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Abstract. In this paper, we explore dense voxel streaming for accurate005 005

and efficient 3D occupancy prediction. While dense voxel representa-006 006

tions offer fine-grained spatial details and streaming paradigm enables007 007

efficient temporal processing, naively combining the two introduces key008 008

challenges: (i) warping-induced distortions caused by interpolation used009 009

for temporal alignment, and (ii) degraded dynamic object representa-010 010

tions due to motion misalignment and detail loss in image-to-voxel pro-011 011

jection. To address these, we propose StreamOcc, a novel framework012 012

that utilizes two aggregation strategies. Specifically, it first refines prop-013 013

agated voxel features to reduce warping artifacts before temporal accu-014 014

mulation, and then selectively injects instance-level query features en-015 015

coding dynamic-object semantics into the corresponding occupied voxel016 016

regions, preserving temporally consistent modeling while strengthening017 017

dynamic object representations. Unlocking effective dense voxel stream-018 018

ing, StreamOcc achieves state-of-the-art performance on SurroundOcc-019 019

benchmark and Occ3D-nuScenes under real-time constraints, outper-020 020

forming the prior best methods by +1.3/2.5 and +1.5/2.0 in (over-021 021

all/dynamic object) mIoU, respectively, while running at 83.3 ms per022 022

frame with only 2.8 GB of memory. Code will be available.023 023

Keywords: 3D Occupancy Prediction · Dense Voxel Streaming · Au-024 024

tonomous Driving025 025

1 Introduction026 026

Vision-based 3D occupancy prediction has become a key perception task for027 027

autonomous driving, enabling dense and comprehensive scene understanding.028 028

Specifically, it aims to classify each voxel in 3D space into semantic categories,029 029

including static objects (e.g., sidewalks, drivable surfaces), dynamic objects (e.g.,030 030

vehicles, pedestrians), and free space [31, 35, 38]. This requires an accurate and031 031

fine-grained understanding of dense 3D spatial semantics.032 032

Recent methods often leverage the multi-frame fusion mechanism (i.e., jointly033 033

processing current and several past frames) to incorporate temporal context, us-034 034

ing either dense voxel representations [7, 19–21, 26, 30, 34] or sparse representa-035 035

tions [5,6,9,11,24,32] (e.g., z-axis pooled features, sparse voxels or queries, and036 036

Gaussians). However, these methods suffer from an inherent accuracy–efficiency037 037
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Fig. 1: (a) Challenges of naive dense voxel streaming and the proposed StreamOcc
framework, consisting of StreamAgg and QueryAgg to address them. (b) 3D occupancy
prediction results on Occ3D-nuScenes [31], showing consistent improvements with
StreamOcc components over naive streaming and the prior best real-time method [2].

trade-off. While dense voxel representations preserve fine-grained 3D spatial038 038

details, repeatedly processing dense historical features incurs high computa-039 039

tional costs in terms of memory consumption (5–12GB) and inference latency040 040

(166–1,250ms), limiting practical deployment. In contrast, compressed or sparse041 041

representations attempt to improve efficiency, but this often comes at the cost042 042

of spatial fidelity due to their limited representational capacity.043 043

To avoid repeatedly processing multiple frames, the streaming paradigm of-044 044

fers an efficient alternative by recurrently updating propagated features with045 045

current-frame features. While this approach has demonstrated strong temporal046 046

modeling performance in sparse prediction tasks, such as 3D object and map047 047

detection [3, 23, 37], its extension for 3D occupancy prediction remains non-048 048

trivial. Recent works have extended this streaming paradigm for 3D occupancy049 049

prediction, including GaussianWorld [43] and ViewFormer [15]. However, these050 050

approaches rely on sparse representation, such as Gaussian primitives or com-051 051

pressed representations, which inherently limit their capacity to accurately model052 052

dense 3D spatial semantics.053 053

Motivated by these observations, we explore a dense voxel streaming frame-054 054

work that integrates streaming-based temporal efficiency with voxel-based fine-055 055

grained 3D representation. Yet, as illustrated in Fig. 1 (a)-top, naively applying056 056

this integration struggles to capture fine-grained spatial details of the scene due057 057

to two key challenges: (i) warping-induced distortions, which arise when aligning058 058

propagated voxel features from the previous timestep to the current ego-centric059 059

coordinate as grid values are resampled via interpolation. (ii) degraded dynamic060 060

object features, which are caused by motion-induced misalignment and informa-061 061

tion loss that inherently occurs when projecting image features into voxel space062 062

(e.g., sparse projections of distant objects, coarse-grid instance merging, and063 063

occlusion-induced feature truncation).064 064

In response to these challenges, our proposed method (StreamOcc) adopts065 065

two aggregation strategies to enable effective dense voxel streaming. First, we066 066
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design Rectified Voxel Streaming Aggregation (StreamAgg) to enable tempo-067 067

rally consistent streaming of dense voxel features. It warps voxel features from068 068

the previous timestep and refines propagated voxel features to mitigate distor-069 069

tion through geometry-aware adaptive residual correction and align voxel se-070 070

mantics with the current frame before recurrent fusion. Second, to improve071 071

dynamic object modeling, which is safety-critical in autonomous driving due to072 072

importance of interactions with dynamic agents, we introduce Query-guided Ag-073 073

gregation (QueryAgg). In this module, instance queries encode dynamic object074 074

semantics extracted from image space and are selectively injected into the corre-075 075

sponding occupied voxel regions, compensating for the limitations of voxel-only076 076

accumulation. Unlike prior strategies that re-aggregate image features across all077 077

voxels [19,26,30], our targeted aggregation focuses on dynamic objects, thereby078 078

enhancing their representations more effectively and efficiently.079 079

Our contributions can be summarized as follows:080 080

• We introduce StreamOcc, the first framework that integrates a streaming081 081

paradigm with dense voxel representations for 3D occupancy prediction,082 082

achieving both high spatial fidelity and computational efficiency.083 083

• To mitigate warping-induced distortions and degraded dynamic object rep-084 084

resentations arising from streaming dense voxel features, we introduce Rec-085 085

tified Voxel Streaming Aggregation and Query-guided Aggregation; their086 086

effects are shown in Fig. 1(b).087 087

• We demonstrate that StreamOcc achieves state-of-the-art performance on088 088

SurroundOcc-benchmark and Occ3D-nuScenes under real-time constraints.089 089

Notably, it runs at 83.3 ms latency with only 2.8 GB memory, striking a090 090

strong balance between accuracy and efficiency.091 091

2 Related Work092 092

2.1 3D Occupancy Prediction093 093

3D occupancy prediction is a dense prediction task that assigns semantic labels094 094

to the entire scene-wise voxel space for comprehensive 3D scene understand-095 095

ing. Early methods extended BEV features into 3D voxel space to construct096 096

voxel-based representations [8,17,19], while subsequent approaches [20,31,35,38]097 097

further improved these voxel representations through multi-scale encoding and098 098

depth–semantic fusion. However, using only a single frame limits visibility in oc-099 099

cluded regions and results in sparse feature projection, leading to incomplete100 100

scene reconstructions. To alleviate this limitation, multi-frame fusion meth-101 101

ods [7, 21, 26, 30, 34] jointly process consecutive frames to improve temporal102 102

consistency and scene completeness, achieving strong performance. While multi-103 103

frame fusion improves temporal consistency and scene completeness, employ-104 104

ing dense voxel representations in this setting introduces substantial computa-105 105

tional overhead. In pursuit of higher efficiency, recent methods adopt sparse or106 106

compressed representations. TPVFormer [10] models 3D space using tri-plane107 107
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features, while SparseOcc [24], FastOcc [6], GSD-Occ [5], and OPUS [32] re-108 108

duce computation through compressed features or sparse representations, in-109 109

cluding voxel- and query-based approaches. More recently, Gaussian-based meth-110 110

ods [9,11,28,43] have emerged as efficiency-oriented alternatives. However, com-111 111

pressed and sparse representations often struggle to preserve fine-grained spatial112 112

fidelity or require a large number of primitives (e.g. Gaussians, query sets) to113 113

maintain semantic detail, leading to increased computational cost. Consequently,114 114

achieving high spatial fidelity without sacrificing efficiency remains a key chal-115 115

lenge in 3D occupancy prediction.116 116

2.2 Streaming in 3D Perception117 117

To avoid the computational cost of processing multiple frames, the streaming118 118

paradigm, which recurrently updates propagated features with current features,119 119

has emerged as an efficient alternative. This design has demonstrated strong120 120

temporal modeling performance in sparse prediction tasks, such as 3D object121 121

or map detection [3, 13, 14, 23, 33, 37]. Motivated by these advantages, recent122 122

works have extended the streaming paradigm for 3D occupancy prediction us-123 123

ing sparse representations, including GaussianWorld [43], which models the scene124 124

using Gaussian primitives, and ViewFormer [15], which adopts compressed repre-125 125

sentations (BEV feature). However, unlike sparse prediction tasks, which model126 126

only a subset of spatial locations and do not require maintaining a fully dense127 127

representation, 3D occupancy prediction requires voxel-wise semantic modeling128 128

across the entire scene. This fundamental difference makes sparse representations129 129

inherently insufficient for 3D occupancy prediction, as their limited representa-130 130

tional capacity restricts accurate modeling of fine-grained 3D spatial semantics.131 131

Building upon this observation, we propose StreamOcc, a framework that effec-132 132

tively integrates the streaming paradigm with dense voxel representations for133 133

accurate and efficient 3D occupancy prediction.134 134

3 Method135 135

We present a 3D occupancy prediction framework that effectively integrates a136 136

streaming paradigm with dense voxel representations. As illustrated in Fig. 2, the137 137

framework consists of two main phases: Rectified Voxel Streaming Aggregation138 138

(StreamAgg; Sec. 3.1) and Query-guided Aggregation (QueryAgg; Sec. 3.2).139 139

3.1 StreamAgg: Rectified Voxel Streaming Aggregation140 140

In this section, we present Rectified Voxel Streaming Aggregation (StreamAgg),141 141

which recurrently accumulates voxel features while mitigating warping-induced142 142

distortions to preserve temporal consistency. StreamAgg comprises three com-143 143

ponents: (i) 2D-to-3D feature extraction, (ii) motion-aware warping for temporal144 144

alignment, and (iii) adaptive residual correction to suppress the distortions.145 145
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Fig. 2: Overview of StreamOcc. StreamOcc predicts the 3D occupancy state of each
voxel in a streaming manner via two-stage aggregation. First, voxel features are recur-
rently accumulated over time through Rectified Voxel Streaming Aggregation (Stream-
Agg), which mitigates warping-induced distortions during temporal propagation. These
temporally aggregated features are further refined using Query-guided Aggregation
(QueryAgg), which leverages instance queries encoding fine-grained semantics to en-
hance dynamic object representations.

2D-to-3D View Transformation. Given a set of N multi-view images {Iti} for146 146

i ∈ {1, 2, . . . , N} at the current timestep t, we extract multi-scale 2D features Fi147 147

using a ResNet [4] with FPN [22]. Following prior works [5,7,26], we project the148 148

image features into a unified 3D voxel space, producing an initial voxel feature149 149

Vt
init ∈ RCinit×X×Y×Z , where X, Y , and Z denote the voxel grid dimensions.150 150

We then apply a lightweight 3D-FPN to aggregate multi-level voxel features and151 151

obtain the current downsampled voxel feature Vt
down ∈ RC×X

2 ×Y
2 ×Z

2 .152 152

Motion-aware Voxel Feature Warping. In streaming settings, propagated153 153

voxel features Vt−1
final ∈ RC×X

2 ×Y
2 ×Z

2 from the previous timestep (which have154 154

recurrently accumulated temporal context) must be aligned to the current ego-155 155

centric coordinates. Without such alignment, naive temporal accumulation leads156 156

to spatial inconsistencies, degrading dense voxel representations. To address this,157 157

we warp Vt−1
final according to the ego-motion between frames.158 158

As the initial step of this warping process, we transform the spatial coor-159 159

dinates of the previous voxel grid Pe(t − 1) into the current ego-centric frame:160 160

161 161

P̄e(t) = T t
g→e · T t−1

e→g ·Pe(t− 1), (1)162 162

where T t−1
e→g maps coordinates from the past ego frame to the global frame, and163 163

T t
g→e maps them to the current ego-centric frame. We then obtain the warped164 164

voxel feature via trilinear interpolation Interp(·) to resample past voxel features165 165

onto the current voxel grid:166 166

Vt
warp = Interp(Vt−1

final, P̄
e(t),Pe(t− 1)), (2)167 167
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Adaptive Residual Refinement. The warping process propagates contex-168 168

tual cues from past observations but inevitably introduces distortions due to169 169

interpolation-based voxel features resampling. These distortions often lead to170 170

erroneous values or blurred object boundaries, degrading feature quality and171 171

temporal consistency. To mitigate these effects and preserve spatial consistency172 172

over time, we introduce an Adaptive Residual Refinement module (Fig. 3).173 173

Specifically, it adopts a bottleneck design [4] to efficiently process the warped174 174

feature Vt
warp: it compresses the feature to C/4 channels, applies 3D convolu-175 175

tions, and expands it back to C channels to obtain a corrective representation176 176

Vt
out. Since warping artifacts are concentrated around object boundaries rather177 177

than uniformly distributed across the voxel space, the residual update should be178 178

selectively weighted. Accordingly, we extend the Convolutional Block Attention179 179

Module [36] to the 3D domain and introduce explicit supervision for adaptive180 180

residual correction and semantic refinement. Under this design, 3D channel and181 181

spatial attention are applied as follows:182 182

Mc = σ(MLP(Avgs(V
t
out)) + MLP(Maxs(V

t
out))),

Ms = Conv3D([Avgc(Mc ⊙Vt
out);Maxc(Mc ⊙Vt

out)]),
(3)183 183

where σ and ⊙ denote the sigmoid function and element-wise multiplication,184 184

respectively, alongside spatial (Avgs, Maxs) and channel (Avgc, Maxc) pooling.185 185

The spatial attention feature Ms serves as a soft gating signal for the adap-186 186

tive residual update. To guide the gating mechanism to focus on meaningful187 187

features for the residual update, we supervise Ms with the ground-truth binary188 188

occupied mask during training (Geometry Supervision). This supervision189 189

enables Ms to distinguish occupied regions from free space, allowing geometry-190 190

aware adaptive weighting of the residual update. Using these geometry-aware191 191

adaptive weights, we refine the warped voxel feature as follows:192 192

Vt
refwarp = σ(Ms)⊙ (Mc ⊙Vt

out) +Vt
warp. (4)193 193

While geometry-guided gating encourages the residual update to focus on194 194

meaningful regions, it does not explicitly specify which semantic cues the cor-195 195

rective feature should learn to rectify warping-induced distortions in Vt
warp. To196 196
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address this, we introduce Semantic Supervision to enforce semantic con-197 197

sistency by training Vt
refwarp to predict the semantic occupancy of the current198 198

frame. This supervision guides the residual correction to encode semantically199 199

consistent features, suppressing warping artifacts and aligning the representa-200 200

tion with the current scene state.201 201

StreamAgg then outputs the aggregated voxel feature Vt
S.A by concatenating202 202

the refined warped feature with the current voxel feature and fusing them with203 203

a Conv1D block.204 204

Vt
S.A = Conv1D

(
[Vt

refwarp;V
t
down]

)
. (5)205 205

3.2 QueryAgg: Query-guided Aggregation206 206

Dynamic object features (e.g., vehicles, pedestrians) are particularly vulnerable207 207

to degradation due to motion misalignment and sparse image-to-voxel projection.208 208

(see Fig. 5) To address this limitation, we introduce Query-guided Aggregation209 209

(QueryAgg). QueryAgg recurrently updates instance queries from multi-level210 210

image features Fi using Sparse4Dv3 [23] in a streaming manner. These queries211 211

are then enhanced with 3D geometric cues from voxel features and selectively212 212

aggregated into the corresponding occupied voxel regions, enabling accurate and213 213

robust dynamic object representation.214 214

Voxel-to-Query Aggregation. Instance queries obtained from the Image-to-215 215

Query Detector [23] encode rich semantics and provide coarse localization. How-216 216

ever, due to depth ambiguity along the viewing ray, they often produce multiple217 217

false-positive queries across different depths (see Supplementary Material). In218 218

contrast, voxel representations provide reliable 3D geometric information, but219 219

lack fine-grained semantic cues for dynamic objects. This complementarity moti-220 220

vates the Voxel-to-Query Aggregation, which injects geometric information from221 221

Vt
S.A into instance queries to reduce depth ambiguity.222 222

Specifically, we refine each query feature using deformable attention [40] to223 223

selectively sample informative regions in the voxel space. The refined query fea-224 224

ture qiref is updated as:225 225

qiref = qiimg +
∑H

h=1 Wh

[∑O
o=1 αiho ·W ′

h·

Vt
S.A

(
xi +∆xiho, yi +∆yiho, zi +∆ziho

)]
,

(6)226 226

where qiimg denotes the query feature produced by Image-to-Query Detector,227 227

and(xi, yi, zi) denotes the 3D center of the associated object, and H and O are228 228

the numbers of attention heads and sampling points, respectively. Each head229 229

predicts sampling offsets (∆xiho, ∆yiho, ∆ziho) around the query center and ag-230 230

gregates voxel features from the StreamAgg representation Vt
S.A, using attention231 231

weights αiho. The learnable matrices Wh and W ′
h project query and sampled232 232

voxel features into a shared embedding space. This aggregation injects geomet-233 233

ric cues into instance queries, reducing depth ambiguity and improving spatial234 234

localization.235 235
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Dynamic Query Aggregation. As mentioned above, voxel-only feature accu-236 236

mulation yields degraded representations for dynamic objects; therefore, we in-237 237

troduce Dynamic Query Aggregation (DQA), which selectively injects instance-238 238

level query features into voxel regions corresponding to dynamic objects.239 239

Specifically, DQA first filters high-scoring instance queries (see the following240 240

subsection) that capture dynamic objects and maps them to the voxel regions oc-241 241

cupied by the corresponding objects. Query-to-voxel attention is then applied to242 242

aggregate instance-level features into the voxel space as follows (in the following,243 243

we omit the timestep index t for notational simplicity.):244 244

qi = WQ

(
Vi

S.A + pi

)
, kij = WKqijref, vij = WV q

ij
ref, (7)245 245

αi = softmax
(
qi⊤
√
d
·
[
kij

]
j∈N i

)
, zi =

∑
j∈N i

αij · vij , (8)246 246

gi = σ
(
WgvV

i
S.A +Wgzz

i
)
, (9)247 247

where N i denotes the set of instance queries whose predicted bounding boxes248 248

overlap with the i-th voxel grid cell, and qijref represents the feature of the j-th249 249

query associated with voxel i. Here, qi, kij , and vij are obtained via linear pro-250 250

jections WQ, WK , and WV , respectively, and pi denotes positional embedding.251 251

Attention vector αi is computed over N i, and αij denotes its j-th element, which252 252

weights each query feature when forming the aggregated feature zi.253 253

For voxels with no overlapping queries (N i = ∅), the features remain un-254 254

changed; for voxels with overlapping queries, the gating vector gi determines255 255

how much of the aggregated instance feature zi should be injected into voxel i:256 256

Vi
DQA =

{
Vi

S.A, if N i = ∅,
Vi

S.A + gi ⊙ zi, otherwise.
(10)257 257

This selective update allows DQA to enhance dynamic-object voxels while pre-258 258

serving stable representations in static or empty regions. The updated voxel259 259

features VDQA are further processed by a feed-forward network with normal-260 260

ization and residual connections, producing the final voxel representation Vfinal,261 261

which is fed into the occupancy head for 3D occupancy prediction.262 262

Query Selection for DQA. Reliable query selection is essential for effective263 263

Dynamic Query Aggregation, as naive selection based solely on IoU may intro-264 264

duce shortcut learning. In particular, IoU-only selection can map queries that265 265

happen to be close to the ground truth into voxel features regardless of detec-266 266

tion quality, leading to implicit ground-truth leakage and degraded inference267 267

performance. Therefore, we design a training-time query selection strategy that268 268

combines confidence scores (0.3) with either IoU or geometric constraints to269 269

maintain generalization. The selection is scale-aware: we use an IoU-based crite-270 270

rion for large objects, while adopting a geometry-based criterion for small objects271 271

where IoU becomes unreliable, by enforcing consistency between predicted and272 272

ground-truth box geometry (e.g., center and size deviations); detailed thresholds273 273

and formulations are provided in the Supplementary Material.274 274
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During inference, the filtering strategy is simplified by selecting only instance275 275

queries with a confidence score above 0.3, consistent with the detection threshold.276 276

3.3 Decoder for Occupancy Prediction277 277

To predict the high-resolution 3D voxel occupancy, we upsample the final voxel278 278

feature Vfinal to obtain Vup ∈ RC×X×Y×Z , which is processed by a lightweight279 279

MLP-based decoder used in training and inference. To further enhance semantic280 280

representation learning without modifying the voxel features, we incorporate an281 281

Auxiliary Mask Decoder inspired by Co-DETR [41], adopting the multi-head282 282

transformer-based mask prediction design from the Semantic-aware Group De-283 283

coder in COTR [26]. During training, a group-wise one-to-many assignment as-284 284

sociates each ground-truth mask with multiple queries, providing richer super-285 285

vision. As this auxiliary decoder is used solely for feature learning, it is omitted286 286

at inference time to avoid unnecessary computation and maintain efficiency.287 287

4 Experiments288 288

4.1 Datasets289 289

We evaluate our method on two benchmark datasets for 3D occupancy predic-290 290

tion: Occ3D-nuScenes [31] and SurroundOcc dataset [35]. Both datasets repre-291 291

sent the scene as a voxel grid of size 200× 200× 16, where each voxel is labeled292 292

as either occupied or empty, and occupied voxels are further categorized into 16293 293

semantic classes such as car and pedestrian. In Occ3D-nuScenes, the voxel294 294

grid is defined in the ego coordinate, spanning [−40m, 40m] along both X and Y ,295 295

and [−1m, 5.4m] along Z, discretized at a resolution of 0.4m. Occupied voxels are296 296

assigned 17 semantic classes (16 known categories + others). In SurroundOcc,297 297

the voxel grid is defined in the LiDAR coordinate, covering [−50m, 50m] along298 298

X and Y , and [−5m, 3m] along Z, with a voxel resolution of 0.5m.299 299

4.2 Implementation and Evaluation Details300 300

Following standard practice [2,5,7,26], we use ResNet-50 [4] as the image back-301 301

bone and resize input images to 256 × 704. The initial voxel feature Vinit is302 302

represented as a 200×200×16 voxel grid with 64 channels. We use 900 instance303 303

queries for processing dynamic objects, and the auxiliary mask decoder consists304 304

of 6 heads. We train with AdamW [25] for 24 epochs on Occ3D-nuScenes and305 305

20 epochs on SurroundOcc, without CBGS [39], using a batch size of 8, gradient306 306

clipping, an initial learning rate of 2× 10−4, and a warmup ratio of 1/3 for the307 307

first 200 iterations. Inference latency and GPU memory are measured on a single308 308

NVIDIA A100 or RTX 4090 GPU. Further, we evaluate occupancy prediction309 309

using mean IoU (mIoU and mIoUD over semantic classes and dynamic objects),310 310

and additionally report class-agnostic IoU to assess overall 3D geometry recon-311 311

struction by treating all occupied voxels as foreground. The Image-to-Query de-312 312

tector used in QueryAgg is evaluated using nuScenes Detection Score (NDS) [1]313 313

and mean Average Precision (mAP).314 314
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Table 1: Quantitative results on Occ3D-nuScenes. We report mIoU, mIoUD

(dynamic objects only), inference latency (measured on a NVIDIA A100 GPU), and
memory consumption. Methods with near real-time latency (≈100 ms) are highlighted
in gray. († denotes reproduced without CBGS [39] under the same setting as ours.)

Method Backbone Image Size Visible Mask mIoU ↑ mIoUD ↑ Latency (ms) Memory (MB)

BEVFormer [19] ResNet-101 900× 1600 ✔ 39.3 37.2 212.7 6,651
BEVDet4D [7] ResNet-50 256× 704 ✔ 39.2 32.8 1250.0 6,053
PanoOcc [34] ResNet-101 864× 1600 ✔ 41.6 37.3 333.3 11,991
GEOcc [30] ResNet-50 256× 704 ✔ 43.6 38.6 450.0 -
COTR [26] ResNet-50 256× 704 ✔ 44.5 39.5 1111.1 10,453
ALOcc† [2] ResNet-50 256× 704 ✔ 45.0 38.7 166.7 10,793
STCOcc [21] ResNet-50 256× 704 ✔ 44.6 40.0 212.8 7,739

SparseOcc [24] ResNet-50 256× 704 ✘ 30.9 28.2 56.5 6,883
OPUS [32] ResNet-50 256× 704 ✘ 35.6 32.6 75.7 6,735
FastOcc [6] ResNet-101 320× 800 ✔ 37.2 - 93.4 -
ProtoOcc [27] ResNet-50 432× 800 ✔ 37.8 32.1 105.0 -
FB-OCC [20] ResNet-50 256× 704 ✔ 39.1 34.3 97.1 9,632
ProtoOcc [12] ResNet-50 256× 704 ✔ 39.6 34.8 77.9 -
GSD-Occ [5] ResNet-50 256× 704 ✔ 39.4 35.1 50.0 4,759
ViewFormer† [15] ResNet-50 256× 704 ✔ 39.6 33.3 102.0 3,103
ALOcc-mini† [2] ResNet-50 256× 704 ✔ 40.6 35.6 33.1 2,577

StreamOcc (Ours) ResNet-50 256× 704 ✔ 41.9 38.1 83.3 2,788

Table 2: Results on the SurroundOcc
dataset [35]. We report IoU, mIoU, mIoUD,
inference latency (Lat., ms on a NVIDIA 4090
GPU) and memory consumption (Mem., MB).

Method IoU↑ mIoU↑mIoUD↑ Lat. Mem.

TPVFormer [10] 30.9 17.1 13.4 320 5,100
SurroundOcc [35] 31.5 20.3 16.0 344 5,491
GaussianFormer [11] 29.8 19.1 16.7 372 6,229
GaussianFormer-2 [9] 31.7 20.8 18.3 451 4,535
QuadricFormer [42] 32.1 21.1 17.3 179 2,563
GaussianWorld [43] 33.0 21.9 19.0 228 7,030

StreamOcc (Ours) 33.8 23.4 21.0 84 2,788

Table 3: RayIoU [24] evaluation
on Occ3D-nuScenes [31]. Compar-
ison with real-time methods (≤100
ms), without visibility mask.

Method RayIoU 1m 2m 4m

SpaseOcc [24] 35.1 29.1 35.8 40.3
FB-Occ [20] 35.6 - - -
GSD-Occ [5] 38.9 33.0 39.7 44.1
ODG [28] 39.2 - - -
ALOcc-mini [2] 39.3 32.9 40.1 44.8
OPUS [32] 40.3 33.7 41.1 46.0

StreamOcc (Ours) 41.1 34.2 41.9 47.1

4.3 Comparison with SOTA Methods315 315

To comprehensively compare StreamOcc with prior works, we evaluate it on316 316

Occ3D-nuScenes [31] against multi-frame fusion approaches, additionally re-317 317

porting RayIoU [24] for ray-wise consistency, and on the SurroundOcc bench-318 318

mark [35] against Gaussian- and Quadric-based methods. Furthermore, since319 319

accurate modeling of dynamic objects is safety-critical in autonomous driving,320 320

we report mIoUD to explicitly quantify performance on dynamic objects.321 321

Comparison with SOTA Methods on Occ3D-nuScenes. We first evaluate322 322

StreamOcc on the Occ3D-nuScenes dataset [31] in Tab. 1. StreamOcc achieves323 323

41.9 mIoU and 38.1 mIoUD, the best accuracy among real-time methods. It324 324

outperforms the prior-best real-time method, ALOcc-mini [2], by +1.3 mIoU325 325

and +2.5 mIoUD. StreamOcc also surpasses multi-frame fusion methods that326 326

use sparse or compressed representations, such as SparseOcc [24], FastOcc [6],327 327

OPUS [32], and GSD-Occ [5]. Compared to ViewFormer [15], which uses com-328 328

pressed multi-frame features propagated in a streaming manner, StreamOcc329 329

achieves higher accuracy (+2.3 mIoU and +4.8 mIoUD) while operating faster.330 330
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Table 4: Ablation study on the Occ3D-nuScenes dataset. Evaluates the effect
of each component of StreamOcc in terms of overall mIoU (mIoUA), dynamic and static
object mIoU (mIoUD and mIoUS , respectively), and per-class performance.
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A. Base (Single-Frame) 36.8 32.6 48.5 44.1 22.4 44.9 50.0 21.2 23.9 25.7 25.4 32.0 36.3 78.9 41.0 48.5 51.4 38.1 32.9
B. StreamAgg 40.4 35.4 53.4 47.2 26.2 45.5 53.8 24.8 29.4 26.9 29.5 32.8 38.4 83.2 45.6 54.0 57.6 42.7 37.5
C. B + Detection Head 40.8 36.3 53.1 48.0 26.8 46.0 54.6 24.9 29.6 28.6 30.7 33.2 40.9 83.2 45.4 53.8 57.3 41.8 37.4
D. B + QueryAgg (Ours) 41.9 38.1 53.3 50.8 29.6 48.5 56.1 25.4 31.4 30.0 33.0 34.6 41.9 83.3 45.9 53.8 57.3 42.3 37.2

Compared to multi-frame dense voxel fusion methods, StreamOcc achieves331 331

stronger performance with significantly lower cost than PanoOcc [34], which332 332

is about 4× slower and uses 4.3× more memory. Although COTR [26] and the333 333

ALOcc [2] attain higher accuracy, they incur substantially higher overhead, being334 334

about 13× and 2× slower than StreamOcc while consuming 3.7× and 3.8×335 335

more memory, respectively. Such high latency and memory overhead make these336 336

approaches less suitable for on-vehicle deployment.337 337

Comparison with SOTA Methods on SurrondOcc-benchmark. On the338 338

SurroundOcc [35] dataset (Tab. 2), StreamOcc likewise achieves the best perfor-339 339

mance across IoU, mIoU, and mIoUD, outperforming Gaussian- and Quadric-340 340

based approaches [9, 11, 42]. Notably, it also surpasses the prior best method,341 341

GaussianWorld [43], by +1.5 mIoU and +2.0 mIoUD, while requiring substan-342 342

tially lower cost, running 2.7× faster and using 2.5× less memory.343 343

Comparison with SOTA Methods on RayIoU. We further evaluate meth-344 344

ods using RayIoU [24] on Occ3D-nuScenes [31] (Tab. 3), which measures the345 345

consistency of occupancy prediction along viewing rays. StreamOcc achieves the346 346

highest overall RayIoU (41.1), consistently outperforming prior real-time ap-347 347

proaches. Together, these results demonstrate that StreamOcc provides state-348 348

of-the-art accuracy while maintaining practical runtime and memory efficiency,349 349

making it suitable for real-world deployment.350 350

4.4 Ablations351 351

In this section, we conduct ablation studies on Occ3D-nuScenes to analyze the352 352

contribution of each module and validate our design choices. Inference latency353 353

and GPU memory are measured on one NVIDIA A100.354 354

Effect of StreamOcc Components. Tab. 4 presents an ablation study on355 355

the Occ3D-nuScenes dataset [31]. Base model (A), using only a single-frame,356 356

achieves 36.8 mIoU. Adding StreamAgg (B), which effectively rectifies warping357 357

distortions to maintain temporal consistency while sequentially accumulating358 358

voxel features over time, we observe a substantial performance improvement to359 359

40.4 mIoU. However, (B) still shows a large performance gap between static and360 360

dynamic objects (53.4 vs. 35.4), indicating that voxel-only accumulation strug-361 361

gles to capture the representations of dynamic objects. To address this limitation,362 362
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Table 5: Refinement ablation.

Method mIoU↑ Lat. Mem.

Naive Voxel Streaming 38.72 43.9 2,423
(+) Adaptive Residual Refinement 39.84 49.0 2,437
(+) Semantic Supervision 40.25 49.0 2,437
(+) Geometry Supervision 40.37 49.0 2,437

Table 6: QueryAgg ablation.

I2Q V2Q DQA mIoU↑ NDS↑ mAP↑

40.37 – –
✔ 40.06 0.4704 0.3458

✔ 40.42 0.4904 0.3516
✔ ✔ 40.78 0.4964 0.3620
✔ ✔ ✔ 41.90 0.5001 0.3681

Table 7: Image-to-voxel aggregation ablation.

Model mIoUA ↑ mIoUD ↑ mIoUS ↑ Latency (ms) Memory (MB)

StreamAgg only 40.37 35.36 53.42 49.0 2,437
StreamAgg + Spatial Cross-Attention 40.72 35.77 53.59 95.2 3,554
StreamAgg + QueryAgg 41.90 38.12 53.31 83.3 2,788

we add an auxiliary detection head in (C) for dynamic-object supervision. This363 363

yields only a marginal gain (+0.9 mIoU on dynamic objects), proving that indi-364 364

rect supervision lacks the capacity to enrich these representations. In contrast,365 365

our QueryAgg module (D) directly injects instance-level dynamic object features366 366

into the corresponding voxel regions, yielding a substantial gain of +2.7 mIoUD367 367

over (B). Overall, the combination of StreamAgg and QueryAgg achieves the368 368

best performance (41.9 mIoU), strengthening dynamic object representations369 369

while maintaining prediction accuracy for static objects.370 370

Ablation of Refinement Module. Tab. 5 analyzes the effect of our Adaptive371 371

Residual Refinement module and its supervision. Naive voxel streaming yields372 372

sub-optimal result because the propagated voxel features suffer from warping-373 373

induced distortions during temporal alignment. Adopting Adaptive Residual Re-374 374

finement (w/o supervision) alleviates these artifacts, improving performance to375 375

39.84 mIoU (+1.12 mIoU) with minimal overhead (only +5 ms latency and +14376 376

MB memory). Semantic Supervision further enhances temporal semantic consis-377 377

tency, while Geometry Supervision guides the refinement to focus on informative378 378

features, achieving the best performance of 40.37 mIoU without additional com-379 379

putational cost. Overall, each component contributes complementary gains, and380 380

the full StreamAgg provides a stable and spatially coherent voxel representation.381 381

How to Utilize a Detector for Joint Learning? Tab. 6 presents an abla-382 382

tion study on how QueryAgg components improve both detection and occupancy383 383

prediction. The StreamAgg-only setting serves as the baseline. Applying a query-384 384

based detector on voxel features (V2Q) for multi-task learning, as in [29, 34], is385 385

inefficient due to the large search space and may fail to detect objects that are386 386

weakly represented in voxel features. Using an Image-to-Query detector (I2Q)387 387

provides finer image-based detection, but yields limited gains without voxel-level388 388

guidance. Combining I2Q with V2Q improves this by coupling semantic cues389 389

from images with geometric details from voxel features to guide dynamic object390 390

localization, yet still lacks direct voxel interaction. The complete StreamOcc fur-391 391

ther introduces direct query–voxel interaction by injecting instance-level features392 392

into voxel features, complementing dynamic object representations. This inter-393 393

active design enhances both detection and occupancy prediction, which are built394 394

upon distinct representations, achieving the highest NDS, mAP, and mIoU.395 395
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GT ALOcc-mini OursImage

Fig. 4: Qualitative comparison with other SOTA method. StreamOcc enables
more precise reconstruction of dynamic objects and more accurate semantic predictions
for static objects than previous best real-time method, ALOcc-mini [2].

Effect of Query-guided Aggregation. Tab. 7 compares image-to-voxel ag-396 396

gregation methods for overcoming the limitations of voxel-based encoding. Prior397 397

works adopt Spatial Cross-Attention [26, 30, 38] to distribute image features398 398

across all voxel grids, providing slight improvements. However, spatial misalign-399 399

ment between voxel and image space often leads to hallucinated mappings [16],400 400

and the lack of explicit supervision on what to extract and where to place401 401

it results in suboptimal performance. In contrast, Query-guided Aggregation402 402

(QueryAgg) explicitly extracts dynamic object features and selectively integrates403 403

them into the voxel regions they occupy. This targeted aggregation strategy miti-404 404

gates hallucinations, reduces unnecessary computation, and yields a +2.76 mIoU405 405

gain on dynamic objects and +1.53 overall, while maintaining high efficiency with406 406

83.3 ms latency and 2,788 MB memory.407 407

4.5 Qualitative Analysis408 408

In Fig. 4, we compare StreamOcc with the previous state-of-the-art real-time409 409

method, ALOcc-mini [2]. StreamOcc produces predictions closer to the ground410 410

truth in the regions highlighted by red dotted circles. It reconstructs pedestri-411 411

ans more precisely, whereas ALOcc-mini produces overly smoothed pedestrian412 412

groups (Row 1), correctly captures even a partially occluded pedestrian that is413 413

missed by ALOcc-mini (Row 2), and better reconstructs distant moving vehicles414 414

with shapes closer to the ground truth, while also improving semantic predictions415 415

not only for dynamic objects but also for static objects (Row 3). Overall, these416 416

qualitative results support our quantitative findings that StreamOcc strengthens417 417

dynamic-object reconstruction while maintaining accurate semantics for static418 418

objects under real-time constraints.419 419
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Fig. 5: Effect of QueryAgg. QueryAgg enables more accurate predictions for distant,
overlapped, and occluded dynamic objects. The fourth column shows the detection
outputs from the instance queries used in QueryAgg, and red dotted circles highlight
the improved regions.

Additionally, Fig. 5 shows that QueryAgg effectively mitigates information420 420

loss induced by image-to-voxel projection, enhancing voxel representations of dy-421 421

namic objects that appear small due to long-range distance, overlap with nearby422 422

instances, or are partially occluded. Compared to the model without QueryAgg,423 423

our method with QueryAgg yields predictions closer to the ground truth in424 424

these challenging scenarios. As illustrated in the rightmost column, the instance425 425

queries accurately detect dynamic objects, and QueryAgg performs targeted ag-426 426

gregation by injecting instance-level features from these dynamic queries into the427 427

voxel regions occupied by the corresponding objects. This design enables voxel428 428

features to retain a more precise representation of dynamic objects even under429 429

sparse projections for distant objects, severe overlap that causes feature mixing430 430

in coarse grids, and occlusions that lead to incomplete projections.431 431

5 Conclusion432 432

In this paper, we presented StreamOcc, a novel framework that utilizes dense433 433

voxel streaming for efficient and accurate 3D occupancy prediction. StreamOcc434 434

addresses the challenges of naive dense voxel streaming by introducing two ag-435 435

gregation strategies: StreamAgg, which enables temporally consistent stream-436 436

ing by mitigating warping-induced distortions in propagated voxel features, and437 437

QueryAgg, which enhances dynamic object representations by selectively inject-438 438

ing instance-level semantics into corresponding occupied voxel regions. Extensive439 439

experiments on Occ3D-nuScenes and SurroundOcc-benchmark demonstrate that440 440

StreamOcc achieves state-of-the-art performance, outperforming prior methods441 441

that utilize sparse representation while maintaining computational costs. Over-442 442

all, StreamOcc unlocks dense voxel streaming as a practical paradigm and estab-443 443

lishes a strong framework for future research in dense 3D scene understanding.444 444
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A Further Implementation Details445 445

A.1 Lightweight 3D-FPN446 446

Following BEVDepth [18], we lift image features into the 3D voxel space, obtain-447 447

ing Vinit ∈ RC×X×Y×Z , which encodes both spatial and semantic information448 448

and serves as the foundation for 3D occupancy prediction. To improve compu-449 449

tational efficiency while preserving essential structure, we apply a lightweight450 450

3D-FPN that downsamples voxel features, avoiding excessively fine voxel grids451 451

that introduce unnecessary computation.452 452

Specifically, Vinit is passed through a Conv3D block to generate multi-scale453 453

voxel features: V1 ∈ RC1×X
2 ×Y

2 ×Z
2 and V2 ∈ RC2×X

4 ×Y
4 ×Z

4 . These features,454 454

together with Vinit, are then uniformly resampled to a resolution of X
2 × Y

2 ×455 455
Z
2 via trilinear interpolation. The interpolated volumes are concatenated and456 456

compressed using a Conv1D layer to obtain a compact representation Vdown ∈457 457

RC×X
2 ×Y

2 ×Z
2 . This design substantially reduces computational overhead while458 458

maintaining spatial and semantic detail.459 459

A.2 Query Selection for Dynamic Query Aggregation460 460

Selecting reliable instance queries is critical for Dynamic Query Aggregation461 461

(DQA). Naively selecting queries solely based on IoU with ground-truth boxes462 462

may introduce shortcut learning, as queries that are spatially close to ground-463 463

truth can be mapped into voxel features even when their detection quality is464 464

poor. This may implicitly expose ground-truth information during training and465 465

degrade generalization at inference. To address this issue, we adopt a training-466 466

time query filtering strategy that combines confidence scores with IoU criteria,467 467

and geometric constraints. For sufficiently large objects, we apply an IoU-based468 468

rule and select queries that satisfy:469 469

IoU(b̂, b) > 0.4 and s > 0.3,470 470

where b̂ and b denote the predicted and ground-truth bounding boxes and s is471 471

the query confidence score.472 472

For small objects, IoU becomes unstable because even minor deviations in473 473

center position or box size can significantly reduce IoU despite accurate de-474 474

tection. Therefore, we introduce a geometry-based criterion that measures the475 475

deviation between predicted and ground-truth box geometry. A query is selected476 476

if it satisfies:477 477

(σcDcenter + σbDsize) < 1.5 and s > 0.3,478 478

where Dcenter denotes the center distance between b̂ and b, and Dsize measures479 479

the difference in box dimensions. The weighting coefficients are empirically set to480 480

σc = 2.0 and σb = 1.0. This criterion allows queries that capture object geometry481 481

accurately to be selected even when IoU is unreliable.482 482

During inference, the filtering strategy is simplified by selecting only instance483 483

queries with confidence score s > 0.3, consistent with the detection threshold484 484

used in the detector.485 485
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A.3 Auxiliary Supervision Head for Refinement486 486

To ensure that the Adaptive Residual Refinement module reliably learns to ad-487 487

just voxel features, we incorporate two auxiliary supervision heads used only488 488

during training.489 489

First, for Geometry Supervision, we upsample the spatial attention fea-490 490

ture Ms to the original voxel resolution and apply the MLP-based decoder to491 491

predict a binary occupancy map Vt
geo ∈ R1×X×Y×Z . This prediction is super-492 492

vised with the ground-truth occupied mask via binary cross-entropy loss, encour-493 493

aging the refinement module to focus on informative features that are meaning-494 494

ful for reducing distortions. Additionally, we apply Semantic Supervision to495 495

the refined warped voxel feature Vt
refwarp. Specifically, Vt

refwarp is decoded us-496 496

ing the same upsampling and MLP-based decoder to predict the voxel semantic497 497

occupancy at the current timestep, Vt
sem ∈ RClass×X×Y×Z . This supervision498 498

explicitly guides the refinement module to correct warping-induced distortions499 499

and align the refined representation with the current scene state.500 500

Since this refinement is applied to the propagated voxel features before they501 501

are combined with the current voxel features, it helps maintain temporal consis-502 502

tency and enables stable temporal accumulation across timesteps.503 503

A.4 Loss Functions504 504

To train our model, we combine multiple task-specific loss functions. For depth505 505

estimation, we adopt the depth loss Ldepth from BEVDepth [18]. Voxel occu-506 506

pancy prediction is supervised using the cross-entropy-based occupancy loss507 507

Locc, applied to the predictions generated from the final voxel features Vfin via508 508

an MLP decoder. For the Image-to-Query Detector, we employ the detection509 509

loss Ldet from Sparse4D v3 [23]. To further enhance voxel representations, we510 510

incorporate an Auxiliary Mask Decoder with the mask loss Lmask.511 511

In addition, the Semantic Head supervises the refined warped voxel features512 512

by predicting the current semantic occupancy distribution, which is optimized513 513

using a cross-entropy loss Lsem. The Geometry Head predicts whether each voxel514 514

is occupied or empty and is supervised with a binary cross-entropy loss Lgeo.515 515

The overall training objective Ltotal is defined as:516 516

Ltotal = λdepth · Ldepth + λocc · Locc + λdet · Ldet

+ λmask · Lmask + λsem · Lsem + λgeo · Lgeo,
(11)517 517

where λdepth, λocc, λdet, λmask, λsem, and λgeo denote the balancing weights for518 518

each loss term. In our experiments, these weights are empirically set to 0.05,519 519

10.0, 0.2, 1.0, 10.0, and 10.0, respectively.520 520

B More Experiments521 521

B.1 Evaluation Metrics522 522

We evaluate occupancy prediction using IoU and mIoU, and further adopt523 523

RayIoU as the primary evaluation metric following SparseOcc [24]. Unlike voxel-524 524
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level mIoU, RayIoU measures occupancy prediction along rays, jointly consid-525 525

ering semantic correctness and depth accuracy. Specifically, a predicted ray is526 526

regarded as a true positive only when its semantic class matches the ground527 527

truth and the depth error falls within a predefined threshold (e.g., 1m, 2m, or528 528

4 m). The metrics are defined as follows:529 529

mIoU/RayIoU =
1

|C|
∑
i∈C

TPi

TPi + FPi + FNi
, (12)530 530

531 531

IoU =
TPc0

TPc0 + FPc0 + FNc0

, (13)532 532

where TPi, FPi, and FNi denote the numbers of true positives, false positives,533 533

and false negatives for class i, respectively, C is the set of semantic classes, and534 534

c0 denotes the occupied class.535 535

B.2 Ablation on Query Selection Strategy536 536

To analyze the impact of the query selection strategy used in Dynamic Query537 537

Aggregation (DQA), we conduct an ablation study by varying the criteria used to538 538

select instance queries during training. In particular, we compare four strategies:539 539

selecting queries based only on IoU with ground-truth boxes, selecting based540 540

only on classification confidence, combining IoU and classification scores, and541 541

our full strategy that additionally incorporates geometry-based constraints for542 542

small objects.543 543

As shown in Table 8, selecting queries based solely on IoU yields limited544 544

performance (39.9 mIoU), as it may select queries that are spatially close to545 545

ground truth but poorly detected. Using only classification confidence slightly546 546

improves performance (40.1 mIoU), but still lacks reliable spatial alignment.547 547

Combining IoU and classification scores significantly improves performance (41.3548 548

mIoU) by filtering unreliable detections.549 549

Our full query selection strategy further incorporates geometry-based con-550 550

straints for small objects, addressing the instability of IoU for small bounding551 551

boxes. This strategy achieves the best performance of 41.9 mIoU, demonstrat-552 552

ing that geometry-aware query filtering effectively improves the reliability of553 553

instance queries used in DQA.554 554

Table 8: Ablation study on query selection strategy for Dynamic Query
Aggregation.

IoU Cls Geo mIoU ↑

✔ 39.9
✔ 40.7

✔ ✔ 41.3
✔ ✔ ✔ 41.9
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GT Model output

Image-to-Query Only Image-to-Query + Voxel-to-Query

Fig. 6: Qualitative comparison of features used for detection. The left column
shows detection results using only image features, whereas the right column addi-
tionally leverages voxel features that provide complementary geometric information.
Incorporating voxel-level geometric cues reduces false positives arising along rays and
enables more precise 3D detections.

B.3 More visualization555 555

Effect of voxel features on detection. Figure 6 provides a qualitative com-556 556

parison of the features used for detection. The left column shows detection results557 557

using only image features, whereas the right column additionally leverages voxel558 558

features that provide complementary geometric information. By incorporating559 559

voxel-level geometric cues, the detector reduces false positives arising along rays560 560

and produces more precise 3D detections.561 561

Effect of QueryAgg on occupancy prediction. Figure 7 further demon-562 562

strates the effectiveness of StreamOcc across three representative scenarios by563 563

comparing the ground truth, results without QueryAgg, results with QueryAgg,564 564

and the detection outputs from the instance queries. In the first row, QueryAgg565 565

enhances the representation of distant pedestrians. In the second row, it helps566 566

separate nearby objects and more accurately capture their occupancy states. In567 567

the third row, QueryAgg enables the occupancy map to recover a truck that is568 568

partially occluded by a fence. Since the fence obstructs the truck in the image569 569

view, its semantic information is not reliably projected into 3D voxel space. By570 570

directly aggregating object-level information from instance queries, QueryAgg571 571

allows the truck to be more accurately represented in the occupancy map.572 572

Additional qualitative results. Figures 8 to 11 present additional qualitative573 573

results in complex driving scenarios, further validating the robustness of the574 574

proposed framework.575 575
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GT w/o QueryAgg w/ QueryAgg Detection on Image

barrier bicycle bus car cons. veh. motorcycle pedestrian traffic cone trailler

truck drive. surf. other flat sidewalk terrian manmade vegetation others

Fig. 7: Visualization results of StreamOcc across three distinct scenarios.
Each row shows the ground-truth (GT), results without QueryAgg (w/o QueryAgg),
with QueryAgg (w/ QueryAgg), and detection outputs from the instance queries.
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Fig. 8: Visualization of 3D occupancy prediction in a dynamic urban scene
with construction and pedestrians. The top-left shows object detection on the
images, the top-right presents occupancy prediction in the camera view, the bottom-
left illustrates the top-front view, and the bottom-right depicts the top-down occupancy
prediction results.

Fig. 9: Visualization of 3D occupancy prediction at a crowded intersection
on a rainy day. The top-left shows object detection in the image space, the top-right
presents occupancy prediction in the camera view, the bottom-left illustrates the top-
front view, and the bottom-right depicts the top-down occupancy prediction results.

barrier bicycle bus car cons. veh. motorcycle pedestrian traffic cone trailler

truck drive. surf. other flat sidewalk terrain manmade vegetation others
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Fig. 10: Visualization of 3D occupancy prediction in a narrow urban street
with parked and moving vehicles, pedestrians, and bicycles. The top-left shows
object detection in the image space, the top-right presents occupancy prediction in
the camera view, the bottom-left illustrates the top-front view, and the bottom-right
depicts the top-down occupancy prediction results.

Fig. 11: Visualization of 3D occupancy prediction on a bridge with moving
vehicles and pedestrians. The top-left shows object detection in the image space, the
top-right presents occupancy prediction in the camera view, the bottom-left illustrates
the top-front view, and the bottom-right depicts the top-down occupancy prediction
results.

barrier bicycle bus car cons. veh. motorcycle pedestrian traffic cone trailler

truck drive. surf. other flat sidewalk terrain manmade vegetation others
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