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Abstract

Self-supervised 3D occupancy prediction offers a promising
solution for understanding complex driving scenes without
requiring costly 3D annotations. However, training dense
occupancy decoders to capture fine-grained geometry and
semantics can demand hundreds of GPU hours, and once
trained, such models struggle to adapt to varying voxel reso-
lutions or novel object categories without extensive retrain-
ing. To overcome these limitations, we propose a practi-
cal and flexible test-time occupancy prediction framework
termed TT-Occ. Our method incrementally constructs, opti-
mizes, and voxelizes time-aware 3D Gaussians from raw sen-
sor streams by integrating vision foundation models (VFMs)
at runtime. The flexible representation of 3D Gaussians
enables voxelization at arbitrary user-specified resolutions,
while the strong generalization capability of VFMs supports
accurate perception and open-vocabulary recognition with-
out requiring any network training or fine-tuning. To vali-
date the generality and effectiveness of our framework, we
present two variants: a LiDAR-based version and a vision-
centric version, and conduct extensive experiments on the
Occ3D-nuScenes and nuCraft benchmarks under varying
voxel resolutions. Experimental results show that TT-Occ
significantly outperforms existing computationally expensive
pretrained self-supervised counterparts. Code is available
at https://github.com/Xian-Bei/TT-Occ.

1. Introduction
3D Occupancy prediction seeks to accurately identify re-
gions within an environment that are occupied by objects of
particular classes and those that remain free. This capability
is crucial to enable collision-free trajectory planning and reli-
able navigation in autonomous driving systems [6, 7, 44, 49]
and embodied agents [18, 31, 38, 45]. Existing solutions
[4, 12, 14, 27, 35, 43, 52], however, heavily rely on dense 3D
annotations obtained through labor-intensive manual label-
ing of dynamic driving scenes spanning up to 80 meters per
frame. To mitigate this cost, recent studies have resorted to
self-supervised alternatives [3, 10, 11, 13, 16, 39, 50, 53, 57].
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Figure 1. Comparison of self-supervised occupancy prediction
methods in terms of pretraining time (x-axis), mIoU (y-axis), and
runtime FPS (marker radius). TT-Occ achieves strong mIoU and
competitive FPS without any pretraining.

While reducing labeling costs, they still require substantial
computational overhead. For instance, training SelfOcc [13]
on Occ3D-nuScenes [35] at a voxel resolution of 0.4m re-
quires approximately 2 days on eight GPUs. Furthermore,
once trained, adapting to finer resolution (e.g., 0.2m of nu-
Craft [58] dataset) or novel object classes (e.g., beyond the
17 predefined classes of Occ3D-nuScenes [35]) may neces-
sitate extensive retraining.

Recent vision foundation models (VFMs), however,
change this landscape. Models such as VGGT [37] and
MapAnything [19] provide reliable multiview geometry, and
REX-Omni [17] enables open-vocabulary semantic reason-
ing, both directly at test time. As these cues become increas-
ingly accessible without task-specific training, it is natural
to revisit a long-standing assumption of the field: if such
information no longer needs to be learned by a network, is
training an occupancy model still necessary? To answer
this question, we explore a test-time occupancy estimation
method termed TT-Occ, which progressively constructs, op-
timizes and voxelizes time-aware 3D Gaussians from raw
sensor streams by integrating VFMs. We introduce two vari-
ants, TT-OccCamera and TT-OccLiDAR, which differ in
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the sensor modality used to initialize the Gaussian primi-
tives, respectively. Both variants eliminate costly pretraining
and allow flexible adaptation to arbitrary voxel resolutions
and user-specified semantic queries. Unlike previous NeRF-
[47, 48] and 3DGS-based [8, 56] reconstruction methods
that perform offline per-scene modeling assisted by exter-
nal GT priors (e.g., HD maps or bounding boxes), TT-Occ
generates occupancy representations in an online fashion,
relying solely on raw sensor streams and generally trained
VFMs to instantiate Gaussians capturing object geometry
and semantics in unbounded outdoor scenes.

Our framework follows a simple yet effective “lift-track-
voxelize” symphony: (1) Lift: at each test time step, we
first “lift” geometry and semantic information of surround-
ing views extracted via VFMs into time-aware 3D Gaussians
on the fly. The generated Gaussians can also be splatted back
onto the image plane through differentiable rasterization for
parameter optimization [20]. (2) Track: next, we “track” dy-
namic Gaussians and accumulate static ones using estimated
motion flow. This motion compensates for partial object
visibility and prevents trailing artifacts while maintaining
long-term temporal coherence. (3) Voxelize: at any given
timestamp, the generated 3D Gaussians can be voxelized
onto discrete occupancy grids with arbitrary user-specified
resolutions. Optionally, to further mitigate the inherent noise
in VFM predictions and tracking results, we introduce a
Trilateral Radial Basis Function (TRBF), which jointly con-
siders semantic, color, and spatial affinities to periodically
smooth the Gaussian parameters.

Extensive experiments on Occ3D-nuScenes [35] and the
recently released high-resolution nuCraft [58] demonstrate
that TT-Occ achieves better performance than existing self-
supervised counterparts, which typically require hundreds of
GPU training hours. Qualitative analysis further highlights
the superiority of TT-Occ in terms of temporal consistency
and open-vocabulary generalization.

2. Related Work
Occupancy Prediction. Fully supervised occupancy meth-
ods predict voxel-level semantics using dense voxel grids [12,
21, 42], depth priors [15, 22], or sparse representations [14,
25, 33]. Despite their effectiveness, these approaches rely
heavily on costly large-scale 3D annotations. To mitigate
this, recent methods explore self-supervised occupancy learn-
ing. SelfOcc [13] leverages signed distance fields (SDF)
and multi-view stereo embeddings to achieve temporally
consistent occupancy from videos. OccNeRF [50] utilizes
photometric consistency and 2D foundation model super-
vision for semantic occupancy estimation in unbounded
scenes. In open-world scenarios, POP3D [36] jointly trains
class-agnostic occupancy grids and open-vocabulary seman-
tics using unlabeled paired LiDAR and images, but suffers
from sparsity and semantic ambiguity due to low-resolution

CLIP [28] features. VEON [53] introduces a vocabulary-
enhanced occupancy framework trained with LiDAR su-
pervision, leveraging CLIP features for open-vocabulary
prediction and addressing depth ambiguities via enhance
depth model (MiDaS [29], ZoeDepth [2]). GaussianOcc
[10] uses Gaussian Splatting [20] for cross-view optimiza-
tion without pose annotations, while GaussianTR [16] aligns
rendered Gaussian features with pre-trained foundation mod-
els, enabling open-vocabulary occupancy prediction without
explicit annotations. Despite these advances, existing meth-
ods either rely on extensive offline training or struggle with
open-vocabulary settings and fixed resolutions. In contrast,
our approach overcomes these limitations by enabling occu-
pancy prediction through temporally coherent, training-free
Gaussian optimization at test time.
3D Reconstruction of Driving Scenes. Recent advances
in dynamic scene modeling [19, 32, 37] have achieved im-
pressive photorealism and multi-view consistency. Om-
niRe [8] performs real-time 3D reconstruction and simu-
lation by building local canonical spaces for dynamic urban
actors. Street Gaussians [46] separates moving vehicles from
static backgrounds, enabling efficient and high-quality ren-
dering. DrivingGaussian [56] incrementally reconstructs
static scenes and dynamically integrates moving objects via
Gaussian graphs for interactive editing. HUGS [55] jointly
optimizes geometry, appearance, semantics, and motion to
achieve real-time view synthesis and 3D semantic recon-
struction without explicit bounding box annotations. Au-
toregressive world modeling methods [40, 54] predict future
occupancy using previously estimated 3D occupancies, fa-
cilitating temporal reasoning in dynamic environments. Our
test-time approach fundamentally differs from these methods
by eliminating dependencies on external priors and annota-
tions (e.g., HD maps and GT bounding boxes). Instead, we
focus solely on raw sensor inputs, optimizing Gaussian rep-
resentations independently at each frame to directly infer the
accurate geometry, rather than reconstructing photorealistic
scenes or predicting future occupancy.

3. Proposed Approach

Task Formulation. At each time step t, the objective
of occupancy estimation is to infer the voxelized geome-
try and semantic labels of the current scene directly from
raw sensor inputs. Formally, we define the voxel grid as
O(t) ∈ CX

δ ×Y
δ ×Z

δ , where X,Y, Z defines the spatial di-
mensions of the region of interest, and δ is the voxel res-
olution (e.g., 0.2m). The input modality varies by variant.
The input of the vision-centric variant is M surrounding-
view camera images I(t) = {I(t)m ∈ R3×H×W }Mm=1, while
LiDAR-based variant additionally takes a LiDAR point cloud
P(t) = {p(t)

i ∈ R3}Nt
i=1. Each voxel in O(t) is assigned a

semantic label from the set C = {0, 1, . . . , C}, where 0 indi-
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Figure 2. Overview of the proposed TT-OccCamera and TT-OccLiDAR approaches. TT-Occ performs test-time 3D occupancy
estimation by directly integrating a suite of VFMs at runtime, avoiding any network training or fine-tuning. (a) Multi-view semantics are
obtained using arbitrary open-vocabulary segmentation VFMs (e.g., OpenSeed, GroundingSAM, REX-Omni). (b) Geometry cues are
extracted via depth/correspondence VFMs (e.g., VGGT, MapAnything). (c) Dynamic flow is estimated to track moving objects and prevent
trailing artifacts while accumulating static structure over time. (d) The resulting features instantiate and refine time-aware 3D Gaussians,
which can be voxelized at any resolutions for occupancy prediction. (e) TT-Occ supports both LiDAR-based and camera-only variants and
enables multi-resolution voxelization and semi-automatic annotation. Despite leveraging multiple VFMs, TT-Occ remains highly efficient,
delivering competitive occupancy performance across Occ3D-nuScenes and nuCraft.

cates an empty cell and labels 1 to C corresponds to distinct
occupied categories.

3.1. Lift Geometry and Semantics into Gaussians
For each time step, a set of time-aware Gaussian blobs
G(t) = {G(t)

i }
Kt
i=1 are instantiated to represent the scene.

Each Gaussian is parameterized by its mean position µi ∈
R3, opacity αi ∈ (0, 1), color ci ∈ R3, semantic probability
mi ∈ RC , time step t, and its spatial density is given by:

G
(t)
i (x) = exp

(
−1

2
(x− µi)

⊤Σ−1
i (x− µi)

)
, (1)

where covariance matrix Σi = R(qi) diag(s
2
i )R(qi)

⊤ is
factorzied by the orientation quaternion qi ∈ R4 and the
scale vector si ∈ R3

+. To project each Gaussian on the 2D
plane, we apply perspective transformation Proj(x;K,E)
with the intrinsic matrix K ∈ R3×3 and extrinsic matrix
E ∈ R3×4. The projected mean and covariance are:

µ2D
i = Proj(µi)1:2, Σ

2D
i = JProj(µi)ΣiJProj(µi)

⊤
1:2,1:2,

where JProj is the Jacobian matrix. The color of the pixel u
is then obtained by alpha blending.
Modality-Specific Initialization. In the LiDAR-based vari-
ant TT-OccLiDAR, the sparse LiDAR points are directly
initialized as 3D Gaussians, inheriting the precise spatial
positions from real-world measurements. In contrast, the
vision-centric variant TT-OccCamera reconstructs a 3D

point cloud from 3D vision foundation models (3DVFMs).
Specifically, we employ a pretrained 3DVFM such as VGGT
[37] and MapAnything [19] to estimate dense depth maps
from multi-view RGB inputs. When predicted depth maps
suffer from inherent scale ambiguity due to the lack of metric
supervision (e.g., in VGGT), we mitigate this issue by apply-
ing multi-view triangulation to keypoint correspondences in
overlapping views. See supplementary materials for details.
VFM Semantics. To incorporate semantic information, we
extract semantic maps from M surrounding views by query-
ing an open-vocabulary model [17, 30, 51]. Our framework
is agnostic to the specific VFM used and various segmen-
tation and grounding models were evaluated, as illustrated
in Fig. 2. These semantic maps are then lifted to 3D via a
visibility-weighted projection:

mi =
1

M

M∑
m=1

Im(µi)Mm(Proj (µi;Km,Em)), (2)

where mi is a fused semantic probability vector for the 3D
point. Specifically, µi ∈ R3 denotes the 3D coordinate
of the i-th point. For each camera view m ∈ {1, . . . ,M}:
Proj(µi;Km,Em) projects the 3D point µi onto the 2D
image plane using the corresponding camera intrinsics Km

and extrinsics Em;Mm(·) returns the semantic probability
vector from the open-vocabulary segmentation map at the
projected 2D location; Im(µi) is a binary visibility indicator,
equal to 1 if the point µi is visible in view m, and 0 other-
wise. The use of foundation models enables compatibility
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Figure 3. Illustration of trailing artifacts caused by naïvely
accumulating per-frame Gaussians. Without handling dynamic
regions, moving objects (e.g., cars shown in blue voxels) leave
behind smeared or duplicated structures, corrupting the occupancy
field. Our tracking suppresses these artifacts by separating dynamic
Gaussians from static ones.

with open-vocabulary semantic queries, allowing TT-Occ to
flexibly adapt to user-specified class definitions at test time.
For benchmark evaluation on nuScenes [5], we adopt the
standard label space; however, our method inherently sup-
ports open-vocabulary settings without requiring retraining,
in contrast to conventional self-supervised occupancy pre-
diction approaches (e.g., [13]) that depend on fixed decoder
architectures and label sets.
Voxel-aware Simplifications. To accelerate Gaussian opti-
mization and subsequent voxelization, we simplify the stan-
dard 3DGS [20] by initializing the scale parameters with
δ and constraining them using a sigmoid activation rather
than an exponential function to prevent excessive growth.
Additionally, we prune redundant Gaussians within the same
voxel cell (size δ) while merging their semantic probabilities.

3.2. Track Dynamic Gaussians
Reconstructing a driving scene faithfully can be challenging
due to fast-moving objects (e.g., vehicles, pedestrians) that
are often only partially observed. Without prior knowledge
such as complete trajectories or bounding box annotations of
moving instances used in [39, 56], optimizing 3D Gaussians
online can often result in severe trailing artifacts. To address
this, we propose to track dynamic Gaussians while accu-
mulating static ones across adjacent frames. In the upper
image of Fig. 3, fast-moving vehicles (blue voxels) produce
noticeable trailing artifacts, while the lower image shows a
clean reconstruction after the Gaussian tracking.
Modality-Specific Tracking. Both TT-OccCamera and
TT-OccLiDAR share the same mechanism for static Gaus-
sian inheritance, which enhances scene completeness by ac-
cumulating temporally consistent observations across frames.
The key difference lies in how dynamic Gaussians are han-
dled, particularly in their tracking strategy and purpose.
For TT-OccLiDAR, we track the Gaussian motion with
learning-free Gaussian scene flow estimation, which allows
us to relocate dynamic Gaussians accordingly. Our pipeline
consists of the following steps: associating instances by
projecting LiDAR points onto segmentation masks; denois-
ing with DBSCAN [9]; matching clusters across frames

based on spatial proximity and shape similarity; and finally
estimating 3D flow using the iterative closest point (ICP) al-
gorithm [1]. For TT-OccCamera, we estimate optical flow
between adjacent frames of the same camera using RAFT
[34], and compute ego-motion flow based on inter-frame
camera poses and per-pixel depth predicted by 3DVFMs
(e.g., VGGT [37] or MapAnything [19]). Subtracting the
ego-motion flow from the optical flow yields a residual dy-
namic flow, which reflects true object motion. Although this
2D dynamic flow could, in principle, guide the 3D motion of
dynamic Gaussians, back-projecting it into 3D space tends
to amplify noise from both RAFT and 3DVFMs, resulting
in unstable Gaussian motion. To mitigate this, we adopt
a compromise strategy by thresholding the dynamic flow
magnitude to obtain a dynamic mask that identifies likely
moving regions. The corresponding 3D Gaussians projected
onto these regions are treated as dynamic and excluded from
static accumulation in the next frame. While this approach
does not allow accumulation of dynamic objects as in the
LiDAR-based variant, it effectively reduces artifacts caused
by noisy motion cues and temporal inconsistencies. See
supplementary materials for implementation details.

3.3. Gaussian Voxelization
Following 3DGS [20], our model refines Gaussian param-
eters at test time by minimizing a loss that enforces color
consistency, with sky regions intentionally masked out as in
[56]. Optionally, to further mitigate the inherent noise and
errors in VFMs’ predictions and tracking results, we intro-
duce a Trilateral Radial Basis Function (TRBF) kernel for
periodic smoothing and denoising. TRBF kernel improves
the spatial and temporal coherence of occupancy predictions
by leveraging spatial, radiometric, and semantic affinities
among Gaussians for anisotropic information propagation
while preserving local structures and semantic boundaries.
Formally, for each mi ∈ G

(t)
i , the kernel smoothing is de-

fined as a deformable convolution over its nearest neighbors:

mi ←
1

Z(i)

∑
j∈NN(i)

mj · K(i, j), (3)

where NN(·) identifies K nearest Gaussians using a KD-
Tree for efficient search and Z(i) is a normalization factor
Z(i) =

∑
j∈NN(i)K(i, j) to ensure that mi sums to 1 as

a valid probability. By the Schur Product Theorem, the
trilateral kernel decomposes element-wise into spatial, radio-
metric, and semantic components:

K(i, j) = Kµ(i, j) · Kc(i, j) · Km(i, j), (4)

where each term attr ∈ {µ, c,m} is defined as the follow-
ing format:

Kattr(i, j) = exp(−∥ attri− attrj ∥2

2σ2
attr

). (5)
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Table 1. Occupancy prediction performance on Occ3D-nuScenes [35]. Best results among self-supervised methods are highlighted in bold.
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BEVFormer(ECCV’22) [23] C 26.88 37.83 17.87 40.44 42.43 7.36 23.88 21.81 20.98 22.38 30.70 55.35 36.0 28.06 20.04 17.69

CTF-Occ(NeurIPS’23) [35] C 28.53 39.33 20.56 38.29 42.24 16.93 24.52 22.72 21.05 22.98 31.11 53.33 37.98 33.23 20.79 18.0

RenderOcc(ICRA’24) [27] C 23.93 27.56 14.36 19.91 20.56 11.96 12.42 12.14 14.34 20.81 18.94 68.85 42.01 43.94 17.36 22.61

OccFlowNet(WACV’25) [4] C&L 26.14 27.50 26.00 34.00 32.00 20.40 25.90 18.60 20.20 26.00 28.70 62.00 37.80 39.50 29.00 26.80

SimpleOcc(TIV’24) [11] C 7.99 0.67 1.18 3.21 7.63 1.02 0.26 1.80 0.26 1.07 2.81 40.44 18.30 17.01 13.42 10.84

OccNeRF(Arxiv’24) [50] C 10.81 0.83 0.82 5.13 12.49 3.50 0.23 3.10 1.84 0.52 3.90 52.62 20.81 24.75 18.45 13.19

DistillNeRF(NeurIPS’24) [39] C 8.93 1.35 2.08 10.21 10.09 2.56 1.98 5.54 4.62 1.43 7.90 43.02 16.86 15.02 14.06 15.06

GaussianOcc(Arxiv’24) [10] C 11.26 1.79 5.82 14.58 13.55 1.30 2.82 7.95 9.76 0.56 9.61 44.59 20.10 17.58 8.61 10.29

GaussianTR(CVPR’25) [16] C 11.70 2.09 5.22 14.07 20.43 5.70 7.08 5.12 3.93 0.92 13.36 39.44 15.68 22.89 21.17 21.87

LangOcc(3DV’25) [3] C 11.84 3.10 9.00 6.30 14.20 0.40 10.80 6.20 9.00 3.80 10.70 43.70 9.50 26.40 19.60 26.40

VEON-LiDAR(ECCV’24) [53] C&L 15.14 10.40 6.20 17.70 12.70 8.50 7.60 6.50 5.50 8.20 11.80 54.50 25.50 30.20 25.40 25.40

SelfOcc(CVPR’24) [13] C 10.54 0.15 0.66 5.46 12.54 0.00 0.80 2.10 0.00 0.00 8.25 55.49 26.30 26.54 14.22 5.60

TT-OccCamera C 16.70 21.51 10.46 10.70 14.72 11.89 12.33 9.71 12.20 4.37 7.92 48.27 23.70 28.31 14.13 20.24

TT-OccLiDAR C&L 27.41 32.44 16.08 16.88 22.56 28.32 21.06 14.34 20.02 10.33 14.47 52.60 31.40 37.21 48.02 45.37

From a signal processing perspective, the trilateral smooth-
ing behaves as a non-stationary low-pass filter with locally
adaptive cutoff frequencies.

For efficient occupancy estimation, we voxelize the ac-
cumulated Gaussians G(t) into a discrete grid Ω = [Xδ ×
Y
δ ×

Z
δ ], where each Gaussian’s contribution on a voxel

is weighted based on its spatial proximity. Formally, the
semantic probability of a voxel v ∈ Ω is given by:

P(O(t)
v ) =

1

Zv

∑
G

(t)
i ∈G(t)

(mi · Kµ(i, v)) , (6)

where Zv is the normalizing factor to ensure that P(O(t)
v )

sums to 1 as a valid probability. This voxelization strategy
allows flexible scaling to varying voxel resolutions during
test-time, balancing efficiency and precision.

4. Experiments
4.1. Experiment Setup
Experiments were conducted on the widely used nuScenes
[5] benchmark using 3D occupancy GT from Occ3D-
nuScenes [35] and nuCraft [58]. The nuScenes dataset con-
sists of 600 training scenes and 150 validation ones. Existing
supervised and self-supervised methods typically require ex-
tensive offline training on the training split. In contrast,
TT-Occ requires no pretraining and is directly evaluated on
the validation split. In particular, Occ3D-nuScenes [35] pro-
vides voxelized occupancy annotations at 0.4m resolution,
covering a spatial range o [−40m, 40m] along the X and Y
axes and [−1m, 5.4m] along the Z axis. nuCraft [58] offers
more finer-grained annotations with a resolution of 0.2m,

covering [−51.2m, 51.2m] in the X and Y directions and
[−5m, 3m] in the Z direction.

We evaluate semantic occupancy prediction using mean
Intersection over Union (mIoU), computed as the average
IoU across all classes. Following prior works [10, 16, 50],
we exclude the “noise” and “other flat” categories, as these
do not correspond to valid prompts in open-vocabulary seg-
mentation. We primarily compare our method with self-
supervised counterparts, including SimpleOcc [11], OccN-
eRF [50], DistillNeRF [39], GaussianOcc [10], GaussianTR
[16], LangOcc [3], VEON [53], and SelfOcc [13]. These
methods represent a broad range of self-supervised occu-
pancy research and include both NeRF [26] and 3DGS [20]
representation. For reference, we also include results from
self-supervised methods that serve as upper bounds for per-
formance comparison. These include BEVFormer [23] and
CTF-Occ [35], which are trained with dense 3D voxel-level
annotations, as well as RenderOcc [27] and OccFlowNet [4],
which are trained on sparse point-level ground truth. All
experiments were conducted on an NVIDIA RTX 6000 Ada
(48GB) GPU. Please refer to the supplementary materials
for implementation details.

4.2. Main Results
Results on Occ3D-nuScenes are shown in Table 1. It is
evident that both variants of TT-Occ not only eliminate the
need for costly offline training but also surpass the previous
SOTA. Notably, TT-OccLiDAR even achieves an mIoU of
27.41, surpassing RenderOcc [27] (23.93), which is trained
with sparse 3D ground truth. Moreover, our camera-only
variant TT-OccCamera reaches an mIoU of 16.70, exceed-
ing VEON-LiDAR [53] (15.14), which is trained using Li-
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Table 2. 3D occupancy prediction performance on the high-resolution nuCraft dataset [58]. Pretraining time is reported in GPU hours.
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C-CONet(ICCV’23) [41] Dense - 13.4 14.30 9.10 16.50 18.30 7.40 12.30 11.10 9.40 5.80 13.20 32.50 - - - 19.90

SelfOcc†(CVPR’24) [13] ✗ 384 hrs 2.22 0.41 0.54 2.79 7.12 0.00 0.81 1.67 0.00 0.00 5.50 2.41 3.88 3.55 1.96 2.72

TT-OccCamera ✗ ✗ 5.95 9.21 5.58 5.35 6.19 3.93 7.28 4.86 4.73 2.89 3.44 10.15 6.17 7.18 3.92 8.45
TT-OccLiDAR ✗ ✗ 10.92 14.92 8.15 12.21 11.93 10.71 13.82 6.25 8.39 6.93 9.05 12.57 8.41 10.29 12.89 17.37

Ground 
Truth

SelfOcc 
(CVPR’24)

TT-Occ
Camera

TT-Occ
LiDAR

Figure 4. Qualitative comparisons on nuCraft [58] between both variants of the proposed TT-Occ and SelfOcc [13].

Table 3. Comparison of TT-Occ and SelfOcc [13] using the same
OpenSeed [51] VFM under different RayIoU thresholds.

Method mIoU RayIoU@1 RayIoU@2 RayIoU@4

SelfOcc [13] 10.5 8.9 10.5 12.0
TT-OccCamera 13.4 10.0 12.9 15.7
TT-OccLiDAR 23.6 20.9 24.1 25.8

DAR supervision. In addition, compared to the SOTA self-
supervised baseline SelfOcc [13], our approach achieves
higher IoU not only for frequently occurring, large-area
categories such as terrain and vegetation, but also shows
substantial improvements on rare, dynamic, and small-area
categories such as motorcycle, bus, and pedestrian.

To further evaluate the geometric quality beyond conven-
tional mIoU, we report RayIoU under multiple thresholds,
following the standard protocol in [24]. Importantly, all

methods are equipped with the same OpenSeed [51] VFM
for fair comparison. As shown in Table 3, both TT-Occ
variants achieve consistent gains across all RayIoU levels,
indicating that our time-aware 3D Gaussians improve not
only occupancy classification but also the metric accuracy of
reconstructed geometry along camera rays. TT-OccCamera
improves the RayIoU@4 metric by 30.8% over SelfOcc,
while TT-OccLiDAR delivers the strongest performance with
a substantial 115% improvement. These results highlight
that TT-Occ suppresses temporal drift and produces cleaner
free-space estimates, where those qualities that are not fully
captured by mIoU alone. In practice, higher RayIoU trans-
lates to more reliable scene geometry for downstream plan-
ning and safety-critical perception modules, underscoring
the superiority of TT-Occ given the same semantic VFM.

Results on nuCraft are summarized in Table 2. As no
prior self-supervised methods have been trained or evaluated
under this setting, we adapt SelfOcc [13] using its official
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𝔸 𝔹
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(a) Ablation Results of TT-OccLiDAR
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A 7.3 5.0 9.8 12.3
B 18.3↑11.0 16.6↑11.6 25.5↑15.7 31.4↑19.1
C 23.5↑5.2 9.6↓7.0 12.8↓12.7 43.5↑12.1
D 25.6↑2.1 17.2↑7.6 24.4↑11.6 43.4↓0.1

𝔸 𝔹

ℂ 𝔻

(b) Ablation Results of TT-OccCamera
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A 4.2 2.5 3.3 3.6
B 8.5↑4.3 6.1↑3.6 5.5↑2.2 8.3↑4.7
C 14.1↑5.6 5.6↓0.5 4.7↓0.8 15.3↑7.0
D 14.1↑0.0 8.0↑2.4 5.3↑0.6 15.3↓0.0

Figure 5. Qualitative and quantitative comparisons of TT-Occ variants. Left: TT-OccLiDAR visualization and ablation results.
Right: TT-OccCamera visualization and ablation results. Each variant incrementally incorporates additional components: A: Baseline; B:
Covariance-aware Voxelization; C: Inherit Previous Gaussians; D: Track Dynamic Gaussians. Please zoom in to view details.

implementation and checkpoint as a baseline for comparison.
As shown in the table, TT-Occ consistently and significantly
outperforms SelfOcc, demonstrating superior adaptability
and robustness across varying resolutions.

Qualitative comparisons on nuCraft between both variants
of TT-Occ and SelfOcc [13] are shown in Fig. 4. Several key
observations emerge from these results. (1) Both our LiDAR
and camera variants produce highly accurate occupancy pre-
dictions that closely align with the ground truth. In contrast,
SelfOcc generates overly dense predictions, assigning occu-
pancy to nearly all voxels, including empty regions. This not
only incurs significant computational redundancy but also
results in severe discrepancies with the ground truth, partic-
ularly around dynamic objects (see the radial blue regions).
(2) The LiDAR-based variant produces geometrically accu-
rate reconstructions with broad spatial coverage. However,
its fidelity is inherently constrained by the sparsity of LiDAR
returns, especially for small or partially scanned objects such
as vehicles. (3) The camera-based variant offers denser re-
constructions and better captures small objects within the
field of view. Nonetheless, it may struggle with distant re-
gions due to occlusions or limited depth resolution, and the
geometry inferred from depth estimation is generally less
accurate than that derived from LiDAR. Despite these chal-
lenges, TT-OccCamera still remains the state-of-the-art
among vision-only occupancy methods.

4.3. Ablation Studies
To evaluate the effectiveness of each component in TT-Occ,
we conduct ablation studies on a 10% held-out validation
subset of Occ3D-nuScenes [35]. Since dynamic classes typ-
ically occupy only a small portion of the scene but play a
critical role in both human perception and downstream tasks,
we report not only the overall IoU and mIoU, but also the
IoU of representative dynamic classes (bus, pedestrian) and
a representative static class (manmade). We use 3DGS [20]
as the baseline (A), where Gaussians are initialized using
the “lift” strategy introduced in Section 3.1 at each time
step without temporal information. Gaussians are voxelized
by directly scattering their centers. As shown in the tables
present in Fig. 5, this naïve approach yields poor results due
to sparse observations, emphasizing the importance of using
anisotropic Gaussian occupancy to better approximate scene
geometry. Next, we introduce covariance-aware voxeliza-
tion (Eq. (6)) and apply sigmoid-based scale regulation (B).
These lead to consistent improvements across both static and
dynamic classes for both LiDAR and camera inputs.

Both Variants A and B are single-frame models. Allow-
ing Gaussians to directly accumulate across frames without
tracking (C) greatly improves the overall and static class
performance (e.g., manmade) due to the aggregation of Gaus-
sians for static content, which dominates the scene. However,
dynamic class performance drops significantly, as untracked
accumulation of moving Gaussians causes temporal inconsis-
tency (see C in Fig. 3 for trailing artifacts). To address this,
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Table 4. Impact of semantic and geometric VFMs of TT-Occ.
Method Semantic Geometry mIoU ↑
SelfOcc OpenSeeD [51] – 11.6

TT-OccLiDAR
OpenSeeD [51] – 23.6

GroundedSAM2 [30] – 21.3
REX-Omni [17] – 27.4

TT-OccCamera

OpenSeeD [51] VGGT [37] 13.4
OpenSeeD [51] MapAnything [19] 14.3

GroundedSAM2 [30] VGGT [37] 12.2
REX-Omni [17] VGGT [37] 15.9
REX-Omni [17] MapAnything [19] 16.7

we incorporate tracking dynamic Gaussians as described in
Section 3.2, which significantly improves the accuracy of
dynamic classes while maintaining performance on static
content. As shown in D, this yields cleaner occupancy with
trailing and ghosting artifacts largely eliminated. The abla-
tion study on the optional TRBF fusion module is presented
in supplementary materials.
Ablation on Loosely Coupled VFM Components. To
demonstrate that our framework is loosely coupled and can
support arbitrary VFMs, and to further investigate how dif-
ferent VFMs affect overall performance, we integrate three
semantic models, namely OpenSeeD [51], GroundingSAM2
[30], and REX-Omni [17], as well as two depth-estimation
backbones, VGGT [37] and MapAnything [19]. Results
of all combinations on Occ3D-nuScenes [35] are summa-
rized in Table 4. GroundingSAM2 yields the weakest per-
formance, while REX-Omni provides the strongest semantic
cues. Among depth models, MapAnything consistently out-
performs VGGT, primarily because it provides metric-scale
depth directly, whereas VGGT requires additional triangu-
lation to recover metric scale, which inevitably introduces
errors. Overall, these experiments confirm that our loosely
coupled, modular design allows seamless integration of ad-
vanced VFMs without modification, directly benefiting from
their rapid evolution and scaling trend.
Efficiency Analysis. We provide a detailed runtime break-
down of our pipeline for the vision-centric and LiDAR-
based variants in Fig. 6 (using OpenSeeD [51]). The re-
ported values represent the average processing time per
timestep across six input images. Semantic segmentation
using OpenSeeD [51] constitutes the most computationally
intensive step in both pipelines, accounting for 28.5% of
total runtime in the camera variant and 77.9% in the Li-
DAR variant. In the vision-centric scenario, the absence
of LiDAR data requires additional processes such as depth
estimation, triangulation-based calibration, and point cloud
denoising, collectively contributing 46.5% of the overall run-
time. Gaussian voxelization and the optional TRBF fusion
module are relatively efficient; however, their runtime is
proportional to the number of Gaussians involved. There-
fore, the camera-based pipeline which has denser Gaussians
experiences slightly increased computational overhead com-
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Figure 6. Inference time comparison among TT-OccCamera, TT-
OccLiDAR, and SelfOcc [13]. The horizontal stacked bars illustrate
the per-module runtime composition of each module.

Table 5. Memory statistics of TT-Occ.

Variant Gaussians Peak Mem (GB)

TT-OccLiDAR 786,874 5.6 (dom. by OpenSeeD)
TT-OccCamera 2,968,647 9.9 (dom. by Gaussians)

pared to its LiDAR-based counterpart. Finally, tracking
dynamic Gaussians in TT-OccCamera incurs much higher
computational costs compared to TT-OccLiDAR due to its
reliance on dense optical flow estimation across six images
using RAFT [34], whereas the LiDAR variant only applies
lightweight ICP alignment for sparse foreground points.

We report the average peak GPU memory usage on high-
resolution nuCraft [58] in Table 5. Because our system
processes modules sequentially, the peak memory footprint
is determined by the most demanding component at runtime
(e.g., OpenSeeD or the accumulated Gaussians). In the Li-
DAR variant, memory usage is primarily dominated by the
semantic module, whereas in the camera variant, the grow-
ing set of Gaussians becomes the major contributor. Overall,
TT-Occ maintains a peak memory consumption below 10GB
for both LiDAR and camera settings.

5. Conclusion
In this paper, we presented TT-Occ, a practical and flexible
test-time 3D occupancy framework that turns generic vision
foundation models into an effective occupancy predictor
through time-aware 3D Gaussians. By bypassing conven-
tional dense occupancy decoders, TT-Occ enables arbitrary
voxel resolutions, open-vocabulary object recognition, and
strong temporal coherence without any additional pretrain-
ing. Extensive evaluations on Occ3D and nuCraft demon-
strate that both our LiDAR-based and vision-centric variants
deliver consistent accuracy gains and competitive efficiency,
underscoring the promise of TT-Occ as a deployable, VFM-
native solution for real-world driving environments.
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