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1. Introduction 

Reliable environmental perception is a fundamen-

tal prerequisite for safe autonomous driving because percep-

tion accuracy directly affects subsequent decision-making 

and vehicle control. Modern autonomous vehicles employ 

multiple sensing modalities, including radar, LiDAR, cam-

eras, and inertial measurement units (IMUs), to perceive 

surrounding objects and estimate their dynamic states. 

Based on information acquired from these sensing systems, 

autonomous driving systems identify surrounding objects, 

predict potential hazards, plan appropriate driving trajecto-

ries, and generate steering, acceleration, and braking com-

mands. Consequently, the overall reliability of autonomous 

driving systems depends largely on the robustness and ac-

curacy of environmental perception [1, 2]. 

Although recent advances in artificial intelligence 

and high-performance computing have significantly im-

proved perception algorithms, extensive real-world testing 

remains indispensable for developing and validating auton-

omous driving systems. Simulation-based validation has 

therefore emerged as an attractive alternative because it pro-

vides a safe, repeatable, and cost-effective environment for 

evaluating autonomous driving functions under diverse op-

erating conditions [3]. Nevertheless, achieving realistic per-

ception remains one of the primary challenges in virtual val-

idation. 

Most commercial autonomous driving simulators 

provide idealized ground-truth measurements, including ob-

ject position, distance, velocity, and orientation. Although 

these outputs are suitable for algorithm development and 

functional verification, they cannot reproduce perception 

degradation caused by adverse weather conditions or sto-

chastic sensing uncertainty. Consequently, virtual valida-

tion environments tend to overestimate perception perfor-

mance and often fail to accurately evaluate the robustness of 

autonomous driving systems operating under challenging 

environmental conditions. To overcome these limitations, 

several studies have investigated physics-based radar mod-

els that explicitly simulate electromagnetic wave propaga-

tion and environmental effects [4, 5]. Although these ap-

proaches provide relatively high physical fidelity, they re-

quire substantial computational resources because electro-

magnetic propagation phenomena must be modeled di-

rectly. Such computational complexity limits their applica-

bility to real-time simulation and accelerated virtual valida-

tion [6, 7]. 

Several previous studies have also investigated au-

tomotive radar models under adverse weather conditions [8-

10]. However, most existing studies focus primarily on sen-

sor-level modeling and rarely consider integration into real-

time co-simulation environments for autonomous driving 

validation. Furthermore, the combined effects of rainfall at-

tenuation, target radar cross section (RCS), stochastic false 

alarms, roadside infrastructure, and surrounding traffic par-

ticipants have not been comprehensively represented within 

a unified simulation framework. Although commercial sim-

ulation platforms allow users to configure parameters such 

as system loss, receiver noise figure, and false alarm proba-

bility, these parameters generally remain fixed throughout 

the simulation and therefore cannot reproduce dynamically 

varying sensing conditions encountered in real driving en-

vironments. 

Although measurement-based approaches provide 

the highest level of physical fidelity, acquiring radar meas-

urements over a wide range of rainfall intensities and safety-

critical driving scenarios is both time-consuming and re-

source-intensive. Moreover, constructing reproducible da-

tasets under identical environmental and traffic conditions 

is inherently difficult. Consequently, rather than reproduc-

ing the characteristics of a specific commercial radar unit 

through measurement-based calibration, this study focuses 

on developing a computationally efficient and physically 

consistent sensing methodology that can be readily inte-

grated into autonomous driving simulation environments. 

The proposed framework is intended to support simulation-

based validation of perception–decision–control algorithms 

under adverse weather conditions. To address these chal-

lenges, this paper proposes a computationally efficient sens-

ing methodology that incorporates rain-induced propagation 

attenuation into a virtual autonomous driving simulation en-

vironment. The proposed framework estimates the reduc-

tion in received signal power by combining the classical ra-

dar equation with the rainfall attenuation model specified in 

ITU-R Recommendation P.838-3. Furthermore, a stochastic 

False Alarm Probability Generation (FAPG) algorithm is in-

troduced to reproduce intermittent target detection caused 

by environmental uncertainty. The developed framework is 

implemented in MATLAB/Simulink and integrated with the 

IPG CarMaker simulation platform through real-time co-

simulation. Consequently, it provides a physically con-

sistent and computationally efficient virtual testing environ-

ment for evaluating perception degradation under rainfall 

conditions. 
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The primary contributions of this study are three-

fold: First, we propose a computationally efficient sensing 

methodology that seamlessly integrates rain-induced propa-

gation attenuation into the classical radar equation for vir-

tual autonomous driving environments. Second, we intro-

duce a stochastic False Alarm Probability Generation 

(FAPG) algorithm capable of faithfully reproducing inter-

mittent target detections governed by user-defined probabil-

ities of false alarm and detection. Finally, we establish a 

real-time co-simulation framework combining MATLAB 

/Simulink with the IPG CarMaker platform, thereby provid-

ing a robust, physics-consistent environment for the virtual 

validation of autonomous driving perception systems under 

adverse weather conditions. 

2. Radar Sensor Model Incorporating Rain-Induced 

Propagation Attenuation 

The overall architecture of the radar sensor model 

incorporating rainfall attenuation phenomena is illustrated 

in Fig. 1. A brief overview of the input parameters, output 

signals, and computational processes is as follows. The user 

defines three primary parameters: rainfall intensity (Rr), the 

required false alarm probability (Pfa-des), and the required 

probability of detection (Pd-des). Subsequently, the user-de-

fined rainfall intensity and the ground-truth physical values 

provided by the virtual sensor in the simulation environment 

are utilized to calculate the estimated signal attenuation due 

to rain (L̂ r). During the modeling process, the system com-

putes the estimated radar received signal strength (P̂r) and 

the estimated distance to the preceding target vehicle (R̂t). 

To simulate realistic sensor degradation, the estimated ob-

ject distance (R̂a), which accounts for rainfall attenuation, is 

processed through a False Alarm Generation Algorithm. By 

incorporating the defined false alarm probability (Pfa), this 

algorithm introduces stochastic variations, ensuring that the 

final relative distance output (R̂f-a) realistically fluctuates ra-

ther than remaining constant. 

 

Fig. 1 Diagram of the radar sensor model based on the rain 

attenuation phenomenon 

2.1. Radar sensor modeling 

Automotive radar sensors typically operate in the 

24 GHz or 77 GHz frequency bands [11]. In the proposed 

radar sensor model, the received signal power (P̂r) is used to 

represent the effect of propagation attenuation on the mod-

eled target-distance measurement. According to the stand-

ard radar range equation, expressed in Eq. (1), the received 

signal power is determined by the radar cross-section (RCS, 

denoted as ) of the preceding target vehicle and the associ-

ated propagation attenuation effects. 
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where P̂r is a received signal power, Pt is a transmitted sig-

nal power (W), G is an antenna gain,  is a wavelength (m), 

 is a radar cross section (m²), Rg is a ground-truth target 

distance (m), Lr is a rain-induced propagation attenuation, 

La is an additional system loss. 

In this study, only preceding vehicles were consid-

ered as target objects. The RCS distribution (v) of a typical 

vehicle is illustrated in Fig. 2. The plastic materials predom-

inantly used in the front and rear bumpers exhibit relatively 

low radar reflectivity. Conversely, the metallic components 

constituting the vehicle doors yield significantly higher ra-

dar reflectivity than the fascia regions [12]. 

 

Fig. 2 Representative radar cross-section (RCS) characteris-

tics of a passenger vehicle 

Assuming that the fixed internal hardware losses, 

such as transmitter, receiver, and matching losses, are not 

explicitly modeled, La is set to 0 dB. Here, La  denotes addi-

tional signal losses that are not explicitly considered in the 

proposed model. Since the present study focuses on rainfall-

induced propagation attenuation, an additional loss term 

without independent measurements or a validated model is 

not introduced to avoid unnecessary uncertainty. Thus, La is 

set to 0 dB, while the rainfall-induced attenuation is explic-

itly incorporated into the propagation loss. Accordingly, the 

estimated distance to the preceding vehicle can be derived 

by rearranging Eq. (1) into Eq. (2). 
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where R̂t is an estimated target range. 
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2.2. Rain attenuation modeling 

In rainy weather conditions, the strength of the ra-

dio signals received by the radar sensor decreases due to ab-

sorption by raindrops and scattering along the propagation 

path [13]. To quantify this signal degradation, the Interna-

tional Telecommunication Union (ITU) defines a standard 

specific attenuation model [13-15], as expressed in Eq. (3). 

 r rL̂ R=  , (3) 

where L̂ r is a rain attenuation loss (dB/km), Rr is a rainfall 

rate (mm/h), ,  are coefficients depending on frequency. 

In Eq. (4), the coefficients  and  are determined 

based on the frequency-dependent characteristics specified 

in ITU-R Recommendation P.838-3 [14]. To account for ar-

bitrary polarization,  is calculated as the arithmetic mean 

of its horizontal and vertical components, (h + v) / 2, and 

 is similarly computed as (h + v) / 2. To improve com-

putational efficiency while preserving the overall attenua-

tion characteristics, the parameters  and  are represented 

using fixed values based on ITU-R Recommendation P.838-

3 [14], as summarized in Table 1. 
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where  is either h (coefficient for horizontal polarization) 

or v (coefficient for vertical polarization);  is either h 

(coefficient for horizontal polarization) or v (coefficient for 

vertical polarization), f is a frequency, vk and k are the co-

efficients of polarization; vm and m are the coefficients of 

rainfall rate. 

Table 1 

Simplified attenuation coefficients derived from  

ITU-R Recommendation P.838-3 [14] 

 

The operating frequency (fa) of the radar sensor 

equipped on the autonomous vehicle is configured to 

77 GHz. The propagation path length (D) is defined by the 

distance to the target vehicle (Rg) extracted from the simu-

lation environment. Here, Rg serves as the absolute, error-

free ground-truth reference distance provided directly by the 

simulator. 

Using Eqs. (1) and (2), the baseline received signal 

power (P̂r) and the initially estimated distance to the target 

vehicle (R̂t) are calculated. Subsequently, by integrating 

Eq. (3) with the coefficients defined in Table 1, the rain-at-

tenuated target distance (R̂a) is derived from the received 

signal power, which is explicitly degraded to reflect the sim-

ulated rainfall conditions. 

2.3. False alarm modeling  

In dynamic autonomous driving environments, ra-

dar measurements are frequently distorted by multipath re-

flections and environmental clutter. Consequently, the esti-

mated distance to the target fluctuates over time, potentially 

leading to intermittent target loss (missed detections). Con-

versely, false alarms (ghost targets) occur when the back-

ground noise or clutter power exceeds the predefined detec-

tion threshold used to determine the presence or absence of 

an object. The theoretical probability of a false alarm occur-

ring is determined by integrating the probability density 

function (PDF) of the noise power envelope, as defined in 

Eq. (5) [15]. 
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where E is an amplitude of the output power envelope, Vt is 

a detection threshold power, 0 is a variance of the noise 

power, Pfa is a false alarm probability. 

The false alarm time (Tfa) represents the average 

time interval between successive positive crossings of the 

detection threshold by the noise power envelope, as concep-

tually illustrated in Fig. 3 and expressed mathematically in 

Eq. (6). Alternatively, it can be defined as a time ratio, as 

shown in Eq. (7). 
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where Tfa is a false alarm time (average time interval be-

tween threshold crossings), Tk is a time between successive 

crossings of the threshold (Pth) by the noise power. 

 

Fig. 3 Relationship between the receiver detection threshold 

and the probability of false alarm 

fa, GHz h v h v 

10 0.01217 0.01129  1.2571  1.2156  

24 0.1425  0.1404  1.0101  0.9561  

35 0.3374  0.3224  0.9047  0.8761  

50 0.6600  0.6472  0.8084  0.7871  

60 0.8606  0.8515  0.7656  0.7486  

77 1.1320  1.1276  0.7177  0.7073  

81 1.1827  1.1793  0.7096  0.7004  
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where Tn is a false alarm occurrence time interval, tn is a 

false alarm occurrence time, B is a receiver bandwidth. 

Based on the user-defined rainfall intensity (mm/h) 

and the target false alarm probability (FAP, denoted as Pfa), 

signal attenuation increases the likelihood of missed detec-

tions (false negatives). The stochastic occurrence of these 

missed detections is governed by the False Alarm Probabil-

ity Generation (FAPG) algorithm. In this study, the FAPG 

algorithm does not generate additional false-positive or 

ghost targets; rather, it uses Pfa as a statistical parameter to 

stochastically determine the detection state of a valid target. 

As illustrated in Fig. 4, when the detection state changes to 

Sc = 0, the system simulates a missed detection by suppress-

ing the distance output for the preceding vehicle. 

 

Given: t, Pn 

Init.: 
tn = 0, Sc = 0 

tn+1 = n  f  

Loop: 

1: Measure the current input t and Ptr 

2: IF (t − tn) < tn+1 

3:     → Maintain the current state 

4: IF (t − tn)  tn+1 

5:     → Determine Sc = 1 or Sc = 0 

6: IF ((Pn − n) > 0) → Sc = 1 

7: ELSE                    → Sc = 0 

8: Determine tn = t 

9: Determine tn+1 = s + (n  f) 

10: Continue with loop step 1 

Result: Sc  {0, 1} 

Fig 4. False alarm probability generation algorithm 

The operational state variable Sc dictates target vis-

ibility based on this stochastic process. Specifically, Sc = 0 

designates a missed-detection state where the target distance 

is not output, whereas Sc = 1 denotes a successful-detection 

state where the distance is validly tracked and displayed. 

Thus, the FAPG algorithm controls the stochastic visibility 

of an existing target rather than generating additional false-

positive or ghost-target coordinates. Although the transition 

between detection and missed-detection states is stochastic, 

the generated detection states are determined according to 

the prescribed Pfa, as formalized in Eqs. (8) and (9). 
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where Sc is a stochastic target detection state, tn is a current 

false-alarm update time, Pn is a normalized received signal 

power at the n-th update,  is a random threshold variable, 

n is a n-th realization of , s is a start time parameter for 

state transition, f is a final time parameter for state transi-

tion. 

Ultimately, the rain-attenuated target distance (R̂a) 

computed from Eqs. (2) and (3), coupled with the stochastic 

FAP dynamics (Pfa) derived from Eq. (5) through (7) and 

Table 1, are synthesized to determine the final, degraded 

distance output (R̂f-a) of the radar sensor. This final calcula-

tion incorporates the normalized received signal power (P), 

mathematically defined as Pn = (Pr − Pmin) / (Pmax − Pmin). 

Fundamentally, the false alarm probability (FAP) of a radar 

sensor is inversely coupled with its detection reliability: 

minimizing the FAP enhances the trustworthiness of the re-

ported detections. Concurrently, the probability of detection 

(PD) denotes the likelihood of the sensor accurately identi-

fying a valid target, serving as the primary metric for overall 

detection performance. To establish the operational bounds 

of the simulation, the theoretical Pfa defined in Eqs. (5)-(7) 

is constrained by the user-defined desired false alarm prob-

ability (Pfa-des). Based on this requirement, along with the 

desired probability of detection (Pd-des), the sensor's mini-

mum required signal-to-noise ratio SNRmin, denoted as snr, 

is strictly dictated. Calculating this baseline snr enables the 

system to predict the detection thresholds necessary to ac-

tively mitigate the signal degradation caused by rainfall at-

tenuation. The mathematical derivation of snr which is in-

tegrated into the FAPG block, is formulated in Eqs. (10) and 

(11). 
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where Zfa is a standard normal variable corresponding to the 

probability of false alarm, Zpd is a standard normal variable 

corresponding to the probability of detection, erf() is an er-

ror function. 

3. Verification Environment and Results 

The overall architecture of the radar sensor attenu-

ation framework, designed to simulate weather-induced sig-

nal degradation, is illustrated in Figure 5. The ego-vehicle's 

radar sensor is configured to operate at the automotive 

standard frequency of 77 GHz, with the transmission power 

set to 14 dBm. The specific simulation scenario is depicted 

in Fig. 6, where the preceding target vehicle is initialized at 

a relative distance of 50 m. A median barrier is installed at 

the end of the road segment to introduce environmental clut-

ter and multipath reflections.  

Throughout the simulation, both the ego-vehicle  
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Fig. 5 Co-simulation architecture for rain-attenuated radar sensor modeling using CarMaker and MATLAB/Simulink 

 

 
Fig. 6. Virtual test environment and scenario configuration 

for radar sensor verification 

and the target vehicle travel at identical longitudinal veloci-

ties, thereby maintaining a constant headway distance under 

baseline conditions. Notably, to validate the efficacy of the 

proposed dynamically integrated model, the static default 

parameters natively provided by the CarMaker environ-

ment—such as system loss (dB), noise bandwidth (Hz), 

noise Fig. (dB), and false alarm probability—were deliber-

ately disabled. This ensures that the simulated perception 

degradation is governed exclusively by the proposed rainfall 

attenuation and stochastic failure algorithms. 

3.1. Experimental results – clear weather conditions 

(0 mm/h) 

The initial experiment evaluated the proposed ra-

dar sensor model under clear weather conditions to establish 

a baseline. The specific experimental parameters were con-

figured as follows: a rainfall intensity of 0 mm/h, a target 

false alarm probability (Pfa-des) of 0.1%, and a required prob-

ability of detection (Pd-des) of 85%. Fig. 7 illustrates the es-

timated distance (R̂a) versus the ground-truth distance (Rg) 

between the ego-vehicle and the preceding target vehicle us-

ing the proposed stochastic method. While the overall dis-

tance estimation error is practically negligible, intermittent 

signal dropouts (missed detections) are observable. Under 

the specified Pfa setting, the resulting detection-state se-

quence exhibited a True Positive Rate (TPR) of approxi-

mately 99.9%. As depicted in Fig. 8, the TPR reaches ap-

proximately 99.9% at the 5.89 s mark, demonstrating the 

statistical behavior of the proposed probabilistic state-gen-

eration algorithm. 

 

Fig. 7 Estimated distance (R̂a) to the target vehicle under 

clear weather conditions 

 

Fig. 8 True positive rate (TPR) evaluation in the absence of 

rain 



 269 

3.2. Experimental results - rainfall conditions (10, 30, 

120 mm/h) 

In the second experiment, the attenuation charac-

teristics of the radar sensor under rainfall conditions were 

evaluated. The rainfall intensity was set to 10, 30, and 120 

mm/h, while the desired probability of false alarm (Pfa-des) 

and probability of detection (Pd-des) were maintained at 0.1% 

and 85%, respectively. The rain-attenuation results obtained 

from the proposed model were compared with the reference 

results reported in [16], as shown in Fig. 9.  

 

Fig. 9 Comparison of rain attenuation between reference 

data and the proposed model 

To clearly examine the radar sensor response to 

changes in rainfall intensity and the resulting variation in 

range measurement, the rainfall intensity was varied step-

wise over time: 10 mm/h from 0 to 7 s, 30 mm/h from 7 to 

15 s, and 120 mm/h from 15 to 20 s. The rainfall conditions 

were intentionally varied over a relatively wide range to 

clearly distinguish the corresponding changes in attenuation 

and radar sensor response. The rain attenuation was calcu-

lated according to Eq. (3). The mean signal strength was 

−186.446 dBW at 10 mm/h, −188.994 dBW at 30 mm/h, and 

−189.992 dBW at 120 mm/h, respectively. The correspond-

ing temporal variation in signal strength induced by changes 

in rainfall intensity is presented in Fig. 10. 

 

Fig. 10 Time-varying radar signal strength under different 

rainfall conditions 

To examine the transient response of the radar sen-

sor to rainfall, a rainfall intensity of 10 mm/h was first con-

sidered as a representative condition. The rainfall intensity 

was abruptly applied at t = 7 s, and the corresponding virtual 

simulation environment, rain attenuation, received signal 

strength, and estimated target distance are presented in 

Figs. 11-14, respectively.  

 

Fig. 11 Virtual simulation environment depicting various 

rainfall conditions 

 

Fig. 12 Estimated specific rain attenuation (L̂ r) over time 

under light rainfall conditions (10 mm/h) 

Under the 10 mm/h rainfall condition, the esti-

mated specific rain attenuation was 5.828 dB/km. The cor-

responding estimated received signal strength ranged from 

approximately −185 to −178 dBW, as shown in Fig. 13. The 

resulting target-distance response is presented in Fig. 14. 

 

Fig. 13 Estimated radar received signal strength (P̂r) reflect-

ing the impact of rain attenuation (10 mm/h) 

 

Fig. 14 Estimated distance (R̂a) to the target vehicle during 

light rainfall conditions (10 mm/h) 
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To further investigate the effect of increased rain-

fall intensity, the same simulation was performed under a 

rainfall intensity of 120 mm/h.  The rainfall intensity was 

similarly applied at t = 7 s, and the corresponding simula-

tion results are shown in Figs. 15-17. 

 

Fig. 15 Estimated specific rain attenuation (L̂ r) over time 

under extreme rainfall conditions (120 mm/h) 

Under the 120 mm/h rainfall condition, the esti-

mated specific rain attenuation increased to 34.243 dB/km, 

resulting in a further reduction in the received signal 

strength to approximately from −201 to −182 dBW. The cor-

responding target-distance response is also presented in 

Fig. 16, showing the effect of increased rain attenuation on 

radar ranging performance.  

The distance to the target vehicle was approxi-

mately 55 m, and Fig. 17 shows that a distance error of ap-

proximately 5 m was observed. 

 

Fig. 16 Estimated radar received signal strength (P̂r) reflect-

ing the impact of rain attenuation (120 mm/h) 

 

Fig. 17 Estimated distance (R̂a) to the target vehicle during 

extreme rainfall conditions (120 mm/h) 

As summarized in Table 2, the rain attenuation in-

creases substantially with increasing rainfall intensity, from 

5.828 dB/km at 10 mm/h to 12.751 dB/km at 30 mm/h and 

34.243 dB/km at 120 mm/h. This increase directly reduces 

the received signal strength and consequently affects the re-

liability of the radar-based distance measurement. At 10 

mm/h, the received signal strength ranges from approxi-

mately −185 to −178 dBW, whereas the range extends to 

approximately from −200 to −176 dBW at 30 mm/h and 

from −201 to −182 dBW at 120 mm/h. The broader and gen-

erally lower signal-strength range under stronger rainfall 

conditions indicates an increased susceptibility of the re-

ceived radar signal to rain-induced propagation loss. 

 

Table 2 

Summary of radar measurement results under different 

rainfall intensities 

 

Correspondingly, the measured distance ranges 

from 50.85-51.11 m at 10 mm/h, 51.86-52.12 m at 30 mm/h, 

and 55.20-55.46 m at 120 mm/h. The progressive variation 

in the measured distance demonstrates that the degradation 

of the received signal under heavy rainfall can propagate 

into the radar measurement output. These results indicate 

that the proposed model captures the coupled relationship 

between rainfall intensity, propagation attenuation, received 

signal strength, and radar distance measurement, thereby 

providing a physically interpretable representation of rain-

fall-induced sensing degradation. 

3.3. Experimental results - dynamically varying rainfall 

and target false alarm probability 

In the third experimental scenario, the system's dy-

namic responsiveness — specifically regarding the detec-

tion range, True Positive Rate (TPR), and the estimated min-

imum signal-to-noise ratio SNRmin was evaluated by vary-

ing both the rainfall condition and the target false alarm 

probability (Pfa-des) in real-time. Simulated precipitation is 

initiated at the onset of the simulation (t = 0) and abruptly 

ceases at t = 6 s. The rainfall intensity was deliberately set 

to an extreme level to explicitly magnify and observe the 

consequent degradation in received signal power and the re-

sulting detection range errors. Through this aggressive 

stress-testing scenario, the real-time computational feasibil-

ity and the operational robustness of the proposed mathe-

matical formulations and stochastic algorithms were suc-

cessfully verified. 

As anticipated, substantial distance estimation er-

rors were observed as a direct result of this severe precipita-

tion. The direct correlation between these detection range 

errors and the fluctuation patterns of the estimated received 

Rain inten., 

mm/h 

Rain atten., 

dB/km 

Rec. Sig. Str., 

dBW 

Dist. meas., 

m 

10 5.828 
−185 ~ 

−178 

50.85 ~ 

51.11 

30 12.751 
−200 ~ 

−176 

51.86 ~  

52.12 

120 34.243 
−201 ~ 

−182 

55.2 ~ 

55.46 
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signal power (P̂r) was also validated. To evaluate the prob-

abilistic algorithm's dynamic adaptability, the target false 

alarm probability (Pfa-des) was maintained at an artificially 

high rate of 80% from t = 0.0s to 7s, after which it was ab-

ruptly constrained to a stringent 0.1%. Corresponding fluc-

tuations and intermittent dropouts in the target vehicle’s dis-

tance output were explicitly observed, accurately reflecting 

this stochastic transition. 

Furthermore, these dynamic adjustments to the 

FAP directly influenced the operational bounds of the re-

quired probability of detection (Pd-des), thereby inducing 

proportional variations in the required SNRmin. The compre-

hensive results of these dynamic observations are presented 

in Figs 18 through 21. 

 

Fig. 18 Final estimated distance (R̂f-a) to the target vehicle 

under dynamically varying rain conditions 

 

Fig. 19 True positive rate (TPR) response to dynamic ad-

justments in the target false alarm probability 

 

Fig. 20 Estimated radar received signal strength (P̂r) over 

time under varying rain conditions 

 

Fig. 21 Variations in the estimated minimum signal-to-

noise ratio (snr) induced by dynamically changing 

FAP settings 

4. Conclusions 

This study proposed a physics-based and computa-

tionally efficient radar sensor modeling method for virtual 

validation of autonomous driving systems under rainfall 

conditions. The proposed model incorporates rainfall-in-

duced signal attenuation into a radar propagation model and 

employs the False Alarm Probability Generation (FAPG) al-

gorithm to reproduce stochastic target dropouts and inter-

mittent detection failures. The results demonstrated that in-

creasing rainfall intensity causes greater propagation loss 

and corresponding degradation in received signal strength 

and radar distance estimation. 

The proposed framework was implemented 

through a co-simulation architecture integrating IPG Car-

Maker and MATLAB/Simulink, enabling the coupled mod-

eling of vehicle dynamics, target behavior, and rainfall-af-

fected radar sensing. Across repeated 100-s driving simula-

tions, the proposed framework consistently completed the 

simulations in approximately 14.5 s of wall-clock time on 

average, corresponding to an average real-time factor of ap-

proximately 6.9×. This result demonstrates that the pro-

posed model can operate faster than real time, supporting 

accelerated simulation and virtual validation. 

The current study focused on vehicle detection us-

ing vehicle-specific radar cross-section (RCS) map data. Fu-

ture work will extend the framework by incorporating geo-

graphically dependent precipitation characteristics and em-

pirical RCS data for pedestrians, cyclists, and heavy com-

mercial vehicles. The proposed rainfall attenuation and 

FAPG modeling approaches will also be investigated for 

other perception sensors, including LiDAR and ultrasonic 

sensors, to further improve the applicability of the frame-

work to comprehensive virtual validation of autonomous 

driving systems. 
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S. Chung, C.J. Kim 

A COMPUTATIONALLY EFFICIENT RADAR 

SENSOR MODELING METHODOLOGY 

INCORPORATING RAIN-INDUCED PROPAGATION 

ATTENUATION FOR VIRTUAL VALIDATION OF 

AUTONOMOUS DRIVING SYSTEMS 

S u m m a r y 

This paper presents a computationally efficient ra-

dar sensor modeling methodology incorporating rain-in-

duced propagation attenuation for simulation-based valida-

tion of autonomous driving systems. The proposed frame-

work combines the classical radar equation with the rain at-

tenuation model specified in ITU-R Recommendation 

P.838-3 to estimate received signal power degradation and 

target-range estimation errors under rainfall conditions. A 

stochastic False Alarm Probability Generation (FAPG) al-

gorithm is also introduced to reproduce intermittent target 

detection according to user-defined probabilities of false 

alarm and detection. The proposed methodology was imple-

mented through real-time co-simulation between 

MATLAB/Simulink and IPG CarMaker. Simulation results 

demonstrated that the proposed framework successfully re-

produced rain-induced propagation attenuation, target-

range estimation errors, received signal power degradation, 

and stochastic target detection behavior while maintaining 

computational efficiency suitable for real-time simulation. 

Keywords: radar sensor model, rainfall attenuation, auton-

omous driving, virtual validation, sensor modelling, co-sim-

ulation. 
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