
GenerOcc: Self-supervised Framework of Real-time 3D Occupancy
Prediction for Monocular Generic Cameras

Xianghui Pan1, Jiayuan Du1, Shuai Su1, Wenhao Zong2, Xiao Wang2,
Chengju Liu1 and Qijun Chen1, Senior Member, IEEE

Abstract— In the context of 3D scene perception tasks, the
significance of 3D occupancy prediction has been progressively
growing, aiming to forecast the occupancy state of voxels
in a discrete 3D space. However, existing methods typically
exhibit several limitations, such as restricted adaptability to
non-pinhole cameras due to fixed camera parameters, heavy
reliance on 3D annotations because of the inability to project
3D output back to the camera plane, and inferior real-time
inference performance resulting from the conversion process
from 2D to 3D features. To address these constrains, we
introduce GenerOcc, a self-supervised framework of real-time
3D occupancy prediction for monocular generic cameras. We
have collected the fisheye Dominant dataset to confirm the
compatibility of our ray-based camera model with non-pinhole
cameras. By transforming the occupancy prediction task into a
depth estimation task in a self-supervised manner, we eliminate
dependency on 3D annotations. Furthermore, we propose a
parametric voxel probability distribution module that leverages
2D features to quickly predict 3D occupancy without 3D
representations of the scene. Additionally, our GenerOcc has
been extensively evaluated on public pinhole Occ3D-nuScenes
dataset and our proprietary fisheye Dominant dataset, both
yielding impressive performance.

I. INTRODUCTION

3D occupancy prediction has emerged as a novel vision-
centric perception technology in the field of autonomous
driving involving the task of predicting occupancy or se-
mantic labels for voxels within a discrete 3D space [1].
Unlike 3D object detection based on bounding box [2], 3D
occupancy prediction providing autonomous vehicles a more
comprehensive understanding of their surroundings by detail
description of geometric shape and background.

Currently, vehicles are often equipped with fisheye cam-
eras in automotive industry to provide a wider field of view
for enhanced driver assistance. However, there is a signifi-
cant scarcity of fisheye datasets [3], and available methods
compatible with fisheye cameras are also rare in 3D scene
perception tasks. Furthermore, the majority of the models
employed for 3D occupancy prediction rely on annotations
such as point clouds [4], [5], 3D occupancy labels [6], depth
images [7], [8] or even truncated signed distance function
(TSDF) [9], [10], which are both costly and time-consuming.
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Moreover, many methods utilize 3D conversion module to
transform 2D features from images into 3D represents of
scene [11], [12], [13], leading to substantial computational
demands and extra difficulties in actual deployment.

Addressing aforementioned issues, we propose GenerOcc,
a self-supervised framework of real-time 3D occupancy
prediction for monocular generic cameras. We have collected
the Dominant dataset to validate the compatibility of our ray-
based camera model with various camera types. The Domi-
nant dataset contains images from distorted fisheye camera,
corresponding ego-pose information and point clouds from
128-beam LiDAR, which has shorter interval and higher res-
olution than public Occ3d-nuScene dataset. Recognizing the
significance of depth information in mapping features from
the image plane to the 3D scene, we transform the task of
occupancy prediction into a depth estimation problem, which
has been extensively studied [14], [15], [16]. Given that vox-
elization process from depth to voxels is non-differentiable,
we employ two routes to get rid of 3D annotations: self-
supervised depth estimation for generating the occupancy
label, and direct occupancy prediction. During the latter, we
adopt a parametric voxel probability distribution to maintain
the differentiability of module and accelerate inference by
avoiding 3D convolutions or other time-consuming methods.

To evaluate the predictive capabilities of our method, we
conducted experiments on two datasets: the widely used pin-
hole Occ3D-nuScenes [4], [17] dataset and our proprietary
fisheye Dominant dataset. Results are presented in Sec. IV-C,
which highlights the adaptability of our method to generic
cameras and effectiveness on occupancy prediction without
any 3D annotations.

Our main contributions are summarized as follows:

• We have collected the fisheye Dominant dataset during
vehicle drives, containing fisheye images, ego-pose and
point clouds, which will be released at https://
github.com/RONGSHENG0404/dominant3062.

• We build a ray-based camera model to broaden the com-
patibility of our approach with any types of cameras. We
are the first to predict occupancy for generic cameras.

• We transform occupancy prediction into depth estima-
tion, and utilize a self-supervised manner to cast off
dependency on 3D annotations.

• We design a parametric voxel probability distribution
module to ensure the differentiability and accelerate
inference for 3D occupancy prediction.
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II. RELATED WORK

Generic Camera Models. Fisheye cameras have become
a widely applied choice for automobile manufacturers due
to higher resolution in near-field. However, for a long time,
many approaches have grappled with the limitations of image
clipping and stretching deformations when converting fisheye
images into pinhole images for training, resulting from lack
of fisheye dataset for 3D perception task. Kumar et al. have
made significant advancements in this area. They introduced
super-resolution networks and variable convolutions for fea-
ture extraction from fisheye images [15], and incorporated
robust loss functions and self-attention mechanisms [18]
on depth estimation. Nevertheless, these computational im-
provements have led to exponentially increased consumption.
Vasiljevic et al. [16] proposed the NRS model, aiming to
accommodate any camera model by employing ray surfaces
with learnable parameters. However, the fitting effect of
learnable ray surfaces is not satisfactory. Inspired by those
pioneer works, we build our ray-based camera model for
occupancy prediction, and collect our proprietary fisheye
Dominant dataset to validate our method.

Annotations of 3D Occupancy Prediction. In the field
of scene perception, 3D occupancy prediction has recently
drawn more attention in the context of 3D object detection.
The task is often heavily dependent on the availability of
accurate 3D information such as point clouds, depth, or
3D occupancy labels. Chen et al. [10] even utilize conrre-
sponding TSDF with image as input to build a multi-modal
scene perception architecture. While most of methods rely
on the 3D annotations, Cao et al. [11] have made significant
contributions to image-only semantic occupancy prediction
research on monocular camera, and Pan et al. [19] propose a
novel paradigm to train model with 2D labels by projecting
3D represents to camera plane on multi-view. Under the
influence of NeRF [20] and SceneRF [21], Huang et al. [22]
further put forward self-supervised occupancy prediction us-
ing neural radiance fields. All these methods are designed for
multi-task, and employ the depth information extracted from
images implicitly, leading to a huge expense on training.
We focus solely on the 3D geometric occupancy prediction
task, and explicitly estimate depth in self-supervised manner,
which avoids both the high cost of training models and
reliance on annotations.

Represents for 3D Occupancy Prediction. It is widely
believed that 3D represents of scene is the key point for
achieving complete 3D scene understanding. Thus, various
3D feature extracting modules emerge in an endless stream.
Cao et al. [11] employ 3D UNet [23] and 3D context relation
prior module to enhance spatio-semantic awareness. Li et
al. [12] utilize spatial cross-attention mechanism to interact
2D features with different cameras. Based on that, Huang
et al. [13] subjoin hybrid-attention module to communicate
with three perpendicular planes. All of these approaches
have achieved good results by extracting 3D features from
2D images, at the price of time-consuming and challenging
to deploy in practical applications. In contrast, we design

a parametric distribution module to forecast the occupied
probability of voxels, using only 2D features extracted from
images, with a good real-time performance.

III. METHODS

A. Problem Statement

In this work, we attempt to predict the 3D occupancy of
surrounding scene with only one image I ∈ RH×W×3 and
ray surface S ∈ RH×W×3 for different camera, which is a
vector set of incident rays determined by camera parameters.
Formally, the 3D occupancy prediction can be represented as

O =G(I,S), O ∈ RX×Y×Z (1)

where G is a mapping function from image and ray surface to
occupancy. Occupancy O is composed by X ×Y ×Z voxels,
representing the occupied probability of each voxel.

B. Overall Framework

Our framework of self-supervised 3D occupancy predic-
tion, as shown in Fig. 1, comprise of two fundamental
components: depth estimation and voxel prediction. The
self-supervised depth estimation provides supervision for
occupancy prediction. The parametric voxel probability dis-
tribution module forecast the voxel probability distribution
along the same incident ray, enabling the fusion of these
probabilities to derive occupancy prediction. Notably, both
components can be readily applied to datasets captured
by any type of camera while maintaining excellent real-
time performance. In cases where the dataset includes point
clouds from LiDAR or depth information from RGBD, we
can leverage voxelization techniques to construct occupancy
labels, which eliminates the need for the depth estimation
component in such scenarios.

C. Ray-based Camera Model

Unlike a simple transformation matrix for the pinhole
camera, the generic camera unprojection model requires
individual description of each incident ray. Taking the classic
fisheye camera model as an example, we need to calculate ray
surface S(v,u) = [xm,ym,zm]

T for each pixel by unprojection
equations in Eq. 2.

ϕ = arctan2
(

v− cy

fy
,

u− cx

fx

)
(2a)

ρ = θ + k1θ
3 + k2θ

5 + k3θ
7 + k4θ

9 (2b)

ρ
2 =

(
u− cx

fx

)2

+

(
v− cy

fy

)2

(2c)[
xm
ym

]
=

tanθ√
1+ tan2ϕ

[
1

tanϕ

]
(2d)

where ci, fi and ki are intrinsic of fisheye camera. For pixels
in field of view, we set zm = 1, otherwise zm = 0. In this
manner, we establish a correspondence between the pixel
coordinates in the image and the direction vector of the
incident rays, serving as a foundation for extending to any
type of camera.
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Fig. 1. Overall framework of GenerOcc. Our approach utilizes a self-supervised depth estimation module to generate occupancy supervision and a
parametric voxel prediction model to forecast 3D occupancy. As both of these components capture the spatial characteristics of objects, we share a common
feature extractor. Furthermore, our depth estimation and voxel prediction methods are explicitly designed based on the camera projection model, enabling
their applicability to datasets of different cameras.

Generally, mapping matrix from an image to occupancy is
a huge sparse matrix, whose dimension is H×W ×X×Y ×Z.
To avoid such a huge expense, we calculate the voxels that
each incident ray passes through in advance, and then predict
the occupied probability distribution in these voxels, so that
we reduce the dimension of the mapping matrix to less than
H ×W × (X +Y +Z)×3. The process can be described as:

V0 =M(S), V0 ∈ RH×W×L×3, L < X +Y +Z (3)

where M is mapping function from ray surface S to voxel
predistribution V0, V0 contains the coordinates of the voxels
on the same ray at the pixel level, and L means the maximum
number of voxels in a ray. Based on that, we can take all
the voxels on the same ray into consideration when calculate
voxel distribution, instead of part voxels where the discrete
sampling points are as LSS [24] and SelfOcc [22] did.

D. Self-supervised Depth Estimation

Following SfM (Structure from Motion) method [25],
we utilize depth Ds, pose transition matrix Ts→t and the
camera intrinsic matrix to calculate the pixel position of
source image Is in the target image It coordinate. For a
generic camera, however, maximizing the cosine similarity
between the points in It coordinate and the ray surface is an
alternative operation [16], where softmax is utilized instead
of argmax to ensure differentiability in this process. While
Vasiljevic [16] incorporated additional network to aid the
pinhole camera in reconstructing the ray surface of other
cameras, our empirical testing revealed suboptimal results
with this approach. Consequently, we opted to utilize the
original ray surface S of the camera in our method as shown
in Eq. 4.

rt(v,u) = R̂s→t ∗S(v,u)∗ D̂s(v,u)+ p̂s→t (4a)
Q = softmax(cos(rt(v,u),S(vi,u j))) (4b)

Ît(v,u) = Is(∑
i, j

Q(i, j)∗ vi,∑
i, j

Q(i, j)∗u j) (4c)

where R̂s→t and p̂s→t indicate the rotation matrix and dis-
placement vector of predicted pose transition matrix T̂s→t
respectively, vi ∈ [v−δ ,v+δ ] and u j ∈ [u−δ ,u+δ ] repre-
sent the coordinates of adjacent pixels, δ means pixel patch
and Q represents coefficient matrix by applying the softmax
operation to cosine similarity matrix.

Under the influence of photometric and pose loss in Sec.
III-F, we get the pseudo-LiDAR points rt(v,u) of scene. After
allocating points to voxels, we get the occupancy label for
occupancy prediction.

E. Parametric Voxel Distribution Module

For a given image, we predict parameters of voxel distri-
bution for each pixel using a shared encoder network with
depth esimation, followed by a decoder network. We adopt
Laplacian distribution to calculate occupied probability for
each voxel in an incident ray as described in Eq. 5.

f (x|µ,λ ) = 1
2λ

exp(−|x−µ|
λ

) (5a)

p(x = l) =
n

∑
i=1

1
n

f (l +
i
n
) (5b)

where µ ,λ ∈ R represent location and scale parameter of
Laplacian distribution respectively, f (x|µ,λ ) is occupied
probability density function, n is the number of samples
between two adjacent voxels, and l ∈ {0,1,2, ...,L−1} is
the ordinal number of voxel. Then, we get probability matrix
P ∈ RH×W×L for whole rays with their voxels. As shown in
Fig. 2, for voxels passed by more than one ray, we utilize
parallel fusion to aggregate probability from multiple rays in
the same voxel (x,y,z), described as Eq. 6.

M(x,y,z) = {(v,u,n) | V0(v,u,n) = [x,y,z]T} (6a)

Ô(x,y,z) = 1− ∏
m∈M

(1−P(m)) (6b)

where vi, ui and ni represents indices of the ray passing
through the voxel and ordinal number of the voxel on this ray,
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Fig. 2. Probabilistic distribution and fusion. Based on the probability
distribution along each ray, we assign probabilities to the voxels traversed
by the ray. Higher probabilities are associated with darker colors. In cases
where multiple rays pass through a voxel, the probabilities are fused in
parallel, such as the voxel within the highlighted gold box in this figure.

M(x,y,z) means assemble of (v,u,n), and Ô(x,y,z) contains
probability prediction of this voxel.

F. Training Strategy

Following the work of Vasiljevic et al [16], we train
the depth and pose network for generic images in a self-
supervised manner to generate supervision for 3D occupancy.
As shown in Fig 1, we optimize the depth network and pose
network by minimizing a per-pixel photometric reprojection
loss, which is described as Eq. 7.

Ld(It , Ît) = α
1−SSIM(It , Ît)

2
+(1−α)||It − Ît || (7)

where It and Ît represent the target image and its synthesized
image, respectively. However, an issue of scale ambiguity
arises in monocular depth estimation through photometric
loss, wherein the photometric loss remains constant when
both depth and pose are magnified by a certain factor.
To address this, additional pose supervision is essential,
restoring the results of both depth and pose estimation to
the real scale. Given that pose transition matrix Ts→t can
be decomposed into a displacement vector p and an angle
vector θ = [θ1,θ2,θ3] in Euler manner, the supervision for
pose transition is structured as Eq. 8.

Lp(T, T̂ ) =
||p− p̂||
||p||

+
1
3

3

∑
i=1

[
1− cos

1
2
(
θi − θ̂i

)]
(8)

We employ cross-entropy loss to oversee 3D occupancy
predictions Ô ∈RX×Y×Z derived from voxel distribution, uti-
lizing occupancy labels O ∈RX×Y×Z voxelized by depth es-
timation as Eq. 9. It is important to highlight that the process
of occupancy generated through depth is non-differentiable,
thus serving solely as a supervisory label rather than being
directly optimized as a model prediction output.

Locc(Ô,O) =− ∑
x,y,z∈O

Ô(x,y,z)log(O(x,y,z)) (9)

We use the training loss L, to consider all loss function
mentioned above:

L = Ld +λpLp +λoccLocc (10)

where λp and λocc are hyperparameters, and we set λp =
λocc = 0.05.

IV. EXPERIMENTS

To demonstrate the capabilities of our GenerOcc, we per-
formed a comprehensive set of experiments on both the pub-
licly available Occ3D-nuScenes dataset and our proprietary
Dominant dataset, representing fisheye and pinhole camera
configurations respectively. Furthermore, we are conducting
extensive ablation experiments to gain deeper insights into
the behavior and performance of our model in Sec. IV-D.

A. Dataset and Metrics

We evaluate our method on Occ3D-nuScenes and Domi-
nant for the same front-view setting. Occ3D-nuScenes com-
prises over 800 outdoor scenes, with each scene containing
approximately 40 images. It provides 3D occupancy ground
truth covering a range of [-40m, -40m, -1m, 40m, 40m,
5.4m] at a resolution of 0.4m, generated from a 32-beam
LiDAR for each image, with a capture interval of 0.5s. The
Dominant dataset consists of over 2000 outdoor images,
accompanied by corresponding point clouds captured by a
128-beam LiDAR, with a interval of 0.1s. Notably, on both
datasets, 3D occupancy ground truth are solely used for result
evaluation and are not involved in the training process. We
employed metrics such as IoU, Prec. (precision), and Rec.
(recall) for evaluation.

B. Architecture and Implementation Details

We utilize ResNet18 [26] as the image encoder with a
MLP as decoder, resize image to 384×384, and use Adam
as the optimizer with a learning rate of 2e-4. All experiments
are conducted on a NVIDIA A6000 GPU with 48GB of
memory. We set the batch size to 4, and train approximately
6 hours. Based on the higher resolution from LiDAR and
shorter interval from images, we voxelized the point clouds
of Dominant into 3D occupancy with a range of [-10m, 0m,
-1m, 10m, 10m, 2.2m] and a resolution of 0.2m. For the
sake of monocular setting of our method, it will only take
the objects into consideration that fall within the field of view
of the front camera on both datasets.

C. Main Results

Results on Occ3D-nuScenes. The experimental results
of GenerOcc and some baselines on the Occ3D dataset are
outlined in Tab. I. Our GenerOcc utilized a 384 × 384 ray
surface for each image, achieving 14.32% IoU with 13.5 FPS
(Frames Per Second). Notably, our approach without any 3D
supervision attains comparable results with the TPVFormer
model trained under LiDAR supervision. At the same time,
our inference speed greatly exceeds other methods. It is
evident that our model exhibits capability in high-efficiency
predicting occupancy within its field of view.
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(a) Fisheye Image (d) Ground Truth(b) Depth Estimation (c) GenerOcc Prediction

Fig. 3. Visualization results for Dominant dataset. The range of occupancy prediction and ground truth (GT) is [-10m, 0m, -1m, 10m, 10m, 2.2m],
with a resolution of 0.2m, where colors differentiate voxel heights. GT are derived from the voxelization of point clouds from LiDAR.

TABLE I
3D OCCUPANCY PREDICTION PERFORMANCE ON OCC3D-NUSCENES

DATASET. ’SUP.’ COLUMN ILLUSTRATES THE SUPERVISION MECHANISM,
WHERE ’C’ REPRESENTS CAMERA AND ’L’ MEANS LIDAR.

Method Input Sup. IoU↑ FPS↑
VoxelNet L L 37.59 1.9

SurroundOcc C L 31.50 1.8
TPVFormer C L 17.20 1.9

SelfOcc C C 44.33 1.1
GenerOcc (ours) C C 14.32 13.5

Results on Dominant. The training results on the Dom-
inant dataset are presented in Tab. II. GenerOcc get a
15.92% IoU, 46.81% precision and 16.12% recall using
solely the images. To benchmark our results, we trained NRS
[16], a self-supervised depth estimation model for fisheye
cameras, using the same dataset settings as GenerOcc for
fair comparison. We employed ResNet18 and PackNet [27]
as feature extraction backbone of NRS and voxelized the
depth output for assessment. Notably, GenerOcc utilizing

TABLE II
3D OCCUPANCY PREDICTION PERFORMANCE ON DOMINANT

DATASET. GENEROCC* SUPERVISED BY LIDAR. BACKBONE OF

GENEROCC IS RESNET18.

Method Sup. IoU↑ Prec.↑ Rec.↑ FPS↑
NRS-ResNet18 C 9.51 30.07 10.19 14.5
NRS-PackNet C 16.73 40.36 22.58 8.6

GenerOcc (ours) C 15.92 46.81 16.12 13.5
GenerOcc* (ours) L 22.93 52.82 32.68 13.5

ResNet18, demonstrates a performance level that closely
matches that of NRS-PackNet, while also standing out for
its impressive speed enhancement. As illustrated in Fig. 4,
GenerOcc exhibits superior performance in extracting geo-
metric features of local details compared to NRS-PackNet.
Moreover, when GenerOcc incorporates ground truth (GT)
for supervision during training, it achieves a remarkable IoU
of 22.93%. Some outcomes are shown in Fig. 3, where
diffenrent colors differentiate voxel heights.
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Fig. 4. Details for Dominant dataset. GenerOcc can detect the distance
between two cars in the red box, while NRS-PackNet recognizes the two cars
as a single entity. GenerOcc excels in distinguishing geometric intricacies.

TABLE III
ABLATION STUDY OF RAY-BASED CAMERA MODEL ON DOMINANT.

Method IoU↑ Prec.↑ Rec.↑ FPS↑
Ray-based Camera Model 15.92 46.81 16.12 13.5

Fixed Intrinsic Matrix 8.37 29.42 10.75 15.4

D. Ablation Study and Analysis

Influence of Ray-based Camera Model. We employ a
fixed camera intrinsic matrix discard the distortion coefficient
for projection and voxel predistribution to simulate the
elimination of the ray-based camera model. Results shown
in Tab. III, indicate that though simplified projection process
accelerate the inference speed, it lead to a significant decline
in performance of prediction. This verifies the validity of our
ray-based model.

Impact of Occupancy Labels. To assess the impact
of occupancy labels on output of GenerOcc, we conduct
experiments utilizing 3D occupancy labels generated by
different backbone through self-supervised depth estimation.
As a supplement, we also show the results training with
3D occupancy ground truth as label in Tab. IV, where
we calculate IoU of occupancy label and ground truth.
We observed that IoU of occupancy prediction is close to
or higher than occupancy label in self-supervised setting,
indicating that our voxel prediction can improve the depth
estimation results to some extent. Moreover, transitioning to
a deeper network is not guaranteed yielding a significant
progress in evaluation metrics. For example, the precision
of ResNet50 and the recall of PackNet did not surpass
the performance achieved by ResNet18 in self-supervised
manner, and IoU of PackNet was lower than ResNet18
and ResNet50 in supervised manner. This suggests that our
method is robust across different backbone architectures,
highlighting the lightweight potential of our method for
practical deployment and applications.

TABLE IV
ABLATION STUDY OF OCCUPANCY LABELS ON DOMINANT. IOU*

MEANS IOU OF OCCUPANCY LABEL AND GROUND TRUTH.

Backbone Sup. IoU* IoU↑ Prec.↑ Rec.↑ FPS↑
ResNet18 C 14.65 15.92 46.81 16.61 13.5
ResNet50 C 17.59 17.39 45.72 16.37 12.7
Packnet C 17.58 18.42 49.07 13.20 8.5

ResNet18 L / 22.93 52.82 32.68 15.4
ResNet50 L / 23.15 51.46 32.78 13.8
Packnet L / 23.12 54.26 31.43 9.3

Fig. 5. Ablation study of probability distribution module on Dominant
dataset. E2E represents directly predicting voxel occupied probability from
2D features instead of parameters for distribution.

Parametric Voxel Distribution Module. To explore the
affect of the parametric voxel probability distribution module
on our method, we increase the output dimension of MLP
decoder to predict voxel probability along the ray end-to-
end. Furthermore, we substituted the Laplacian distribution
with Gaussian and Binomial distributions in our experiments
to investigate influence of different probability distribution
models on GenerOcc results, with the outcomes detailed in
the Fig. 5. Surprisingly, E2E method has the worst perfor-
mance on all metrics, which means our distribution module
has a positive effect. Notably, the Laplacian distribution
exhibited higher IoU and precision metrics, albeit with a
slightly lower recall compared to the Binomial distributions.
Our experiments suggest that utilizing the Laplacian distribu-
tion, with its concentrated probability at extreme values, is a
worthwhile trade-off, even if it results in a scarcity of voxels
within object interiors. This choice enhances the ability of
GenerOcc to recognize object edges.

V. CONCLUSION

In this paper, we introduce a self-supervised framework
GenerOcc of real-time 3D occupancy prediction, applicable
to generic cameras. We collect the fisheye Dominant dataset
to validate the effectiveness of our ray-based camera model
on any type of camera. By occupancy labels generated
from self-supervised depth estimation, our parametric voxel
probability distribution module performs efficiently on both
public Occ3d-nuScene and our proprietary Dominant dataset.
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