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training/testing pipeline & toolkit for a variety of occupancy tasks, and supports comprehensive evaluation metrics.

Abstract

We introduce UniOcc, a comprehensive, unified benchmark
and toolkit for occupancy forecasting (i.e., predicting future
occupancies based on historical information) and occu-
pancy prediction (i.e., predicting current-frame occupancy
from camera images. UniOcc unifies the data from multi-
ple real-world datasets (i.e., nuScenes, Waymo) and high-
fidelity driving simulators (i.e., CARLA, OpenCOOD), pro-
viding 2D/3D occupancy labels and annotating innova-
tive per-voxel flows. Unlike existing studies that rely on
suboptimal pseudo labels for evaluation, UniOcc incor-
porates novel evaluation metrics that do not depend on
ground-truth labels, enabling robust assessment on addi-
tional aspects of occupancy quality. Through extensive ex-
periments on state-of-the-art models, we demonstrate that
large-scale, diverse training data and explicit flow informa-
tion significantly enhance occupancy prediction and fore-
casting performance. Our data and code are available at
https://uniocc.github.io/.

1. Introduction
Occupancy grid map (OGM) has been an effective represen-
tation of traffic scenes. It provides a rasterized view of the
environment by discretizing the space into a grid of 2D or
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3D cells, each indicating the presence or absence of objects
such as vehicles, pedestrians, and static obstacles [53]. Ob-
taining robust occupancy representations of the dynamic en-
vironments is essential for safe motion planning, end-to-end
driving systems, and various off-board applications (e.g.,
data generation for model development). There are two rep-
resentative tasks in the context of autonomous driving: a)
Occupancy forecasting [2, 24, 35, 55] aims to predict future
occupancies based on historical occupancy/image observa-
tions, which enables autonomous systems to anticipate dy-
namic changes in the environment; b) Occupancy prediction
[1, 51] focuses on estimating the current occupancy grid
map from raw sensor data, which reconstructs the surround-
ing scene in a structured and interpretable format. While
recent work has made significant progress, several critical
issues have to be addressed.

Suboptimal Occupancy Labels and Metrics. Widely
used driving datasets (e.g., nuScenes [3] and Waymo [30])
lack official occupancy annotations. Existing research thus
relies on pseudo ground truth labels derived from heuristics
or manual labeling [31, 36, 42]. These pseudo labels of-
ten capture only the reflective surfaces (e.g., car sides hit by
LiDAR), failing to represent the true 3D occupancy of the
scene. Models trained on these suboptimal labels inevitably
produce suboptimal results. Even worse, standard metrics
like Intersection-over-Union (IoU) cannot reveal such qual-
ity issues because they compare predictions solely against
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the flawed pseudo labels. To mitigate these pitfalls, we pro-
pose novel evaluation metrics that do not rely on pseudo
ground truth labels. These metrics provide additional as-
pects for occupancy quality evaluation.

Domain Constraints and Fragmented Data. Existing
occupancy forecasting and prediction methods are mostly
restricted to a single dataset. For example, models trained
on the nuScenes dataset [3] often are not directly applicable
to the Waymo dataset [30] due to the differences in sen-
sor configurations, data formats, sampling rates, and anno-
tation types. Furthermore, each dataset typically requires
its own dedicated tools and data loaders. Inspired by efforts
in unified trajectory prediction (e.g., UniTraj [6]), we intro-
duce a unified occupancy dataset and framework that stan-
dardizes these discrepancies, which enables cross-dataset
training with a single command. Our framework also lever-
ages CARLA simulations to provide virtually unlimited, di-
verse training data. Furthermore, our unification enables the
cross-domain evaluation of occupancy methods and allows
us to analyze their out-of-distribution generalization perfor-
mance, which is critical for safe autonomous driving.

Lack of Per-Voxel Flows. Current 3D occupancy la-
bels generally lack motion flow information within each
voxel, which limits the ability of models to exploit dynamic
scene cues. While flows may not be critical in camera-to-
occupancy prediction, they are crucial for occupancy fore-
casting tasks that must capture object and agent movement
over time. By including forward and reverse flows for each
voxel, our unified dataset facilitates more robust forecast-
ing and simplifies downstream tasks such as object track-
ing. Furthermore, to our knowledge, we are the first to use
per-voxel flows for 3D occupancy forecasting.

Lack of Support for Cooperative Occupancy Fore-
casting. Cooperative driving is a growing area, with re-
search in cooperative perception and prediction [29, 40, 50],
but there has been no dataset available for cooperative occu-
pancy forecasting. Building on OpenCood [49], our frame-
work and dataset extend to multi-agent scenarios, serving
as the first to support cooperative occupancy forecasting.

To address these issues, we present UniOcc, a com-
prehensive, open-source benchmark unifying 2D/3D occu-
pancy labels, per-voxel flow annotations, and multi-agent
support across multiple real-world and synthetic datasets.
We hope that UniOcc will catalyze occupancy-centric re-
search, streamlining development, benchmarking, and fos-
tering innovations in autonomous driving. The summary of
our contributions is as follows:

• We introduce UniOcc, the first-of-its-kind unified 2D/3D
occupancy forecasting and prediction benchmark with
flow information for both conventional and cooperative
driving by unifying real data from nuScenes and Waymo
and synthetic data from CARLA and OpenCOOD.

• We develop a user-friendly platform for current-frame oc-

cupancy prediction and multi-frame occupancy forecast-
ing, which enables easy setup, cross-dataset augmenta-
tion, and comprehensive occupancy evaluation with or
without reference to ground-truth labels.

• We provide the Python toolkit for occupancy grid pro-
cessing: localization, detection, tracking, alignment, and
visualization. (See supplementary and code for details.)

• We validate our dataset-agnostic training/testing pipeline
and the proposed evaluation metrics on state-of-the-art
occupancy forecasting/prediction models. Our experi-
ments show that (1) incorporating voxel-level flow yields
performance gains in occupancy forecasting and (2) ex-
isting methods face challenges in cross-domain general-
ization, highlighting avenues for future research.

2. Related Work
2.1. Occupancy Datasets
The nuScenes [3] and Waymo [30] datasets are widely used
autonomous driving datasets collected from real-world driv-
ing, which provide raw sensor data (i.e., camera and Li-
DAR) with 3D annotations. Nevertheless, they do not pro-
vide 3D occupancy labels. As a result, existing studies of-
ten rely on automatic label generation methods introduced
in Occ3D [31], SurroundOcc [42], or OpenOccupancy [36].
On the other hand, CarlaSC [43] and CoHFF [28] provide
synthetic datasets collected with the CARLA simulator [5],
where the ground truth occupancy can be easily obtained. A
detailed comparison between existing datasets and UniOcc
(ours) is shown in Table 1.

2.2. Occupancy Prediction
Recent studies in 3D perception have explored using only
camera inputs to produce dense 2D or 3D occupancy grid
maps with semantic labels. Early methods often employ a
single frame of monocular or multi-camera images to es-
timate the 2D occupancy [11, 15, 16] and 3D occupancy
[12, 29, 31, 32, 36, 42] at the current frame. Despite these
advances, single-frame methods are limited by their abil-
ity to estimate depth. Recently, researchers have turned to
historical camera frames for more robust geometric cues, al-
lowing better handling of occlusion and complex scene dy-
namics. CVT-Occ [51], for example, refines current-frame
occupancy with a temporal cost volume constructed from
past images, thereby leveraging multi-view images across
time for improved depth estimation. In the cooperative au-
tonomous driving domain, CoHFF [28] explores coopera-
tive prediction from a multi-connected vehicle (CAV) set-
ting by having each CAV share its perception information.

2.3. Occupancy Forecasting
Beyond static occupancy reconstruction, a growing line
of work tackles temporal occupancy prediction, inferring
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Figure 2. Comparison of object-level flow and voxel-level flow.

how 3D grids evolve over time. Several recent methods
predict future occupancy either from historical occupancy
grids [2, 9, 24, 35, 41, 55], often conditioned on ego trajec-
tories or high-level navigation intents. By capturing future
scene states, these models facilitate proactive planning and
safer driving in dynamic environments.

2.4. Occupancy Flow
Early works on flow-driven occupancy forecasting primar-
ily focused on 2D grids, using object bounding boxes and
map information to predict future occupancy and flow [20,
21, 26]. While LetOccFlow [23] extends flow to 3D, it
only considers horizontal directions and thus cannot capture
rich object rotations. CarlaSC [43] provides per-object flow
by assigning each voxel the object’s velocity, but this ap-
proach similarly neglects rotational motion. In contrast, our
method annotates each voxel with its unique 3D displace-
ment for the next time step, thereby preserving full rotation
and translation. We show their difference in Figure 2.

Most prior approaches adopt a forward flow convention
(a vector pointing from the current voxel to its next loca-
tion). Liu et al. [21] introduce an alternative reverse flow
that points backward in time to simplify multi-future train-
ing. To accommodate both conventions, we provide both
forward and reverse flows in our unified dataset, enabling
versatile modeling of complex, fully 3D motion dynamics.

3. UniOcc Framework
3.1. Unified Data Format and Features
Our benchmark supports a wide range of occupancy-centric
tasks, including occupancy forecasting, single-frame occu-
pancy prediction, and flow estimation. Our framework de-
fines the following task-agnostic data formats:
Semantic Occupancy Label. We represent the scene as
a 3D voxel grid G ∈ {0, . . . , C}L×W×H , where C de-
notes the number of classes (see Table 10 in supplementary
materials), and L, W , H are the grid’s dimensions along
the ego vehicle’s heading, lateral, and vertical axes, respec-
tively. This grid is centered on the ego vehicle, with the
+x-axis aligned to the direction of travel, +y-axis to the
left, and +z-axis upward. For certain 2D tasks (e.g., mo-
tion planning), we collapse the height dimension via a pri-
ority scheme (e.g., Pedestrian > Car > Road), such that
each vertical pillar adopts the label of its highest-priority

voxel. This approach prevents occlusion of essential ob-
ject classes (like pedestrians) by lower-priority labels in the
same grid column, ensuring meaningful representation for
downstream tasks.
Camera Images. We store raw RGB images in a 4D tensor
I ∈ {0, . . . , 255}Kcam×Imgx×Imgy×3, where Kcam denotes
the number of onboard cameras and each image has reso-
lution Imgx × Imgy .
Camera Field-of-View (FOV) Mask. A binary 3D tensor
U ∈ {0, 1}L×W×H indicates which voxels lie within each
camera’s observable frustum (U = 1 for visible voxels and
U = 0 otherwise). This mask is crucial for camera-based
occupancy methods that require explicit delineation of oc-
cluded regions or unobserved space.
Camera Intrinsics and Extrinsics. We represent camera
intrinsics as Int ∈ RKcam×3, while extrinsic transforma-
tions (from each camera to the ego frame) are given by
Ext ∈ SE(3)Kcam , where SE(3) denotes the group of 3D
homogeneous transformation. These parameters unify the
projection from 3D ego coordinates onto 2D image planes.
Ego-to-World Transformation. A homogeneous transfor-
mation matrix Tw

e ∈ SE(3) denotes the pose of the ego
vehicle in a global world frame, enabling precise alignment
of data from multiple sensors and coordinate systems.
Forward Occupancy Flow. We define a 4D tensor F ∈
RL×W×H×3 that records per-voxel forward-motion vec-
tors. Unlike prior methods [43] that assign a single velocity
to all voxels of an object (thus missing object rotation), our
approach computes individual voxel flows capturing both
translation and rotation. We separately compute the flow
for dynamic foreground objects (e.g., Car, Pedestrian) and
static background environment (e.g., Road, Vegetation) and
merge dynamic and static flows into F . As illustrated in
Figure 3, this voxel-level flow captures full 3D motion, in-
cluding rotation. The details of our computation algorithm
can be found in the supplementary materials and code.
Backward Occupancy Flow. Analogous to the forward
flow, we define a 4D tensor B ∈ RL×W×H×3 to cap-
ture backward motion vectors. Instead of computing each
voxel’s displacement from t to t+1, we evaluate the motion
from t to t−1. This backward flow is particularly useful for
models that benefit from reverse-time supervision or multi-
future training strategies [21].
Object Annotations. We also provide object-level anno-
tations as a list of dictionaries, each containing: ❶ Agent-
to-Ego Transformation. A transformation matrix T e

a ∈
SE(3) that maps the agent’s local coordinate system into
the ego frame. This captures both the agent’s position and
orientation relative to the ego vehicle. ❷ Size. A 3D vec-
tor d ∈ R3 describing the bounding box dimensions of the
agent (length, width, height). ❸ Category. The object’s
semantic class label, following the definitions in Table 10.
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Table 1. Comparison of popular occupancy datasets. Length is the total time this dataset covers. Scenarios are the number of scenarios,
usually a proxy for data diversity. Voxel Range is the range of the occupancy grid. Resolution is the per-voxel size. Flow is whether this
dataset provides occupancy flow. Obj Categories are the number of category labels provided in the dataset.

Dataset Data Source Length Scenarios Sampling Rate Voxel Range (m) Resolution (m) Flow Obj Categories

Occ3D nuScenes [31] nuScenes 9.5hrs 1110 2Hz [±40,±40,−1 ∼ 5.4] 0.2 / 0.4 - 17
Occ3D Waymo [31] Waymo 4.0hrs 998 10Hz [±40,±40,−1 ∼ 5.4] 0.2 / 0.4 - 15
SurroundOcc [42] nuScenes 9.5hrs 1110 2Hz [±40,±40,−1 ∼ 5.4] 0.5 - 17
OpenOccupancy [36] nuScenes 9.5hrs 1110 2Hz [±51.2,±51.2,−5 ∼ 3] 0.1 - 17
CoHFF [28] OpenCOOD 0.69hrs 44 10Hz [±51.2,±51.2,−5 ∼ 3] 1.0 - 10

UniOcc (Ours)
nuScenes, Waymo

CARLA, OpenCOOD 14.2hrs 2152 2Hz / 10Hz [±40,±40,−1 ∼ 5.4] 0.2 / 0.4 Voxel Level 10, 15, 17

Figure 3. Visualization of the per-voxel forward flows.

3.2. Task Categories
Our unified inputs enable a broad range of occupancy-
centric tasks, spanning both static prediction and dynamic
forecasting. By employing a unified representation across
multiple domains, we simplify cross-dataset training and al-
low fair comparisons of methods that tackle different sub-
problems. Below, we outline three representative tasks:

Occupancy Prediction. Here, the model consumes the past
Wobs camera frames {It−Wobs,...,t}, together with their FOV
masks {U t−Wobs,...,t} and camera parameters (intrinsics Int,
extrinsics Ext). The output is the current 3D occupancy grid
Gt, which captures the scene at time t.

Occupancy Forecasting with Optional Flow. In the fore-
casting setting, the input is the historical data over Wobs
frames—either voxel grids {Gt−Wobs,...,t} or camera im-
ages {It−Wobs,...,t}. The model predicts future occupan-
cies {Gt,...,t+Wfut}, optionally conditioned on fine-grained
ego trajectories Tw,t: t+Wfut

e or high-level driving intentions
(e.g., Turn Right). For certain use cases, forecasting meth-
ods may also produce the future flow F t: t+Wfut or future
ego movement Tw,t: t+Wfut

e . As discussed in Section 4.2,
this joint occupancy-and-flow forecasting scheme can help
capture complex motion patterns over time.

Cooperative Occupancy Prediction and Forecasting
with Optional Flow. Under cooperative settings, multi-
ple connected vehicles (CAVs) collaborate by sharing ei-
ther image or occupancy data. From the ego vehicle’s
perspective, it receives the shared historical observations
{It−Wobs,...,t

CAV } or {Gt−Wobs,...,t
CAV } alongside transformations

mapping CAV frames to the ego frame. The output remains
the same (i.e., single-ego occupancy or forecast), but the
increased viewpoint coverage can mitigate occlusions and
improve overall scene understanding.

Figure 4. Illustration of imperfect ground-truth labels. Left: par-
tial car shape from Occ3D [31]. Right: a more complete shape pre-
dicted by OccWorld [55]. Standard IoU may penalize the model
for producing a fuller shape, despite it being more realistic.

3.3. Unified Datasets

We build our unified dataset from the following sources:

• nuScenes [3] and Waymo [30]. Both datasets provide
camera images, LiDAR sweeps, and object-level annota-
tions. As neither directly includes 3D occupancy labels,
we synthesize occupancy ground truth via three pseudo-
labeling pipelines: Occ3D [31], OpenOccupancy [36],
and SurroundOcc [42]. This multi-tool approach in-
creases robustness and diversity in labeled outputs.

• CARLA [5]. We use CARLA’s simulation engine to
generate an unlimited variety of virtual driving scenes,
from which we can extract “perfect” 3D occupancy labels
(meshes, object states, etc.). These realistic yet control-
lable scenarios are publicly released, enabling straight-
forward large-scale training. Our framework offers the
option to generate an arbitrary length of data.

• OpenCOOD [49]. Built on CARLA, OpenCOOD of-
fers multi-vehicle cooperation scenarios. We extend its
data-generation scripts to export 3D occupancy from sim-
ulated meshes, thus expanding our dataset with collabo-
rative driving examples.
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3.4. Unified Occupancy Processing Toolkit
Most occupancy-based approaches focus solely on generat-
ing an occupancy grid but provide limited tools for down-
stream processing or motion analysis. To address this gap,
our framework includes a toolkit for object segmentation
and tracking directly within the voxel space, enabling more
advanced tasks such as shape analysis or motion planning.
(Some details, e.g., localization, tracking, are deferred to
the supplementary and the code).

3.4.1. Object Identification
Given an occupancy grid G ∈ {0, . . . , C}L×W×H , we
identify and segment relevant objects in the following steps,
which are shown in Figure 5.
1. Object Segmentation. We extract voxels by category

(e.g., Car, Pedestrian), then run 6-connected component
labeling (CCL) implemented via Breadth-First Search:

L = CCL(G), t ∈ {0, 1, . . . , T}, (1)

where L ∈ {1, . . . , N}L×W×H assigns each connected
component a unique object ID, and N is the total number
of objects.

2. Voxel Extraction. For each object ID n, we gather its
voxel coordinates Vn:

Vn = {< x, y, z > |L(x, y, z) = n} (2)

3. Horizontal Axis Bounding Box. Voxel predictions can
be partial (see Fig. 4), making direct bounding-box mea-
surement (length, width, height) unreliable. We there-
fore fit a bounding rectangle in the horizontal plane us-
ing a rotating-calipers method [33], which is O(n2) in
the number of object voxels, under the assumption that
each object moves parallel to the ground. This yields
a 2D minimum bounding rectangle, from which we re-
cover heading and planar extents.

4. Dimension Extraction. We take the rectangle’s length
and width as the object’s planar dimensions, then com-
pute height from the vertical extent of the voxels. All
dimensions are scaled by the voxel resolution ϵ to con-
vert to metric units.

3.4.2. Object Tracking
Leveraging the forward occupancy flow introduced in Sec-
tion 3.1 predicted for each voxel, we also provide a simple
occupancy-based object tracking algorithm:
1. Object Voxel Extraction. For each identified object

in the occupancy grid at frame t, we retrieve its voxel
coordinates V t

n (Eq. 2) and corresponding flow vectors
F t
n ∈ Rn×3.

2. Step Prediction. We estimate the next-frame voxel po-

sitions Ṽ t+1
n by adding the flow:

Ṽ t+1
n = V t

n + F t
n. (3)

3. Centroid Extraction. Let c̃t+1
n be the centroid of the

predicted voxel set Ṽ t+1
n . We also compute the true ob-

ject voxels at frame t + 1, V t+1
n , and its centroid ct+1

n :

c̃t+1
n =

1∣∣∣Ṽ t+1
n

∣∣∣
∑

(i,j,k)∈Ṽ t+1
n

< i, j, k >, (4)

ct+1
n =

1∣∣V t+1
n

∣∣ ∑
(i,j,k)∈V t+1

n

< i, j, k > . (5)

4. Bipartite Association. We match predicted centroids
{c̃tp} with observed centroids {ct+1

q } using the Hungar-
ian algorithm to minimize pairwise distances:

P ∗ = argmin
P

∑
p,q

∥c̃tp−ct+1
q ∥2 Ppq, P ∈ {0, 1}n

t
s×nt+1

s .

(6)
where P ∗ is the matching matrix and nt

s, nt+1
s represents

the number of objects in the consecutive frames. We as-
sign the same ID for matched objects between frames
and assign new IDs for newly appeared objects. We dis-
card objects where the matched distance is greater than
a threshold of γ, which we empirically choose as 0.5m
for cars and cyclists, 0.2m for pedestrians.

The above process yields cross-frame associations that
unify object identities over time, enabling motion interpre-
tation and analysis directly in the voxel space.

3.4.3. Object Alignment
Finally, we align the voxel sets of tracked objects for shape
analysis or consistency checks:
1. Translation Alignment. We translate each object’s

voxel coordinates to center them at the origin as V̄ t
n:

V̄ t
n = V t

n −
1

|V t
n|

∑
v∈V t

n

v. (7)

2. Rotation Alignment. We apply Principal Component
Analysis (PCA) to each frame’s voxel set to resolve a
canonical orientation. For consistency, we adjust the
sign of the new principal axes to align with the previous
frame’s orientation (see supplementary materials). The
final rotated voxel coordinates are denoted as V̂ t

n .
With these steps, we facilitate object-centric analyses (e.g.,
measuring shape changes or rotation consistency) entirely
in the occupancy grid domain without the need for a refer-
ence ground truth label or annotation.

3.5. Unified Evaluation Metrics
Our benchmark includes multiple metrics for assessing the
quality of generated or predicted occupancy grids. Sec-
tion 3.5.1 describes the widely adopted voxel-based met-
rics, while Section 3.5.2 proposes ground-truth-free meth-
ods that address two major issues: the imperfect nature of
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Figure 5. An example showing our pipeline for voxel extraction, connected-component segmentation, and bounding-box fitting.

real-world labels (Fig. 4) and the inherent multi-modality
of some forecasting tasks (where only a single future is
recorded but we expect model to produce multiple futures).

3.5.1. Voxel-Based Evaluation
Following prior occupancy prediction [51] and forecast-
ing [2, 35, 41, 55] studies, we employ two standard metrics:
geometric IoU (or simply IoUgeo) and mIoU (mean inter-
section over union across semantic classes). Concretely, for
a predicted occupancy grid Gpred and ground-truth grid Ggt,

IoUgeo =
|Gpred ∩ Ggt|
|Gpred ∪ Ggt|

, (8)

where |Gpred ∩Ggt| is the number of voxels occupied in both
the prediction and ground truth, and |Gpred ∪Ggt| is the total
occupied voxels in either grid. For multi-class occupancy
(C total classes), the mIoU is computed via:

mIoUgeo =
1

C

C∑
c=1

IoUgeo,c, (9)

where IoUgeo,c is computed from Eq. (8) with restricting the
voxels to class c.

While these voxel-based metrics are straightforward,
they can penalize predictions that exceed the pseudo-ground
truth (Fig. 4). Additionally, tasks like multi-modal forecast-
ing may produce many plausible futures not captured by a
single reference label. For these reasons, we propose evalu-
ation strategies that do not require perfect ground truth.

3.5.2. Ground-Truth-Free Evaluation
Complementary to label-dependent IoU, we propose met-
rics that assess geometric plausibility without referencing
a single ground-truth scene. These metrics are particularly
useful for multi-modal generation or cases where ground-
truth labels are incomplete.
Key Object Dimension Probability. Given a predicted ob-
ject’s bounding box < l,w, h > for a category c, we evalu-
ate its plausibility by computing a Gaussian Mixture Model
(GMM) likelihood. Specifically, each category c has a pre-
trained GMM, denoted GMMc, learned from real or syn-
thetic data in our unified dataset (Appendix 7.2). At infer-
ence time, we query GMMc with the object’s dimensions:

Pn = max
k

p
(
< l,w, h >

∣∣ GMMk
c

)
, (10)

This probability Pn gives a heuristic for whether the object
has realistic dimensions for its reported category. We use an

empirical value ρ = 0.5 as the threshold to determine if the
shape is likely real or not.
Temporal Foreground Object Shape Consistency. For
dynamic objects forecasted across multiple frames, we mea-
sure shape consistency by aligning each object’s voxels over
time (see Section 3.4.3) and computing a voxel-wise inter-
section over union:

IoUobject =
|V̂ t ∩ V̂ t+1|
|V̂ t ∪ V̂ t+1|

. (11)

A high IoUobject implies stable shape geometry from frame
t to t+1. We then average these IoUs within each category
to assess overall consistency across time.
Temporal Background Environment Consistency. For
static background regions, we expect persistent occupancy
between consecutive frames within the overlapping field of
view. Let V t

e be the environment voxels at time t, and Ṽ t+1
e

be their projected coordinates at t + 1 (using known ego-
motion, see Section 3.2). We discard out-of-bound voxels
and compute the binary IoU of the overlap:

IoUbg =
|Ṽ t+1

e ∩ V t+1
e |

|Ṽ t+1
e ∪ V t+1

e |
. (12)

Higher IoUbg indicates a consistent static background
across frames, even without a perfect ground truth label.

Overall, these ground-truth-free metrics complement
standard IoU by providing deeper insights into scene real-
ism and temporal coherence, especially valuable for gener-
ative or multi-modal occupancy tasks.

4. Experiments
4.1. Experimental Settings
In all experiments, we use a voxel size of [200, 200, 16]
and grid resolution of 0.4m. For the occupancy forecast-
ing task, the model takes in the 3 s historical occupancy and
forecasts the future 3 s. For the occupancy prediction task,
the models take in the 3 s historical camera images and pre-
dict the occupancy at the current frame. For nuScenes and
Waymo data sources, we leverage the pseudo occupancy la-
bels from Occ3D [31]. For the CARLA data source, we
generate simulated driving data in 16 diverse scenarios.

4.2. Occupancy Forecasting with Flows
To investigate the impact of explicitly modeling flow in oc-
cupancy forecasting, we augment OccWorld [55] to con-
sume both the dynamic and static voxel flows provided by
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Table 2. Occupancy forecasting performance of OccWorld [55] on nuScenes with different types of flow. (See Supplementary for Waymo.)

Train and Test Source Flow Type mIoUgeo↑ IoUgeo↑ IoUbg↑ IoUcar↑ Pcar↑
0 s 1 s 2 s 3 s 0 s 1 s 2 s 3 s Average over 0 s to 3 s

nuScenes None 66.79 30.23 21.67 18.13 60.66 33.33 24.93 20.67 53.27 78.39 77.83
nuScenes Object 65.41 31.09 20.97 18.40 60.72 33.28 24.57 20.55 54.15 77.36 76.25
nuScenes Voxel 70.64 32.13 22.50 19.06 62.62 35.93 26.03 21.04 59.56 81.50 82.57

Table 3. Occupancy forecasting performance of OccWorld [55] on various train/test data source combinations.

Train Sources Test Source mIoUgeo↑ IoUgeo↑ IoUbg↑ IoUcar↑ Pcar↑
0 s 1 s 2 s 3 s 0 s 1 s 2 s 3 s Average over 0 s to 3 s

nuScenes nuScenes 70.64 32.13 22.50 19.06 62.62 35.93 26.03 21.04 59.56 81.50 82.57
Waymo nuScenes 63.22 23.47 18.11 15.80 60.42 27.35 20.86 17.63 49.90 79.41 72.54
CARLA nuScenes 29.93 11.94 10.85 10.54 49.32 13.51 11.24 10.82 22.39 59.64 78.99
nuScenes Waymo 64.37 31.08 23.48 20.90 65.38 39.38 30.94 27.40 61.25 81.34 72.69
Waymo Waymo 71.35 32.04 25.77 23.76 72.69 36.04 30.48 27.96 58.26 89.30 86.68
CARLA Waymo 30.64 12.09 11.13 10.79 55.99 16.16 13.84 13.07 23.05 57.05 77.18
nuScenes CARLA 79.62 49.70 49.25 48.72 68.93 17.62 16.45 15.50 86.74 97.52 71.02
Waymo CARLA 80.32 48.54 48.06 47.60 71.38 15.72 14.17 12.99 86.79 91.37 80.38
CARLA CARLA 79.66 48.87 47.28 46.69 69.67 20.05 15.34 12.78 24.34 59.39 80.92

nuScenes + Waymo nuScenes 71.80 32.57 22.87 20.15 63.12 36.24 27.93 21.48 60.23 86.08 83.14
nuScenes + Waymo Waymo 71.23 33.42 26.52 24.99 73.13 36.30 31.61 28.22 59.23 88.72 87.01

nuScenes + CARLA nuScenes 71.47 31.70 22.69 18.11 62.94 35.83 28.29 21.03 55.07 77.87 82.97
Waymo + CARLA nuScenes 64.99 24.88 19.65 15.55 61.33 27.50 20.38 18.94 49.20 81.13 82.50

nuScenes + CARLA Waymo 65.71 31.48 23.84 21.25 66.95 40.37 31.47 27.50 57.34 83.80 81.98
Waymo + CARLA Waymo 71.66 37.05 29.50 26.16 72.94 42.54 35.46 31.52 56.32 86.67 81.29

nuScenes + CARLA CARLA 84.88 49.25 48.69 47.88 74.15 17.02 15.81 14.41 86.54 98.48 81.91
Waymo + CARLA CARLA 83.81 54.31 52.94 52.13 74.34 27.42 24.60 23.04 73.89 90.47 81.48

nuScenes + Waymo + CARLA nuScenes 72.53 33.98 22.76 20.18 63.32 36.31 27.83 21.89 57.51 80.51 83.01
nuScenes + Waymo + CARLA Waymo 74.49 34.32 28.28 24.61 73.58 43.42 32.46 27.44 62.20 87.54 80.93
nuScenes + Waymo + CARLA CARLA 85.26 55.19 52.58 50.96 74.63 28.33 22.31 19.35 74.15 88.61 82.35

our unified dataset. Specifically, we introduce an additional
flow encoder that processes the per-voxel flow, followed by
cross-attention [34] to fuse the encoded flow features with
the scene tokens in the Spatial-Temporal Generative Trans-
former of OccWorld. We further append a flow decoder
to predict next-step voxel flows, supervised via an L2 loss
against our ground-truth flow annotations.

As shown in Table 2 and 8, flow consistently improves
forecasting performance and enhances temporal consis-
tency for both nuScenes and Waymo datasets. In particular,
we observe larger gains in the category-averaged mIoU, im-
plying that using flow information helps the network better
capture object-level motion, thereby improving predictions
for dynamic classes (e.g., moving vehicles and pedestrians).

4.3. Cross Data Source Training and Evaluation for
Occupancy Forecasting

A key advantage of our unified dataset is the ability to train
and evaluate models across multiple data sources, thereby
measuring out-of-distribution (OOD) performance. We use
our flow-augmented OccWorld [55] to illustrate this cross-
domain generalization, as it can be trained on large datasets
with minimal computational overhead. Our results are
shown in Table 3. The key insights are summarized below.
Diverse Data Improves OOD Generalization in Real-
World Driving. Models trained on a single data source

(e.g., only nuScenes) tend to perform well on in-domain
test data but exhibit weaker transfer to unseen domains (e.g.,
Waymo). In contrast, the model trained on our unified oc-
cupancy dataset (combining nuScenes and Waymo) consis-
tently achieves higher mIoU and IoU scores over a range of
prediction horizons. This implies the importance of multi-
domain coverage: exposure to a broader set of scenes and
motion patterns reduces the severity of domain shift and
improves OOD performance. Consequently, our unified
dataset marks a substantial step toward more robust occu-
pancy forecasting in real-world driving.
Diverse Data Improves Long Term Accuracy. As ex-
pected, forecast accuracy degrades with increased time
horizons (1 s-3 s), highlighting the challenge of long-
horizon occupancy prediction. Yet, this degradation is con-
sistently less severe for the models that are trained from
multi-domain data (nuScenes and Waymo), which indicates
that diverse training data helps improve forecasting accu-
racy over time.
Simulation Data Enhances Object Shape Learning. As
is shown in Table 3, incorporating CARLA data alongside
real-world datasets increases the likelihood of accurate ob-
ject predictions (noted by higher Pcar), especially in sce-
narios where object shapes are imperfectly captured by Li-
DAR or pseudo-labeling in nuScenes and Waymo datasets
(see Figure 4). The simulation data, by providing “perfect”
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Figure 6. Comparisons of the predicted car shapes between the
models trained on nuScenes-only and nuScenes + CARLA data
sources. In both cases, we observe a vehicle with a strange shape
in the nuScenes-only forecasting. In contrast, the model trained on
both data sources generates more reasonable predictions.

shapes for both static and dynamic elements, enables bet-
ter learning of the geometry of objects. Figure 6 provides a
qualitative illustration of this improvement.
Sim-Real Compatibility Remains an Open Challenge.
As is shown in Table 3, incorporating CARLA data along-
side real-world datasets increases the likelihood of accurate
object predictions (noted by higher Pcar), especially in sce-
narios where object shapes are imperfectly captured by Li-
DAR or pseudo-labeling in nuScenes and Waymo datasets
(see Figure 4). The simulation data, by providing “perfect”
shapes for both static and dynamic elements, enables bet-
ter learning of the geometry of objects. Figure 6 provides
a qualitative illustration of this improvement. However, we
also note that a naive mix of simulation data and real driv-
ing degrades temporal consistency (after adding CARLA to
nuScenes, IoUbg degrades by 7.5%). We found that one
potential cause is the mismatch in speed range between
CARLA and real-world datasets, since the former tends to
be slower on average. We explore this perspective further in
Section 8 in the supplementary materials.

4.4. Occupancy Prediction

Although our UniOcc framework primarily targets 3D oc-
cupancy forecasting from unified voxel grids, it also facil-

Table 4. Occupancy prediction performance of Cam4DOcc [24]
and CVTOcc [51] on the nuScenes data source.

Model mIoUgeo↑ IoUgeo↑ IoUbg↑ IoUcar↑ Pcar↑
CVTOcc [51] 31.57 81.20 48.93 80.60 74.91

Cam4DOcc [24] 13.59 13.33 52.46 56.13 73.28

Table 5. Cooperative occupancy prediction performance of Co-
HFF [28] on the OpenCOOD [49] data source.

Model mIoUgeo↑ IoUgeo↑ IoUbg↑ IoUcar↑ Pcar↑
CoHFF [28] 34.16 50.46 51.90 87.22 66.19

itates camera-based models, provided that domain-specific
calibration and pre-processing pipelines are carefully inte-
grated. We incorporate two open-source camera-based oc-
cupancy prediction approaches, Cam4DOcc [24] and CV-
TOcc [51], by aligning their input requirements and out-
put grids with our unified evaluation protocol. Notably,
we evaluate each model only on the domain where its of-
ficial weights were originally trained (e.g., Cam4DOcc on
nuScenes), which enables a fair comparison of methods on
a consistent voxel labeling and metric setup. Table 4 illus-
trates that CVTOcc achieves notably higher object-centric
IoU and geometry-aware mIoU than Cam4DOcc due to its
more flexible cost-volume fusion mechanism.

4.5. Cooperative Occupancy Prediction
While most existing occupancy methods focus on single-
ego perception, multi-vehicle collaboration offers a promis-
ing avenue for enhanced scene understanding. To high-
light this, we integrate and evaluate CoHFF [28], a coop-
erative occupancy prediction approach, within our frame-
work. By sharing sensor observations and intermediate fea-
tures across multiple agents, CoHFF mitigates occlusions
and extends coverage in complex driving scenarios. Table 5
reports the performance of CoHFF on the OpenCOOD [49]
data source, showing that multi-agent fusion yields reason-
ably high IoU for car instances (87.22) and background
occupancy (51.90). These results demonstrate the poten-
tial benefits of cooperative perception and underscore our
framework’s flexibility in accommodating multi-agent set-
tings with standardized occupancy representations.

5. Conclusion
We present UniOcc, a unified benchmark for occupancy
forecasting and prediction in autonomous driving. By in-
tegrating diverse real-world and synthetic data sources, our
approach enables cross-dataset training and evaluation on
occupancy tasks ranging from single-ego to cooperative
multi-vehicle settings. Beyond occupancy grid labels, we
provide comprehensive occupancy flow annotations (for-
ward and backward), voxel-based segmentation and track-
ing tools, and ground-truth-free evaluation metrics. We re-
lease our benchmark to foster new opportunities in the ex-
ploration of occupancy-based autonomous driving.
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