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Abstract— In this study, we introduce the DriveEnv-NeRF
framework, which leverages Neural Radiance Fields (NeRF) to
enable the validation and faithful forecasting of the efficacy
of autonomous driving agents in a targeted real-world scene.
Standard simulator-based rendering often fails to accurately
reflect real-world performance due to the sim-to-real gap,
which represents the disparity between virtual simulations
and real-world conditions. To mitigate this gap, we propose
a workflow for building a high-fidelity simulation environment
of the targeted real-world scene using NeRF. This approach is
capable of rendering realistic images from novel viewpoints and
constructing 3D meshes for emulating collisions. The validation
of these capabilities through the comparison of success rates
in both simulated and real environments demonstrates the
benefits of using DriveEnv-NeRF as a real-world performance
indicator. Furthermore, the DriveEnv-NeRF framework can
serve as a training environment for autonomous driving agents
under various lighting conditions. This approach enhances the
robustness of the agents and reduces performance degradation
when deployed to the target real scene, compared to agents
fully trained using the standard simulator rendering pipeline.
Please note that more results can be found on our project page:
https://github.com/muyishen2040/DriveEnvNeRF.

I. INTRODUCTION

Autonomous driving is a complex task involving real-time
decision-making in intricate environments. Although various
methods for learning driving policies in virtual environments
have been proposed, they often exhibit performance degrada-
tion when applied to real-world scenarios. This degradation
frequently stems from the discrepancy between simulated
and real-world domains in both visual perception and control
dynamics, commonly referred to as the sim-to-real gap [1–7].
The sim-to-real gap encompasses a wide range of aspects,
including perceived observations, environmental conditions,
as well as vehicle’s physical dynamics. Each of these aspects
can affect the practical deployment behavior of the agent and
its interaction with real-world objects. As a result, forecasting
such discrepancies poses a crucial challenge, particularly
when attempting to predict the deployment behavior or per-
formance during the transition from simulated environments
to the real world. Therefore, correctly evaluating the real-
world performance of a policy during the training phase
in a simulated environment is a formidable task. Despite
previous endeavors that have attempted to leverage validation
environments to anticipate possible outcomes, they often fail
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Fig. 1: Visualization of the scenes rendered by DriveEnv-
NeRF for emulating diverse lighting conditions using differ-
ent setups of the appearance embedding for training policies.

to accurately predict actual performance [8, 9]. Moreover,
validating the efficacy of trained driving policies directly in
real-world scenarios is time-consuming, labor-intensive, and
potentially expensive. An appropriate method to address the
need for forecasting and validating real-world performance
in simulated environments is thus necessary, especially for
paradigms concentrating on virtual-to-real transfer learning.

Photorealistically mirroring real-world environments in a
simulator that accurately captures the appearance of the to-
be-deployed environment might offer a potential solution to
mitigate such a gap. However, reconstructing photorealistic
digital twin objects and scenes in virtual environments can be
expensive. Factors such as challenging lighting and shadow-
ing conditions, as well as dynamics, introduce complexity to
the simulation process. A number of prior research endeavors
from different perspectives have been put forth to tackle
the virtual-to-real gap, including domain randomization [10–
13], domain adaptation [14–16], knowledge distillation [17–
21], meta-learning [22–24], learning with disturbances [12],
and others [13, 25, 26]. In addition, some researchers have
attempted to address the issue from a different angle by
enhancing the simulator’s fidelity through traditional or data-
driven rendering [27–32]. While these previous efforts have
been demonstrated valuable, the challenges of accurately
forecasting a model’s real-world performance still remain.

In light of the above, this study introduces a framework
named DriveEnv-NeRF, capable of forecasting the perfor-
mance of a driving agent in a targeted real-world environ-
ment through building a simulation environment. Specifi-
cally, the simulation environment replicates a target scene
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from the real-world environment (referred to as the ‘target
real scene’ or the ‘target real environment’ hereafter) in
which our agent intends to operate by utilizing a Neural Ra-
diance Field (NeRF) [33, 34] model and a physics simulator.
The NeRF model is trained to fit images gathered from the
target real environment using a cost-effective camera setup.
After being trained, it can reconstruct renderings within the
target real scene, and its extracted 3D meshes are integrated
into a simulator for physics simulations. This offers insights
into the forecasted real-world performance when the agent
is deployed, which facilitates adjustment of the training
procedure to mitigate the impacts of the domain gap between
the simulated and the targeted real-world environments.

To more realistically reflect the target real scene, we fur-
ther utilize the concept of appearance embedding proposed in
NeRF-W [35] as a means of data augmentation. This enables
diversifying the lighting conditions in the simulated scene,
which allows our agents to be deployed in various conditions
such as daytime, dawn, or even in the evening, as illustrated
in Fig. 1. The contributions can be summarized as follows:

• We introduce the DriveEnv-NeRF framework for build-
ing a simulation environment, which enables forecasting
the performance of an agent’s policy in real scenarios.

• We employ NeRF to model and reconstruct the target
real environment and extract 3D meshes from it to pro-
vide a realistic emulation of the target real environment.

• We validate the effectiveness of the simulation environ-
ment constructed by DriveEnv-NeRF as a performance
indicator for the policy trained by deep reinforcement
learning (DRL) by conducting real-world experiments.

• We propose the use of appearance embedding to aug-
ment the training effectiveness by altering the lighting
conditions to emulate more diverse training conditions.

II. RELATED WORKS

NeRF has gained considerable attention for its capability
of synthesizing novel photo-realistic views with implicit
scene representation. The success of NeRF has led to an
explosion of subsequent methods addressing quality, speed,
accurate scene geometry, and other aspects [36–47]. While
NeRF performs well on static scenes with controlled light-
ing conditions, it encounters challenges when dealing with
image collections from unconstrained real-world scenarios,
such as variable weather, lighting, or transient occluders.
NeRF-W [35] attempts to address these issues with appear-
ance embeddings and transient networks. The existence of
appearance embedding further enables implicit control of
illumination. In addition to photo-realistic rendering, NeRF
also allows for the extraction of accurate geometry. Methods
such as Marching Cubes [48] or Poisson Surface Recon-
struction [49] can extract 3D meshes from NeRF, which can
be further utilized for physical simulations. The combination
of 3D meshes and rendered images presents the possibility
of constructing a real-to-sim simulation environment with
NeRF [50–52]. NeRF2Real [50] employs NeRF to recon-
struct real-world environments in a simulator, which enables
novel view synthesis and collision detection. Based on such

a simulator, a bipedal robot control policy trained with DRL
can be deployed to the real world in a zero-shot manner.

III. METHODOLOGY: DRIVEENV-NERF FRAMEWORK

Fig. 2 illustrates an overview of the proposed DriveEnv-
NeRF framework, which aims to construct a simulation
environment that better reflects a real-world deployment
scene. To achieve this, DriveEnv-NeRF utilizes images of
the target real scene to train a NeRF model that serves
two purposes. First, the trained NeRF model is utilized to
generate novel views for the agent during validation and DRL
training. Second, 3D meshes of the scene are extracted from
the trained NeRF model to emulate physical presence. As
a result, DriveEnv-NeRF is able to reflect the environment
appearance for visual observations and utilize the derived 3D
meshes in the simulated environments to model collisions.
The components of DriveEnv-NeRF are detailed as follows.

A. Construction of the Simulation Environment

The DriveEnv-NeRF framework encompasses four main
stages: (1) Data Collection and Preprocessing, (2) Scene
Reconstruction, (3) Physics Simulation, and (4) Hardware
Alignment. Each of these stages is elaborated on as follows.

Data Collection and Preprocessing. To train the NeRF
model, videos of the target real scene are captured under
various lighting conditions, such as different times of the
day and weather scenarios. Image frames are then extracted
at regular intervals to ensure high-quality and unobstructed
views. These frames are processed using the structure-from-
motion (SfM) process with COLMAP [53, 54] to establish
correspondences, which assist in determining the camera
frames’ extrinsic and intrinsic parameters for NeRF training.

Scene Reconstruction. To reconstruct the simulation envi-
ronment for DriveEnv-NeRF, the NeRF model is first trained
to generate novel view renderings, which are then utilized to
derive the 3D meshes of the target real scene. The rendered
images serve as input observations for the agent, while the
3D meshes are employed for collision detection. The NeRF
model further incorporates an appearance embedding, which
enables the representation of a scene under various lighting
conditions. During inference, the appearance embedding can
be specified to render images with different illuminations.

Physics Simulation. The simulation environment is built
upon the Unity engine [55], a game engine with physics
simulation capabilities for collision detection and 3D object
management. The reference frames of the NeRF model and
the 3D meshes in the simulator are aligned, which enables
translation of coordinates between the simulated frames
and the NeRF-rendered frames. Another key feature of this
environment is its support for the incorporation of various 3D
objects, such as pedestrians and obstacles, into the rendered
scenes to enrich the environmental details and complexity.

Hardware Alignment. To faithfully capture real-world
performance using the simulation environment built by
DriveEnv-NeRF, it is essential to align the agent’s config-
uration with real-world conditions. This involves adjusting
parameters such as camera intrinsics, the camera’s height



Fig. 2: An overview of the DriveEnv-NeRF framework.

Fig. 3: The application of
DriveEnv-NeRF shows agent’s
adaptability to diverse lighting.
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Fig. 4: Examples of (a) an image rendered by the simulator, (b) a NeRF rendered image, and (c) a real image.

and angle relative to the ground and the vehicle, as well
as aligning the vehicle’s speed and turning angle. Other
pertinent factors are taken into account for distinct use cases.

B. Validation and Training of DRL Agents

Once the simulation environment is built, the training
and evaluation of driving policies can be fully conducted
within it. At each timestep, the camera coordinates of the
driving agent in the simulator are transformed to the corre-
sponding coordinates in the NeRF model for rendering an
image with NeRF. This image is then used as the agent’s
observation. Subsequently, the action selected by the agent
is sent to the simulator, which executes it to simulate the
agent’s movements. This simulation environment can be used
to both train and validate the agent’s driving policy with
different settings. More specifically, the road layout and
lighting conditions can be fixed to serve as a standardized
and reproducible validation condition. If more complex envi-
ronments are desired for validation, DriveEnv-NeRF allows
alternation of the appearance embedding to evaluate the
policy’s generalizability over different lighting or weather
conditions, as depicted in Fig. 1. This feature is crucial in
training a driving policy as it reduces the negative impacts
of domain discrepancy caused by factors such as weather
and lighting. Moreover, static or dynamic obstacles can be
generated using the simulator. As a result, the simulation
environment built with the DriveEnv-NeRF framework can
serve as a benchmark for validating driving policies trained

using different procedures through the emulation of these
policies within the environment. By leveraging the realistic
images rendered by NeRF, as illustrated in Fig. 4, the trained
DRL policies can be validated within the reconstructed
simulation environment using success rate or other types of
metrics to forecast their performance in the target real scene.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

Tasks. Two different navigation tasks, namely Straight
Road and Single Right Turn, are utilized to demonstrate the
effectiveness of our DriveEnv-NeRF framework for forecast-
ing the performance of autonomous driving policies in the
real world. In these tasks, the DRL agent is expected to safely
navigate the road without deviating from the boundaries.

Validation Environments. Two validation environments,
(1) the baseline simulator and (2) the simulation environment
built by DriveEnv-NeRF, are utilized to assess their effec-
tiveness in predicting the model’s performance in the real
world. In the baseline simulator, the agent can only observe
the manually-built mesh of the scene. DriveEnv-NeRF, on
the other hand, allows the agent to observe the renderings
produced by NeRF. The DRL agent can be evaluated under
an appearance embedding not encountered during training.

DRL Training Setup. To validate the effectiveness of
our proposed environment, we employ the Soft Actor-Critic
(SAC) algorithm [56] as the DRL policy. In addition, the
agent is trained from scratch with raw RGB observations in
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