Under review as a conference paper at ICLR 2025

3DREALCAR: AN IN-THE-WILD RGB-D CAR DATASET
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Figure 1: Characteristics of our curated high-quality 3DRealCar dataset. 3DRealCar contains
detailed annotations for various colors, car types, brands, and even car parsing maps. In particular, our
dataset contains three lighting conditions on car surfaces, bringing challenges to existing methods.

ABSTRACT

3D cars are commonly used in self-driving systems, virtual/augmented reality,
and games. However, existing 3D car datasets are either synthetic or low-quality,
presenting a significant gap toward the high-quality real-world 3D car datasets
and limiting their applications in practical scenarios. In this paper, we propose the
first large-scale 3D real car dataset, termed 3DRealCar, offering three distinctive
features. (1) High-Volume: 2,500 cars are meticulously scanned by smartphones,
obtaining car images and point clouds with real-world dimensions; (2) High-
Quality: Each car is captured in an average of 200 dense, high-resolution 360-
degree RGB-D views, enabling high-fidelity 3D reconstruction; (3) High-Diversity:
The dataset contains various cars from over 100 brands, collected under three
distinct lighting conditions, including reflective, standard, and dark. Additionally,
we offer detailed car parsing maps for each instance to promote research in car
parsing tasks. Moreover, we remove background point clouds and standardize the
car orientation to a unified axis for the reconstruction only on cars and controllable
rendering without background. We benchmark 3D reconstruction results with
state-of-the-art methods across each lighting condition in 3DRealCar. Extensive
experiments demonstrate that the standard lighting condition part of 3DRealCar
can be used to produce a large number of high-quality 3D cars, improving various
2D and 3D tasks related to cars. Notably, our dataset brings insight into the fact that
recent 3D reconstruction methods face challenges in reconstructing high-quality
3D cars under reflective and dark lighting conditions. Our dataset is available here.


https://3drealcar.github.io/
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Table 1: The comparison of existing 3D car datasets. Our dataset contains unique characteristics
compared with existing 3D car datasets. Lighting means the lighting conditions of the surfaces of
cars. Point Cloud represents the point clouds with actual sizes in real-world scenes.

Dataset Instances Type Views Resolution Brand Lighting Car Parsing Depth Point Cloud
SRN-Car 2151 Synthetic 250 128 128 X X X X X
Objaverse-car 511 Synthetic - - X X X X X
MVMC 576 Real 10 600 450 40 X X X X
3DRealCar (Ours) 2500 Real 200 1920 1440 100+ 3 13 v v
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Figure 2: Visual comparisons of 3D car datasets and the results of a 3D generative method. Our
3DRealCar is captured in real-world scenes and contains more densely captured views. In addition,
our dataset has annotations for three different lighting conditions on the car surface. We also compare
a recent state-of-the-art text-to-3D model, MVDream with a prompt “a modern
sedan”, demonstrating its failure to generate high-quality 3D car models.

1 INTRODUCTION

Cars, as both daily objects and vehicles, are of significant interest to researchers, especially in the
field of autonomous driving. Autonomous perception systems are typically trained on daily scene
datasets that are collected frequently. However, these datasets often exhibit long-tailed distributions,
with far fewer instances of corner-case scenarios, like car accidents. Consequently, this imbalance
leads to the autonomous perception system generalizing well in the most frequently occurring scenes.
This means that the system is likely to perform poorly in rare situations, posing significant safety risks
to drivers. To build a reliable system, it is essential to have a simulator that can simulate photorealistic
hazardous scenes. Moreover, high-quality 3D cars are necessary for a realistic simulator.

Recent 3D car reconstruction methods (Wang et al., 20232} [Zhou et al, 2023}, [Xie et al.} 2023)) mainly
reconstruct cars from self-driving datasets (Sun et al.,[2020; (Caesar et al., 2020} (Geiger et al, 2013).

To apply reconstructed cars to real-world scenes, the reconstructed 3D car should be high-quality.
However, it is very challenging to obtain such high-quality 3D cars for the following reasons: (1)
Previous 3D car reconstruction methods produce low-quality 3D cars, primarily because they train
on self-driving datasets with low-resolution car images and a limited number of trainable views. (2)
Manually crafting a high-quality 3D car model requires specialized artists, which is time-consuming.
(3) There is no large-scale 3D real car dataset that can be utilized to produce a bulk of 3D cars.

Moreover, existing 3D car datasets are either synthetic or only contain a few posed images, as shown

in Figure[2] SRN-Car (Chang et al| 2015) and Objaverse-Car (Deitke et all 2023) collect 3D car
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computer-aided design (CAD) models from the Internet, but these models are synthetic and contain
non-photorealistic texture. Although MVMC (Zhang et @al., 2021) is a real car dataset, it collects only
ten views on average for each car. On the contrary, our collected 3DRealCar dataset provides an
average of 200 dense RGB-D views per car for high-quality 3D car reconstruction.

We also show that the recent state-of-the-art 3D generative method, MVOream (Shi et all, 2023b), as
depicted in Figurg]2, fails to generate high-quality cars due to the multi-view inconsistency introduced
by generative models (Rombach etlal., 2022; Stability.Al, 2023; Liu et al., 2023c; Sun et al., 2023).
Thus, the existing 3D generation methods cannot be employed to generate high-quality 3D real car
assets.

In this work, we collect a large-scale 3D real car dataset in the wild, termed 3DRealCar, which
contains dense high-quality views and rich diversity. During data collection, we employ smartphones
with ARKit (Apple, 2021) to scan cars parked on roadsides or parking lots, obtaining posed RGB-D
images and point clouds of cars. In particular, we scan around the cars in three loops to obtain dense
views. Note that we collect car data with the consent of owners. In Table 1 and Figure 1, we show
our dataset possesses striking characteristics compared with previous 3D car datasets. We capture
dense RGB-D images in high resolution, which promotes the reconstruction of high-quality 3D cars.
Furthermore, we scan cars under three different lighting conditions, resulting in the surfaces of cars
having different lighting effects, such as re ective, standard, and dark, where we denote the standard
as the smooth lighting condition without obvious specular highlight. Figure 2 shows some examples
of three lighting conditions in our dataset. Note that the number of instances in our dataset is the
largest in existing datasets. Therefore, our collected 3DRealCar dataset has a rich diversity in terms
of car types, colors, brands, and lighting conditions. We also provide car parsing map annotations
with thirteen classes for each instance, which enable our dataset to be applied in car component
understanding tasks.

To construct a high-quality dataset, we Iter out the images that are out of focus, occluded, or
blurred. To facilitate the 3D reconstruction solely on cars, we remove the point clouds of the
background. We also adjust the orientation of the car facing along the x-axis before the reconstruction
for controllable rendering. Based on the high-quality posed RGB-D images, point clouds, and multi-
grained annotations, we can apply the dataset to various tasks related to cars. Figure 3 shows our
dataset supports over 10 tasks, including several popular 2D and 3D tasks to promote the advancement
of car-related research.

We leverage existing state-of-the-art methods to benchmark 3D reconstruction and car parsing tasks
of our 3DRealCar dataset. We also conduct extensive experiments to demonstrate that the re ective
and dark lighting conditions in our dataset are challenging to existing methods, which brings a new
challenge for 3D reconstruction in awful lighting conditions. Furthermore, we demonstrate that
our 3DealCar dataset can bring real-car prior and enhance existing 3D generation and downstream
methods. Overall, the contributions of this work can be summarized below:

We propose the rst large-scale 3D real car dataset, named 3DRealCar, which contains 2,500 car
instances and their point clouds with actual sizes in real-world scenes.

3DRealCar contains RGB-D images and point clouds with detailed annotations, supporting re-
searchers to investigate various tasks in both 2D and 3D.

We conduct 3D reconstruction and car parsing benchmarks to advance car-related tasks. Notably,
we observe that existing methods face challenges under the extreme lighting conditions of 3DRealCar.

Extensive experiments demonstrate our 3DRealCar dataset can enhance real-car prior and improve
the performance of existing 3D generation and novel view synthesis methods.

2 REeLATED WORK

3D Car Datasets. There are several well-known large-scale autonomous driving datasets so far,
such as Nuscenes (Caesar et al., 2020), KITTI (Geiger et al., 2013), Waymo (Sun et al., 2020),
Pandaset (Xiao et al., 2021), ApolloScape (Huang et al., 2018), and Cityscape (Cordts et al., 2016).
These datasets are captured by multi-view cameras and lidars mounted on ego cars. Various works
(Wang et al., 2023a; Gdec Orellana et al., 2001; Liu et al., 2024; Xie et al., 2023) attempt to
reconstruct 3D cars in these datasets. However, these methods fall short of reconstructing high-
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Figure 3:The applicable tasks of our datasetOur proposed 3DRealCar dataset containing RGB-D
images, point clouds, and rich annotations can be applied to various popular 2D and 3D tasks to
support the construction of safe and reliable self-drving system.

quality 3D cars due to the lack of suf cient and dense training views. DeepMANTA (Chabot et al.,
2017) provides car component segmentation maps, but this dataset is based on the synthetic CAD
model that cannot be accurately used in real-world settings. SRN-Car (Chang et al., 2015) and
Objaverse (Deitke et al., 2023) collect 3D car models from existing repositories and Internet sources.
However, these datasets only contain synthetic cars, which cannot produce realistic textures and
geometry. MVMC (Zhang et al., 2021) is collected from car advertising websites, which contain a
series of car images, especially multi-view images of each car. However, the views of images per car
in MVMC are unposed and sparse, which is adverse to reconstructing high-quality 3D car models. In
this paper, we collect a high-quality 3D real car dataset to |l the above gaps.

3D Reconstruction with Neural Field. 3D reconstruction aims to create a 3D structure digital
representation of an object or a scene from its multi-view images, which is a long-standing task in
computer vision. One of the most representative works in 3D reconstruction is Neural Radiance
Fields (NeRFs) (Mildenhall et al., 2021), which demonstrates promising performance for novel view
synthesis. Afterward, this method inspires a new wave of 3D reconstruction methods using the
volume rendering method, with subsequent works focusing on improving its quality (Verbin et al.,
2021; Barron et al., 2021; 2022b; Guo et al., 2022; Suhail et al., 2022; Chen et al., 2022b; Wang et al.,
2023b; Barron et al., 2023), ef ciency (Fridovich-Keil et al., 2022{IMr et al., 2022; Reiser et al.,

2021; Sun et al., 2022; Kerbl et al., 2023a; Chen et al., 2022a; Garbin et al., 2021), applying artistic
effects (Fan et al., 2022; Wang et al., 2022; Jain et al., 2022; Zhang et al., 2022b), and generalizing to
unseen scenes (Yu et al., 2021; Chen et al., 2021; Wang et al., 2021; Johari et al., 2022; T et al., 2023;
Chibane et al., 2021). Particularly, Kilonerf (Reiser et al., 2021) accelerates the training process
of NeRF by dividing a large MLP into thousands of tiny MLPs. Furthermore, Mip-NeRF (Barron

et al., 2021) proposes a conical frustum rather than a single ray to ameliorate aliasing. Mip-NeRF
360 (Barron et al., 2022a) further improves the application scenes of NeRF to the unbounded scenes.
Although these NeRF-based methods demonstrate powerful performance on various datasets, the
training time always requires several hours even one day more. Instant-N@Rr(bt al., 2022)

uses a multi-resolution hash encoding method, which reduces the training time by a large margin.
3DGS (Kerbl et al., 2023a) proposes a new representation based on 3D Gaussian Splatting, which
reaches real-time rendering for objects or unbounded scenes. 2DGS (Huang et al., 2024) proposes a
perspective-accurate 2D splatting process that leverages ray-splat intersection and rasterization to
further enhance the quality of the reconstructions. Scaffold-GS (Lu et al., 2023) proposes an anchor
growing and pruning strategy to accelerate the scene coverage, which effectively reduces redundant
Gaussians and improves rendering quality. However, there is not yet a large-scale 3D real car dataset
so far. Therefore, we present a 3D real car dataset, named 3DRealCar in this work.
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