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Figure 1. Predicting a Density Field from a Single Image. Through a novel ”density field” formulation, which decouples geometry from
color, and a novel self-supervised training scheme, our method learns to predict a volumetric scene representation from a single image in
challenging conditions. In the birdseye occupancy view you can clearly make out the different objects in true 3D, which is not possible in
traditional depth prediction. Please view our video provided in the supplementary material for more visualizations.

Abstract

Inferring a meaningful geometric scene representation
from a single image is a fundamental problem in computer
vision. Approaches based on traditional depth map predic-
tion can only reason about areas that are visible in the im-
age. Currently, neural radiance fields (NeRFs) can capture
true 3D including color but are too complex to be generated
from a single image. As an alternative, we introduce a neu-
ral network that predicts an implicit density field from a sin-
gle image. It maps every location in the frustum of the image
to volumetric density. Our network can be trained through
self-supervision from only video data. By not storing color
in the implicit volume, but directly sampling color from the
available views during training, our scene representation
becomes significantly less complex compared to NeRFs, and
we can train neural networks to predict it. Thus, we can
apply volume rendering to perform both depth prediction
and novel view synthesis. In our experiments, we show that
our method is able to predict meaningful geometry for re-
gions that are occluded in the input image. Additionally, we
demonstrate the potential of our approach on three datasets
for depth prediction and novel-view synthesis.

1. Introduction

The ability to infer information about the geometric
structure of a scene from a single image is of high impor-

tance for a wide range of applications from robotics to aug-
mented reality. While traditional computer vision mainly
focused on reconstruction from multiple images, in the deep
learning age the challenge of inferring a 3D scene from
merely a single image has received renewed attention.

Traditionally, this problem has been formulated as the
task of predicting per-pixel depth values (i.e. depth maps).
One of the most influential lines of work showed that it is
possible to train neural networks for accurate single-image
depth prediction in a self-supervised way only from video
sequences. [13–15, 28, 41, 48, 52, 53, 55] Despite these ad-
vances, depth prediction methods are not modeling the true
3D of the scene: they model only a single depth value per
pixel. As a result, it is not directly possible to obtain depth
values from views other than the input view without con-
sidering interpolation and occlusion. Further, the predicted
geometric representation of the scenes does not allow rea-
soning about areas that lie behind another object in the im-
age (e.g. a house behind a tree), inhibiting the applicability
of monocular depth estimation to 3D understanding.

Due to the recent advance of 3D neural fields, the related
task of novel view synthesis has also seen a lot of progress.
Instead of directly reasoning about the scene geometry, the
goal here is to infer a representation that allows rendering
views of the scene from novel viewpoints. While geomet-
ric properties can often be inferred from the representation,
they are usually only a side product and lack in quality.

Even though neural radiance field [31] based methods
achieve impressive results, they require many training im-
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ages per scene and do not generalize to new scenes. Efforts
have been made to condition the neural network on global
or local scene features to enable generalization. However,
this has only been shown to work well on simple scenes,
for example scenes containing an object from a single cat-
egory [40, 51]. Nevertheless, obtaining a neural radiance
field from a single image has not been achieved before.

In this work, we tackle the problem of inferring a ge-
ometric representation from a single image by generaliz-
ing the depth prediction formulation to a continuous den-
sity field. Concretely, our architecture contains an encoder-
decoder network that predicts a dense feature map from the
input image. This feature map locally conditions a density
field inside the camera frustum, which can be evaluated at
any spatial point through a multi-layer perceptron (MLP).
The MLP is fed with the coordinates of the point and the
feature sampled from the predicted feature map by repro-
jecting points into the camera view. To train our method,
we rely on simple image reconstruction losses.

Our formulation is different from existing methods that
condition a radiance field on features in two key ways:
First, we sample color values directly from the input frames
through reprojection when performing volume rendering in-
stead of using the MLP to predict color values. We find that
only predicting density drastically reduces the complexity
of the function the network has to learn, thereby enabling
generalization across scenes. Second, we find a key com-
ponent for generalization is network capacity. In many pre-
vious works an encoder extracts image features to condi-
tion local appearance, but the MLP is expected to general-
ize to multiple scenes. In contrast, we use a more powerful
encoder-decoder that captures the entire scene in the fea-
tures. the MLP then only evaluates those features locally.

While this formulation maintains simplicity, it enables a
more powerful training scheme than traditional depth pre-
diction. First, the continuous nature of the density field
allows to directly render novel views from any viewpoint.
Second, we can learn a true 3D representation of the scene
by using frames other than the input to sample the color.

We demonstrate the potential of our new model and
training formulation in a number of experiments on dif-
ferent datasets regarding the aspects of capturing true 3D,
depth estimation and novel view synthesis. On KITTI [11]
and KITTI-360 [25], we show both qualitatively and quanti-
tatively that our model can indeed capture true 3D, and that
our model achieves state-of-the-art depth estimation accu-
racy. On RealEstate10K [42] and KITTI, we achieve com-
petitive novel view synthesis results, even though we rely
on a purely geometry-based method.

2. Related Work
In the following, we review the most relevant works that

are related to our proposed method.

2.1. Single-Image Depth Prediction

One of the predominant formulations to capture the ge-
ometric structure of a scene from a single image is predict-
ing a per-pixel depth map. Learning-based methods have
proven able to overcome the inherent ambiguities of this
task by correlating contextual cues extracted from the image
with certain depth values. One of the most common ways to
train a method for single-image depth prediction is to imme-
diately regress the per-pixel ground-truth depth values. [9]
proposed a multi-scale convolutional neural network, which
inspired many follow-up works [26]. Later approaches sup-
plemented the fully-supervised training with reconstruction
losses [20, 50], or specialise the architecture and loss for-
mulation [10]. Recently, attention- and transformer-based
methods have shown impressive accuracy [1, 21, 23, 24].
However, these approaches can only be trained on datasets
that provide ground-truth depth annotations. To overcome
this limitation, several papers focused on relying exclu-
sively on reconstruction losses to train prediction networks.
Both temporal video frames [55] and stereo frames [12], as
well as combinations of both [13, 53] can be used as the re-
construction target. Different followup works refine the ar-
chitecture and loss [14,15,28,41,48,52]. [54] first predicts a
discrete density volume as an intermediate step, from which
depth maps can be rendered from different views. While
they use this density volume for regularization, their focus
is on improving depth prediction and their method does not
demonstrate the ability to learn true 3D.

2.2. Neural Radiance Fields

Many works have investigated alternative approaches to
representing scenes captured from a single or multiple im-
ages, oftentimes with the goal of novel view synthesis. Re-
cently, [31] proposed to represent scenes as neural radiance
fields (NeRFs). In NeRFs, a multi-layer perceptron (MLP)
is optimized per scene to map spatial coordinates to color
(appearance) and density (geometry) values. By evaluating
the optimized MLP along rays and then integrating the color
over the densities, novel views can be rendered under the
volume rendering formulation [29]. Training data consists
of a large number of images of the same scene from differ-
ent viewpoints. To compute the camera poses, most datasets
rely on traditional SFM and SLAM methods [4, 37, 38].
The training goal is to reconstruct these images as accu-
rately as possible. NeRFs impressive performance inspired
many follow-up works, that improve different parts of the
architecture. [2,3] refine the formulation for multi-scale and
unbounded scenes. [17, 19, 33] introduce techniques to re-
duce the number of required training frames. [6, 36] speed
up training by adding additional depth supervision.

In the traditional NeRF formulation, the entire scene is
captured in a single, large MLP. This means that the trained
network cannot be adapted to a different setting or used
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for other scenes. Further, the MLP has to have a high ca-
pacity, resulting in slow inference. Several methods pro-
pose to condition such MLPs on feature grids or voxels
[5,27,30,32,35,40,44,51]. Through this, the MLP needs to
store less information and can be simplified, resulting in sig-
nificantly faster inference [5, 27, 32, 44]. Additionally, this
allows for some generalization to different scenes [40, 51].
However, generalization is mostly limited to a single object
category, or simple synthetic data, where the scenes differ
mostly in local details. In contrast, our proposed method
can generalize to highly complex outdoor scenes. This is a
result of detaching color from the geometry representation.

2.3. Single Image Novel View Synthesis

While traditional NeRF-based methods achieve very im-
pressive performance when provided with enough images
per scene, they do not work when there is only a single
image of a scene available. In recent years, a number of
methods specialized for novel-view synthesis (NVS) from a
single image emerged, often incorporating ideas from both
depth prediction and neural radiance fields.

[46] predicts a layered depth image (LDI) [39] (two
depth maps with associated color values), which allows to
reason about occluded areas when viewed from a new an-
gle. LDIs are extended in [7] to work per-object and in [8] to
work with GANs to better hallucinate occluded areas. [45]
proposes a method that can directly predict a multiplane im-
age (MPI) [56] (multiple layers at certain depths with color
and alpha values), which is further improved by [43]. [22]
predicts a generalized multiplane image. Instead of directly
outputting the discrete layers, the architecture’s decoder re-
ceives a variable depth value, for which it outputs the layer.
In [49], a network predicts both a per-pixel depth and fea-
ture map. The features are then reprojected into the novel
view, where they are fed through an image-to-image net-
work to obtain the rendering. While these methods achieve
impressive NVS results, the quality of predicted geometry
usually falls short. Most of the more advanced methods
rely on a feature-based representation of the input image,
from which the reconstructed color is retrieved. This relaxes
the multi-view consistency assumptions and allows for lee-
way in the predicted geometry. Some methods even predict
novel views directly without having any geometric repre-
sentation [57].

3. Method

In the following, we describe a neural network architec-
ture that predicts the geometric structure of a scene from a
single image II, as shown in Fig. 2. We first cover how we
represent a scene as a continuous density field, and then pro-
pose a training scheme that allows our architecture to learn
geometry even in occluded areas.

3.1. Notation

Let II ∈ [0, 1]3×H×W = (R3)Ω be the input im-
age, defined on a lattice Ω = {1, . . . ,H} × {1, . . . ,W}.
TI ∈ R4×4 and KI ∈ R3×4 are the corresponding world-
to-camera pose matrix and projection matrix, respectively.
During training, we have available an additional set of N =
{1, 2, . . . , n} frames Ik, k ∈ N with corresponding world-
to-camera pose and projection matrices Tk,Kk, k ∈ N .
When assuming homogeneous coordinates, a point x ∈ R3

in world coordinates can be projected onto the image plane
of frame k with the following operation: πk(x) = KkTkx

3.2. Predicting a Density Field

We represent the geometric structure of a scene as a func-
tion, which maps scene coordinates x to volume density σ.
We term this function ”density field”. Inference happens in
two steps. From the input image II, an encoder-decoder net-
work first predicts a pixel-aligned feature map F ∈ (RC)Ω.
The idea behind this is that every feature fu = F(u) at pixel
location u ∈ Ω captures the distribution of local geometry
along the ray from the camera origin through the pixel at u.
It also means that the density field is designed to lie inside
the camera frustum. For points outside of this frustum, we
extrapolate features from within the frustum.

To obtain a density value at a 3D coordinate x, we first
project x onto the input image u′

I = πI(x) and bilinearly
sample the feature fu′ = F(u′) at that position. This feature
fu′ , along with the positional encoding [31] γ(d) of the dis-
tance d between x and the camera origin, and the positional
encoding γ(u′

I) of the pixel, is then passed to a multi-layer
perceptron (MLP) ϕ. During training, ϕ and F learn to de-
scribe the density of the scene given the input view. We can
interpret the feature representation fu′ as a descriptor of the
density along a ray through the camera center and pixel u′.
In turn, ϕ acts as a decoder, that given fu′ and a distance to
the camera, predicts the density at the 3D location x.

σx = ϕ(fu′
I
, γ(d), γ(u′

I)) (1)

While most current work on neural fields also models the
color using ϕ, here we do not. This drastically reduces the
complexity of the distribution along a ray as density distri-
butions tend to be simple, while color often contains com-
plex high-frequency components. In our experiments, this
makes capturing such a distribution in a single feature, so
that it can be evaluated by an MLP at any given position,
much more tractable.

3.3. Volume Rendering with Color Sampling

When rendering the scene from a novel viewpoint, unlike
radiance field-based methods, we do not retrieve color from
our scene representation directly. Instead, we sample the
color for a point in 3D space from the available images.
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Figure 2. Overview. a) Our method first predicts a pixel-aligned feature map F, which describes a density field, from the input image II.
For every pixel u′, the feature fu′ implicitly describes the density distribution along the ray from the camera origin through u′. Crucially,
this distribution can model density even in occluded regions (e.g. the house). b) To render novel views, we perform volume rendering. For
any point x, we project x into F and sample fu′ . This feature is combined with positional encoding and fed into an MLP to obtain density
σ. We obtain the color c by projecting x into one of the views, in this case I1, and directly sampling the image.

Concretely, we first project a point x into a frame k and
then bilinearly sample the color cx,k = Ik(πk(x)).

By combining σx and cx,k, we can perform volume ren-
dering [18, 29] to synthesise novel views. We follow the
discretization strategy of other radiance field-based meth-
ods, e.g. [31]. To obtain the color ĉk for a pixel in a novel
view, we emit a ray from the camera and integrate the color
along the ray over the probability of the ray ending at a cer-
tain distance. To approximate this integral, the density and
color are evaluated at S discrete steps xi along the ray. Let
δi be the distance between xi and xi+1, and αi be the prob-
ability of a ray ending between xi and xi+1. From the pre-
vious αjs, we can compute the probability Ti that the ray
does not terminate before xi, i.e. the probability that xi is
not occluded.

αi = exp(1− σxiδi) Ti =

i−1∏
j=1

(1− αj) (2)

ĉk =

S∑
i=1

Tiαicxi,k (3)

Similarly, we can also retrieve the expected ray termination
depth, which corresponds to the depth in a depth map. Let
di be the distance between xi and the ray origin.

d̂ =

S∑
i=1

Tiαidi (4)

This rendering formulation is very flexible. We can sam-
ple the color values from any frame, most importantly it

can be a different frame from the input frame. Crucially,
it is even possible to obtain multiple colors from multiple
different frames for a single ray, which makes it feasible
to reason about occluded areas during training. Note that
even though different frames can be used, the density is al-
ways based on features from the input image and does not
change. During inference, color sampling from different
frames is not necessary, everything can be done based on a
single input image.

3.4. Loss Formulation

The training goal is to optimize both the encoder-decoder
network and ϕ to predict a density field only from the input
image that allows reconstructing other views.

Similarly to radiance fields and self-supervised depth
prediction methods, we rely on an image reconstruction
loss. For a single sample, we first compute the feature map
F from II and randomly partition all frames N̂ = {II} ∪N
into two sets Nloss, Nrender. Note that the input image can
end up in any of the two sets. We reconstruct the frames
in Nloss by sampling from Nrender using the camera poses
and the predicted densities. The photometric consistency
between the reconstructed frames and the frames in Nloss
serves as the supervision signal of the density field. In
practice, we randomly sample p patches Pi to use patch-
wise photometric measurement. For every patch Pi in
Nloss, we obtain a reconstructed patch P̂i,k from every frame
k ∈ Nrender. We aggregate the costs between Pi and every
P̂i,k by taking the per-pixel minimum across the different
frames k, similar to [13]. The intuition behind this is that
for every patch, there is a frame in Nrender, which ”sees” the
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Figure 3. Loss in Occluded Regions. Patch P on Object 2 is
occluded by Object 1 in the input frame II and I1. In order to
correctly reconstruct P in I2 from I3, the network needs to predict
density for Object 2 behind Object 1.

same surface. Therefore, if the predicted density is correct,
then it results in a very good reconstruction and a low error.

For the final loss formula, we use a combination of L1
and SSIM [47] to compute the photometric discrepancy, as
well as an edge-aware smoothness term. Let d⋆i denote the
inverse, mean-normalized expected ray termination depth
of patch Pi.

Lph = min
k∈Nrender

(
λL1L1(Pi, P̂i,k) + λSSIMSSIM(Pi, P̂i,k)

)
(5)

Leas = |δxd⋆i | e−|δxPi| + |δyd⋆i | e−|δyPi| (6)

L =

p∑
i=1

∑
x,y∈P

(Lph + λeasLeas) (x, y) (7)

Learning true 3D. Our loss formula Eq. (7) is the same
as self-supervised depth prediction methods, like [13]. The
key difference, however, is that by design depth prediction
methods can only densely reconstruct the input image, for
which the per-pixel depth was predicted.

In contrast, our density field formulation allows us to re-
construct any frame from any other frame. Consider an area
of the scene, which is occluded in the input II, but visible
in two other frames Ik, Ik+1, as depicted in Fig. 3. During
training, we aim to reconstruct this area in Ik. The recon-
struction based on colors sampled from Ik+1 will give a clear
training signal to correctly predict the geometric structure of
this area, even though it is occluded in II. Note, that in order
to learn geometry about occluded areas, we require at least
two additional views besides the input during training, i.e.
to look behind the scenes.

Handling invalid samples. While the frustums of the dif-
ferent views overlap for the most part, there is still a chance
of a ray leaving the frustums, thus sampling invalid features,
or sampling invalid colors. Such invalid rays lead to noise

and instability in the training process. Therefore, we pro-
pose a policy to detect and remove invalid rays. Our in-
tuition is that when the amount of contribution to the fi-
nal aggregated color, that comes from invalidly sampled
colors or features, exceeds a certain threshold τ , the ray
should be discarded. Consider a ray that is evaluated at po-
sitions xi, i ∈ [1, 2, . . . , S] and reconstructed from frames
K. Oi,k, k ∈ {I} ∪ K denotes the indicator function that
xi is outside the camera frustum of frame k. Note that we
always sample features from the input frame. We define
IV(k) to be the function indicating that the rendered color
based on frame k is invalid as:

IV(k) =

S∑
i=1

Tiαi (Oi,I ∨Oi,k) > τ (8)

Only if IV(k) is true for all frames the ray was reconstructed
from, we ignore the ray when computing the loss value. The
reasoning behind this is that non-invalid rays will still lead
to the lowest error. Therefore, the min operation in equation
5 will ignore the invalid rays.

3.5. Implementation Details

We implement our model in PyTorch [34] on a single
Nvidia RTX A40 GPU with 48GB memory. The encoder-
decoder network follows [13] using a ResNet encoder [16]
and predicts feature maps with 64 channels. The MLP ϕ is
made lightweight with only 2 fully connected layers and 64
hidden nodes each. We predict feature maps at four differ-
ent scales and compute the loss for each scale. We use a
batch size of 16 and sample 32 patches of size 8 × 8 from
the images for which we want to compute the reconstruction
loss. We sample every ray at 64 locations, based on a linear
spacing in inverse depth. For more details, e.g. exact net-
work architecture and further hyperparameters, please refer
to the supplementary material.

4. Experiments

To demonstrate the abilities and advantages of our pro-
posed method, we conduct a wide range of experiments.
First, we demonstrate that our method is uniquely able to
capture a holistic geometry representation of the scene, even
in areas that are occluded in the input image. Additionally,
we also show the effect of different data setups on the pre-
diction quality. Second, we show that our method, even
though depth maps are only a side product of our scene rep-
resentation, achieves depth accuracy on par with other state-
of-the-art self-supervised methods, that are specifically de-
signed depth prediction. Finally, we demonstrate that, even
though our representation is geometry-only, our method can
be used to perform high-quality novel view synthesis from
a single image.
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4.1. Data

For our experiments, we use three different datasets:
KITTI [11], KITTI-360 [25], and RealEstate10K [56].
These are very challenging datasets, consisting of in-the-
wild scenes with a high diversity. KITTI and KITTI-360
both provide forward-facing frame sequences with syn-
chronized stereo frames, captured from calibrated cam-
eras mounted on a driving car. KITTI-360 additionally
offers two fisheye cameras pointing to the left and right.
RealEstate10K only provides monocular video sequences.
For KITTI, we compute camera poses using ORB-SLAM
3 [4], a non learning-based SLAM system. Both for KITTI-
360 and RealEstate10K, we rely on the groundtruth poses.

For KITTI, we train our models based on the temporal
and static stereo frames of two or three timesteps. When
training on KITTI-360, we additionally use frames from the
two fisheye cameras with an offset of ten timesteps. As the
fisheye cameras face sideways, the offset ensures that the
camera frustums of all frames of a sample overlap. In a pre-
processing step, we resample the fisheye cameras to match
the camera parameters of the forward-facing, perspective
cameras. When training on RealEstate10K, we use three
frames, with an offset randomly picked between one and
thirty frames.

Training is performed for 50 epochs on KITTI (approx.
125k steps), 20 epochs on KITTI-360 (approx. 143k steps),
and 360k iterations on RealEstate10K. We use a resolution
of 640× 192 for KITTI and KITTI-360, and follow [22] in
using a resolution of 384×256 for RealEstate10K. Running
a full training takes around four days for each dataset.

4.2. Capturing true 3D

Evaluation of fully geometric 3D representations like a
density field is difficult. Real-world datasets usually only
provide ground truth data captured from a single viewpoint,
e.g. RGB-D frames and Lidar measurements. Nevertheless,
we aim to evaluate and compare this key advantages of our
method both qualitatively and quantitatively. Through our
proposed training scheme, our networks are able to learn to
also predict meaningful geometry in occluded areas.

To overcome the lack of volumetric ground truth, we
leverage the 3D bounding boxes and semantic segmenta-
tion masks provided by KITTI-360. For any point in space,
we check whether this point is within any of the bounding
boxes and whether it is occluded by another object in the
input frame. We thereby construct a coarse occupancy and
visibility field. As bounding boxes do not have a tight fit
around an object, we further refine the occupancy by check-
ing, whether a point falls into the segmentation mask, when
projected into the input frame.

Using this coarse occupancy groundtruth, it is possible
to quantitatively evaluate density fields. We first define
a subset of the KITTI-360 Segmentation validation split,

Method Oacc IEacc IErec

Depth prediction 0.93 0.00 0.00
Ours, 3xT (L) 0.92 0.95 0.10
Ours, 3xT (L + R) 0.93 0.76 0.12
Ours, 2xT (L + R + F) 0.93 0.79 0.38

Table 1. 3D Scene Occupancy Accuracy. We evaluate the ca-
pability of the model to predict occupancy behind objects in the
image. Depth prediction naturally has no ability to predict behind
occlusions, while our method improves when training with more
views. Inference from a single image. Samples are evenly spaced
in a cuboid w = [−4m, 4m], h = [−1m, 0m], d = [3m, 20m]
relative to the camera. Legend: see Fig. 4.

which contains 457 test frames and around 114000 training
frames. For every frame, we sample points in a cuboid area
in the camera frustum and compute the following metrics:
1. Occupancy accuracy (OAcc), 2. Invisible and empty accu-
racy (IEAcc), and 3. Invisible and empty recall (IERec). OAcc
evaluates the occupancy predictions across the whole scene
volume. IEAcc and IERec specifically evaluate invisible re-
gions, evaluating performance beyond depth prediction.

We train a MonoDepth 2 model to serve as a baseline
representing ordinary depth prediction methods. Here, we
consider all points behind the predicted depth to be occu-
pied. Then we train several versions of our model dataset
with different data configurations. One with frames from
three consecutive timesteps from a single camera, one with
three consecutive timesteps from the left and right camera,
and one with two consecutive timesteps from the left and
right camera and the left and right fisheye cameras. Tab. 1
reports the obtained results.

The depth prediction baseline achieves a strong overall
accuracy, but is, by design, not able to predict free space in
occluded areas. Our model achieves the same overall ac-
curacy as the baseline, while it can additionally recover the
geometry of the occluded parts of the scene. More impor-
tantly, our model becomes better in predicting free space
in occluded areas when training with more views, naturally
providing a better training signal for occluded areas.

To qualitatively visualize this effect, we sample the cam-
era frustum in horizontal slices from the center of the image
downwards and aggregate the density in Fig. 4. This shows
the layout of the scene, similar to the birds-eye perspective
but for density. Since we do not require ground truth, we
use examples from KITTI instead of KITTI-360. This al-
lows us to compare against available pretrained models.

Even when only trained on two timesteps with stereo,
our method is already able to reason about the geometry
of smaller object like the light post in the left image or the
cyclist in the middle image. In this setting, the baseline
between frames is very small, meaning there are few oc-
clusions and consequently only very weak training signal
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Figure 4. Occupancy Estimation. Top-down visualization of the occupancy map predicted by different methods. We show an area of
x = [−15m, 15m], z = [5m, 30m] and aggregate density from the y-coordinate of the camera 1m downward. Depth prediction methods
such as MonoDepth2 do not predict a full 3D volume. Thus, objects cast “occupancy shadows” behind them. Our method predicts the
full occupancy volume and can thus reason about the space behind objects. Training with more views improves occupancy estimation.
Inference is from a single image. Legend: n T(): n timesteps of, L: left camera, R: right camera, F: left and right fisheye camera.

for areas behind other surfaces. The more information we
give the network during training, the better the reasoning for
occluded area becomes. With three timesteps, the network
can reasonably reconstruct cars, and objects become less
stretched. With the addition of fisheye cameras in the model
trained on KITTI-360, the model has to reconstruct signif-
icant areas that are occluded in the input during training.
This strong signal lets the model learn sharp object bound-
aries, as can be seen for several cars in the examples. Ad-
ditionally to our models, we show profiles for MonoDepth
2 [13], a representative depth prediction approach. We build
the profiles by considering everything behind the predicted
depth value to be of full density. Thus, all objects cast oc-
cupancy shadows along the viewing direction. MINE [22]
also predicts a volumetric representation from a single im-
age. However, it does not produce meaningful density pre-
diction behind objects. Instead, similar to depth prediction,
all objects cast occupancy shadows along the viewing di-
rection. We hypothesize that this problem is grounded in
the fact that the scene representation in MINE also contains
color information. Therefore, the problem of reconstruct-
ing multiple frames during traininig is much more under-
constrained. Through color prediction, the model can take
“shortcuts” and only learn to predict the right color instead
of the right geometry.

4.3. Depth Prediction

While our method does not predict depth maps directly,
they can be synthesized as a side product from our repre-
sentation through the expected ray termination depth d̂. To
demonstrate that our predicted representation achieves high
accuracy, we train our model on KITTI sequences with the
established Eigen [9] split and compare to self-supervised
depth prediction methods.

As can be seen in Tab. 2, our method performs on par
with the current state-of-the-art methods for self-supervised
depth prediction. Our synthesized depth maps capture fine
details and contain less noise, as often seen with depth maps
obtained from neural radiance fields.

MINE [22] is the only other volumetric method evalu-
ating depth prediction. However, their scene representa-
tion also contains color information, which relaxes the re-
quirement for photometric consistency between views dur-
ing training and reduces geometric accuracy. As can be ob-
served in the bottom part of Fig. 5, we also achieve signif-
icantly sharper and more accurate depth prediction. Over-
all, we achieve competitive performance, even though depth
prediction is not the main objective of our approach.

4.4. Novel View Synthesis from a Single Image

As we obtain a volumetric representation of a scene from
a single image, we are able to synthesize images from novel
viewpoints by sampling color form the input image. Thus,
we also evaluate novel view synthesis from a single image.
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Model Volumetric Split Abs Rel Sq Rel RMSE RMSElog α < 1.25 α < 1.252 α < 1.253

EPC++ [28] ✗

Eigen [9]

0.128 1.132 5.585 0.209 0.831 0.945 0.979
MonoDepth 2 [13] ✗ 0.106 0.818 4.750 0.196 0.874 0.957 0.975
PackNet [15] ✗ 0.111 0.785 4.601 0.189 0.878 0.960 0.982
DepthHint [48] ✗ 0.105 0.769 4.627 0.189 0.875 0.959 0.982
FeatDepth [41] ✗ 0.099 0.697 4.427 0.184 0.889 0.963 0.982
DevNet [54] (✓) 0.095 0.671 4.365 0.174 0.895 0.970 0.988

Ours ✓ 0.102 0.751 4.407 0.188 0.882 0.961 0.982

MINE [22] ✓ Tulsiani [46] 0.137 1.993 6.592 0.250 0.839 0.940 0.971
Ours ✓ 0.132 1.936 6.104 0.235 0.873 0.951 0.974

Table 2. Depth Prediction. While our goal is fully volumetric scene understanding, we compare to the state of the art in depth estimation
trained only with reconstruction losses. Our approach achieves competitive performance with specialized methods while improving over
the only other fully volumetric approach MINE [22]. DevNet [54] performs better, but does not show any results from the volume directly.

M
on

oD
ep

th
 2

Fe
at

D
ep

th
D

ev
N

et
O
ur
s

Ei
ge

n 
Sp

lit

M
IN

E
O
ur
s Tu

ls
ia

ni
 S

pl
it

Figure 5. Depth Prediction. Expected ray termination depth com-
pared with depth prediction results of other state-of-the-art meth-
ods [13, 22, 41, 54] on both the Eigen [9] and [46] split. Our pre-
dictions are very detailed and sharp, and capture the structure of
the scene, even when trained on a smaller split like like Tulsiani.
Visualizations for DevNet and FeatDepth are taken from [54].

To demonstrate the variability of our approach, we train
two models, one on RealEstate10K [56] (indoor video se-
quences of house viewings), and one on the KITTI split pro-
posed by Tulsiani et al. [46] (mostly sequences from dense,
urban areas). As Tab. 3 shows, our method achieves strong
performance on both datasets, despite the fact, that we only
predict geometry and obtain color by sampling the input im-
age. Our results are comparable with many recent methods,
that were specifically designed for this task, and of which
some even use sparse depth supervision during training for
RealEstate10K (MPI, MINE). MINE [22] achieves slightly

KITTI RealEstate10K

Model LPIPS SSIM PSNR LPIPS SSIM PSNR

SynSin [49] n/a n/a n/a 1.180 0.740 22.3
Tulsiani [46] n/a 0.572 16.5 0.176 0.785 23.5
MPI [45] n/a 0.733 19.5 n/a n/a n/a
MINE [22] 0.112 0.828 21.9 0.156 0.822 24.5

Ours 0.144 0.764 20.1 0.194 0.755 24.0

Table 3. Novel View Synthesis. We test the NVS ability on
KITTI (Tulsiani split [46]) and RealEstate10K (MINE split [22],
target frame randomly sampled within 30 frames). Even though
our method does not predict color, we still achieve strong results.

better accuracy. This can be attributed to them being able to
predict color and thereby circumventing issues arising from
imperfect geometry.

5. Conclusion

In this paper, we introduced a new approach for learning
to estimate the 3D geometric structure of a scene from a sin-
gle image. Our method predicts a continuous density field,
which can be evaluated at any point in the camera frustum.
A key difference to neural radiance field based methods is
that, by disentangling color and geometry, we strongly en-
courage multi-view consistency. Additionally, only predict-
ing geometry makes the representation significantly more
tractable. This enables us to train a network on large in-the-
wild datasets with challenging scenes. Our training scheme
is self-supervised and uses a new reconstruction loss formu-
lation based on frames from mono or stereo video. We show
that our method is able to capture geometry in occluded ar-
eas. We evaluate depth maps synthesized from the predicted
representation achieving comparable results to state-of-the-
art methods which are specifically designed for depth pre-
diction. Despite only predicting geometry, our model can
also achieve high accuracy for novel view synthesis from a
single image on both KITTI and RealEstate10K.
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