
Citation: Lastname, F.; Lastname, F.;

Lastname, F. Title. Journal Not Specified

2023, 1, 0. https://doi.org/

Received:

Revised:

Accepted:

Published:

Copyright: © 2023 by the authors.

Submitted to Journal Not Specified

for possible open access publication

under the terms and conditions

of the Creative Commons Attri-

bution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Article

The Effect of Rainfall and Illumination on Automotive Sensors
Detection Performance
Hexuan Li 1,* , Nadine Bamminger1, Zoltan Ferenc Magosi1, Feichtinger Christoph2, Yongqi Zhao1, Tomislav
Mihalj1, Orucevic Faris1, Arno Eichberger3

1 Institute of Automotive Engineering, Graz University of Technology , 8010 Graz, Austria; hexuan.li@tugraz.at
(H.L.), tomislav.mihalj@tugraz.at (T.M.), zoltan.magosi@tugraz.at (Z.M.), bamminger@student.tugraz.at
(N.B.), faris.orucevic@tugraz.at (F.O.), yongqi.zhao@tugraz.at (Y.Z.)

2 DigiTrans GmbH, 4020 Linz, Austria; christoph.feichtinger@digitrans.expert (C.F.)
3 Institute of Automotive Engineering, Graz University of Technology, 8010 Graz, Austria;

arno.eichberger@tugraz.at (A.E.)
* Correspondence: hexuan.li@tugraz.at

Abstract: Vehicle safety promises to be one of the Advanced Driver Assistance System (ADAS) 1

biggest benefits. Higher levels of automation remove the human driver from the chain of events that 2

can lead to a crash. Sensors play an influential role in vehicle driving as well as in ADAS by helping 3

the driver to watch the vehicle’s surroundings for safe driving. Thus, the driving load is drastically 4

reduced from steering as well as accelerating and braking for long-term driving. The baseline for the 5

development of future intelligent vehicles relies even more on the fusion of data from surrounding 6

sensors such as Camera, Lidar and Radar. These sensors not only need to perceive in clear weather 7

but also need to detect accurately adverse weather and illumination conditions. Otherwise, a small 8

error could have an incalculable impact on ADAS. As most of the current study is based on indoor or 9

static testing. In order to solve this problem, this paper designs a series of dynamic test cases with 10

the help of outdoor rain and intelligent lightning simulation facilities to make the sensor application 11

scenarios more realistic. As a result, the effect of rainfall and illumination on sensor perception 12

performance is investigated. As speculated, the performance of all automotive sensors is degraded 13

by adverse environmental factors, but their behaviour is not identical. Future work on sensor model 14

development and sensor information fusion should therefore take this into account. 15

Keywords: Camera; Radar; Lidar; Automotive Engineering; Adverse Weather; Sensor Perception 16

1. Introduction 17

The causes of traffic accidents can be assigned to three reasons: driver-related, vehicle- 18

related, and environment-related critical causes [1]. According to the Stanford Center 19

for Internet and Society claims that "ninety percent of motor vehicle crashes are caused 20

at least in part by human error" [2]. Thus, in order to eliminate driver-related factors, 21

the demands of autonomous driving vehicles have primarily driven the development of 22

ADAS. Furthermore, vehicle-related factors are mainly related to the robustness of vehicle 23

components. For example, if the data coming from the sensors is not accurate or reliable, 24

it can corrupt everything else downstream in ADAS. Finally, environment-related factors 25

also raise challenges for road safety. For example, in a dataset of traffic accidents collected 26

in a Chinese city from 2014 to 2016, approximately 30.5% of accidents were related to harsh 27

weather and illumination conditions [3]. For these reasons, automotive manufacturers are 28

placing a very high priority on the development of safety systems. Therefore, A reliable 29

and safe ADAS can prevent accidents and reduce the risk of injury to vehicle occupants 30

and vulnerable road users. To fulfil this requirement, the sensors must be highly robust and 31

real-time while also being able to cope with adverse weather and lighting conditions. As a 32

result, multi-sensor fusion solutions based on Camera, Lidar and Radar are widely used in 33
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higher-level automation driving for a powerful interpretation of vehicle’s surroundings 34

[4–6]. 35

According to road traffic accident severity analysis [3,7,8], late-night and adverse 36

weather accidents are more fatal than other traffic accident factors. Of these, Driving at 37

night under low illumination conditions and rainfall proved to be the most important, 38

leading to the highest number of accidents, fatalities and injuries. In the state-of-the- 39

art, some studies have outlined the impact of aforementioned environmental factors on 40

sensor performance [9–11]. For example, for illumination conditions, Lidar and Radar are 41

active sensors which are not dependent on sunlight for perception and measurements as 42

summarised in [9]. In contrast, the camera is a passive sensor affected by illumination, 43

which brings up the problem of image saturation [12]. The camera is mainly responsible 44

for traffic lane detection, which is formed by the difference in grey values between the 45

road surface and lane boundary points. Namely, the value of the gray level gradient 46

varies according to the illumination intensity [13]. The study of [14] has demonstrated that 47

artificial illumination is a factor in detection accuracy. Meanwhile, Object detection used 48

in ADAS is also sensitive to illumination [15]. Therefore, it is important to build a system 49

with multiple systems without depending on a single sensor. 50

Unlike the effects produced by illumination, which only have a greater influence 51

on the camera. the negative effects of rainfall must be taken into account in all vehicle 52

sensors. Rainfall is a frequent adverse condition and it is necessary to consider the impact 53

on all sensors. In [16], Raindrops on the lens can cause noise in the captured image, 54

resulting in poor object recognition performance. Although the wipers eliminate raindrops 55

to ensure camera perception performance, the sight distance values vary with the intensity 56

of the rainfall to the extent that the ADAS function is suspended [17]. Furthermore, 57

in other studies and analysis results on the influence of rainfall on the Lidar used in 58

ADAS, all sensors demonstrate sensitivity to rain. At different rainfall intensities, the laser 59

power and number of point clouds decrease, resulting in reduced object recognition as 60

the Lidar perception is dependent on the received point cloud data [18,19]. This effect is 61

mostly caused by water absorption in the near-infrared spectral band. Some experimental 62

pieces of evidence indicate that rainfall reduces the relative intensity of the point cloud 63

[10]. Although Radar is more environmentally tolerant than Lidar, it is subject to radio 64

attenuation due to rainfall [20]. Compared to normal conditions, the simulation results 65

show that the detection range drops to 45% under heavy rainfall of 150 mm/h [21]. A similar 66

phenomenon is confirmed in the study of [22]. A humid environment can cause a water 67

film to form on the covering radome, which can affect the propagation of electromagnetic 68

waves at microwave frequencies and lead to considerable loss [23]. Meanwhile, the second 69

major cause of radar signal attenuation is the interaction of electromagnetic waves with rain 70

in the propagation medium. Several studies have obtained quantitative data demonstrating 71

that precipitation generally affects electromagnetic wave propagation at millimetre wave 72

frequencies [24,25]. Therefore, the negative impact of rainfall directly affects the recognition 73

capability of the perception system, which results in the ADAS function being downgraded 74

or disabled. 75

No sensor is perfect in harsh environmental conditions. Although, there are already 76

several scientific studies showing the experimental results of the sensors in different en- 77

vironments and giving quantitative data. However, in most cases these experiments are 78

carried out at static or indoor conditions [10,11,19,26,27], which is difficult to comprehen- 79

sively evaluate the performance of the sensor based on these laboratory data alone. This is 80

because for the actual road traffic environment, vehicles equipped with sensors are driving 81

dynamically and ADAS is also required to cope with various environmental factors at 82

different speed conditions. To compensate for the limitations of the current implementation, 83

in this study, we design a series of dynamic test cases under different illumination and 84

rainfall conditions. In addition, we consider replicating more day-to-day traffic scenarios, 85

such as cutting in, following and overtaking, rather than a single longitudinal test. The 86

study statistically measures sensor detection data collected from a proving ground for au- 87
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tonomous driving. Thus, a more comprehensive and realistic comparison of experimental 88

data from different sensors in adverse environments can be made and we discuss the main 89

barriers to the development of ADAS. 90

The outline of the subsequent sections of this paper is as follows: The proving ground 91

and test facilities are introduced in Section 2. Section 3 presents the methodology for test 92

cases implementation. Section 4 demonstrates the statistics from real sensor measurement 93

and evaluation for main automotive sensors. Limitations of sensor for ADAS are discussed 94

in Section 5. Finally, a conclusion is provided in Section 6. 95

2. Test Facilities 96

Our measurements were conducted at the DigiTrans test track, which was designed 97

to replicate realistic driving conditions and provide a controlled environment for testing 98

autonomous driving systems. The test track enables the simulation of various environmen- 99

tal conditions to test the detection performance of the sensors under different scenarios. 100

Further details regarding the test track will be provided in Section 2.1 of the paper. Section 101

2.2 introduces three commonly used sensor types tested in our experiments. These sensors 102

are widely used in the current automotive industry, and their detection performance under 103

adverse weather conditions is of great interest. We introduced a ground truth system in 104

Section 2.3 to analyse the sensor detection error. This system allowed us to evaluate the 105

accuracy and reliability of the sensors in detecting the surrounding environment. 106

2.1. Test Track 107

DigiTrans is a test environment located in Austria that collaborates with national 108

and international partners to furnish expertise and testing infrastructure while supporting 109

testing, validation, research, and implementation of automated applications within the 110

realm of municipal services, logistics, and heavy goods transport. DigiTrans expanded the 111

decades-old testing site in St. Valentin (see [28]) in multiple phases to meet the demands of 112

testing automated and autonomous vehicles. The site boasts several distinctive features, 113

such as: 114

• Highly digitalised infrastructure and 5G / C-ITS test site 115

• various asphalt tracks for motorway, rural and urban roads 116

• a roundabout with four junctions and several intersections 117

• high-performance road markings. 118

• Data preparation, data processing, analysis and evaluation 119

• Central synchronous data storage of vehicle and environmental data (Position / 120

Weather / Operational Design Domain (ODD) / Video) 121

• Central control and planning of test scenarios (Positioning / Trajectories) 122

• Central control and synchronous timing for all systems 123

• Nationwide central WLAN infrastructure (4G / 5G) according to military standard 124

• Area-wide accurate GPS positioning and creation of a digital twin as well as high- 125

precision reference maps (UHDmaps®) 126

In our study, we are focused on the influence of adverse weather conditions on auto- 127

motive sensors. Namely, testing these technologies in a suitable, realistic and reproducible 128

test environment is absolutely necessary to ensure functional capability and to increase 129

the road safety of ADAS and AD systems. To create this test environment, DigiTrans has 130

built a unique outdoor rain plant (see Fig. 1) to provide important insights into which 131

natural precipitation conditions affect the performance of optical sensors in detail and how 132

to replicate the characteristics of natural rain. 133
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Outdoor rain plant

Proving ground St. Valentin (Austria)

Figure 1. Overview DigiTrans test track in St. Valentin, Lower Austria with outdoor rain plant ©
DigiTrans GmbH.

The outdoor rain plant covers a total length of 100 m with a lane width of 6m. It is 134

designed and built to replicate natural rain characteristics in a reproducible manner. Fig. 2 135

shows a cross-section of the rain plant in a longitudinal driving direction. 136

Outdoor rain plant – Cross section
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Figure 2. Cross section of outdoor rain plant in longitudinal direction with rain characteristics ©
DigiTrans GmbH.

The characteristics of rain are predominantly delineated by its intensity, homogeneity 137

distribution, droplet size distribution, and droplet velocities. The rain intensity refers to 138

the average amount of water per unit of time (e.g. mm/h). Homogeneity distribution 139

provides information on the spatial distribution of rain within a specific wetted area, with 140

the mean value of homogeneity distribution being the intensity. Droplet sizes are measured 141

as the mass distribution of different droplet sizes within a defined volume, with typical 142

diameters ranging from 0.5 to 5 mm, and the technical information can be found in [29]. 143

It should be mentioned here that natural rain droplets have no classical rain-teardrop 144

shape [30]. The fourth characteristic is droplet speed, which varies according to droplet 145

size and weight-to-drag ratio, as described in [31]. The present study conducted tests 146

under two different rain intensities, namely 10 and 100 mm/h, corresponding to mid and 147

high-intensity rain based on internationally accepted definitions [32]. 148

2.2. Tested Sensors 149

In our research, we primarily focus on the performance of three sensors (Camera, 150

Radar, LiDAR) widely used in the automotive industry. Table. 1 shows their specific 151

parameters and performance. In the experiment, sensors and measurement systems were 152
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integrated into the measurement vehicle, referred to as the "ego car", shown in Figure 3. 153

Meanwhile, the vehicle’s motion trajectory and dynamics data recording were accomplished 154

using GPS-RTK positioning (using a Novatel OEM-6-RT2 receiver) and the GENESYS 155

Automotive Dynamic Motion Analyser (ADMA). The GPS-RTK system was also used to 156

provide global time synchronization, ensuring that the sensor detection data transmitted 157

on the bus were aligned, making it easier to post-process the data. 158

Table 1. The tested sensors with their respective information.

Mobileye 6 Series Camera Continental ARS 408 RoboSense RS-16

Picture

Distance range app. 190 m 250 m 150 m
Azimuth angle 38◦ 18◦ (far range) 360◦

Elevation angle 28◦ 14◦ (far range) 30◦

Cycle time app. 50 ms app. 72 ms 50 ms
Interface 500 kbit/s CAN-bus 500 kbit/s CAN-bus 100 Mbps Ethernet

Dimensions L122*W79*H43 mm L138*W91*H31 mm φ109mm * H80.7 mm

Figure 3. Overview of sensors and measurement equipment integrated on the testing car

2.3. Ground Truth Definition 159

In Fig. 3 RoboSense RS-Refenrece system mounted on the roof of the vehicle, which 160

provides ground truth data in the measurement. Hence, we quantify the detection errors of 161

the sensors using the ground truth data. It is a high-precision reference system designed to 162

accurately evaluate the performance of LiDAR, Radar, and Camera systems. It provides a 163

reliable standard for comparison and ensures the accuracy and consistency of test results. 164

The RS-reference system uses advanced algorithms and sensors to provide precise and 165

accurate data for multiple targets. This allows for high-accuracy detection and tracking of 166

objects, even in challenging environments and conditions. To validate the measurement 167

accuracy of the RS-reference system, we compared it with the ADMA. The latter enables 168

highly accurate positioning with an accuracy of up to 1 cm. Therefore, ADMA is used as a 169

benchmark to verify the accuracy of RS-Reference. The target and ego cars are equipped 170

with ADMA testing equipment during the entire testing process. Additionally, the RS- 171

Reference is also installed on the Ego Car. Due to the difference in the reference frame, the 172

reference benchmarks for ADMA and RS-Reference on the ego car are calibrated to the 173

midpoint of the rear axle. On the target car, the ADMA coordinate system was transformed 174

to the centre point of the bumper to serve as a reference, which is consistent with the mea- 175

surement information provided by the RS-Reference. Eventually, the accuracy information 176

is summarized in Table 2. Although RS-Reference does not perform as accurately as ADMA 177

in longitudinal displacement errors. In light of our designed test cases, multiple targets 178
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Table 2. Accuracy of RS-Reference compared with GENESYS ADMA

Measurement information Precision

Target longitudinal direction [m] 0.131
Target lateral direction [m] 0.028

Target longitudinal speed [m/s] 0.054
Target lateral speed [m/s] 0.008
Target heading angle [rad] 0.012

must be tracked. With limited testing equipment, RS-Reference can meet multi-target 179

detection needs, which provides excellent convenience for subsequent post-processing. 180

Therefore, the measurement information from RS-Reference can serve as ground truth to 181

support evaluating other sensors’ performance. 182

3. Test Methodology 183

The overall manoeuvre matrix consists of nine different manoeuvres in total. Each 184

scenario is either related to a real occurring driving situation. To cover a common repertoire 185

of manoeuvres, each test scenario considers both low and high vehicle speeds. One main 186

research question of this project is to assess the influence of different day and weather 187

conditions on sensors as LiDAR, Radar and Camera. Figure 4 shows the test matrix 188

with all day and weather conditions. The examined experiments were performed during 189

the daytime on a dry/Waterlogged road. Meanwhile, The tests were also conducted 190

under moderate and heavy rain. For nighttime conditions, all tests were conducted under 191

conditions with good artificial lighting. The combinations of weather conditions were, 192

respectively, dry road and simulated moderate and heavy rain. Tehrefore, all scenarios 193

were performed on the dynamic driving track underneath the rain plant of the proving 194

ground (see Section. 2), thus ensuring consistent experimental conditions. 195

Finally, 276 test cases were performed. Each weather condition consists of seven 196

manoeuvres with two variations in speed, and each variation was repeated three times to 197

allow an additional statistical evaluation. To get as close as possible to automated driving 198

behaviour, each vehicle was equipped with Adaptive Cruise Control (ACC) had it activated 199

while driving. Hence distance maintenance to the front target, acceleration or deceleration 200

of the vehicle was controlled by ACC. Since the rain planet is only 100m long, the main 201

part of the manoeuvre should be performed under the rain simulator. Table. 3 illustrates 202

the entire test matrix with pictograms, and a short description. 203

Figure 4. Structure of weather combination.
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Table 3. Test cases description.

Manoeuvre Pictogram Short description

Acclerate Leaving

The target vehicle in front accelerates and
drives away from the ego vehicle, this
case represents a drive off from traffic

lights or stop sign.

Accelerate Approach

This case depicts ego car is heading
towards and approaching traffic

congestion or slow-moving traffic. Ego
car with ACC function automatically

slow down and maintain a safe distance
from the target car.

Lateral Leaving

An evasive manoeuvre or a lateral lane
change are presented. The test speed
covers different situations from low

speed to high speed, and the Target car
performs double lane change after

reaching the preset speed.

Cut-in

Cut-in is a common driving behavior.
Ego cars with ACC function are

following front car while Side-by-side
vehicle accelerates to overtake and cut in

at a preset speed.

Cut-out

The opposite of the last described action
is the cut-out. Under the condition of

activating the ACC following function,
front car cut out to the adjacent lane and

performs the overtaking.

Separation Test

This scenario presents an Ego car with
ACC function is approaching traffic

congestion or waiting for a red light. It
usually occurs in urban scenarios with

multiple lanes

Platoon Test

Vehicle platooning often occurs on
highways, and using the ACC function
allows for smaller speed fluctuations to

keep up with traffic.

4. Results and Evaluation 204

After a series of post-processing work, we collected 278 valid measurement cases, 205

each sensor containing more than 80,000 detection data. In this section, we demonstrate 206

the quantitative analysis for each sensor to show the detection performance. Since the 207

distance of the rain simulator is only 80m, the collected data is filtered based on GPS 208

location information to ensure that all test results are produced within the coverage area of 209

the rain simulator. for rainfall simulation, we split measurement into moderate and heavy 210

rain conditions with intensities of 25 mm/h and 100 mm/h, respectively. Meanwhile, the 211

artificial illumination condition is also considered in our test. Additionally, we also discuss 212

the influence of detection distance on the results. However, due to the rain simulator’s 213

length limitation, environmental factors’ effect on sensor detection is not considered for this 214

part of the presentation of the results. As introduced in section 3, the test scenarios have 215

been divided into two parts: daytime and nighttime. The daytime tests are further divided 216

into dry and wet road conditions, as well as moderate and heavy rainfall conditions, which 217

will be simulated using a rain simulator. For the nighttime test, the focus is only on dry 218
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road conditions and moderate rainfall, given the test conditions. This approach thoroughly 219

evaluates the systems’ performance under different weather and lighting conditions. 220

According to the guide to the expression of uncertainty in measurement [33], the 221

detection error can be defined in Eq. 1, where Datameasured can be regarded as the sensor 222

measurement output and the ground truth is labeled Datare f erence. In addition, the mea- 223

surement error is denoted as εuncertainty. After obtaining a serie of detection errors for the 224

corresponding sensors, we quantify the Interquartile Range (IQR) of the boxplot and the 225

number of outliers to indicate the detection capability of the sensor. 226

εuncertainty = Datameasured − Datare f erence (1)

In this study, our sole focus is on different sensors’ performance of lateral distance 227

detection. This is because autonomous vehicles rely on sensors to detect and respond to 228

their surroundings, and lateral distance detection is essential in this process. An accurate 229

lateral detection enables the vehicle to maintain a safe and stable driving path, which is 230

critical to ensuring the safety of passengers and other road users compared to longitudinal 231

detection-related functions. By continuously monitoring the vehicle’s position in relation 232

to its lane and the surrounding vehicles, an autonomous vehicle can make real-time ad- 233

justments to its driving path and speed to maintain a safe and stable driving experience. 234

This information is also used by the vehicle’s control systems to make decisions about 235

lane changes, merging, and navigating curves and intersections. A typical example is 236

being used in Baidu Apollo, the world’s largest autonomous driving platform, providing 237

trajectory planning by EM planner [34]. Therefore, the results of other outputs from sensors 238

are presented in the Appendix A, while the focus of the following sections is solely on the 239

performance of the sensor for lateral distance detection. 240

4.1. Camera 241

Cameras are currently widely utilised in the field of automotive safety. Hasirlioglu et 242

al. [10] have demonstrated through a series of experiments that intense rainfall causes a loss 243

of information between the camera sensor and the object, which cannot be fully retrieved in 244

real-time. Meanwhile, Borkar et al. [14] have proven the presence of artificial lighting can be 245

a distraction factor which makes lane detection very difficult. In addition, Koschmieder’s 246

model describes visibility as inversely proportional to the extinction coefficient of air, which 247

has been widely used in the last century [35]. This model can be conveniently defined in 248

[36] by Equation (2). 249

I(x, λ) = e−β(λ)d(x) · J(x, λ) + [1 − e−β(λ)d(x)] · A(λ) (2)

Where x denotes the horizontal and vertical coordinates of the pixel, λ denotes the 250

wavelength of visible light, β is the extinction coefficient of the atmosphere, and d is the 251

scene depth. Furthermore, I and J denote the scene radiance of the observed and clear 252

images depending on x and λ, respectively. The last item A indicates the lightness of 253

the observed scene. Therefore, by analysing this Equation, once the illumination and the 254

extinction coefficient influence the observed image by the camera sensor, the estimation of 255

obstacles can lead to detection errors. These test results can be observed in Fig. A5 and A6, 256

which illustrate the camera’s lateral detection results. 257

In general, having the wipers activated during rainfall can help to maintain a clear 258

view for the camera, making the detection more stable. However, the performance of the 259

camera’s detection is still impacted by other environmental factors, such as the intensity of 260

the rain and the level of ambient light. These factors can affect the image quality captured 261

by the camera, making it more difficult for the system to detect and track objects accurately. 262

As shown in Table 4, the IQR increases as the rainfall increases. Specifically, the outlier 263

numbers increase by at least 23% compared to the dry road conditions. It is also evident 264

that the camera is susceptible to illumination. In principle, the car body material’s reflec- 265

tivity is higher under sufficient lighting. Hence, the extinction coefficient decreases. And 266
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Table 4. Quantify the statistics of Camera detection performance in Fig. A5 and A6.

Environmental condition IQR Number of outliers

Day-Dry 0.154 140
Day-Wet Road 0.154 187

Day-Moderate Rain 0.201 173
Day-Heavy Rain 0.238 162
Night-Dry Road 0.140 217

Night-Moderate Rain 0.171 265

good contrast with the surrounding environment is conducive to recognition. Meanwhile, 267

artificial lighting provides the camera with enough light at night to capture clear images 268

and perform accurate detection. In this scenario, there is a significant increase in outliers. 269

For dry road conditions, the detected outliers are 55% higher at night than during the day. 270

In the case of moderate rainfall, the number of outliers increased by 41.7%. Namely, the 271

high uncertainty of detection at night leads to a decrease in average accuracy, as seen in 272

Table 7. 273

Comparing Fig. A5 and A6, the camera detection error with the smallest range of 274

outliers is during the day and on a dry road. In addition, nighttime conditions with moder- 275

ate rainfall are a challenge for camera detection, where the outliers range is significantly 276

increased in Fig A6-b. Since the camera is a passive sensing sensor, like most computer 277

vision systems, it relies on clearly visible features in the camera’s field of view to detect 278

and track objects. for a waterlogged road, the water can cause reflections and glare that 279

can affect the image quality captured by the camera and make it difficult for the system to 280

process the information accurately. As a result, the average error is greatest in this condition 281

illustrated in Table 7. 282

Finally, Fig. 7 demonstrates the influence of distance on the detection results, and it 283

can be clearly seen that the effective detection range of the camera is about 100m. The error 284

is increasing for detection results beyond this range, and the confidence interval is also 285

growing, which makes the detection results unreliable. 286

4.2. Radar 287

In the last decade, radar-based ADAS has been widely used by almost every car 288

manufacturer in the world. However, In the millimetre wave spectrum, adverse weather 289

conditions, for example rain, snow, fog and hail, can have a significant impact on radar per- 290

formance [21]. Moreover, the study of [10] has demonstrated that different rain intensities 291

directly affect the capability of an obstacle to reflect an echo signal in the direction of a radar 292

receiver, thus resulting in an impact on maximum detectable range, target detectability and 293

tracking stability. Therefore, rain effects on mm-wave radar can be classified as attenuation 294

and backscatter. The two mathematical models for the attenuation and backscattering 295

effects of rain can next be represented by Equation (3) and Equation (4) respectively. 296

Pr =
PtG2λ2σt

(4π)3r4 · V4exp(−2γr) (3)

Where r is the distance between Radar sensor and target obstacle, λ is the Radar 297

wavelength, Pt is the transmission power, G denotes antenna gain, σt denotes the Radar 298

cross section of target. The rain attenuation coefficient γ is determined by rainfall rate and 299

the multipath coefficient is V. From Equation (3), it can be seen that we need to consider 300

the rain attenuation effects when calculating the received signal power Pr is based on the 301

rain attenuation effects, pathloss and multipath coefficient. 302

St

Sb
=

8σt

τcθ2
BWπr2σi

(4)
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Table 5. Quantify the statistics of Radar detection performance Fig. A5 and A6.

Environmental condition IQR Number of outliers

Day-Dry 0.334 113
Day-Wet Road 0.311 74

Day-Moderate Rain 0.350 109
Day-Heavy Rain 0.359 135
Night-Dry Road 0.320 102

Night-Moderate Rain 0.328 196

The relationship between the power intensity St of the target signal and that of the 303

backscatter signal Sb is characterized according to Equation (4). It is essential to maintain 304

the ratio of the two variables above a certain threshold for reliable detection. Where τ is 305

pulse duration, θBW denotes antenna beamwidth, c is the speed of light. However, The rain 306

backscatter coefficient σi is highly variable as a function of the drop-size distribution. There- 307

fore, Radar will also consume more energy and cause greater rain backscatter interference 308

from Equation (4). Rainwater could produce the water film on the radar’s housing and thus 309

affect the detection effect, which can be observed in Table 5. Although the difference in IQR 310

values between rainy and clear weather conditions is insignificant, the number of outliers 311

increases during heavy rainfall. Overall, the radar is not sensitive to environmental factors. 312

In particular, illumination level does not affect the radar’s detection performance, and the 313

IQR values remain consistent with those during the day. Fig. A5 and A6 demonstrate this 314

phenomenon, the ranges of IQR and outliers are basically the same, but when the rainfall 315

intensity is relative high, the rain backscatter interference leads to more outliers in Fig. 316

A6-b. 317

However, the average error of Radar’s lateral detection results is larger compared 318

to the camera and LiDAR, as shown in Table 7. This is because the working principle of 319

Radar is to emit and receive radio waves, which are less focused and have a wider beam 320

width compared to the laser used by LiDAR. This results in a lower spatial resolution for 321

Radar, posing a challenge for lateral detection. LiDAR uses the laser to construct a high- 322

resolution 3D map of the surrounding environment. At the same time, the camera captures 323

high-resolution images that can be processed using advanced algorithms to detect objects 324

in the scene. This makes LiDAR and camera systems more suitable for lateral detection 325

than radar systems. Finally, comparing the performance of the camera and LiDAR in Fig. 7, 326

Radar has the farthest detection distance of approximately 200m, but the error increases as 327

the distance increases. 328

4.3. Lidar 329

In recent years, automotive Lidar scanners are autonomous vehicle sensors essential to 330

the development of autonomous cars. A large number of algorithms have been developed 331

around the 3D point cloud generated by Lidar for object detection, tracking, environmental 332

mapping or localisation. However, Lidar’s performance is more susceptible to the effects 333

of adverse weather. the studies of [19,37] tested the performance of various Lidars in a 334

well-controlled fog and rain facility. Meahile, these studies verified that as the rainfall 335

intensity increases, the number of point clouds received by the Lidar decreases, which 336

affects the tracking and recognition of objects. This process can be summarized by Lidar’s 337

power model in Equation (5). 338

P(r) = Ep
cηA
2r2 · β · T(r) (5)

This equation describe the power a received laser return at distance r, Where Ep is the 339

total energy of a transmitted pulse laser, c is light speed. A represents receiver’s optical 340

aperture area, η is the overall system efficiency. β denotes the reflectivity of the target’s 341

surface, which is decided by surface properties and incident angle. This last item can be 342
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regarded as the transmission loss through the transmission medium, which is given by 343

Equation (6). 344

T(r) = exp(−2
∫ r

0
α(x)dx) (6)

Where α(x) is the extinction coefficient of the transmission medium. Extinction is due 345

to the fact that particles within the transmission medium would scatter and absorb laser 346

light. 347

From the short review of Equation (5) and (6), we can infer that the rainfall enlarges 348

the transmission loss T(R) and hence leads to decrease in the received laser power P(R), 349

which makes the following signal processing steps fail. In fact, the performance of the 350

Lidar is degraded due to changes in the extinction coefficient α and the target reflectivity β. 351

Most of the previous studies focused on the statistics of point cloud intensities, the point 352

cloud intensity decreases with rain intensity and distance. However, object recognition 353

based on deep learning is robust and can well resist environmental noise’s impact on the 354

final result’s accuracy. This phenomenon can be observed from our statistics shown in 355

Fig. A5 and A6. Although the list of objects output by LiDAR is less influenced by the 356

environment, there are still performance differences. In Table 6, it can still be seen that dry 357

road conditions are indeed the most suitable for LiDAR detection and the difference in IQR 358

between daytime and nighttime is insignificant. Since the tests under the rain simulator 359

are all close-range detection, the results on wet road surfaces are not much different from 360

those on dry surfaces. However, once the rain test started, the difference was noticeable. 361

Raindrops can scatter the laser beams causing them to return false or distorted readings. 362

This can result in reduced visibility, making it more difficult for the system to detect objects 363

and obstacles in the road. Therefore, as the amount of rain increases, LiDAR detection 364

becomes more difficult. Especially in heavy rain, where the IQR increased by 0.156 m 365

compared to when tested in dry conditions. Additionally, the number of outliers also 366

significantly increases. Furthermore, Fig. A5-c and -d also demonstrate the phenomenon, 367

with a larger vary range of outliers under rainy conditions in. Meanwhile, The range of 368

outliers covers the entire observed range of the boxplot in Fig. A6-b. Namely, the influence 369

of rain on the LiDAR performance is evident. 370

Although from Fig. 7-c, the detection range of LiDAR can reach 100 meters. However, 371

the effective range of 16-beams LiDAR for stable target tracking is about 30 meters. Larger 372

than this range, tracking becomes unstable and is accompanied by missing tracking. This 373

is because the algorithms may use a threshold for the minimum signal strength or confi- 374

dence level required to recognize an object, which limits the maximum range of the object 375

recognition output. In addition, considering the robustness and accuracy of the algorithm 376

could filter out point cloud at long ranges due to the limited resolution and other sources 377

of error. Thereby reducing the computational requirements and potential errors associated 378

with processing data at more distant ranges. Through this method, 16-beams LiDAR can 379

provide higher resolution and accuracy over a shorter range, which is suitable for many 380

applications, such as automated driving vehicles and robotics. Only the error is larger in 381

the closer range, which is caused by the mounting position of the lidar. Since our tested 382

lidar is installed in the front end of the vehicle, it is difficult to cover the whole object when 383

the car is close to the target, which makes the recognition more difficult and less accurate. 384

However, this problem gradually improves when the target vehicle is far away from the 385

ego car. 386
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Table 6. Quantify the statistics of LiDAR detection performance Fig. A5 and A6.

Environmental condition IQR Number of outliers

Day-Dry 0.222 115
Day-Wet Road 0.189 114

Day-Moderate Rain 0.253 131
Day-Heavy Rain 0.378 288
Night-Dry Road 0.172 127

Night-Moderate Rain 0.248 227

(a) (b)

(c) (d)

Figure 5. Effect of environmental condition on sensors at daytime in rain simulator (near range) with
artificial lightning (a) Lateral distance detection error under dry road condition (b) Lateral distance
detection error under wet road condition (c) Lateral distance detection error under moderate intensity
rain conditions (d) Lateral distance detection error under heavy intensity rain conditions.
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(a) (b)

Figure 6. Effect of environmental condition on sensors at nighttime in rain simulator (near range) (a)
Lateral distance detection error under dry road condition (b) Lateral distance detection error under
moderate intensity rain conditions.

(a) (b) (c)

Figure 7. Camera, Radar and LiDAR detection performance over the distance (a) Camera detection
performance (b) Radar detection performance (c) LiDAR detection performance.

5. Discussion 387

In this section, we will discuss the observations we made during the measurement 388

under the rain simulator. By comparing Table 7, we calculate the average detection error of 389

the sensors for different environmental conditions. the lateral distance error comparison 390

shows that the difference between camera and LiDAR errors is insignificant. However, 391

radar detection is not as reliable as longitudinal detection, although the error range is still 392

acceptable. This is due to the small amount of point cloud data from the radar, and it is 393

challenging to discern lateral deviations after clustering. Furthermore, the error results 394

from different environments indicate that radar is the least affected by environmental 395

factors. Although cameras are also less impacted by the rainfall, it should be noted that the 396

tests were performed with the wipers on. Additionally, in the night test, our results have 397

demonstrated that the detection performance is enhanced by the contrast improvement at 398

night with sufficient artificial light. Finally, while LiDAR has the highest detection accuracy, 399

it is susceptible to the amount of rain, and the accuracy difference is more than four times. 400

To investigate the impact of distance on detection accuracy, we aggregated all test 401

cases in Fig. 7 statistically. LiDAR showed an extremely high accuracy rate. However, the 402

effective detection range of LiDAR is only about 30m. Beyond this range, target tracking 403

is occasionally lost. Compared with Radar’s effective detection range of up to 200m, it 404

is obvious that there are limitations in the usage scenario. However, the detection error 405

of both Radar and Camera becomes larger as the distance increases. Finally, by using 406

uniform sampling, we calculated the detection error for each sensor under all conditions 407

summarized in Table 8. 408
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Table 7. Average lateral detection accuracy comparison of sensors in rain simulator (near range) and
unit in [m].

Environmental condition Camera Radar LiDAR

Day-Dry 0.019 0.453 0.015
Day-Wet Road 0.111 0.439 0.021

Day-Moderate Rain 0.010 0.472 0.046
Day-Heavy Rain 0.030 0.507 0.073
Night-Dry Road 0.064 0.458 0.035

Night-Moderate Rain 0.088 0.545 0.063

Table 8. Average lateral detection accuracy comparison of sensors over the full range.

Parameters Camera Radar LiDAR

Mean [m] 0.617 1.456 0.041
Standard Deviation 0.571 0.826 0.118

6. Conclusion 409

Through a series of experiments, we have shown the impact of unfavourable weather 410

conditions on automotive sensors’ detection performance. Our analysis focused on lateral 411

distance detection, and we quantitatively evaluated the experimental results. Our stud- 412

ies demonstrated that rainfall could significantly reduce the performance of automotive 413

sensors, especially for Lidar and Camera, whereas the detection error fluctuation of radar 414

was slight but lacked lateral estimation accuracy. Furthermore, we conducted a series of 415

nighttime tests that illustrated the positive effect of high artificial illumination on camera 416

detection. These experimental findings provide essential insights for automotive manu- 417

facturers to design and test their sensors under various weather and lighting conditions 418

to ensure accurate and reliable detection. Additionally, drivers should be aware of the 419

limitations of their vehicle’s sensors and adjust their driving behaviour accordingly during 420

adverse weather conditions. Overall, the detection performance of different automotive 421

sensors under environmental conditions provides valuable data to support sensor fusion. 422

As part of our future work, we aim to conduct a more in-depth analysis of the raw data 423

obtained from automotive sensors. Raw data is a critical input to the perception algorithm, 424

and it often has a significant impact on the final detection output. We particularly want 425

to investigate the effects of rainfall on Lidar’s point cloud data, as it can significantly 426

impact detection accuracy. Additionally, we plan to explore the development of a sensor 427

fusion algorithm based on the experimental results. By combining data from multiple 428

sensors, sensor fusion can compensate for the limitations of individual sensors, providing a 429

more comprehensive perception of the environment and enabling safer and more effective 430

decision-making for autonomous driving systems. Therefore, our future work will focus on 431

improving the accuracy and reliability of sensor data to enable more robust sensor fusion 432

algorithms. 433
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Appendix A 465

(a) (b)

(c) (d)

Figure A1. Effect of environmental condition on sensors at daytime in rain simulator (near range) with
artificial lightning (a) Longitudinal distance detection error under dry road condition (b) Longitudinal
distance detection error under wet road condition (c) Longitudinal distance detection error under
moderate intensity rain conditions (d) Longitudinal distance detection error under heavy intensity
rain conditions.
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(a) (b)

Figure A2. Effect of environmental condition on sensors at nighttime in rain simulator (near range) (a)
Longitudinal distance detection error under dry road condition (b) Longitudinal distance detection
error under moderate intensity rain conditions.

(a) (b)

(c) (d)

Figure A3. Effect of environmental condition on sensors at daytime in rain simulator (near range)
with artificial lightning (a) Velocity detection error under dry road condition (b) Velocity detection
error under wet road condition (c) Velocity detection error under moderate intensity rain conditions
(d) Velocity detection error under heavy intensity rain conditions.
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(a) (b)

Figure A4. Effect of environmental condition on sensors at nighttime in rain simulator (near range)
(a) Velocity detection error under dry road condition (b) Velocity detection error under moderate
intensity rain conditions.

(a) (b)

(c) (d)

Figure A5. Effect of environmental condition on sensors at daytime in rain simulator (near range)
with artificial lightning (a) Heading angle detection error under dry road condition (b) Heading angle
detection error under wet road condition (c) Heading angle detection error under moderate intensity
rain conditions (d) Heading angle detection error under heavy intensity rain conditions.
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(a) (b)

Figure A6. Effect of environmental condition on sensors at nighttime in rain simulator (near range)
(a) Heading angle detection error under dry road condition (b) Heading angle detection error under
moderate intensity rain conditions.
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