may not affect the inte-
grated color much, they cause visible noise in the extracted
geometry and produce floating artifacts in free space. These
artifacts can be reduced by choosing a different iso-level for
geometry extraction with Marching Cubes, but this leads to
less complete reconstructions. In contrast, a signed distance

field models a smooth boundary between occupied and free
space, and we show that it can be faithfully represented by
an MLP. However, the reconstruction quality is still limited
by the provided camera poses, as can be seen in Fig. 3 (e.g.,
the cabinet in the left column). Optimizing for pose correc-
tions further improves the quality of our reconstructions.

Effect of the photometric term. A fundamental compo-
nent of our method is the use of a photometric term to infer
depth values which are missing from camera measurements.
We analyze the effect of this term on the synthetic scene in
Fig. 4, where we simulate missing geometry of the table
legs and the meshed basket. In the figure, we visualize the
completeness and accuracy. In contrast to a model without
the photometric term, our method is still able to reconstruct
the missing geometry leveraging the RGB observations.

For our full approach, we also separately evaluate the
reconstruction quality of geometry where depth measure-
ments were available and where they were missing. Re-
gions that relied only on color have a somewhat worse aver-
age accuracy of 11 mm, compared to 8 mm for regions that
had access to depth measurements. We refer the reader to
the supplemental material for more details and a qualitative
comparison on real data.

Effect of pose refinement. We show that initial camera
pose estimates can be further improved by jointly optimiz-
ing for the rotation and translation parameters of the cam-
eras which are initialized with BundleFusion [14]. We
quantitatively evaluate this on all scenes in our synthetic
dataset. An aggregate of the positional and rotational errors
of different methods is presented in Tab. 2. A detailed per-
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Figure 5. Our method improves the camera alignment over the baseline, as visible in the tiles of the floor. The additional image-plane
distortion correction results in straight and aligned edges in the reconstruction.

Method Pos. error (meters) ↓ Rot. error (degrees) ↓
BundleFusion 0.033 0.571
COLMAP 0.038 0.692

Ours 0.021 0.144

Table 2. Based on our synthetic dataset, we evaluate the average
positional and rotational errors of the estimated camera poses. Our
method is able to further increase the pose estimation accuracy
compared to its BundleFusion initialization.

scene breakdown is given in the supplemental material. In
Tab. 1 and Fig. 3, we show that optimizing camera poses
reduces geometry misalignment artifacts and improves the
overall reconstruction, both quantitatively and qualitatively.

Effect of the image-plane deformation field. To evaluate
the effect of the pixel-space deformation field, we initial-
ize the camera with an incorrect focal length and optimize
our model with and without the deformation field. Tab. 3
shows that the deformation field mitigates this inaccuracy
in the camera’s intrinsic parameters which leads to signifi-
cantly better reconstruction results compared to the model
that does not use the deformation field. Fig. 5 showcases
the effects of our camera pose and image-plane deformation
field [14]. Blurry frames and sparse features lead to system-
atic camera pose errors in BundleFusion. Our method im-
proves these camera poses and the camera distortion model,
and, thus, is able to better align scene features, resulting in
higher reconstruction quality.

Limitations and future work. Similar to other methods
that are based on a scene representation which uses a scene-
specific MLP, our method runs offline (around 9 hours for
2 × 105 iterations using an NVIDIA RTX 3090). Re-
cent methods that utilize voxel grids to optimize a radi-
ance field [70, 86] have shown significantly faster conver-
gence compared to earlier MLP-based methods and we be-
lieve that they would also be good candidates for improv-
ing our method. Nonetheless, our proposed method offers a
high-quality scene reconstruction which outperforms online
fusion approaches. Another limitation is the global MLP

Method C-ℓ1 ↓ IoU ↑ NC ↑ F-score ↑
Ours (w/o IPDF) 0.061 0.266 0.886 0.406
Ours (w/ IPDF) 0.031 0.609 0.911 0.904

Table 3. Ablation of the image-plane deformation field (IPDF)
which compensates image space distortions and incorrect intrinsic
parameters. The experiment is based on a synthetic scene, where
we assume an incorrect focal length of 570 instead of 554.26 (GT).

which stores the entire scene information which comes at
the cost of missing high-frequency local detail in very large
scenes. Approaches like IF-Nets [7] or Convolutional Oc-
cupancy Networks [58] benefit from locally-conditioned
MLPs and can be integrated in future work. Finally, our
method was designed to handle only opaque surfaces.

5. Conclusion
We have presented a new method for 3D surface re-

construction from RGB-D sequences by introducing a hy-
brid scene representation that is based on an implicit sur-
face function and a volumetric representation of radiance.
This allows us to efficiently incorporate depth observations,
while still benefiting from the differentiable volumetric ren-
dering of the original neural radiance field formulation. As
a result, we obtain high-quality surface reconstructions, out-
performing traditional and learned RGB-D fusion methods.
Overall, we believe our work is a stepping stone towards
leveraging the success of implicit, differentiable represen-
tations for 3D surface reconstruction.
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