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Fig. 1: Comparison between our proposed VRSO (green) and Waymo (red) annotations after reprojection from 3D space to 2D images.
All images are from the Waymo Open Dataset (WOD). We can easily find the reprojection errors (false positives and false negatives,
marked by yellow arrows) among the WOD annotations. For instance, the traffic signs are (1) missed in (a), (b), (d) and (e), (2) incorrectly
labelled in (c), (e), and (h), (3) not tightly covered in (a), (b), (f) and (g). Differently, VRSO yields consistent and accurate annotation
among all images, even in low-resolution (e), illuminate conditions (c) and (d). Best viewed in colour.

Abstract— As a part of the perception results of intelligent
driving systems, static object detection (SOD) in 3D space
provides crucial cues for driving environment understanding.
With the rapid deployment of deep neural networks for SOD
tasks, the demand for high-quality training samples soars. The
traditional, also reliable, way is manual labelling over the
dense LiDAR point clouds and reference images. Though most
public driving datasets adopt this strategy to provide SOD
ground truth (GT), it is still expensive and time-consuming
in practice. This paper introduces VRSO, a visual-centric
approach for static object annotation. Experiments on the
Waymo Open Dataset show that the mean reprojection error
from VRSO annotation is only 2.6 pixels, around four times
lower than the Waymo Open Dataset labels (10.6 pixels). VRSO
is distinguished in low cost, high efficiency, and high quality:
(1) It recovers static objects in 3D space with only camera
images as input, and (2) manual annotation is barely involved
since GT for SOD tasks is generated based on an automatic
reconstruction and annotation pipeline.

I. INTRODUCTION

Static object detection (SOD), including traffic lights,
guideboards, and traffic cones, is critical to modern intel-
ligent driving systems. Most detection algorithms are data-
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Fig. 2: Traditional [1] and our VRSO annotation pipelines.
Our proposed VRSO has lower cost and higher efficiency.

driven, utilizing deep neural networks [2] that demand a high
volume of training data. Although existing public driving
datasets (e.g., WOD [1] and ZOD [3]) provide accurate 3D
annotations for SOD tasks, their quantities are insufficient
for developing a reliable intelligent driving system in com-
plex environments. In practice, high-quality (also quantity)
training samples with SOD labels are annotated daily to
fix long-tail cases [4]. Typically, these 3D annotations are
manually labelled on point cloud data derived from LiDAR
scans, a time-consuming process and prone to errors (Fig. 2
(top)). Furthermore, manual labelling struggles to capture
the variability and complexity of real-world scenarios, often
failing to account for occlusions, varying lighting conditions,
and diverse angles of view (yellow arrows in Fig. 1). These
limitations underscore the need for a fully automated SOD
reconstruction algorithm capable of handling the intricate
demands of real-world intelligent driving applications.

In response to these challenges, we propose VRSO,
a Vision-centric Reconstruction for Static Object annota-
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Fig. 3: Our proposed VRSO mainly contains six steps: (1) With image sequence, Structure-from-Motion (SfM) obtains
accurate ego poses and sparse 3D key points. The 2D-3D correspondence of these key points provides association information
across frames. (2) Multi-Object Tracking and Segmentation (MOTS) obtains 2D static objects (detection and segmentation).
(3) The initial 3D annotations are proposed based on an Iterative 2D/3D Association of the above 3D points and 2D boxes. (4)
These proposals are further refined by splitting or merging in the instance levels. (5) Aiming at the consistency of reprojection,
reduce the reprojection error and further optimize the 3D parameters (position, orientation, size). (6) Automatically annotate
static objects based on the optimized 3D parameters and tracking information (yellow is VRSO, red is Waymo GT). Best
viewed in color.

tion (Fig. 2 (bottom)). VRSO leverages information from
Structure-from-Motion (SfM), 2D object detection, and in-
stance segmentation results. It begins with 2D object detec-
tion for initial proposals. By integrating keypoint-matching
features provided by SfM, it can associate 2D object de-
tection boxes across different image frames. Subsequently,
the 3D semantic key points can be extracted to generate 3D
bounding box proposals. Instance segmentation then offers
precise semantic key point locations for final 3D bounding
box refinement. Thus, VRSO constructs 2D relationships
between instances to improve recognition efficiency. It also
uses the Euclidean distance between the 3D vertices and
the corresponding 2D projection Intersection over Union
(IoU) on the observation image to decide on merging.
This approach avoids the re-identification of the same in-
stance, enhancing association efficiency. For static objects,
VRSO extracts key points through instance segmentation
and contour, addressing the challenges of integration and
deduplication of static objects from different viewpoints, and
the difficulty of insufficient observation due to occlusion
issues, thereby improving annotation accuracy. As illustrated
in Fig. 1 (bottom), VRSO demonstrates higher robustness
and geometric accuracy than manual labelling results from
the Waymo Open Dataset.

Our main contributions are: 1) We propose VRSO, a fully
automatic static object reconstruction framework, capable of
providing high-quality annotations. 2) Our method’s anno-
tations show higher consistency and accuracy in terms of
reprojection errors thanks to the vision-based reconstruction
pipeline. 3) We conduct extensive experiments on the WOD
to demonstrate that our proposed VRSO can provide ground

truth labels with accuracy comparable to manual labeling
results.

II. RELATED WORKS

VRSO can be seen as an automatic SOD labelling sys-
tem. It involves image-based 3D reconstruction, 2D object
detection, instance segmentation (see Fig. 3), etc.

A. Structure from Motion for Driving Data

While Lidar is expensive and unsuitable for all cars, the
high-precision attitude of the vehicle is the key to recovering
static objects. Since GPS mainly relies on receiving satellite
signals to calculate position and speed, the accuracy can only
reach a few meters in open space. IMU estimates attitude by
measuring acceleration and angular velocity. Its accuracy is
affected by integral cumulative errors and will be affected
by drift and other problems when used for a long time.
However, SfM can provide higher attitude accuracy in a
good environment. At the same time, for static scenes and
image sequences with a large number of overlapping areas,
the accuracy level is higher. The attitude accuracy provided
by GPS and IMU is far less than that of SfM, so we choose
SfM.

SfM has been developed for decades in the field of com-
puter vision. There are many excellent open-source projects
like COLMAP [5], OpenSfM [6], HLOC [7], etc. Some
works [8], [9] are extensions on specific domains of effi-
ciency and robustness, such as driving scene reconstruction
based on COLMAP modification in terms of initialization,
feature extraction and bundle adjustment.
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Fig. 4: Visualization of annotations. Green and red boxes are the annotations from VRSO and WOD, respectively. We can
find that annotations from our proposed VRSO are more accurate to the target than WOD, even in night time with poor
illumination conditions.

B. Object Detection and Segmentation

The SOD tasks in intelligent driving have gradually trans-
formed from 2D object detection into 3D object detec-
tion [10]. The algorithms are mainly dominated by deep
neural networks [11]. These algorithms can be divided into
three categories: dual-stage object detection, single-stage
object detection, and transformer-based object detection.
RCNN [12], FPN [13], Faster RCNN [14] et al. are all
typical two-stage object detection. YOLO [15], SSD [16] and
Retinanet [17] et al. are typical single-stage object detection.
Compared with two-stage object detection [18], single-stage
object detection represented by YOLO [19] achieves high
calculation speed while ensuring high prediction accuracy.
RelationNet [20] and DETR [21] are transformer-based ob-
ject detection. DETR uses CNN to extract features of images,
combined with position coding commonly used in the NLP
field, to generate detection data. However, DETR does not
use multi-scale features for detection, which leads to long
training times and low accuracy of small object detection.
While most automatic 3D reconstruction of SOD requires
LiDAR point clouds as inputs [22], existing methods rarely
cover this practical requirement of using only images for 3D
SOD annotation.

C. Driving Datasets with SOD 3D Annotation

The nuScenes dataset [23] uses a 32-line LiDAR with
an acquisition rate of 20Hz and provides detailed tempo-
ral annotation for 3D objects at 2Hz. The Waymo Open

Dataset [24] excels in geographic diversity and is three
times the size of nuScenes. The ZOD dataset [3] is an open
dataset for 3D scene understanding. It includes 2D and 3D
annotations of different types of traffic signs. However, using
LiDAR as input, all SOD ground truth in these datasets
are manually (or semi-automatically) created by experienced
human annotators using commercial labelling tools, which
is time-consuming and laborious. For instance, the WOD
requires 1541 standard man-days (8 hours per day) of human
labelling for all 12 million 3D bounding boxes (detailed in
Section IV-D). It is impractical to apply SOD annotation on
daily returned data using the above labelling methods [4].
Besides, additional effort (time and money) is required to
ensure the consistency and accuracy (aka. quality control) of
manual annotation [25].

III. METHOD

Fig. 3 illustrates the pipeline of our proposed VRSO algo-
rithm. It consists of two parts: scene reconstruction and static
object annotation. Scene reconstruction adopts an SfM-based
algorithm to recover the accurate image poses and sparse
3D key points. The static object annotation algorithm is the
core of VRSO. First, an off-the-shelf 2D object detection
and segmentation algorithm is applied to generate proposals.
Second, the 3D-2D key point correspondence from the SfM
model is utilized to track the 2D instances across frames.
Finally, the reprojection consistency is introduced to refine
the parameter of the 3D annotations of static objects. Since
VRSO guarantees all 3D elements and their correspondence
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Algorithm 1: VRSO algorithm

Input: Images Ii;
Output: Static objects 3D annotations {A};

1 Ego poses Pi, sparse 3D keypoints K ← SfM(Ii);
2 {D} ← Detection2D(Ii);
3 {S} ← Segmentation2D(Ii);
4 {MOTS} ← Track({D}, {S}, {K});
5 Aj ← Proposal({MOTS}, {K});
6 pijk ← The kth 2D keypoint of Aj in ith image Ii;
7 while number of new 3D points > 0 do
8 Add matched {D} by currently tracked 3D keypoints {K};
9 Add new 2D keypoints pijk from matched {D};

10 Add new tracked 3D keypoints {K} by 2D keypoints pijk;

11 end while
12 {C} ← ExtractCorners({S});
13 {Arefined} ← Triangulation({C}, Pi);
14 Residual {R} ← Reproject({Arefined}, Pi, {C});
15 {Aoutput} ← Optimize({R})

1

to 2D objects, 3D-2D correspondence and reprojection accu-
racy are also guaranteed (or improved) without LiDAR. The
pseudo-code of the proposed VRSO pipeline is illustrated in
Algorithm 1.

A. Scene Reconstruction

Following CAMA [8], [9], we adopt COLMAP [5] and tai-
lor it to fit the driving scenario. All the surrounding cameras
are used to reconstruct the SfM model. To further boost the
performance on static object reconstruction, the SuperPoint
feature point extractor [26] is trained on the sampled datasets
that focus on the guideboards, traffic lights, and traffic cones.
By optimizing SfM, we achieve roughly five times efficiency
boost and 20% robustness (success rate) improvements for
self-driving datasets. The sampling strategy is based on the
2D segmentation results of the original images. The scene
reconstruction part provides accurate ego vehicle poses and
sparse 3D feature key points for the further static object
annotation algorithm.

B. Static Object Annotation

1) Association: The first step is to obtain 2D detec-
tions with instance masks and unique object IDs across
frames: a typical Multi-Object Tracking and Segmentation
(MOTS) [27] task. However, existing MOTS algorithms
mainly focus on dynamic objects such as vehicles and
pedestrians. We then extend MOTS to static objects from
segmentation, detection, and association. First, we adopt a
2D detection algorithm [28] to provide static object clas-
sification results, including traffic lights, traffic cones, and
guideboards. Since Segment Anything Model (SAM) [29]
uses convolutional neural networks for image segmentation,
it has powerful feature extraction capabilities. At the same
time, SAM supports flexible prompts, real-time calculation
of masks and fuzzy cognitive capabilities, which can achieve
significant performance improvements in various image seg-
mentation tasks. Therefore we use SAM as an off-the-
shelf 2D segmentation algorithm. By combining SAM and
detected 2D bounding boxes, the 2D instance segmentation

··· ···

VRSO Annotation SfM Model Coordinate

Camera Frame Coordinate

Waymo Annotation LiDAR Frame Coordinate

Fig. 5: Converting clip-wise VRSO annotation into frame-
wise. TC

i and T L
i denote the camera and LiDAR coordinates

at time t, respectively. t = 0, ...,N.

results are obtained. The key points from the SfM are used
to build associations of 2D instances across frames. The 2D
feature points within each instance mask have association
information across frames based on their corresponding 3D
key points.

We propose an offline tracking algorithm based on the
3D-2D key point correspondence. In detail, we track static
objects in the following four steps:

• Step 1: Extract the 3D points inside the 3D bounding
box based on the key points from the SfM model.

• Step 2: Calculate the coordinates of each 3D point
on the 2D map according to the 2D-3D matching
relationship obtained in SfM reconstruction.

• Step 3: Determine the corresponding instance of the
3D point on the current 2D map based on the 2D map
coordinates and instance segmentation corner points.

• Step 4: Determine the correspondence between the
2D observation value of each 2D image and the 3D
bounding box formed by its corresponding 3D point
coordinates.

2) Proposal Generation: In this step, the parameters
(location, orientation, size) of 3D bounding boxes of the
static objects are initialized for a whole video clip. They can
be modified and refined through the rest of the procedures.
To recover 3D parameters of static objects from 2D images,
the 3D key points from the SfM model can be used as
stepping stones. Each key point has an accurate 3D position
and correspondence to 2D images. For each 2D instance,
the feature points within the 2D instance mask are extracted.
Then, a cluster of corresponding 3D key points can be
seen as a proposal for the 3D bounding box. We initialized
these elements with different vector representations based on
the classification information. The guideboard is represented
as a rectangle with an orientation in space, and it has 6
degrees of freedom in the Waymo world coordinate system,
including translation (x,y,z), orientation (θ ), and size (width
and height). The traffic light has 7 degrees of freedom,
considering its depth. The traffic cone is represented similarly
to the traffic light.
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Fig. 6: Visualization results of VRSO on the nuScenes dataset. The top row shows the reconstructed guideboards in 3D
along with sparse SfM point clouds. The bottom row shows the reprojection results on the images. Our proposed method
can be easily applied to different driving dataset.

3) Proposal Refinement: The initial proposals contain
mismatches and errors due to insufficient observation. Thus,
a refinement procedure is introduced to improve the overall
accuracy. It consists of the following steps:
• Step 1: Extract the outline of each static object from

its 2D instance segmentation.
• Step 2: Fit the minimum oriented bounding box (OBB)

for the outline contour.
• Step 3: Extract the vertices of the minimum bounding

box.
• Step 4: Calculate the orientation based on the vertices

and centre point and determine the vertex order.
• Step 5: Generate the minimum bounding box from 3D

key point clustering can not guarantee accuracy. There
are many cases when multiple signboards are stitched
together, or there are some vast signboards with few
3D feature key points, leading to incorrect clustering
of 3D key points. So the split and merge procedures
are conducted based on the 2D detection and instance
segmentation results.

• Step 6: Detect and reject observations that contain
occlusion. The vertex extraction from 2D instance seg-
mentation masks requires that all four corners of each
signboard are visible. However, due to occlusions, this
requirement cannot always be satisfied. An additional
procedure must be introduced to detect these situations
and remove these frames from observations. We extract
the axis-aligned bounding box (AABB) from the in-
stance segmentation and calculate the area ratio between
AABB and 2D detection boxes. If there is no occlusion,
these two ways of area calculation should be close.
Based on this observation, a threshold Ath is set to detect
occlusions. We set the following threshold to detect the
occlusion:

AreaAABB

AreaDet
< Ath (1)

4) Triangulation: The triangulation is used to obtain the
initial vertex value of a static object under 3D conditions.
By examining the number of key points in the 3D bounding
box obtained by SfM and instance segmentation during

scene reconstruction, only the instances whose number of
key points is more significant than a threshold are con-
sidered stable and valid observations. For these instances,
the corresponding 2D bounding boxes are considered valid
observations. Through 2D observations of multiple images,
the 2D bounding box vertices are triangulated to obtain
the coordinates of bounding boxes. Then, the parameters
(location, orientation, size) can be easily calculated from
the 3D coordinates of these vertices. For circular signboards
without distinguished “bottom left, top left, top right, top
right, and bottom right” vertices on the mask, the mask vertex
extraction method is not applicable. Thus, we need to identify
these circular sign boards. We use 2D detection results as
the observation results of circular objects and 2D instance
segmentation masks for contour extraction. The centre point
and radius are calculated by the least-square fitting algorithm.
The parameters of a circular signboard include centre point
(x,y,z), orientation (θ ) and radius (r).

5) Tracking Refinements: The tracking inside the VRSO
is based on feature point matching from the SfM model. If
the feature points of an instance are insufficient, the tracking
results may be unreliable. Thus, the same instance will have
multiple tracking IDs, which will decrease the accuracy
of annotation. Therefore, we determine whether to merge
these separated instances based on the Euclidean distance
of the 3D bounding box vertices and the 2D bounding box
projection IoU. Once the merging is completed, the 3D
feature points inside the instance can be gathered to associate
more 2D feature points. As shown in Fig 3 (iterative 2D/3D
association), this loop is considered terminated until none of
the 2D feature points can be added.

6) Final Parameter Optimization: The final step is to
adjust the annotation parameters by minimizing the resid-
ual reprojection errors. Taking a rectangle signboard for
example, the optimizable parameters include the location
(x,y,z), orientation (θ ), and size (w,h), in total six degrees
of freedom. The main steps are:

• Step 1: Convert six degrees of freedom into four 3D
points and calculate the rotated matrix.

• Step 2: Project the converted four 3D points onto the
2D image.
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• Step 3: Calculate the residual between the projection
result and the corner point result from instance segmen-
tation.

• Step 4: Update the bounding box parameters in Ceres
solvers [30] with Huber loss [31] to reduce the impact
of outliers on the optimization results.

After optimization, the residual value can be minimized for
more accurate labelling results. Built on that, the projection
of the rectangular frame in the image can be closer to the
actual observed position of the rectangular frame, thereby
improving the accuracy of the bounding boxes.

IV. EXPERIMENTS

We first introduce the dataset used for annotation and
evaluation. We also assess the proposed VRSO via a set of
quantitative and qualitative comparisons. It should be noted
that VRSO has been deployed by a number of intelligent
driving companies [2], [32]–[34] in practice. Thus, we do not
shy away from discussing the limitations and improvements
behind the VRSO system in the last part.

A. Dataset

We use the Waymo Open Dataset (WOD) [1] and the
nuScenes dataset [23] to verify the effectiveness and accuracy
of our proposed VRSO algorithm. The visualization results
of VRSO on the nuScenes dataset are shown in Fig. 6. The
WOD and the nuScenes dataset provide 3D annotation for
static objects, including guideboards, traffic signs, etc. The
WOD and the nuScenes dataset are famous for their accurate
calibration and time synchronization, which are essential
prerequisites to verify reprojection consistency and accuracy.
Properties: The WOD consists of high-resolution sensor
data collected by Waymo’s self-driving vehicles under var-
ious conditions. Hardware includes five LiDAR and five
cameras. The dataset contains 1150 driving records, totalling
6.4 hours, with an average length of approximately 20
seconds. The entire dataset contains 230 thousand annotated
frames, with approximately 12 million 3D bounding boxes
and 9.9 million 2D bounding boxes. The nuScenes dataset
contains 1000 scenes, each containing 15 seconds of driving
data. There are 28130, 6019, and 6008 samples for training,
validation, and testing.
Conversion: The static object annotations provided by the
WOD are frame-wise. The annotations are produced by
manual labels in LiDAR scans for each frame. While VRSO
generates annotations clip-wise, we split VRSO annotations
into each frame for a fair comparison and then transform
them according to the LiDAR coordinate system with the
provided calibration (see Fig. 5).

B. Quantitative Evaluation

We first report the time cost of each component in VRSO.
After that, we evaluate the accuracy and consistency of
VRSO by comparisons with WOD in 2D and 3D spaces.
Component Time Cost: We use more than 67 random
clips (around 990 frames per clip) from the WOD dataset

TABLE I: The computation time (on average) of each VRSO
component. The core components of VRSO (proposal and
refinement) only cost 22 seconds of computation per clip.

SfM Reconstruction MOTS Proposal Refinement
64 mins 4.7 mins 20 secs 2 secs

TABLE II: The quantitative evaluation of VRSO in 2D and
3D spaces. Det denotes the 2D detection results generated
by UniDetector [36] and manual correction. Thus, it can
be treated as the ground truth. E2D and E3D denotes the
projection error in 2D (pixels) and 3D (meters) spaces.

Prediction Reference Precision Recall E3D E2D

2D
Waymo Det 0.67 0.35 - 9.98
VRSO Det 0.88 0.82 - 2.13

3D VRSO Waymo 0.60 0.24 0.27 -

for VRSO annotation. The average time cost in each com-
ponent is detailed in Table I. We can clearly find that
SfM Reconstruction is the most time-consuming part (64
minutes), followed by MOTS (4.7 minutes). The rest parts
cost less than 30 seconds. As we discussed in Section IV-
E, the SfM reconstruction could be accelerated by parallel
acceleration [35] in practice.
Quality in 2D Space: We compare the reprojection consis-
tency between our proposed VRSO and WOD. To do so, five
steps are applied for the reprojection:
• Step 1: Reproject the 3D annotation vector elements

into each 2D image.
• Step 2: Use off-the-shelf instance segmentation tech-

niques to extract all instances in the image space and
fit a polyline to each instance.

• Step 3: Use the Hungarian algorithm [37] to match
the projected elements from Step 1 with the extracted
elements from Step 2.

• Step 4: Calculate the precision and recall following the
2D detection metrics. The matching IoU threshold is set
to 0.5.

The evaluation results are reported in Table II (top). We find
that our proposed VRSO yields higher precision and recall.
Moreover, the projection error is only 2.13 pixels on average,
which is around 4.6 times lower than the Waymo annotation.
Quality in 3D Space:We directly compare our annotations
against WOD in 3D space. Note that annotations of WOD
in 3D space are considered ground truth for the 3D object
detection tasks. Without losing generality, we take WOD an-
notation as a reference and VRSO annotation as a prediction.
The association of 3D bounding boxes is measured by the
Euclidean centre point distance. The threshold is empirically
set to 1 meter. Similarly, we calculate the precision, recall
and position error E3D. As detailed in Table II (bottom), our
VRSO annotation is around 0.27 meters from the manual
labelled Waymo. In fact, as can be seen from Fig. 4, our
VRSO annotation is more perception-friendly, tight, and
accurate to the ground truth.
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Fig. 7: Long-tail cases from harsh environments of Waymo
Open Dataset. The intermediate results are drawn to show
the failure reasons.

C. Qualitative Evaluation

To visually compare the consistency and accuracy between
VRSO and WOD, we reproject the 3D bounding boxes back
to the images in Fig. 4 (two bottom rows). Annotations
from VRSO and WOD are marked in green and red. In
addition, the intermediate segmentation and reconstruction
results from our proposed VRSO are also presented in the
corresponding columns. For WOD annotation (red boxes),
we observe that (1) the boxes do not correctly cover the target
in the first and fifth columns, (2) the guideboard in the fourth
column is missed, and (3) the rest of the boxes do not tightly
cover the target. However, annotations from our proposed
VRSO (green boxes) are more consistent and accurate (good
adhesion and minimal omission of labels). Furthermore, the
second and seventh columns indicate that our method can
properly annotate multiple adjacent sign boards.

D. Efficiency Comparison

The Waymo Open Dataset contains 12 million 3D bound-
ing boxes and 9.9 million 2D bounding boxes. With the help
of pre-trained detection models, the average manual labelling
speed is 3.7 seconds for 3D bounding boxes and 1.5 seconds
for 2D bounding boxes [38]. Given eight working hours
daily, it takes about 1541 man-days of human labelling for all
12 million 3D bounding boxes. In comparison, our method
takes about 4.9 minutes of computation for each driving clip.
It costs 95 hours of calculation for all 1150 clips, which is
more than 16x speed up than human annotations.

E. Limitations and Improvements

Fig. 7 illustrates some results in challenging conditions,
such as extremely low resolution and insufficient lighting that
affect the loss of objects during reconstruction or segmen-
tation. SfM accuracy is indeed affected under low light and
exposure conditions, but the impact is limited. To alleviate

this problem, we take the following measures to improve
the annotation quality: (1) The camera trigger time is used
as the timestamp of each frame. (2) For camera-LiDAR
frame pairs with timestamp differences greater than 10ms,
they are removed from the evaluation for fair comparison.
(3) The parameter Ath can be empirically set to around
0.95 to ensure the accuracy of annotating occluded objects.
(4) When performing 3D reconstruction, SfM uses local
reconstruction and global merging methods to reconstruct
multiple images in parallel. Based on these measures, the
annotation quality of VRSO is improved under low light and
exposure conditions.

V. CONCLUSION

This paper introduces VRSO, a novel framework that
achieves high-precision and consistent 3D annotations for
static objects. VRSO cohesively integrates detection, seg-
mentation, and Structure from Motion (SfM) algorithms,
significantly easing integration challenges within modern
intelligent driving auto-labelling systems. Notably, VRSO
eliminates the necessity for human intervention in the anno-
tation process, delivering results that are on par with manual
annotations in LiDAR scans. We have conducted qualitative
and quantitative evaluations using the widely recognised
Waymo Open Dataset to demonstrate its effectiveness and
practical applicability: around 16x speed up than human
annotation, while maintaining optimal consistency and ac-
curacy.
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