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Abstract

Existing surrounding-view 3D object detectors initial-
ize high-confidence queries using current 2D information,
while leveraging historical 3D features as priors. However,
such heavy reliance on 2D cues introduces spatio-temporal
inconsistencies between 2D and 3D representations. Specif-
ically, 2D cues lack sufficient spatial information, limiting
3D localization capability. Moreover, insufficient temporal
interaction often leads to object omission under occlusion.
To address these challenges, we propose STUR3D, a unified
framework establishing spatio-temporal alignment between
2D and 3D perception. First, we project temporal 3D fea-
tures to the 2D image plane, empowering the 2D detector
to distill representations essential for 3D localization, har-
monizing cross-dimensional information. Second, we inject
temporal cues into 2D detection, fostering spatio-temporal
reasoning, and ensuring robust 3D detection under dynamic
scenes and occlusion. Additionally, we embed depth-aware
geometric cues into features for 2D-to-3D lifting, mitigat-
ing inherent ambiguities. Extensive nuScenes experiments
validate STUR3D, achieving SOTA on the test set with
57.9% mAP and 64.6% NDS. Our code will be released at
https://github.com/snowindog/STUR3D.

1. Introduction

3D object detection aims to identify objects and estimate
their 3D positions and dimensions. It is fundamental to
autonomous driving, robotics, and navigation. Recently,
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Figure 1. Comparison of 3D detection frameworks. (a) Existing
methods suffer spatio-temporal discrepancy from over-reliance on
2D detection. (b) STUR3D enhances 2D-3D spatial representa-
tion consistency via comprehensive spatio-temporal interactions.

surrounding-view 3D detection [0, 27] has shown great po-
tential with camera-only 2D inputs at a lower computa-
tional cost than LiDAR-based methods. Existing meth-
ods [16, 17, 26, 27] typically adopt a query-driven de-
tection framework following DETR3D [27]. These ap-
proaches generally initialize queries and propagate them
across frames for temporal context. Although temporal
query propagation improves performance, heavy reliance
on sampling 2D image-plane features causes 3D detectors
to struggle in complex scenarios where powerful 2D detec-
tors succeed.

To address this, recent studies introduce a 2D-to-3D
pipeline [7, 8, 25, 28], leveraging 2D detectors as reli-
able priors to refine or initialize 3D queries. Specifically,
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methods such as MV2D [28] project Rol 2D features into
3D space via camera parameters. However, this design
typically assigns higher confidence to 3D queries initial-
ized from 2D information, while treating historically prop-
agated 3D cues with less emphasis. Consequently, these
approaches inherit inherent limitations in both spatial and
temporal modeling. From a spatial view, 3D space con-
tains geometric dimensions including depth, scale, and ori-
entation that 2D features do not explicitly model. Thus,
3D queries solely from 2D representations lack geomet-
ric grounding, causing spatial discrepancies and suboptimal
localization after lifting. This issue is further exacerbated
by the continued dominance of 2D cues during subsequent
query refinement. From a temporal perspective, these meth-
ods underutilize the temporal dynamics encoded in histori-
cal 3D detections. When occluded, the model cannot effec-
tively leverage accumulated 3D cues to maintain attention
on the target [7], causing temporal inconsistencies and ob-
ject omission, as shown in Fig. 1(a).

To address these limitations, we propose STUR3D, a
unified framework that unifies 2D and 3D spatio-temporal
representations through enriched cross-frame and cross-
modal information exchange. First, we introduce the
Spatio-Temporal Object Prior Propagator (STOPP), which
performs both 2D-to-2D and 3D-to-2D temporal propaga-
tion. By reprojecting historical 2D and 3D detections onto
the current image plane, STOPP generates explicit spatio-
temporal priors that guide the 2D detector toward repre-
sentation learning while suppressing noisy or inconsistent
proposals. This enables the detector to retain attention on
occluded objects, reducing false alarms via historical evi-
dence. Second, we develop the Spatio-Temporal Geometry
Encoder (STGE) to further inject temporal and geometric
cues into the 2D detection head. Leveraging a depth-aware
geometric attention mechanism, STGE fuses historical 2D
and 3D detection features with current image features and
filters out unreliable foreground hypotheses. This encoding
reduces the representational gap between 2D and 3D feature
spaces and facilitates the extraction of discriminative rep-
resentations essential for accurate 3D localization in com-
plex environments. Additionally, we introduce the Object-
center Query Generator (OQG), which lifts refined 2D de-
tections into 3D queries using depth-guided positional en-
coding. By infusing pseudo-depth cues, OQG enhances ge-
ometric grounding of 3D queries and mitigates the inherent
spatial biases introduced by relying solely on appearance-
based 2D features. Together, these form a unified spatio-
temporal pipeline that harmonizes 2D and 3D representa-
tions, improving temporal coherence and increasing robust-
ness in dynamic and occluded scenarios.

The contributions of our method can be summarized as:

* We present STUR3D, a spatio-temporal unified represen-
tation learning framework that aligns heterogeneous 2D

and 3D modalities through cross-frame reprojection, ad-
dressing the spatial and temporal discrepancies that limit
existing 2D-to-3D pipelines.

* We introduce three complementary modules, STOPP,
STGE, and OQG that incorporate historical 2D and 3D
priors, depth-aware geometric cues, and object-centered
lifting, enabling cross-frame reasoning and producing
geometry-consistent 3D queries.

* STUR3D achieves state-of-the-art performance on the
nuScenes, obtaining 57.9% mAP and 64.6% NDS on the
test set, and consistently surpasses strong query-based
baselines across various backbones and input resolutions.

2. Related Work
2.1. Camera-based 3D Object Detection.

Surrounding-view detection frameworks perceive multiple
images from different cameras and fully exploit the geomet-
ric correlations among views and camera poses to predict
3D bounding boxes in the world coordinate space. Based
on different ways of feature representation and data pro-
cessing, existing surrounding-view 3D detection methods
can generally be divided into two categories: dense BEV-
based methods [2, 6, 10-12, 20, 21, 33] and sparse query-
based [5, 16, 17, 19, 27, 29] methods.

BEV-based methods. BEV-based methods construct
a BEV feature map, and then perform downstream tasks
through a 3D head. LSS series [6, 11, 21] lift surrounding-
view features into 3D space and splats to BEV feature map.
Several works [2, 10, 20, 35], improve object detection per-
formance by propagating long-term historical features.

Sparse query-based methods. Sparse query-based
methods [22, 27, 30] sample image features with queries
and uses a decoder network to detect objects. The DETR3D
series [19, 27] use a set of queries to implicitly transform
features from 2D to 3D space. The PETR series [16, 17]
explicitly inject 3D positional information into image fea-
tures before decoding. StreamPETR [26] develops an effi-
cient object-centric temporal fusion mechanism that propa-
gates historical 3D decoder embeddings as contextual cues.
3DPPE series [5, 23, 29] introduces depth cues to enhance
3D object detection, with reliable supervision provided by
LiDAR signals.

2.2. Visual Promp of 3D Object Detection.

Recent studies [7, 8, 22, 25, 28] have shown that introduc-
ing 2D detection as auxiliary supervision provides valuable
cues for improving 3D object detection. Most methods first
perform detection in the perspective view and then trans-
form the results to initialize 3D queries. MV2D [28] learns
query content from 2D detection results. Far3D [8] lever-
ages 2D detection priors and depth estimation to generate
adaptive 3D queries, improving long-range object percep-
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Figure 2. Overall architecture of STUR3D. STUR3D achieves te
Object Prior Propagator (STOPP) and a Spatio-Temporal Geom

Spatio-Temporal Geometry Encoder

3D Detections

mporal interactions from 2D-to-2D and 3D-to-2D via a Spatio-Temporal
etry Encoder (STGE), and spatial interactions from pseudo-3D to 2D

through the Object-center Query Generator, alleviating temporal and spatial misalignment caused by over-reliance on 2D detections.

tion. QAF2D [7] generates 3D query anchors from 2D
detection results by associating sampled points within 2D
bounding boxes with depth, orientation, and size candi-
dates, and refines them through validity filtering for more
reliable 3D query. DVPE [25] incorporates 2D Rol features
into object-centric temporal modeling.

3. Method

3.1. Overview Architecture

The overview architecture of the proposed STUR3D is
shown in Fig. 2. At the frame ¢, we utilize depth maps,
2D and 3D detections from ¢ — 1 frame as prior informa-
tion and the surrounding-view images at ¢ frame as the cur-
rent information by using a backbone network [3, 9] and a
FPN neck [13]. Our STUR3D framework comprises three
core components: Spatio-Temporal Object Prior Propaga-
tor (STOPP), Spatio-Temporal Geometry Encoder (STGE),
and Object-center Query Generator (OQG), followed by a
3D perception head. The STOPP module takes prior in-
formation as input to establish spatial alignment between
2D and 3D temporal information. Subsequently, the STGE
module fuses these spatio-temporal priors with current im-
age features under depth guidance, performing 2D object
detection. The OQG module then refines generated pseudo-
point clouds via alignment with 2D detection results, elimi-
nating their inherent deviations and yielding more accurate
3D target localization. Finally, a 3D perception head gener-
ates the final 3D detection results.

3.2. Spatio-Temporal Object Prior Propagator

In surrounding-view temporal 3D object detection, detec-
tion results verified in previous frames are often geometri-
cally reliable and semantically stable. Instead of relying on

implicit feature propagation or global fusion, the core idea
of STOPP is to explicitly reuse reliable historical detections
and convert them into structured spatio-temporal object pri-
ors through temporal propagation, projection, and seman-
tic injection, as shown in Fig. 3. This design enables the
detector to focus on consistent foreground regions across
time and suppress background noise. The STOPP module
employs two parallel branches for 2D and 3D Object lo-
calization. The 2D branch uses depth information from the
prior frame to perform temporal conversion, while the 3D
branch reprojects the object localization onto the 2D plane,
thereby enforcing cross-modal consistency and eliminating
localization discrepancies. Finally, we feed the generated
spatio-temporal object prior information into the following
STGE module for the object detection of current frames.

Historical Object Prior Definition. At frame ¢t—1, we
define the high-confidence 2D and 3D detections as:

2D 2D 2D \\M
D~y = {(Bi,t—hciﬂf—l?fi,t—l) i=1» ey
3D 3D 3D \\N
Dy~ = (Bj,t—lacj,tflafj,t—1)}j:1a 2

where M and N represent the number of boxes,

B?P | = (u1,v1,u,v2) is a 2D box, where locations
are constrained within certain image regions, B??_l =

(cz,cy,Czyw, h,l,cos8,sin6,v,,v,) is a 3D box. Here
Cz,Cy,C, are center coordinates, w,h,l represent the
weight, length and height, 6 is the yaw angle of the 3D box,
and v, vy are velocities of the box. ¢ € R'? is the category
label, and f7P |, f3 | €R*¥*Y denote Rol-Aligned fea-
tures of each box, where y represent the fixed-length.
Feature Extraction. Given surrounding-view feature
maps Fy_ = {FY , € ROXH;xWiiNeam a¢ frame ¢ — 1,
where C, Hy and W represent the number of feature chan-
nels, height, and width of the feature maps. For the two
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Figure 3. Overview of the STOPP. The STOPP injects spatial
representations from 3D space and rich semantic context into the
current 2D features through (a) 3D-to-2D and (b) 2D-2D temporal
interactions, enhancing the consistency between 2D-based queries
and 3D spatial representations. Meanwhile, historical detections
guide the model to focus on potentially occluded targets.

branches, we first extract the 2D object features using a
RolAlign [4] operation:

271 = RolAlign(F" ,, B}{ ). (3)

For each 3D bounding box, we apply a geometric projec-
tion operator I1(-) to project it onto the image plane of each
view, yielding the feature fﬁtD_l. This is formulated as:
33,?—1 = RolAlign(F;_ 1, II(K¢—1, B?,?—l))a “)

where K;_; represents the lidar2img projection matrix that
combines the camera’s intrinsic and extrinsic parameters.

Temporal Geometric Alignment and Projection. To
maintain temporal consistency, historical 3D boxes and 2D
boxes are aligned to the current frame using ego-motion and
camera parameters. Given the ego-motion matrix T;_1_,,
each 3D bounding box from the previous frame is trans-
formed and reprojected to current image views:

BIYPP = T(K,, Tro1e - B3P ). (5)

For 2D boxes, we sample the depth values d; ;1 from
the predicted depth map of the previous frame D;_; =
{Dy_, € RIHsxWyiNeam g the center of each 2D box
(1, ;). Then, we can construct the pseudo-3D center with
the depth values, which are temporally propagated as:

By =T(Ky, Too1e - Koy - 13,0, 1]die—1). (6)

All projected bounding boxes follow the same visibility
principle, discarding those outside the field of view.

Prior Map Generation. To construct object semantic
priors, we encode category and appearance features into
compact object embeddings using an MLP:

€o = MLP( fo,,—1 @® CatEnc(co—1)), (7)

where f, ;1 denotes the object feature of object o, CatEnc
is Category Encoder, and e, € R represents the resulting
object embedding. For each temporally aligned projected
box B, ;, we construct a spatial prior mask on the feature
map of size Hy x Wy:

17 (Za.]) S Bo,t

0, otherwise

M, (i, j) = { ®)

where (7, ) indicates the spatial position on the feature
map. The object embedding e, is injected into its corre-
sponding spatial region and aggregated across all objects
with normalization to handle overlapping projections:

o
St — Zo:l €o & Mo (9)
O )
max(l, Yot Mo)
where ® represents outer product, and S; = {S} €

ROEXHyxWy1 ij;”l" represents a generic formulation for gen-
erating surrounding-view object semantic prior maps. This
unified process Eq. (7, 8, 9) is applied to obtain two types
of spatio-temporal object prior maps, SZ° and S3P, corre-
sponding to priors derived from 2D and 3D box features.
The proposed STOPP module has several merits. First, it
suppresses background interference, enabling object local-
ization. Second, it leverages temporal cues to mitigate oc-
clusion effects. Third, it eliminates discrepancies between
2D and 3D detection, achieving cross-modal alignment.

3.3. Spatio-Temporal Geometry Encoder

After obtaining the spatio-temporal object prior maps from
STOPP, we proceed to unify spatio-temporal reasoning
across the 2D and 3D paradigms and guide the 2D detec-
tor to distill the representations required for 3D detection,
as shown in Fig. 4. Given the image features F} = {F} €
RE*HyxWyyNeam '\ye first encode the intrinsic camera pa-
rameters through an MLP. Then, a lightweight depth es-
timation network DepthNet(-) [23] composed of residual
and convolutional blocks predicts both depth regression and
probabilistic depth distributions. Finally, we obtain per-
pixel depth maps Dy = {DY € RV*HsxWsyNeam “gyper-
vised by LiDAR depth signals.

Inspired by Deformerv2 [32], each pixel (u,v) in the
depth map possesses a unique 2D spatial coordinate, and
its depth value encodes a relative distance relation to other
pixels. Based on this observation, we generate two types
of geometric priors: the image-plane prior and the depth-
distance prior. By integrating these two priors, a geometric
prior X is obtained, with the shape H;W; x H;W;. We
use a geometry-attention operation to inject these geometric
priors into visual features:

GeoAtten(F, X) = (Softmax(QK ") ® %)V,  (10)
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Figure 4. Overview of the Spatio-Temporal Geometry Encoder.
Through a series of simple convolutional operations, gating mech-
anisms, and attention modules, STGE generates spatio-temporal
geometric feature maps that improve localization and occlusion
recovery.

where @, K, V are query, key, and value matrices obtained
via linear projections, © denotes element-wise multiplica-
tion, and 3 € (0, 1) is a learnable decay rate controlling the
influence of X.

Following Eq. 10, the surrounding-view feature maps F}
and the combined spatio-temporal object prior maps S
and S3P are processed independently. The feature maps F}
and the combined priors S22 + S3P first undergo simple
convolutional operations before being passed through their
respective GeoAtten modules.

F] = Image-GeoAtten(F;, X), (11)
S, = Prior-GeoAtten(S?P 4 S3P x). (12)

Then, we design an Adaptive Threshold Gate (ATG) to
generate a spatial mask, which emphasizes high-confidence
foreground regions. We define the final spatio-temporal ge-
ometric feature maps as follows:

Fopit = F{ + F{ © o(ATG((Sy —v)7) + S;,  (13)

where Fy,, = {F5,, € ROH Wy }Neam are the final
spatio-temporal geometric feature maps, which can be used
for 2D detection. o(+) is the sigmoid function. The Adap-
tive Threshold Gate (ATG) uses two learnable parameters,
~ and 7, where y controls the threshold shift and 7 adjusts
the smoothness of the spatial mask.

The proposed STGE module enables the 2D detector to
distill and directly supply the feature representations actu-
ally consumed by the 3D head, including the 3D cues that
previously had to be relayed across frames via the 2D head,

thereby narrowing the gap between 2D and 3D representa-
tions. Additionally, depth values enhance object boundary
clarity, guiding the 2D detector toward more accurate local-
ization.

3.4. Object-center Query Generator

The spatio-temporal geometric feature maps F; are fed
into the 2D detection head to produce updated 2D bound-
ing boxes. Based on these refined 2D boxes, we generate
object-centric 3D queries as the input for the 3D decoder,
establishing an explicit bridge between 2D perception and
3D reasoning.

Through RolAlign [4] and MLP, we obtain the feature
embeddings e?? € RC of each detection box. The K;*
is employed to generate coarse positional encoding P e
R3*M \where M represents the number of 2D boxes.

For each detection, we also extract the depth value be-
neath the bounding box center from the depth maps, con-
catenate the depth with the center coordinates to form
pseudo-3D points, and then generate the 3D object-center
locations P° € R3*M by transforming these coordinates
through the K, !. The coarse positional encoding P e
R3*M and 3D object-center locations P° € R3*M are fed
into a Linear layer to get offset that enriches the positional
features representation:

Pe = Lz'near(concat(Pe/7 P%)) + P, (14)

where P¢ € R3*M are the final refined positional encod-
ing, and its contributions are two-fold. First, reliable 2D
detections provide corrective cues for pseudo-point clouds.
Second, with the help of positional encoding, we generate
refined 3D points, thereby suppressing error propagation to
the 3D detection pipeline.

4. Experiments

4.1. Datasets and Metrics

We evaluate our method on the large-scale nuScenes dataset
[1], a widely used benchmark for surrounding-view 3D ob-
ject detection in autonomous driving. It contains 1,000
scenes divided into 700 for training, 150 for validation,
and 150 for testing, each about 20 seconds long and anno-
tated at 2 Hz. The dataset provides 32-beam LiDAR point
clouds and six camera views covering 360 degrees. Follow-
ing the official protocol, we report mAP and NDS, along
with mATE, mASE, mAOE, mAVE, and mAAE for detailed
analysis.

4.2. Implementation Details

We follow previous approaches [26] and use ResNet50 [3],
ResNet101 [3], and V2-99 [9] as backbones. To supervise
depth, LiDAR points are projected onto camera views to

33072



Method | Backbone | Image Size |mAP1 NDS1 |mATEl mASEl mAOE| mAVE] mAAEl
StreamPETR[26] | ResNet50 | 704 X256 | 43.2 54.0 0.581 0272 0413 0295  0.196
FreqPDE[24] ResNet50 | 704256 | 435 54.3 0.577 0270  0.442 0257  0.199
STUR3D(Ours) ResNet50 | 704256 | 44.8 55.0 0.558 0275  0.431 0257  0.208
QAF2D¥[7] ResNet50 | 704 X256 | 46.0 56.1 0.573 0263 0387 0276  0.191
DySS[311¥ ResNet50 | 704 X256 | 46.2 56.2 0.537 0268 0338 0239 0177
GeoBEV[33]#f ResNet50 | 704 %256 | 43.0 54.6 0.533 0275 0419 0298 0214
OPEN+[5] ResNet50 | 704 %256 | 47.0 56.5 0573 0275 0413 0235  0.193
STUR3D(Ours)t | ResNet50 | 704 X256 | 48.6 57.9 0.562 0269 0362 0237 0202
QAF2D[7] V2-99 | 320800 | 50.0 58.6 0.561 0261 0369 0251  0.196
tgGBC[29] V2-99 | 320%800 | 52.1 60.3 0.533 0268 0344 0210  0.192
STUR3D(Ours) V2-99 | 320800 | 53.0 61.2 0.517 0270 0307 0241  0.194
MV2D-T[28]F ResNet101 | 1600 X900 |  47.1 56.1 0.593 0262 0340 0368  0.184
StreamPETRT[26] |ResNet101 | 1408 x512| 50.4 59.2 0.569 0262 0315 0257  0.199
Sparse4Dv2[14] 7§ | ResNet101 | 1408 X 512|  52.1 60.8 0.519 0265 0364 0199  0.180
DVPE$[25] ResNet101 | 1408 x 512 52.1 60.3 0.544 0262 0318 0248  0.200
OPEN{[5] ResNet101 | 1408 X 512| 51.9 60.6 0.528 0266 0312 0222  0.190
STUR3D(Ours)t |ResNetl01 | 1408 x 512 | 53.1 61.3 0.509 0267 0313 0224  0.201

Table 1. Comparison with previous State-of-the-art multi-view 3D detectors on the nuScenes val set. For fair comparisons, we
reproduce the baseline method under the same settings as our method. § benefited from the perspective-view pre-training of nulmages.*
indicates methods with CBGS training which will elongate 1 epoch into 4.5 epochs. § means to use a future frame.

| Backbone | Image Size | mAPT NDS?1 | mATE]

mASE, mAOE] mAVE]! mAAE]

Methods

StreamPETR[26] V2-99 640 X 1600 55.0
QAF2D[7] V2-99 640 X 1600 55.5
DVPE[25] V2-99 640 X 1600 57.2
RayDN[15] V2-99 640 X 1600 56.5
FreqPDE[24] V2-99 640 X 1600 56.0
STUR3D(Ours) V2-99 640 X 1600 57.9

63.6
63.6
64.4
64.5
64.2
64.6

0.479 0.239 0.317 0.241 0.119
0.471 0.237 0.322 0.268 0.118
0.466 0.240 0.319 0.266 0.126
0.461 0.241 0.322 0.239 0.114
0.468 0.241 0.315 0.242 0.115
0.449 0.259 0.355 0.243 0.124

Table 2. Comparison on the nuScenes test set. No other tricks(e.g., CBGS, TTA) are used during training and test in our methods.

form sparse depth maps with a downscale x 16, and Depth-
Net [23] is trained with masked regression loss on valid pix-
els. Depth prediction is supervised by LiDAR during train-
ing, but operates in a vision-only mode during inference.
All models are trained on 4 NVIDIA GeForce RTX A6000
GPUs using AdamW [18] with a cosine annealing policy, a
learning rate of 4 X 10~%, and a batch size of 8. Our models
are trained for 90 epochs on the nuScenes val set and 60
epochs on the test set. No CBGS [34], test time augmen-
tation, or future frames are used. We retain the top-128 2D
detections and top-256 3D detections per frame. In addi-
tion, we initialize the learnable decay parameter 3 and the
gating parameters ~y and 7 to 0.5. For the geometric prior
X, we generate a single-scale tensor and follow the split
set [32] of Eq. 10 for inference.

4.3. Comparison with State-of-the-art

We compare the proposed STUR3D with the existing
state-of-the-art surrounding-view 3D object detectors on
nuScenes val and test sets [1]. As shown in Tab. I
for nuScenes val set, when adopting ResNet50 [3] back-

bone pre-trained on nulmages and 704 x256 input image
size, STUR3D achieves 48.6% mAP and 57.9% NDS per-
formance, which outperforms the state-of-the-art method
OPEN [5] by 1.6% mAP and 1.4% NDS, and outperforms
our baseline StreamPETR [26] by 3.7% mAP and 2.9%
NDS. STUR3D achieves 53.1% mAP and 61.3% NDS
performance with ResNet101 [3] backbone pre-trained on
nulmages and 1408512 input image size. STUR3D out-
performs the state-of-the-art method Sparse4Dv2 [14] by
1.0% mAP and 0.5% NDS, which establishes a new state-
of-the-art method on the nuScenes val set. Our STUR3D
has an obvious performance improvement over the base-
line [26] by 2.7% mAP and 2.1% NDS.

As shown in Tab. 6, STUR3D achieves 52.7% mAP
and 60.2% NDS using only camera inputs and without
any LiDAR supervision during training. LiDAR is never
used as input at inference time for any model, and the
table compares only whether LiDAR signals are used as
training supervision. In Tab. 2, we provide the detec-
tion results on nuScenes test set, and compare the pro-
posed framework with previous state-of-the-art methods.
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Exp.|STOPP|STGE |0QG |mAPt NDS?|

a - - - 482 57.1
b v - - 489 58.1
c - v - 48.7 58.0
d - - v 1502 592
e v v | 521 605
f - v v | 517 602
g v v v | 53.0 612

Table 3. Ablation studies for each component in STUR3D on
the nuScenes val set. The STOPP, STGE and OQG represent the
Spatio-Temporal Object Prior Propagator, Spatio-Temporal Ge-
ometry Encoder, and Object-center Query generator.

Method | STOPP | 3D gen. | FPST | mAP? NDS?t
StreamPETR [26]| - - 130|482 571
MV2D [28] v | 64 | 472 560
QAF2D [7] v | 39 | 498 588
OPEN [5] - | 103 521 612
DVPE [25] v | 621505 566
OPEN+STOPP v - 87 | 524 607
DVPE+STOPP v v | 56 | 508 569
STUR3D v v | 78 | 530 612

Table 4. Runtime and accuracy on the nuScenes val set.
“3D gen.” indicates the 3D query generator, where STUR3D uses
0QG.

STUR3D achieves 57.9% mAP and 64.6% NDS perfor-
mance with V2-99 backbone [9] and 640 x 1600 input image
size. STUR3D outperforms our baseline StreamPETR [26]
by 2.8% mAP and 1.0% NDS, and exceeds state-of-the-art
method DVPE [25] by 0.6% mAP and 0.2% NDS.

4.4. Ablation Study

Effectiveness of each component. To evaluate the effec-
tiveness of STUR3D, we conduct a series of ablation stud-
ies on the nuScenes validation set [1], using V2-99 [9]
as the backbone and an input image size of 320x800.
We retrain STUR3D for 24 epochs, and summarize the
results in Tab. 3. We can observe progressive improve-
ments with each introduced component. First, the pro-
posed model only with the STOPP module (b) improves
mAP by +0.7%, which demonstrates the impact of temporal
prior propagation in stabilizing object representations. In-
corporating STGE (c) further enhances mAP by +0.5% and
NDS by +0.9%, emphasizing the importance of geometry-
aware consistency across surrounding-view features. Intro-
ducing OQG (d) alone results in +2.0% mAP and +2.1%
NDS gains, highlighting the importance of object-centric
query generation with depth priors for stronger initializa-
tion. When combining STOPP and OQG (e), the system
benefits from both temporal and geometric priors, achiev-
ing +3.9% mAP and 4+3.4% NDS over the baseline. Sim-
ilarly, pairing STGE with OQG (f) further refines depth-
guided geometry, improving the spatial grounding of 3D

# ‘#Frames‘ZD detections ‘ 3D detections ‘ mAP7T NDST
A 1 128 256 53.0 61.2
B 1 - 256 524  60.6
C 1 128 - 52.1 60.3
D 1 64 128 527 61.0
E 1 256 256 52.6  60.9
F 2 128 256 529 61.0
G 4 128 256 523  60.6

Table 5. Ablation of detection and temporal caching frames in
the STOPP.

Method | LiDAR supervision‘mAPT NDS1

Linear - 52.5 598
Linear v 52.7 60.7
MLP - 51.7 60.1
MLP v 52.0 60.6
STGE - 52.7 60.2
STGE v 53.0 61.2

Table 6. Comparison of other depth encoding methods on the
nuScenes val set. LIDAR supervision indicates whether LIDAR
signals are used as supervision during training; all models do not
use LiDAR inputs during inference.

queries. Finally, the full STUR3D framework achieves
53.0% mAP and 61.2% NDS, surpassing the baseline by
+4.8% mAP and +4.1% NDS, confirming that the integra-
tion of all proposed components leads to substantial im-
provements in surrounding-view 3D object detection.

Comparison of runtime and accuracy. Tab. 4 shows
runtime and accuracy on nuScenes val set. We also mark
whether a STOPP module is used and whether a 3D query
generator is present, and STUR3D adopts OQG. STUR3D
attains 53.0% mAP and 61.2% NDS at 7.8 FPS. Relative to
MV2D [28], which runs at 6.4 FPS and yields 47.2% mAP
and 56.0% NDS, and DVPE [25], which runs at 6.2 FPS and
yields 50.5% mAP and 56.6% NDS, STUR3D offers com-
parable throughput while delivering sizable gains, namely
+5.8% mAP and +5.2% NDS over MV2D and +2.5% mAP
and +4.6% NDS over DVPE. Compared with QAF2D [7],
which runs at 3.9 FPS, STUR3D is about 2x faster and
more accurate. Although OPEN [5] achieves the highest
throughput at 10.3 FPS, STUR3D provides the best mAP
and matches OPEN on NDS at 61.2%, showing a favorable
balance between accuracy and efficiency.

Ablations of the STOPP. The STOPP module demon-
strates strong plug-and-play properties. As shown in Tab. 4,
after integrating it into DVPE [25], the speed is 5.6 FPS,
and mAP and NDS increase by +0.3% and +0.3%, respec-
tively. After integrating it into OPEN [5], the total speed
is 8.7 FPS, the mAP is 52.4%, and the NDS is 60.7%.
These results indicate that the spatio-temporal prior prop-
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Figure 5. Qualitative detection results on surrounding-view images and the BEV space on the nuScenes val set. The 3D predicted
bounding boxes are shown with different colors for each method on surrounding-view images. Blue represents the baseline, green for
QAF2D, and red for our predictions. The yellow boxes on the BEV map represent the ground truth.

agation mechanism of STUR3D is a transferable module,
and the overall design significantly improves detection ac-
curacy and temporal consistency while ensuring inference
efficiency.

As shown in Tab. 5, we analyze the influence of different
detection inputs and the number of cached historical feature
maps in the STOPP. Removing 2D or 3D detections (B-C)
leads to noticeable drops in both mAP and NDS, indicating
that the joint use of 2D and 3D priors is essential for ac-
curate propagation. Increasing cached frames from one to
two (F) maintains comparable accuracy, while extending to
four (G) brings no further gain due to accumulated temporal
noise.

Ablations on depth encoding methods. As shown in
Tab. 6, the proposed STGE consistently outperforms both
Linear and MLP encoders across all metrics, indicating
stronger geometric feature modeling. With LiDAR supervi-
sion, STGE yields a notable gain in overall detection qual-
ity, NDS increases by +1.0%, reflecting improved 3D local-
ization accuracy.

4.5. Visualization Results

From the visualization results on the nuScenes val set as
shown in Fig. 5, we observe that STUR3D achieves clear
improvements over both the baseline [26] and QAF2D [7]
across various challenging scenarios. In the front-right and
back-right images, STUR3D achieves significantly higher
localization precision, with predicted bounding boxes more
closely aligned with the ground truth in both the image and
BEV spaces. In image front-left image, STUR3D demon-
strates stronger detection capability, successfully identify-
ing objects that are entirely missed by the baseline. In im-
ages front and back, STUR3D effectively recovers objects
that are heavily occluded or partially hidden, where both the
baseline and QAF2D fail. This improvement stems from the

spatio-temporal propagation structure, which leverages in-
formation from previous frames to maintain temporal con-
sistency and restore occluded targets. These results vali-
date that STUR3D not only enhances detection complete-
ness and localization accuracy but also exhibits superior ro-
bustness and stability in occluded environments.

5. Conclusion

In this paper, we introduced STUR3D, a spatio-temporal
unified representation learning framework for camera-based
3D object detection. By propagating aligned spatio-
temporal historical 3D and 2D detections to the image
plane via STOPP, injecting geometry- and depth-aware cues
with STGE, and lifting refined 2D detections into object-
center 3D queries through OQG, STUR3D explicitly aligns
heterogeneous 2D and 3D spatio-temporal representations,
guiding the 2D detector to distill representations essential
for 3D detection. Extensive experiments on the nuScenes
benchmark demonstrate that STUR3D substantially outper-
forms strong query-based baselines across diverse back-
bones and input resolutions, achieving 57.9% mAP and
64.6% NDS on the test set while preserving a favorable
accuracy-efficiency tradeoff and robustness to occlusion.
Ablation studies further verify the contribution of each com-
ponent, the plug-and-play property of STOPP, and the effec-
tiveness of our depth-aware geometric modeling under both
LiDAR-supervised and vision-only depth settings. Future
work will focus on enhancing the efficiency and scalability
of geometric attention mechanisms.
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