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Abstract. Accurate environmental perception is crucial for autonomous
vehicles but weather conditions such as rain or strong light can signifi-
cantly impair the performance of camera-based systems. To ensure reli-
able operation under diverse weather conditions, simulation-based test-
ing is increasingly employed. Currently, however, there is no established
method to verify the realism of such simulations. Against this back-
ground, this work investigates the simulation of lighting and rain effects
in Unreal Engine 5 by analyzing differences between real and simulated
RGB images. An image dataset under different real-world weather con-
ditions is collected and subsequently reproduced in the simulation envi-
ronment. The resulting datasets are then compared using various metrics
to assess how well simulated images reproduce the characteristics of real-
world data that are relevant for computational perception, prioritizing
quantitative image similarity over the physical correctness of the under-
lying scene. The results illustrate that real weather effects are charac-
terized by complex dependencies - such as time of day, cloud cover, and
camera-induced influences - which must be taken into account in simu-
lations in order to achieve higher realism of the data. In addition, the
difference analysis performed provides avenues for future research and
improvements in simulation environments.
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1 Introduction

Reliable environmental perception through the use of various sensor technologies,
like RGB cameras, is a key requirement for the safe operation of autonomous
systems such as robots, self-driving cars, and Unmanned Aerial Vehicles (UAVs).
It forms the basis for numerous safety-critical functions, such as collision avoid-
ance or, in the case of UAVs, the identification of suitable landing sites. It has
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been shown that various weather conditions, such as rain, snow, and fog, can
significantly impair the performance of environmental perception and thus pose
a safety-related risk [30]. To enable the operation in such conditions, it is nec-
essary to develop suitable approaches to increase the robustness of perception
systems. In addition, efficient test procedures are needed to systematically eval-
uate new systems under adverse weather conditions. Conducting such tests in
real-world environments, for example in flight tests, involves considerable chal-
lenges and risks. Simulations with variable and specifically adjustable weather
conditions represent a promising alternative. However, because of the sim-to-real
gap [6], the results of such tests are only meaningful if the underlying simula-
tion is sufficiently realistic. In this context, realism does not necessarily refer to
a completely physically accurate representation of the environment, but rather
to a phenomenologically accurate representation that reflects the relevant prop-
erties of the environmental conditions for the virtual sensors and perception
algorithms.

The literature on environmental perception under adverse weather condi-
tions repeatedly indicates that there is a particular lack of datasets that explic-
itly take weather phenomena into account [15,25,30]. For this reason, numerous
studies deal with the generation of new datasets or the expansion of existing ones
[15,25,28]. However, these often consist of synthetically generated or augmented
data with extensive scenes that do not focus exclusively on weather phenom-
ena and do not have an existing real counterpart. For a systematic evaluation
of the phenomenological correctness of the weather phenomena in simulation,
a dataset with real data and minimized external influencing factors is required.
Therefore, this work compares a real-world dataset of various weather conditions
against a simulated counterpart featuring clear and rainy weather in a match-
ing environment. The datasets are used to work towards developing a method
for analyzing the differences between real and synthetic RGB images depicting
weather phenomena in order to verify the phenomenological correctness of the
synthetic data.

The main contributions of this work are twofold. First, a new real-world
dataset depicting various weather conditions with minimal other influences is
created, as well as a corresponding simulated dataset. The datasets are avail-
able at https://doi.org/10.5281/zenodo.20767236. Second, differences between
the generated datasets are investigated using common image difference analysis
metrics and used to evaluate the phenomenological correctness of the simulation.
The proposed approach is translatable to other weather phenomena for future
work.

2 Related Work

Research in the field of environmental perception under adverse weather condi-
tions requires suitable datasets, but such weather phenomena are often missing
from widely used datasets. Numerous studies attempt to close this gap by gener-
ating their own datasets. These are mostly synthetically created using augmen-

https://doi.org/10.5281/zenodo.20767236


Synthetic vs. Real Weather Effects 3

tations [10,25] or simulations [15,28]. While some approaches are based on the
physical properties of weather phenomena, such as raindrops [10,25], others are
based on optical appearance [15,16]. Most of these studies mentioned pursuing
the goal of generating datasets for training environmental perception systems.
Accordingly, complete scenes are depicted, which make it difficult to analyze
weather influences in isolation. Overall, it appears that real-world datasets with
systematically complemented synthetic data are rarely created.

For difference analyses between synthetic and real-world images, numerous
methods have been developed. Classifiers [29] and the evaluation of Machine
Learning (ML) algorithm performance on real-world data [13,21] are two com-
mon methods for evaluating synthetic training data for ML models. However,
one disadvantage of such ML-oriented approaches is that the decision process of
ML models is opaque for humans. Accordingly, it is difficult to determine why
it may be possible for the ML model to distinguish between real and synthetic
data. Notably, [22] highlights color differences between synthetic and real-world
images as having a significant influence on the generalization problems of ML
models.

Another family of approaches aims at the direct evaluation of individual im-
age properties such as brightness, contrast, or sharpness. There are often several
different methods for such approaches [4,18]. While there is the disadvantage that
these methods usually only provide global results and do not provide informa-
tion about local structures, such methods are nevertheless helpful in identifying
differences between images [12,19].

In addition to analyzing individual image properties, methods such as edge
and corner detection can also be used to obtain information about the image
content. These methods provide information about differences in the structures
of images. Common edge detection methods include the Canny algorithm [7],
the Sobel operator [24], and the Laplace filter [17]. The Harris Corner Detector
[11] and Features from Accelerated Segment Test (FAST) [20] are particularly
widely used for corner detection. An example of the application of such methods
to compare two image datasets can be found in [8], where the differences between
the datasets are evaluated based on their edge density, among other things, but
also on simple image properties such as contrast and luminance.

While the analysis of image properties is based on individual images, so-called
similarity measures are suitable for directly comparing two or more images. Such
methods can be pixel-based, such as the mean squared error (MSE) [26], or com-
bine several image properties, as in the case of the structural similarity index
(SSIM) [27]. In practice, such methods are used, for example, to identify redun-
dant images within a dataset [14], or to evaluate image quality by comparing
original and reconstructed images using MSE and SSIM [23].

As shown, numerous methods covering a broad spectrum of low- to high-level
image properties can be found in the literature. These methods differ in terms of
their interpretability and are sometimes only suitable for specific applications.
Previous work has often shown that the selection of methods is tailored to the
respective application. In contrast, this work aims to evaluate the similarity be-
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