
TRoVE: Transforming Road Scene Datasets into
Photorealistic Virtual Environments

Shubham Dokania1, Anbumani Subramanian1, Manmohan Chandraker2, and
C.V. Jawahar1

1 IIIT Hyderabad, Telangana, India
2 University of California San Diego, CA, USA

Abstract. High-quality structured data with rich annotations are crit-
ical components in intelligent vehicle systems dealing with road scenes.
However, data curation and annotation require intensive investments and
yield low-diversity scenarios. The recently growing interest in synthetic
data raises questions about the scope of improvement in such systems and
the amount of manual work still required to produce high volumes and
variations of simulated data. This work proposes a synthetic data gen-
eration pipeline that utilizes existing datasets, like nuScenes, to address
the difficulties and domain-gaps present in simulated datasets. We show
that using annotations and visual cues from existing datasets, we can
facilitate automated multi-modal data generation, mimicking real scene
properties with high-fidelity, along with mechanisms to diversify samples
in a physically meaningful way. We demonstrate improvements in mIoU
metrics by presenting qualitative and quantitative experiments with real
and synthetic data for semantic segmentation on the Cityscapes and
KITTI-STEP datasets. All relevant code and data is released on github.3
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tation.

1 Introduction

Computer vision applications, specifically autonomous driving systems, are con-
stantly evolving owing to the rapid progress in the deep learning and machine
vision community. At the core of such advancements lies the foundation created
by high-quality, structured data, which augments the strengths of sophisticated
architectures. While data acquisition and processing require expensive hardware
setup and efforts to collect and process, there are several self-driving platforms
which provide easier access to large volume of raw and processed data. However,
data annotation still poses a huge challenge and is a resource extensive process.
Even in the cases when it is feasible, the sheer number of possibilities in real-
world diversity makes it unfathomable to observe all variations in object types,
scenes, weathers, traffic densities, and sensor configurations. All these possibil-
ities for variations create a near-insurmountable obstacle for dataset curation

3 https://github.com/shubham1810/trove toolkit
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Fig. 1. A sample of the scene generated with the proposed method. The first image
shown is a real-world sample from nuScenes dataset. Using some existing annotation,
we are able to generate extensions such as depth, instance segmentation, RGB images,
semantic segmentation, and surface normals. These modalities represent a part of the
capabilities of the proposed method.

and annotations for self-driving and road scene scenarios. Use of synthetic data
allows creation of such variations and extended diversity for a vast number of
scenes, but requires expensive and expert manual efforts for simulations. In this
work, we raise the question whether this abundant real-data can be used to auto-
matically create synthetic datasets for training machine learning algorithms and
be inclusive of large-variations while preserving real-world structural properties.
Mimicking the physical properties of real-data in a synthetic pipeline helps to-
wards minimizing domain gaps, while allowing to generate physically meaningful
variations in scenes.

There have been several advancements in the preparation and utilization of
synthetic datasets in recent times [42,19,22,40,49,18]. While synthetically gener-
ated data may not be a complete substitute for real-world data yet, some works
[22,45,43] discuss the usefulness of augmenting real-world data with synthetic
datasets for improved performance . There have been significant improvements in
approaches for domain adaptation [43,23,12], transfer of synthetic-to-real scenes
and improvement in photo-realism [38,28]. It becomes easier to add different envi-
ronments, diversity in ambiance, lighting, weathers, and sensors using synthetic
data. However, while the data synthesis through simulation is more straight-
forward than real-world dataset creation, it still requires a significant manual
effort. Adding a new scene in such existing pipelines requires expertise to ensure
a degree of photo-realism. Recent works highlight learning methods to generate
novel trajectories and motion patterns [51,41,47]. Still, they may not necessar-
ily delineate real-world behavior accurately, especially in complex scenes with
varying crowd and traffic densities.

We propose an approach to model synthetic data based on real-world data
distributions using available annotations and visual cues, mimicking real-world
domain structure and enabling variations in a physically meaningful manner. Un-
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like most existing works, we show that using information from existing datasets
for object placement and behavior can allow for fast construction of virtual en-
vironments while preserving the appeal of synthetic data generation systems for
efficiency and diversity. We can use the same labels from a real scene to generate
a diverse set of annotated data items from each scene (example shown in Figure
1 and 3) with diverse environmental conditions.

Our approach utilizes the location information from existing real scenes and
visual cues available either as annotations or extracted from driving video se-
quences using currently available approaches in computer vision. We generate
high-fidelity environment maps using geographic data available online and sup-
plement this data with extracted cues from existing datasets and scenes. Our
physically-based method of scene generation allows us to match different aspects
of the scenes such as object positions, orientations, appearances, and ambient
factors to recreate virtual environments that mimic real-world. The proposed
approach is not restricted to manual design or hand-crafted environments, so
it can be extended to virtually any location and complexity configuration for
which visual cues can be automatically generated or already available.

A prime example of such a method is to extend existing datasets by utilizing
the available annotation from the vast set of high-quality datasets [21,10,24,44]
and generate multiple variations for each scene to increase the data volume and
annotation modalities available. To support our claims, we outline our approach
in the forthcoming sections and use the nuScenes dataset [6] as a base for the
core set of experiments. An overview of our approach is shown in Figure 2. We
use some parts of the already available annotations in nuScenes to generate new
environments with traffic and pedestrian behavior similar to that available in the
nuScenes dataset while varying the visual information to accommodate a diverse
set of configurations. We show qualitative and quantitative analysis over segmen-
tation tasks and compare validation metrics over popular datasets to outline the
effectiveness of our data generation strategy for being physically consistent and
adhering to real-world distributions. We highlight multiple modalities in our pro-
posed dataset to enable various vision downstream tasks with different sensor
configurations.

2 Related Work

Data acquisition and annotation for several downstream tasks can be challeng-
ing and resource-intensive. Especially for tasks like semantic segmentation, data
preparation’s cost and time estimate rise rapidly with data volume. There exist
many real-world datasets in the community which targets specific problem state-
ments such as vision tasks in indoor scenes [32], datasets with fine annotations for
semantic segmentation and 3D object detection in outdoor scenes [48,2,15,16],
and 3D LiDAR point cloud segmentation in urban environments [29,24,4]. How-
ever, considering the cost of expensive annotations, it is often the case that some
datasets only focus on specific modalities. For example, the nuScenes dataset [6]
consists of high-quality annotations for object detection, tracking, trajectory
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prediction, LiDAR segmentation, and panoptic LiDAR segmentation but does
not contain fine semantic segmentation annotations due to the sheer volume of
available images.

Simulator-based methods: Synthetic datasets have been shown to improve
performances across a variety of tasks including, but not limited to, object de-
tection [33,26], trajectory prediction [51,7], depth estimation [3,31], semantic
and instance segmentation [5,49], human pose estimation [45], object 6DoF pose
estimation [26], 3D reconstruction [9], tracking and optical flow [50]. CARLA
[19] is a popular simulator that relies on manually designed environment maps
and places 3D object assets for vehicles, pedestrians, and dynamic entities in the
environment. CARLA simulates different traffic conditions, variations in light-
ing, and some weather changes, which are rendered in a photo-realistic manner
to provide significant overlap with real-world scenarios. The base version of the
CARLA simulator provides a limited number of 3D city environments; differ-
ent scenarios are simulated, and annotations are generated, which can be either
exported to train deep learning models or utilized via their API to evaluate au-
tonomous driving benchmark tasks. LGSVL Simulator [39] is a recent addition to
the available simulation engines that delivers high-fidelity data for autonomous
driving scenarios. LGSVL is built with an integration of Apollo Auto [1], which
provides various features for interfacing with autonomous driving runtimes. The
3D environment is generated to mimic several real-world locations and integrate
multiple sensor types, including RGB, Radar, LiDAR, which can be configured
to behave like real-world sensors such as the Velodyne VLP-16 LiDAR. A recent
simulation suite built on CARLA is the SUMMIT engine for urban traffic sce-
narios [7]. SUMMIT simulates complex and unregulated behavior in dense traffic
environments and utilizes real-world maps to replicate difficult areas like round-
abouts, highways, and intersection junctions. SUMMIT uses a context-aware
behavior model, Context-GAMMA, an extension of GAMMA [30], to formulate
agents’ motion in complex environments for dynamic crowd behavior.

Non-simulation approaches: Several works in literature do not rely on simula-
tion of the driving environment directly but provide structured fine annotations.
A notable contribution to the community in this area is the Virtual KITTI
dataset [22] which builds over the popular KITTI dataset [46] and extends the
limited amount of annotated information by generating close-to-realistic im-
ages for digital-twins of sequences from the KITTI dataset. The Virtual KITTI
dataset was recently extended in the Virtual KITTI 2 dataset [5], where the qual-
ity of images has been improved with a high definition render pipeline and the
latest game engine (Unity 2018.4 LTS). The core approach in the Virtual KITTI
dataset involves the acquisition of real-world data and measurements from the
KITTI MOT benchmarks, then building a synthetic clone of the environments
semi-automatically. Then, the objects of interest are placed in the scene manu-
ally, and lighting is adjusted to match the real-scene visually. There also exist
datasets like SYNTHIA [40], that do not rely on any visual or geometric cues
from real-world datasets and build novel virtual worlds to facilitate synthetic
data generation. SYNTHIA provides generated annotations over 13 classes for
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Fig. 2. An overview of the synthetic data generation pipeline. Given real-world input
dataset with annotations for object locations, we follow the process depicted in the
above figure. (A) Map data extraction from OSM for building and road extraction. (B)
Retrieval of categorical information and 3D object placement in scene with sampled
camera poses. (C) Extraction of background data such as vegetation mask in world co-
ordinates and PBR texture preparation. (D) Fusion of artifacts in the 3D environment
and initialization of rendering process. (E) Generated RGB data and corresponding
annotations stored for further use.

pixel-level semantic segmentation and frames rendered from multiple view-points
in the virtual environment. SYNTHIA dataset consists of large-scale annotations
of up to 200k images across four-season settings in the form of video sequences
and a random split of data with 13.4k images generated from randomly sam-
pled camera locations across the synthetic map. While the volume and impact
of the SYNTHIA dataset is prominent, the data generation process involves ex-
orbitant manual effort. Furthermore, the dynamic entities in the scenes are also
programmed manually to capture Spatio-temporal information between different
vehicles and pedestrians.

Learning-based methods: Some recent approaches focus on imitation training
[27] for iterative generation of more training data, especially for scenes where
the model performs poorly. The work presented in [35] deals explicitly with the
problem of domain gap in synthetic data by employing self-supervised learn-
ing over scene graphs to learn the scene layout and compare generated images
with unlabelled images in the target domain. A recurring limitation observed
in most datasets tends to be a lack of proper replication of real-world struc-
tures in an automated way without learning data or scene-specific layouts. The
simulators can construct high-quality environments with variations in multiple
factors. They, however, do not replicate the behavior of traffic entities from
across a variety of locations around the world, and learned behaviors can only
reproduce such motion and trajectory, which is reflective of the training data. In
our proposed method for generating synthetic datasets, we leverage visual cues
and pre-existing annotations from public datasets and enable the construction of
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large-scale scenes in virtual environments while mapping driver and pedestrian
behavior from actual data into a virtual space.

3 Our Approach

We describe the process for generating synthetic data automatically using either
existing annotations from public datasets or visual cues from video sequences.
We demonstrate the process with an example of the nuScenes dataset [6], but
the same method can be applied to other datasets with available annotations
[10,46,29]. The core components required to realize the data generation pipeline
comprise of the geographic location and objects location/orientation in a given
scene or video sequence. It is possible to construct a structured description of the
scene and use it as con�guration for the data generation process. To ensure diver-
sity in object appearances, we use publicly available free 3D assets for di�erent
classes. The process of generating synthetic data using the proposed approach
can be broken down into four major parts, which consist of (1) Building the world
environment, (2) Placement of objects and camera in the scenes, (3) Applying
textures and lighting information, and (4) Rendering and annotation processing.
In the following subsections, we describe the steps in detail, referencing the over-
all process as shown in Figure 2, and samples from intermediate stages shown in
Figure 4. All development of the 3D environment for our dataset is performed
in Blender [13], an open-source 3D modeling and development software.

3.1 Building the Virtual Environment

Assuming the ego-vehicle to be the origin at each scene, we can estimate the
geographic location using either GPS data (if available), or o�set from scene
geometry origin for which GPS information may be available.

Buildings: For generating the building placeholder, we refer to data from Open-
StreetMaps (OSM) [34] through a blender add-on (blender-osm [36]). The meshes
are generated without any texture initially. To extend variability in the scene, we
choose buildings with an approximately rectangular layout and replace the mesh
with a 3D building asset. The 3D assets used in this work were acquired from
free-to-use resources on di�erent forums such as [25,8]. To check whether a build-
ing (say b) quali�es for replacement, we take the points (x; y) from the base plane
of b as f (x; y)jbz = 0g and compute the edge length as well as orientations for
the building base polygon. Let the edges be denoted bye1;2 = d((x1; y1); (x2; y2)
and the orientations be � 1;2 = arctan(( y2 � y1)=(x2 � x1)), where d represents
the euclidean distance function. We then compute a histogram of orientations,
weighted by the respective edge lengths and select the pairs with close to�= 2
di�erence. The selected pair with the highest edge weight (lengths) are then cho-
sen to estimate the orientation of the rectangular building base. If no such edges
and orientations are found, we assume a complex building outline and mark the
building for applying facade texture in a later stage. Optionally, we can also
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compute the area of the polygon by projecting the base plane on a raster grid
and taking ratio of area with the enclosing convex polygon. However, to avoid
additional computations, we do not employ this approach in the current pipeline.

Roads: The road meshes are extracted from OSM map data as well via blender-
osm. The road meshes are connected together to form a joint mesh object for
the entire road network in the current context. The road width is adjusted to
approximately match the road width available from real-world annotations (for
nuScenes, extracted from the LiDAR point cloud).

Fig. 3. Example of variations in synthetic data for the same scene con�guration. (a)
The real-dataset image depicting a scene from the nuScenes dataset. (b) Sample render
with di�erent buildings, vehicles, pedestrians and lighting (c) Rendered image from "b"
after applying color transformation for the cityscapes dataset. (d) Render for the same
scene from a di�erent camera perspective. (e, f) Additional renders from the scene with
variations in vehicles, buildings, lighting etc.

3.2 Object and Camera Placement

We utilize the annotations available in the real-world datasets for extracting
bounding boxes and camera poses for each scene and lay out the process to
replicate the same structure in the virtual environment.

3D Object Placement: To assign a 3D asset to each bounding box, we estimate a
quality-of-�t metric based on the Intersection over Union (IoU) for 3D bounding
boxes. For a given object bounding box (sayoi ) and a set of N 3D assets with
corresponding bounding boxes (sayf oj jj 2 1; :::; N g) centered at the origin, we
scale the asset box such that the largest dimension of the asset boxoj matches
that of the query box oi , while preserving aspect ratios. We then compute the
3D IoU metric as follows:

IoU3D (oi ; oj ) = IoUxy (oi ; oj ) � min (zoi ; zoj ) (1)
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