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Abstract: This paper presents a comprehensive review of advancements in road surface classification 

technology utilizing automotive microwave sensors, covering both active radar and passive 

radiometer, along with data analysis techniques. Accurate knowledge of road surface type and 

condition plays an important role in enhancing driving safety, particularly in the goal of achieving 

fully autonomous driving across various terrains. The paper begins with a comparative analysis of 

different sensing technologies, including microwave, optical, LIDAR, and sonar sensors. It 

subsequently highlights the distinct advantages of microwave sensors, particularly in scenarios with 

low visibility, where other sensing methods are not sufficiently effective. The analysis of road surface 

classification methods using radar or radiometer data includes both technical aspects (signal 

parameters, sensor type, position and number of antennas, signal polarization, etc.) and classification 

algorithms. These include analyzing backscattered or emitted signal parameters based on specific 

criteria and making decisions based on this analysis or using statistical classification methods (e.g., 

k-nearest neighbors, support vector machines, neural networks). The paper also discusses the current 

state of the field and proposes assumptions about the future development of surface classification 

technology.   
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1. Introduction 

Enhancing road safety is of crucial importance. Human errors have been identified as the leading 

cause of traffic incidents and advanced automotive sensing systems (ADAS) are to reduce these 

errors. Furthermore, accurate detection and classification of road surfaces will contribute to 

improving vehicle safety by enabling automatic speed adjustments based on surface conditions. 

Moreover, in recent years, substantial research efforts have been directed toward autonomous 

driving [1, 2], where robust road surface identification is essential for intelligent decision-making and 

overall system reliability. This review paper aims to present the evolution and current status of road 

surface classification technology, focusing on microwave sensors mainly, covering both active radar 

and passive radiometer, along with data analysis techniques. This field falls under the broader 

category of remote sensing, which involves detecting and monitoring the physical attributes of an 

area by measuring its reflected and emitted radiation from a distance [3].  

In this review, we will use the term "surface identification" to refer to the detailed description of 

a surface to enable its recognition. On the other hand, "surface classification" will denote the process 

of sorting surfaces into distinct categories. 

Several comprehensive overview papers delve into surface identification, particularly in 

modeling of backscattering signals. Notably, [4, 5] provide an in-depth and detailed exploration of 

microwave scattering theory. However, the topic of road surface classification, an important aspect 
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for the successful implementation of autonomous vehicles, especially for those capable of traversing 

off-road terrain, remains inadequately addressed. The objective of this paper is to provide a 

comprehensive survey of radar-based road surface classification systems, offering well-balanced 

coverage including both the technical design of sensors and systems, as well as the algorithms 

employed for road surface classification. Where possible, we present the development of methods 

and technologies from a historical perspective. 

Based on the design priorities, and underlying signal and systems considerations, surface 

classification systems can be categorized into two classes: 

• Signal Analysis: analysis of specific parameters within the temporal profile of the reflected or 

emitted signal, followed by classification based on predefined analytical criteria or by subsequent 

application of statistical classification methods, including machine learning. 

• Radar Imaging: the acquisition of radar images followed by the application of image 

classification techniques using machine learning, including deep learning, to analyze the visual data 

and identify the road surface. 

Due to the substantial differences among these two approaches, the design challenges within 

these categories are different. In the Signal Analysis class, the primary design and research emphasis 

typically focuses on acquiring the temporal profile of the reflected or emitted signal and determining 

the parameters that best represent characteristics of different surfaces. This issue involves two 

dimensions: time (distance) and signal amplitude. The Radar Imaging class involves three 

parameters: time (distance), azimuth, and signal amplitude. In addition to the mentioned parameters, 

polarization (using polarimetric radar or radiometer) as well as velocity (using Doppler radar) can 

be used, offering the possibility to extract additional signal features. These and other options will be 

considered in the review. 

Although, a direct comparison of the accuracy of the reported surface classification methods is 

not meaningful, as they were received under different conditions, e.g. varying distances, different 

sets of surfaces, etc. Nevertheless, we will provide information about the accuracy where it is 

available to assess the applicability of these methods. 

The subsequent sections of this paper are organized as follows. In Section 2, we describe the 

placement of microwave sensors within the broader landscape of remote sensing methodologies and 

techniques, emphasizing their importance in surface classification. This section helps define the scope 

of our review. Moving forward, Section 3 provides a review of the fundamental principles 

underpinning surface classification. This includes explanation of electromagnetic (EM) signal 

reflection from surfaces, as well as requirements for microwave sensors and their parameters for the 

effectiveness of solving the problem under consideration. Sections 4-6 provide a comprehensive 

overview of the literature concerning road surface classification. We start with stationary systems, 

trace the evolution of radar and radiometer technologies, and conclude with a discussion on radar 

imaging and sensor fusion techniques. The synthesis of the paper's insights and its concluding 

remarks are presented in Section 7. 

2. Surface Identification Technologies 

There is a significant body of research and development focused on remote sensing and 

intelligent vehicle technologies [6]. Within these technologies, the role of surface identification using 

microwave sensors holds a prominent position. When discussing surface classification, we can 

typically divide it into three main categories:  

• The first scenario involves detecting and classifying objects on the Earth's surface by measuring 

the characteristics of reflected or emitted radiation from regions using satellites, aircraft or 

drones. Such endeavors aim to achieve various objectives, such as detecting forest wildfires, 

identifying different types of vegetation and crops, determining soil types and moisture content, 

and monitoring processes like deforestation and urban growth [7]. The methods and algorithms 

developed for classifying surfaces in the context of remote sensing are often applicable to ground-

based sensing as well, which will be the primary focus of this review.  

• The second scenario involves the identification and differentiation of the road area and various 

road objects, such as cars, curbs, potholes, etc., for path planning in tasks related to autonomous 
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driving. Numerous publications and reviews are dedicated to this specific research area [8-10]. 

Detecting and recognizing various classes of objects presents significant differences. Cars, being 

dynamic, are typically detected using Doppler methods with clutter suppression. On the other 

hand, all other objects, including parked cars and stationary road infrastructure, demand a 

distinct approach, often relying on imagery methods with region-based classification.  

• The third scenario considered in this review relates to the classification of road surface types, 

such as asphalt, gravel, sand, etc., with the primary goal of enhancing driving safety. In this 

review, we will focus on remote sensing technologies. Therefore, close proximity methodologies 

involving the analysis of tire noise, heating due to friction, or various parameters of the vehicle's 

running system [11-16] will be excluded from the scope of this paper.  

The position of microwave sensors for classifying surfaces among all road surface classification 

technologies is shown in Fig. 1.  

 

Figure 1. Road surface classification application domains and technologies. 

This review focuses exclusively on microwave sensors, delving into the topic in greater depth. 

In the area of surface identification, various technologies are employed, such as optical sensors [17-

21], including infrared [22], light detection and ranging (LIDAR) [23-25], and acoustic sensors 

(sonars) [26-28]. LIDAR's use of lasers enables high-resolution detection of small objects in both range 

and angle. Optical cameras offer cost-effective, lightweight solutions, providing high-resolution 

images and support for ranges up to hundreds of meters. However, their performance degrades 

under adverse weather and lighting conditions. Sonar's advantages include compact transceivers, 

simplicity, and affordability, along with excellent range resolution. However, its range is limited 

(typically up to 6-8 meters), making it more suitable for parking sensors. In contrast, radar sensors 

stand out due to their robust performance in harsh weather and lighting conditions [29-32]. 

Table 1 [33] presents the suitability of competing technological solutions for various aspects of 

the surface classification task. The table clearly indicates that radar technology adequately addresses 

most of the essential factors for surface classification. Additionally, combining radar with optical 

techniques (like video cameras), LIDAR, or sonar, holds the potential to create a highly effective 

overall solution. It is worth noting that Table 1 refers to sonar and radar without beamforming. 

However, utilizing widespread multiple-input multiple-output (MIMO) radars or acoustic arrays can 

significantly enhance angular resolution capabilities. 

Table 1. Sensing methods [33]. 

 Video Lidar Sonar 
24 GHz 

Radar 
>77GHz Radar 

Operation in adverse 

weather condition 
- - + ++ ++ 

Operation at night -- ++ ++ ++ ++ 
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Maximum operation range ++ + - + ++ 

Angular resolution ++ + -- -- - 

Range resolution + + ++ + ++ 

++  Ideally suited  +  Good performance; - Feasible   --  Impossible. 

3. Basic Principles Underlying Surface Classification 

3.1. EM Signal Scattering 

In this section, we describe the fundamentals of surface classification based on the theory of EM 

signal reflection from surfaces. We will analyze how EM signal reflection properties depend on the 

radar or radiometer system’s parameters as well as the characteristics of road surfaces. 

The phenomenon of signal scattering from rough surfaces has been a subject of study over an 

extensive period [35]. The scattering of signals from surfaces is influenced by factors including surface 

roughness, correlation length, radar frequency, grazing angle, and the effective permittivity of the 

surface material [4, 5, 34]. These parameters are explained in this section.  

Two established solutions exist based on the relationship between wavelength and surface 

heights: (i) the Kirchhoff approximation, applicable when surface roughness is larger or comparable 

to the wavelength, and (ii) the small perturbation model, which performs more effectively when the 

variation of surface heights is small relative to the wavelength [5]. Numerous models have been 

developed that integrate these two approaches, yet they are not universal and have limitations 

regarding signal frequency, surface dielectric constant, and roughness characteristics [4]. 

Additionally, various empirical approaches are extensively employed in backscattering analysis, 

wherein theoretical models are expanded or modified based on empirical observations [36, 37].   

The scattering mechanism from a surface is defined by its degree of roughness, which is defined 

by the Fraunhofer criterion —the rms of the surface height (h) distribution relative to the wavelength. 

The surface will be considered perfectly smooth when: 

ℎ ≪
𝜆

32 𝑐𝑜𝑠 𝛩 
, (1) 

where Θ is the angle of incidence relative to the surface normal, which can be determined by the 

grazing angle γ as Θ=90°-γ, and λ is the signal wavelength [4]. In this case, only specular reflection is 

observed. As the surface roughness increases, the proportion of the specular reflection component 

diminishes, while diffuse reflections, scattering signals in multiple directions, become more 

pronounced. In the scenario of an extremely rough surface: 

ℎ ≫
𝜆

32 𝑐𝑜𝑠 𝛩 
, (2) 

diffuse reflection becomes predominant over specular reflection. 

The second characteristic of surface roughness is the correlation length, which is linked to the 

correlation function and the power spectrum of surface noise. In most cases, a short correlation length 

indicates strong fluctuations and a rough surface, while a long correlation length suggests weaker 

fluctuations and a smoother surface [5]. 

The power of backscattered signal from the surface is also used for surface identification. The 

reflective properties of a surface are characterized by its normalized radar cross-section (RCS) which 

is dependent on surface roughness, rms height (1), correlation length, as well as surface dielectric 

properties and grazing angle. The normalized RCS of a distributed target is an ensemble average of 

the RCS σ per unit area: 

𝜎0 = 〈𝜎〉 𝐴⁄ , (3) 

where A is the illuminated area. The return power when the target is illuminated by a monostatic 

radar can be calculated using the radar equation [38]: 

𝑃𝑅 =
𝑃𝑇𝐺2𝜆2𝜎

(4𝜋)3𝑅0
4 , (4) 
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where PT are transmitted power, G is antenna gain, R0 is the distance to the target, and σ is RCS. The 

RCS of a rough surface varies with different signal polarizations. Therefore, the dependence of the 

backscattered power on signal polarization and grazing angle (distance), surface roughness and 

dielectric permittivity can be extracted which can serve as a basis for surface identification. Due to 

the complex patterns that describe signal reflection [36, 37], this problem is not easy to solve [39]. 

Despite the importance of research in the field of signal scattering, in this review we will consider 

only those papers that are directly related to the problem of surface classification. 

3.2. Considerations for Surface Identification in Automotive Radar Applications 

In this section we will focus on the consideration that should take place for surface identification 

for automotive application. In the case of automotive radars, low grazing angles are expected since it 

is necessary to classify surfaces tens of meters ahead of the vehicle, and the height of the radar 

installation is limited by the height of the car. In [40], the case of surface identification at 10 m in front 

of the car was considered (Fig. 1). At a speed of 40 km/h, the car covers such a distance in about a 

second so the automatic system should have enough time to determine the optimum terrain response 

settings for the surface ahead to maintain momentum and vehicle control as one surface transitions 

to another. If the radar is installed in the mirror on the windshield (height of 1.5 m), the grazing angle 

will be approximately 8.5° at a distance of 10 m. 

As shown in [37], the normalized RCS σ0 decreases rapidly with decreasing grazing angle 

(increasing distance). Therefore, the power of the signal reflected from the road surface, which is 

proportional to 𝜎 𝑅0
4⁄   (4), decreases rapidly with decreasing γ, which leads to a decrease in the 

signal-to-noise ratio (SNR) and, consequently, difficulty in identifying surfaces.  

As can be seen from Fig. 1, the illuminated surface footprint will extend over a wide ground 

range, sometimes tens of meters. Therefore, when analyzing the backscattered signal, the 

backscattering at different grazing angles is often considered [41]. Analysis of the dependence of the 

backscattered signal power on the grazing angle provides additional information about the surface's 

properties. 

 

Figure 1. [40]. Automotive sensing scenario: H—radar height over ground, α—elevation beam width, R0—

ground range, θ—incident angle, γ—grazing angle. 

When analyzing methods for classifying road surfaces, we will consider both the technical 

approach to solving problems (signal parameters, microwave sensor type, number and location of 

antennas, signal polarization, etc.) and the algorithms used for classification, namely, analysis of the 

reflected signal parameters according to some criteria or different methods of statistical classification. 

e.g., k-nearest neighbors, support vector machines, neural networks, etc. 

Although our primary focus is on automotive radars and radiometers, we will also consider 

studies on stationary road condition monitoring systems. It is because at the initial stage of research 

(1970-1990), the development of automotive microwave sensors for surface classification was a 

technically challenging task. In addition, the technical approaches and algorithms used in the 

stationary systems can be successfully extended to the field of automotive radars and radiometers. 

3.3. Importance of High Signal Frequencies 

The requirements and limitations of automotive radars, as discussed in Section 3.2, emphasize 

the challenges they face. In this section, we will focus on the benefits that can be achieved by 

increasing their frequency. Advances in modern electronics have led to the emergence of 

commercially available radar components with frequencies above 100 GHz [42] and this frequency 
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range is currently of particular interest to automotive radar developers [43, 44]. The potential 

advantages of radars with higher frequencies include better angular resolution with the same antenna 

dimensions as lower frequency radars and better range resolution d due to the increased available 

bandwidth BW:  

𝑑 =
𝑐

2 ∙ 𝐵𝑊
 , (5) 

where c is the speed of light. For example, mid-range radar operating at 24 GHz has a maximum 

allowable bandwidth of 200 MHz for automotive radar use and range resolution of 75 cm; however, 

79 GHz radar has a wider operational bandwidth of 4 GHz [45, 46] which results in much higher 

range resolution of 3.7 cm. Moreover, the use of smaller antenna sizes at sub-THz frequencies makes 

it possible to reduce mass and packaging issues which is of high importance for automotive 

applications. 

Another important advantage of higher frequency is higher sensitivity to surface roughness. As 

can be seen from expression (1), a decrease in the wavelength (an increase in the frequency of the 

radar) causes surfaces that were smooth at lower frequencies to become relatively rough. The shorter 

signal wavelength provides increased interaction with the physical surface texture, giving additional 

information on roughness due to more diffuse scattering [40]. 

In Section 1.2 all surface classification systems have been categorized into two-dimensional 

Signal Analysis and three-dimensional Radar Imaging systems. Due to the wide operating 

bandwidth at sub-THz range, higher range resolution is achievable which, in combination with 

narrow azimuthal resolution, allows for obtaining a road surface radar image composing of many 

pixels [47-51]. Surface identification based on radar images is mostly similar to classification based 

on optical image analysis [21] and potentially can provide higher accuracy than classification based 

on two-dimensional signal profile. 

Although, atmospheric attenuation, primarily due to water vapor absorption, is significant in 

many spectral regions in the sub-THz band, as shown in [52], especially in adverse weather 

conditions [53]. However, several transmission windows between water vapor peaks can be 

exploited: 70–110, 120–170, 200–310, 300–370, 390–440, 625–725, and 780–910 GHz [54, 55]. The results 

obtained in [30] for frequencies of 77 GHz and 300 GHz show that even in heavy rain the attenuation 

of the radar signal did not exceed 20 dB/km, and in [31] measured attenuation during snowfall was 

below 15 dB/km. Therefore, for the automotive radar operational range of up to several hundred 

meters, atmospheric loss will contribute only a small amount to the power budget required to ensure 

system efficiency [56]. 

4. Feature-based Solutions for Road Surface Classification  

4.1. Research on Road Surface Classification Using Stationary Systems 

In this section, we provide an overview of publications focused on road surface classification 

using stationary systems, often in laboratory conditions. Most of these publications, though not all, 

were presented before the 2010s. They generally did not include statistical analysis of the results or 

numerical estimates of classification accuracy, but they laid the theoretical and practical foundation 

for the development of automotive surface classification systems. The study of surface classification 

began in the 1970s, when radars with frequencies above 10 GHz became widely available.  

One of the first studies on the dependence of the reflection coefficient of a microwave signal on 

the grazing angle for different natural and manufactured surfaces was conducted in [34]. Asphalt, 

concrete, brick versus gravel road and grassy field were explored with 10.5 GHz radar up to 100 

meters. It was shown that for small angles of inclination, the exact composition of the road surface 

has a significantly smaller effect on the power of the reflected signal than surface roughness. The goal 

of this work [34] as well as [36] were to test the feasibility of the surface identification by analyzing 

differences in the extracted parameters (features) of the backscattered signal. At that time, practical 

implementation of such methods and assessment of surface classification accuracy was not posed. 

Radar signal depolarization, referring to the change in the orientation of the electric field upon 

reflection, has been an important parameter for surface identification since early studies in this field. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 7 of 23 

 

The depolarization of the reflected EM wave is determined largely by the dielectric constant of the 

surface material [36]. In [36], a fully polarimetric 94 GHz radar system was deployed to characterize 

the polarimetric backscatter responses of asphalt surfaces under various physical conditions, 

including ice- and water-covered asphalt surfaces. This radar transmitted a linear chirped signal with 

a bandwidth of 2 GHz. The network analyzer served as a transceiver of the system with two 

independent receive channels, enabling the simultaneous reception of vertically and horizontally 

polarized backscattered signals. This study was continued in [37], where co-polarized and cross-

polarized backscattering coefficients of various road surfaces (smooth concrete and asphalt, rough 

concrete and asphalt, ice, and water over asphalt) were investigated both theoretically and 

experimentally using the same radar system as in [36]. It has been found that the overall scattering 

response of road surfaces is composed of volume and surface scattering components. The significance 

of [36, 37] lies in the development of a complex scattering model based on the vector radiative transfer 

theory, showing a good agreement between the measured and predicted backscatter response of 

various road surfaces at incidence angles from 70° to 88°. 

In the 1980s and 1990s, radiometers were explored alongside radars for surface identification. In 

[41] the reflection behavior of ice and water layers on asphalt was examined theoretically. This was 

followed by measurements using an active bistatic radar and a passive radiometer operating at 35 

GHz and 90 GHz. It was shown that these road conditions can be identified by the reflected signals, 

and it was found that the radiometer was more suitable for this task because it provided better 

differentiation between surfaces. The brightness temperature and the polarization index of the 

radiation emitted from the target with dry and wet surfaces were measured as a function of surface 

temperature in [57] using a dual-polarized radiometer at 10 GHz and 37 GHz. The measurements 

indicate that a single-polarization microwave radiometer at 37 GHz can identify surface wetness on 

asphalt and detect a crust of ice of 3 mm.  

At the same time, most of the works focused on the use of radars for surface identification rather 

than radiometers. A fixed 2.45 GHz bistatic road surveillance radar capable of detecting weather-

induced road conditions was reported in [58]. The transmitter and receiver consisted of two 

microstrip antenna arrays for v and h-polarized signal processing. They were mounted at a height of 

about 3 m above ground on opposite sides of the road to be monitored. The road conditions were 

evaluated from the ratio of the amplitudes and the difference of the phases of vertically and 

horizontally polarized components. The system could measure water-layer thickness and water 

salinity and detect the snow layer on the road. 

In [59] a bistatic polarimetric radar operating at 76 GHz was used to detect ice on a road. 

Measurements of backscattering coefficients of dry asphalt and ice-covered asphalt made in the 

laboratory, as well as under real traffic conditions, agreed with theoretical predictions. 

The developed monostatic continuous-wave 95 GHz radar system was described in [60]. The 

radar can measure horizontal-horizontal, vertical-vertical and cross-polarized combinations at 

grazing angles of 5.0° and 7.5°. The narrow beam (beamwidth of 1.7°) antennas were mounted on a 

turntable to scan the surface. The computed backscatter cumulative distribution function for different 

signal polarizations was used as a criterion for differentiation between dry asphalt and snow-covered 

asphalt, achieving an accuracy of over 99%. 

Several important works in the 1990s continued to develop the theoretical foundations for the 

reflection of radar signals from road surfaces. The theory of reflection of microwave signals was 

verified in numerous experiments with a truck-based polarimetric radar, operating at frequencies of 

1.5 GHz, 4.75 GHz, and 9.5 GHz, at multiple incidence angles from 20° to 70° for four bare-soil fields 

with different surface roughness [61]. The Mueller matrix of the medium, specified by three 

magnitudes in co-polarizations (vertical and horizontal) and cross-polarizations and the probability 

density function of the co-polarized phase difference, was computed and compared with the 

experimental results. It was shown that Mueller matrix parameters provide useful information about 

the surface, which extends the information given by backscattering coefficients alone and may lead 

to the development of novel tools for surface sensing. 

Understanding the patterns of signal reflection from surfaces led several researchers to the need 

to apply statistical methods for their classification. In [62], a fully polarimetric, incoherent microwave 
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radar system for Mueller-matrix measurements was designed to work at 76 GHz, consisting of 5 

transmitters and 7 receivers with different angles of polarizations. Using this system, 35 different 

combinations of transmit and receive polarizations can be collected for every illuminated area to 

calculate the Mueller matrix. The measurement distance was 3 m, and the maximum speed of the 

system mounted on a moving platform was 2 m/s. According to the work, the system can distinguish 

between different degrees of roughness and detect surface moisture and ice layers. The implemented 

classification included three supervised and three unsupervised learning algorithms; however, the 

authors did not provide data about the used feature extraction and classification algorithms and their 

accuracy. 

The use of multiple frequencies allows for an increased amount of information to be processed, 

leading to more accurate classification results. In [63], road surface samples were sensed with 

different frequencies from 26.5 GHz to 40 GHz in laboratory conditions using a radar configuration 

with transmitting and receiving antennas mounted on both sides of the sample at an incidence angle 

of 60° and a height of 40 cm. A simple maximum likelihood algorithm was applied to automatically 

differentiate between dry asphalt, asphalt covered with water, ice, wet and dry snow. The results 

indicate that the ability to distinguish various surface covers based on reflectivity data is dependent 

on the frequency used. The paper does not provide quantitative estimates of the accuracy achieved 

of classification. Despite the potential promise of this method, it has not received significant 

application. This is due, on the one hand, to the requirements of hardware complication of the system 

when using several radar frequencies, and, on the other hand, to the manifestation and development 

of effective methods of statistical classification. 

The research of stationary radar system for road conditions monitoring continues in the 2000s. 

The combining of data from 94 GHz (3 GHz bandwidth) dual channel polarimetric radiometer 

(vertically and horizontally polarized signals) and automatic weather station measurements were 

proposed in [64, 65]. The radiometer was mounted at a height of 6 m over the road surface, with a 

scan of +-30° in both directions. Using 11 variables for classification, the system achieved an accuracy 

of approximately 94-95% in differentiating between dry, wet, snowy, and icy asphalt with a Bayesian 

classifier. 

A signal model describing the reflectivity of road surfaces was presented in [66]. The 

experimental system designed to verify this model consisted of a radar sensor and reflector mounted 

above the ground at a height of 55-75 cm, with 6m between them. Direct and multipath signals arising 

from reflections off the ground were analyzed separately. The results of measuring the scattering 

characteristics of asphalt pavements at a frequency of 77 GHz demonstrated the feasibility of 

determining the effective permittivity of road surfaces. Understanding the scattering and reflection 

behavior of surfaces is a crucial step in ensuring the safety of autonomous driving. 

4.2. Automotive-Based Microwave Sensors for Surface Identification 

As hardware evolved and radar sizes decreased, research shifted from stationary systems to 

automotive-based surface identification technologies. At the same time, the move toward higher-

frequency radars introduced advanced capabilities compared to lower-frequency systems, enabling 

more sophisticated surface classification algorithms, particularly when combined with machine 

learning. Therefore, in this section, we will separately present radars and radiometers with 

frequencies up to 100 GHz and sub-THz radars, reflecting both the historical and technological 

advancements in surface classification methods. 

4.2.1. Automotive Microwave Sensors Below 100 GHz 

Automotive-based radars for surface identification began to appear in the 1990s. A prototype 

system capable of detecting road conditions was reported in [67]. A coherent polarization-sensitive 

millimeter-wave sensor, measuring the complete backscattering matrix (amplitude and phase) at 61 

GHz, was constructed, and tested in a standard car under real road conditions. The transmitting and 

receiving antennas were positioned beneath the vehicle at 0.1 m above the ground in a bistatic 

configuration, identifying the surface under the car. The system's maximum velocity was limited to 

1.4 km/h by its configuration. Road conditions were identified by comparing amplitudes and phases 
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between responses at different polarizations, and the results were compared against reference values. 

The study demonstrated that, for a limited number of surfaces (such as cobblestone and asphalt), the 

type of road pavement could be reliably predicted. 

Short-range polarimetric automotive radar operating in the 20-24 GHz frequency range was 

investigated in [68, 69]. The experimental system was able to classify road surfaces at grazing angles 

of up to 60° and distances of up to 1 meter. The tested surfaces in [68] included wet and dry asphalt, 

as well as rough and smooth asphalt. The results obtained confirmed the potential of using 

microwaves for road condition monitoring, suggesting prospects for safety improvements. In [69], 

the radar installed on the car's bumper was used to study changes in the microwave polarimetric 

scattering matrix caused by water, ice, and snow on the road. The paper proposed the velocity gating 

method, wherein prior knowledge of the car's velocity enables filtering only the signal component 

reflected from the road surface. Preliminary tests indicated that the system could measure the 

polarimetric matrix of targets moving at different speeds. This capability opens the possibility of 

measuring road backscattering even in the presence of high echoes from other obstacles on the road. 

Papers [67–69] demonstrated the feasibility of surface classification by analyzing differences in the 

characteristics of signals with various polarizations reflected from different surfaces. However, no 

surface classification algorithms suitable for practical implementation on vehicles were proposed. 

The automotive radar frequency of 77 GHz is of special interest to researchers. This frequency 

band extends from 76 GHz to 77 GHz for automotive Long-Range Radar (LRR) and from 77 GHz to 

81 GHz for automotive Short-Range Radar (SRR). In the previously referenced work [39], the 

theoretical exploration of the propagation, reflection, and diffraction of a 77 GHz radar signal was 

conducted and experimentally verified on various realistic asphalt road surfaces and geometries at 

distances of up to 100 meters. Through the analysis of signals with both vertical and horizontal 

polarizations, the study showed how the curvature of the road in the vertical direction influences the 

properties of the backscattered signals. 

Papers [70-71] delve into the discussion of 24 GHz and 77 GHz dual-polarized automotive radars 

designed for road condition classification. The frequency modulated continuous wave (FMCW) 

radars operated within the frequency bands of 18-26.5 GHz and 50-79 GHz. The antennas were tilted 

to capture backscattering with varying incident angles. The research encompassed the examination 

of reflections from diverse real surfaces in both summer and winter conditions, including dry, wet, 

snowy, and icy asphalt with different roughness levels. Power budget calculations demonstrated the 

feasibility of a 24 GHz SRR for road condition identification, with the 24 GHz frequency exhibiting 

superior results over 77 GHz. However, due to the radar illuminating the road surface at a few meters 

from the vehicle and the necessity for averaging several measurements for reliable classification, the 

developed system was deemed unsuitable for providing pre-warning to the driver.  

Consequently, an advanced and more potent radar operating within the 75-82 GHz band was 

developed and presented in [72]. The measurement antennas were positioned 1 m above the road 

surface, and their main beams were tilted 65° relative to the normal of the road surface. The system 

demonstrated potential in classifying road surfaces (ice, snow, dry asphalt, water on asphalt) based 

on differences in backscattered signals with vertical-vertical and horizontal-horizontal polarizations 

of the transmitting and receiving antennas at distances up to tens of meters, as shown in Fig. 2. 
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Figure 2. Measured ratio between backscattering coefficients at vertical-vertical (vv) and horizontal-horizontal 

(hh) polarizations for different road surfaces [72]. 

In [73], a 77GHz FMCW radar with vertical polarization was affixed to the grille of a mobile test 

vehicle in a monostatic configuration, as shown in Fig. 3, and backscattered signal data were collected. 

A 75° incidence angle and a height of 0.6 meters above the ground were chosen as a compromise to 

achieve robust backscatter while ensuring that the road remained in the antenna's far field. This 

configuration also aimed to minimize contributions from undesired targets, such as other road 

vehicles. The proposed methodology, centered on the analysis of radar range-velocity maps and the 

radar range profile, has demonstrated promising capabilities in discerning dry, wet, snowy, and 

slushy conditions. 

 

Figure 3. Road condition radar [73]. 

The objective of the study [74] was to analyze the correlation between the backscatter coefficients 

of road surfaces and the direction of polarization, grazing angle, and surface type (new, weathered, 

snow-covered, or wet asphalt, wet and dry concrete, grass). Backscattering coefficients, acquired 

using a 77 GHz radar with both vertical and horizontal polarized antennas, reveal significant 

variations in the reflectivity of the surfaces under consideration within the range of elevation angles 

from 70° to 85°. 

In [75], a 77 GHz radar system with one transmitting and four receiving antennas was developed 

for surface identification. Features were extracted from the backscattered signal using the Mel 

Frequency Cepstral Coefficients (MFCC) technique. K-Nearest Neighbors (KNN), Decision Tree (DT), 

and Support Vector Machine (SVM) classifiers were employed to identify five road surface types: dry 

concrete, dry asphalt, grassy, slush, and sand. The SVM classifier demonstrated superior 

performance, achieving accuracy ranging from 92% to 99%, depending on the surface type. When the 

vehicle is moving at 40 km/h, the system has an effective range of about 20 meters in front of it. 

Despite growing interest in 77 GHz radars, several studies [76-79] were dedicated to developing 

a 24 GHz automotive radar featuring a 200 MHz bandwidth. The FMCW radar developed in [76], 

operating within the frequency band of 24-24.25 GHz, assesses surface scattering across eight 

incidence angles, reaching up to 85°. This radar is equipped with eight transceivers to measure 
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backscattered power, utilizing a circularly polarized planar array as the transmission antenna and 

two orthogonal linearly polarized reception arrays. Such an approach holds the potential for 

achieving higher classification accuracy. The surfaces encompass dry, wet, icy conditions with three 

different ice layer thicknesses and leaf-covered asphalt. The paper lacks specific surface classification 

results, but like other reviewed works, it suggests that road surfaces can be recognized based on the 

measured ratio of received powers at different polarizations. 

A notable aspect of the system presented in [77-79] was the integration of a 40 kHz sonar with 

the radar, and their data fusion. As shown in Fig. 4, the sonar and radar with 2 transmitting and 2 

receiving antennas with different polarizations, were installed at the height of the car bumper. 

Extensive analyses were conducted on numerous real surfaces in both summer and winter 

conditions, encompassing asphalt, concrete, gravel, grass, sand, mud (both dry and wet), and 

surfaces covered with snow and ice. The corresponding database was comprehensive, consisting of 

over 2800 recorded radar and sonar signals from approximately 40 outdoor locations. 

For classification purposes, statistical methods, including the Maximum Likelihood Estimator 

(MLE), Minimum Distance Classifier (MDC), KNN, along with Artificial Neural Network (ANN) 

based on Multilevel Perceptron (MLP), were employed. The results demonstrated surface 

classification accuracy of up to 95%, contingent on the chosen method and measurement conditions. 

However, the incorporation of sonar introduces limitations in the surface sensing range. Solely 

relying on radar does not yield acceptable accuracy, necessitating the complementary use of sonar in 

the system. 

 

Figure 4. Sonar (blue box) and radar for surface identification [79]. 

Gradually, the interest of researchers moved to higher radar frequencies with the aim of 

developing a practical solution. The objective of [80] was to develop a sensor capable of detecting ice 

in front of a moving car using a polarimetric radar operating in the range of 87.5-92.5 GHz. The study 

demonstrated the capability, at short distances (grazing angle of 45°), to confidently distinguish 

between dry, wet asphalt, and asphalt covered with ice. 

In [81], the potential of using a 60 GHz millimeter-wave radar for surface classification was 

explored, specifically for applications like autonomous lawn mowers or vacuum cleaners. Such 

applications do not require a large system range, and the speed of such autonomous devices is low, 

making the classification process simpler. The study revealed that by extracting features that exploit 

temporal behavior and combining this information with a deep neural network classifier, it is possible 

to distinguish grass-covered surfaces from other types commonly found adjacent to lawns with 

satisfactory accuracy ranging from 90% to 99%. 

The development of a double-sideband dual-polarized automotive radiometer operating 

between 82 and 98 GHz for surface classification was considered in [82] and [83]. The brightness 

temperatures of dry, liquid water, and icy asphalt have been studied in laboratory conditions at 

observation angles of 50° and 56° and then with a radiometer mounted at an angle of 47° on a slow-

moving vehicle. The results showed that the ice patches on asphalt are distinguishable both in terms 

of the measured H and V brightness temperatures.  
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In more recent works, the technique of extracting information from the reflected signal has 

become more sophisticated to broaden the list of available features beyond solely relying on the signal 

range profile, as was done in earlier works. The method of analyzing road surface scattering as a 

dynamic process and presenting the road surface signature in the form of a range-Doppler plot was 

implemented in [84]. The goal was to classify road surfaces and identify road hazards, such as 

puddles of water or patches of ice, using a 79 GHz automotive radar. This preliminary research aimed 

to prove the concept, and the authors suggested that the results were promising, though no 

classification data were provided. 

Using MIMO radars provides more accurate azimuth and elevation angle information of targets 

compared to conventional radars. To enhance surface scattering analysis and enable the use of 

additional features, a 77 GHz radar system with two transmitting and four receiving antennas was 

developed in [85]. The antennas were installed at a height of 1 meter with an incident angle of 75 

degrees, resulting in a surface distance of approximately 4 meters. Six surface classes, including grass, 

concrete, asphalt, wet grass, wet concrete, and wet asphalt, were classified using Random Forest (RF), 

SVM, and KNN methods, with distinct features selected for each. The maximum accuracy of 

classification achieved was 98.17%. 

In [86], a 24 GHz FMCW MIMO radar with a 3 GHz bandwidth, equipped with 2 transmitting 

and 4 receiving antennas , was mounted on a moving robotic platform to classify surfaces, including 

carpet, tile, and wood. A fully connected neural network and SVM algorithms were used to analyze 

the amplitude features of the signal over a range of 1 meter. Classification accuracy improved as the 

number of radar channels increased, achieving approximately 99%. Interestingly, adding signal 

phase features did not enhance classification accuracy, suggesting that the classification relies 

primarily on amplitude features. 

In [87], the use of entropy-alpha anisotropy (HαA) decomposition was proposed for recognizing 

road surface conditions using automotive radar. The HαA decomposition operates on the statistical 

properties of the polarimetric signatures of an object to extract specific features. A radar operating at 

80 GHz with a 10 GHz bandwidth was employed to classify dry asphalt, wet asphalt, and asphalt 

covered with gravel. Clear differences were observed between surfaces, offering prospects for 

utilizing this method in surface classification. 

4.2.2. Automotive Radars Operating in Sub-THz Range  

The practical implementation of an automotive surface classification system imposes several 

requirements on the installation and operation of radars. As discussed in Section 3.2, the height of 

the radar installation above the road surface is limited by the car's height; therefore, surface 

classification is performed at small grazing angles. Consequently, this results in a reduction in the 

power of the reflected signal and a decrease in the system’s sensitivity to surface roughness (1). While 

the first issue can be addressed through equipment improvements, such as increased transmitter 

power and receiver sensitivity, the second issue can be effectively mitigated by increasing the signal 

frequency, as demonstrated in [40]. For this reason, research on using sub-THz radar for road surface 

classification, though not yet extensive, has shown promising results. 

Several works are exploring the use of radars operating in the sub-THz frequency range for 

surface classification. Papers [88-90] extend the investigations initiated in studies [36, 37], focusing 

on the polarimetric radar phenomenology of road surfaces and highway scenes at low grazing angles. 

A 222 GHz radar with a 2 GHz bandwidth and Gaussian optic lens narrow beam 1° antennas was 

employed in [88, 90] to measure backscattering coefficients of asphalt and concrete. Measurements 

were conducted at each angle between 80° and 88°, considering the three polarization combinations 

vertical-vertical, horizontal-horizontal, and vertical-horizontal. Each radar placement was at a height 

between 0.7 and 1.5 meters. The papers highlight a significant difference in the properties of radar 

signals reflected from asphalt and concrete at a frequency of 222 GHz, as depicted in Fig. 5. 

Similar experiments were conducted in [89] with frequencies of 230-248 GHz using a dual-

polarized transceiver antenna system with a beamwidth of 1°, enabling fully polarimetric 

measurements with exceptionally fine cross-range resolution. The tests involved various surfaces, 

including smooth asphalt, smooth asphalt covered with a thin layer of water, smooth asphalt covered 

with a thin layer of ice, smooth asphalt covered with 5 cm of snow, rough asphalt, concrete, gravel, 
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and gravel covered with 18 cm of snow. A representative set of raw data has been presented, but the 

final processed data has not been provided. 

 

Figure 5. Comparison between the backscattering coefficient of concrete and asphalt [87]. 

Studies [40] and [91] delve into the scattering of polarized radar signals within the millimeter 

and sub-THz frequency range, specifically at frequencies of 150 GHz, 300 GHz, and 670 GHz, each 

with a 16 GHz bandwidth. These studies aim to explore the advantages of sub-THz radar for surface 

discrimination in automotive sensing, comparing them with reference results obtained using the 

standard automotive radar frequency of 79 GHz with a 4 GHz bandwidth. The experiments involved 

measuring backscattering from sandpaper with varying grit, ranging from smooth to rough, across 

the entire spectrum of grazing angles from 10° to 90°. 

Experimental evidence substantiates that utilizing signals in the sub-THz range enables the 

acquisition of diffuse reflections from road surfaces, which appear smooth at the conventional 

frequencies of automobile radars (e.g., 24 GHz or 79 GHz). Thus, of the four surfaces with different 

roughness studied in [40], the 79 GHz radar was unable to distinguish them, the 150 GHz radar could 

distinguish one, and the 670 GHz radar confidently distinguished all four surfaces. Additionally, the 

studies demonstrate the applicability of established models of signal backscattering to the sub-THz 

frequency region. 

The capability of sub-THz frequencies to identify icy road surfaces, attributed to their high 

sensitivity to slight surface roughness, was investigated in [92]. Studies conducted at frequencies of 

140, 220, and 340 GHz, employing different signal polarizations, demonstrated that a system based 

on a sub-THz frequency radar can effectively recognize the thickness of the ice layer and the surface 

roughness of a soil road. This research affirms the present and imminent applications of sub-THz 

frequencies in road surface classification. Moreover, the developed theoretical model is applicable for 

evaluating surfaces of icy/snowy concrete roads or asphalt roads. 

5. Road Surface Classification Based on Radar Imaging    

The absolute values of the reflected signals cannot reliably serve as a basis for surface 

identification, given their dependence on individual parameters of the transmitter and receiver, their 

installation accuracy, and radome contamination (such as dirt, mud, snow, etc.). A novel approach 

to surface classification, aimed at eliminating inaccuracies due to reliance on absolute values of 

reflected signals, is based on the analysis of radar imaging. This became feasible with the 

advancement of radars offering high resolution in both azimuth and range. The works that have used 

radar imaging, from mm-wave to sub-THz, for classification are discussed here. 

The imaging capabilities of a turntable mounted FMCW radar operating at 150 GHz with a 6 

GHz bandwidth were discussed in [47, 48]. The utilized antennas possess a wide E-plane (elevation) 

beam of 15° to ensure a broad illuminated footprint along the path, and a narrow H-plane (azimuth) 

beam of 2.2° to achieve fine angular resolution. These antennas were installed on a turntable in a 

monostatic configuration, covering distances from 3 m to 100 m. Experimental results demonstrate 
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the potential of a sub-THz radar sensor to provide high-resolution images in all terrain scenarios due 

to its sensitivity even to slight roughness and texture of the objects imaged. As seen in the radar image 

in Fig. 6, the radar provides effective differentiation between distinct types of surfaces with a 

sufficiently high level of detail. The radar images proved suitable for visual feature detection and 

interpretation, resembling optical images. 

Building upon these findings, a proof of concept for a method to identify traversable free space 

for path planning in autonomous vehicles from imagery was presented in [49]. The segmentation 

method, based on histogram thresholding of super-pixel statistics, demonstrated good segmentation 

of road and off-road images. It was also shown that radar images can be efficiently used to classify 

road surface types. 

In [50, 51], a mechanically scanned FMCW radar with a bandwidth spanning the full automotive 

frequency allowance of 5 GHz (76-81 GHz), and azimuthal beamwidth of 1.7°, and elevation 

beamwidth of 7.2°, was employed to conduct image segmentation and region classification in high-

resolution automotive radar imagery within a complex urban environment. This paper presented an 

algorithm for automatic segmentation and classification of high-resolution radar images in the 

automotive domain based on supervised classification using statistical parameters of radar image 

regions. The results demonstrated promising potential for the identification of selected road scene 

region types, including asphalt, grass, and road objects. The areas of asphalt exhibited the highest 

classification accuracy at 0.81, while the areas of grass and objects showed the lowest value at 0.64. 

The forward-scanning 300 GHz automotive Synthetic Aperture Radar (SAR) with a bandwidth 

of 6 GHz and a 1.3° beamwidth, as presented in [93], exhibits even greater potential for surface 

classification. Although the aim of the work is not to recognize road surfaces, the highly detailed 

radar images obtained can be effectively used for this purpose. 

In [94], an aperture synthesis method was employed to investigate the reflective properties of 

typical road surfaces. An FMCW 80 GHz radar (68-92 GHz) was utilized to generate high-resolution 

SAR images of asphalt surfaces using different antennas. This approach enables the measurement of 

surface reflection characteristics with high accuracy. 

In the papers previously examined regarding surface identification through radar imaging, 

various methods were employed to detect differences between surfaces. With the advancement of 

Convolutional Neural Networks (CNNs), such ANNs have become widely utilized and, at times, the 

preferred methods for image classification. CNN is a type of ANN that automatically extracts features 

from a sample and propagates them from a low layer to a high layer through multiple layers of 

convolutional operations, generating output in the form of classes. CNN has been successfully 

applied to various applications, including image and speech recognition, object detection, and pattern 

recognition [95, 96]. CNN employs weight-sharing, reducing the number of weights compared to 

ANN, resulting in a faster network with lower memory requirements. Unlike ANN, a 2-dimensional 

image can be fed directly into CNN without the need for conversion to a 1-dimensional image [97]. 

This offers the advantage of preserving the spatial properties of the image, eliminating the necessity 

for pre-processing the image data. 

In [98], an approach was presented for surface identification based on the analysis of sub-THz 

radar images using CNN. Promising results were obtained in the classification of surfaces with 

known roughness in laboratory conditions, employing 150 GHz and 300 GHz mechanically scanning 

radars with an antenna beamwidth of 2.2°. The sweep bandwidth is 8 GHz for 150 GHz and 16 GHz 

for 300 GHz radar to achieve sub-centimeter range resolution. The average accuracy of classifying 

three types of surfaces—relatively smooth, medium rough, and rough—was 95%. 

This innovative approach for road surface identification, presented in [98], was applied to 

classify real road surfaces. A database of images representing various road surfaces (asphalt, mud, 

gravel, river, rocky road, and uneven countryside road) was collected using a 79 GHz mechanically 

scanning radar with a 5 GHz bandwidth, 2.2° antenna beamwidth, and 30 mm range resolution [99]. 

The complete dataset comprised over 2000 cropped images representing these six surface classes. The 

developed CNN demonstrated a classification accuracy of 98.9%, showcasing the potential of 

imaging radar in road surface classification based on the surface texture and profile of the road 

surfaces. 
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A radar-based road surface classification system for personal mobility devices was presented in 

[100]. Radar images of five surfaces, including asphalt, brick, tile, sand, and urethane, were obtained 

using a 60 GHz pulsed radar and processed using the developed DNN. The proposed mechanism 

demonstrated robustness against ambient noise and the ability to recognize surface types with high 

accuracy, exceeding 95%, and low computational complexity. However, the system operated at a 

close range, with distances of 20 cm, which is acceptable for personal mobility devices but too low 

for automotive applications. 

The combination of MIMO beamforming with Doppler beam sharpening, as proposed in [101], 

and the forward-looking MIMO-SAR (synthetic aperture radar) technique with the Burg algorithm 

from [102] provides a powerful approach for high-fidelity radar imaging. Using a 77 GHz centre 

frequency, 2 GHz bandwidth, and a 4TX/16RX MIMO sensor, which forms 61 virtual linear elements 

in azimuth, it was demonstrated that high-resolution imaging of the stationary environment 

surrounding a moving vehicle can be achieved with a conventional MIMO sensor, yielding results 

comparable to those of a mechanically steered radar. Additionally, the Burg algorithm, applied in 

conjunction with the forward-looking MIMO-SAR technique, enhances the cross-range resolution in 

boresight and further improves resolution off-boresight by extrapolating data along both Doppler 

and angular dimensions. This technique provides highly detailed radar images, which can be 

effectively used for road surface classification, as shown in Fig. 6 [102]. 

 

                                           (b). 

Figure 6. Radar imaging: (a) experimental scene, (b) MIMO-SAR image [102]. 

6. Sensor Fusion for Road Surface Classification   

Modern cars are equipped with various sensors [33]. As demonstrated in Section 2, each of these 

sensors has its strengths and weaknesses. Therefore, it is not surprising that many works propose 

augmenting data from different sensors for a more robust solution to the challenges faced by 

machines with varying degrees of autonomy [8, 9]. Typically, this data fusion is employed in tasks 

related to identifying objects on the road and in its vicinity. Only a limited number of studies focus 

on sensor fusion for road surface identification. A number of these works have already been cited in 

this review in sections concerning methods and techniques for surface recognition. In this section we 

will list these works with an emphasis on sensor fusion technology. 

Patent [101] describes a road classification technique that uses echo signal augmentation from a 

millimeter-wave radar and an infrared laser to classify the surface into predefined condition 

categories in the direction of the vehicle's travel. The concept of utilizing weather station 

measurements data (temperature, humidity and pressure) in addition to polarimetric radiometer 

data to control road conditions was proposed in [64, 65]. This data fusion enables more accurate 

detection of water, ice, and snow on asphalt. 

Studies [77-79] focused on developing a real-time automotive surface classification system using 

ultrasonic and microwave sensor fusion. The system combined a 24 GHz radar and a 40 kHz 

ultrasonic sensor, extracting features from separate surface swathes. Principal component analysis 

and supervised classification were then applied. Despite its short range (up to 10 m) due to sonar 
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limitations, the system achieved high classification accuracy (see Section 4.2). Integrating sonar and 

radar data improved recognition compared to using each sensor alone, and combining these 

technologies with advanced classification methods, such as ANN-based MLP, further enhanced 

accuracy. 

Despite the limited number of publications, we consider the sensor fusion approach promising 

for road surface classification and expect further advancements in this field. 

7. Discussion and Conclusions 

Over the past decades, significant progress has been made in the development of automotive 

radars and radiometers for surface classification, driven by several factors: 

• The emerging trend towards the introduction of partially autonomous and autonomous vehicles 

and a growing awareness of the crucial task of classifying surfaces for autonomous driving. 

• The development of the theory of signal reflection from surfaces with varying roughness and 

dielectric properties, providing the theoretical foundations for surface classification. 

• The emergence of compact microwave sensors and an increase in their frequency to the range of 

sub-THz signals. 

• Advancements in statistical methods of classification, particularly the utilization of ANNs for 

surface classification purposes. 

The summary of surface identification techniques presented in the reviewed papers is provided 

in Table 2. 

Table 2. Comparison of surface identification techniques. 

Method Papers Advantages Main limitations 

Backscattered signal feature analysis, 

single-polarization radar 

[34] [59] [63] [66] [73] [84] Simple implementation  Limited number of features, 

challenging to implement 

automatic classification 

Backscattered signal feature analysis: 

polarimetric radar 

[36] [37] [39] [40] [58] [60] 

[61] [62] [67] [68] [69] [70] 

[71] [72] [74] [76] [80] [87] 

[88] [91] [92]  

Expanded feature set 

utilizing co-polarized and 

cross-polarized signals 

Challenging to implement 

automatic classification 

Emitted signal feature analysis: 

polarimetric radiometer 

[41] [57] [64] [65] [82] [83] Expanded feature set 

utilizing co-polarized and 

cross-polarized signals 

Challenging to implement 

automatic classification 

Backscattered signal statistical 

analysis: single-polarization radar  

[63] [75] Simple implementation Challenge to achieve high 

accuracy in classification. 

Backscattered signal statistical 

analysis: polarimetric radar 

[62] [77] [78] [79] Potential for high 

accuracy with the 

extended number of 

features 

Challenges in selecting 

optimal salient features 

Backscattered signal analysis using 

ANN: single-polarization radar 

[75] [81] [88]  Simple implementation Challenge to achieve high 

accuracy in classification. 

Backscattered signal analysis using 

ANN: polarimetric radar 

[77] [78] [79]  Potential for high 

accuracy with the 

extended number of 

features 

Configuration and training 

of ANNs can be complex 

Radar Imaging: Automatic 

segmentation and classification 

[47] [48] [49] [50] [51] [93] 

[94] [95] [96] [97] [98] [99] 

[100] [101] [102] 

High accuracy  Radar implementation is 

challenging and expensive 

Sensor data fusion:    

Radar + Weather Station [64] [65] Data fusion provides 

additional features 

independent of the 

primary radar data, 

More complex hardware 

and software 

implementation requires 

Radar + Sonar [77] [78] [79] 

Radar + Laser [103] 

Radar + Radar (different frequencies) [63] 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 17 of 23 

 

Several antennas or MIMO [62] [75] [76] [85] [86] offering the potential for 

higher classification 

accuracy 

synchronization and 

calibration of sensors data Range doppler radar [84] 

Table 3 and Fig. 7 present a breakdown of publications by decades and frequencies of surface 

identification radars and radiometers. As indicated in the table, many publications focus on 

microwave sensors operating in the 24 GHz automotive bands, which is not surprising. However, in 

recent decades, there has been a shift of interest from 24 GHz to 76-79 GHz frequencies. Additionally, 

there is a growing interest in radars operating above 100 GHz. As can be seen from Fig. 7, during the 

first 5 years after 2020, the number of publications on surface identification exceeded the total number 

from the entire decade of the 2010s. 

Table 3. Breakdown of Publications. 

Frequency 1970s 1980s 1990s 2000s 2010s 2020s 

< 24 GHz 
[34]  [57], [58],  

[61] 

   

24 GHz 

  [68] [69], [70],  

[71] 

[72], [76],  

[77], [78],  

[79] 

[86] 

25 - 75 GHz 
 [41] [57], [63],  

[67] 

 [81] [100] 

76 - 79 GHz 

  [59], [62] [39], [70] [66], [72],  

[73], [74] 

[40], 

[50],  

[51], 

[75], 

[85], 

[94], 

[99], 

[101], 

[102]  

80 - 100 GHz 

[36] [41] [37], [60]  [64], [65] [80], 

[82], 

[83], 

[84], [87]  

> 100 GHz 

    [47], [48],  

[49], [88],  

[91], [93] 

[40], 

[89],  

[90], 

[92],  

[98] 
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Figure 7. Breakdown of publications. 

However, the task of developing a microwave surface classification system is still far from 

practical implementation. We believe that this is due to the complexity of processing the reflected 

microwave signals in real-time and the challenges in interpreting the obtained information. Most 

publications on surface classification using radar and radiometer are limited to examining the theory 

of signal backscattering from various surfaces and verifying it through experimental experiments. 

They often do not progress to the stage of prototype system development and the verification of 

classification accuracy. Typically, the surfaces considered are limited to dry, wet, snowy, and icy 

asphalt; off-road conditions are seldom analyzed. 

Nevertheless, given the rapid advances in radar and signal processing, we anticipate the 

emergence of automotive surface identification systems in the coming years. Among the promising 

directions for solving the problem of surface classification, the following can be distinguished: 

• Increasing the resolution of the radar and the capability of obtaining radar images approaching 

optical ones. 

• Application of deep neural networks for surface classification. 

• Sensor fusion. 

This task is expected to be gradually addressed with the introduction of autonomous vehicles. 

Author Contributions: Conceptualization, AB; methodology, MG; validation, EH; investigation, AB, EH; 

writing—original draft preparation, AB; writing—review and editing, FN; supervision, MG; project 

administration, MC.; funding acquisition, MG. All authors have read and agreed to the published version of the 

manuscript. 

Funding: This work is funded by the Innovate UK (IUK) project 104268, Cognitive real time sensing system for 

autonomous vehicles (CORTEX), Engineering and Physical Sciences Research Council (EPSRC) [Grants No. 

EP/S018395/1 and No. EP/P020615/1], EPSRC/Jaguar Land Rover Plc project [Grant No. EP/N012372/1]. 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Not applicable. 

Data Availability Statement: Not applicable. 

Conflicts of Interest: The authors declare no conflict of interest. 

References 

1. Chan, C.-Y. Advancements, prospects, and impacts of automated driving systems. International Journal of 

Transportation Science and Technology, 2017, 6(3), 208-216. 

2. Martínez-Díaz, M.; Soriguera, F. Autonomous vehicles: theoretical and practical challenges. Transportation 

Research Procedia, 2018, 33, 275-282. 

3. Jenkins, A. Remote sensing technology for automotive safety. Microwave J. 2007, 50, 24–65.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 19 of 23 

 

4. Ulaby, F.T.; Moore, R. K.; Fung, A. K. Microwave Remote Sensing. Vol. 2, Radar Remote Sensing and 

Surface Scattering and Emission Theory, Artech House: Boston, 1986.  

5. Fung, A.K. Microwave Scattering and Emission Models and their Applications, Artech House: Boston, 

1994. 

6. Vlacic, L.; Parentand, M.; Harashima, F. Intelligent Vehicle Technologies, Theory and Applications; Butterworth-

Heinemann: Oxford, UK, 2001. 

7. Campbell, J.B.; Wynne, R.H.; Thomas, V.A. Introduction to Remote Sensing, 6th ed.; Guilford Press: New 

York, USA, 2022. 

8. Yeong, D.J.; Velsco-Hernandez, G.; Barry, J.; Walsh, J. Sensor and sensor fusion technology in autonomous 

vehicles: a review. MDPI Sensors 2021, 21(6), 2140. 

9. Wang, Z.; Wu, Y.; Niu, Q. Multi-sensor fusion in automated driving: a survey. IEEE Access 2016, 4.  

10. Stroescu, A.; Cherniakov, M.; Gashinova, M. Classification of high-resolution automotive radar imagery 

for autonomous driving based on deep neural networks. In Proceedings of the 20th International Radar 

Symposium (IRS), Ulm, Germany, 26-28 June 2019, 1-10. 

11. Alonso, J.; Lopez, J.M.; Pavon, I.; Recuero, M.; Asenio, C.; Arcas, G.; Bravo, A. On-board wet road 

identification using tyre/road noise and Support Vector Machines. Appl. Acoust. 2014, 76, 407–415. 

12. Paulo, J.P.; Bento Coelho, J.L. Method for identification of road pavement types using a Bayesian analysis 

and neural networks. In Proceedings of the 17th International Congress on Sound and Vibration, Cairo, 

Egypt, 18–22 July 2010, 1–8.  

13. Paulo, J.P.; Bento Coelho, J.L. Statistical classification of road pavements using near field vehicle rolling 

noise measurements. J. Acoust. Soc. Am. 2010, 128, 1747–1754.  

14. J. Blanche, D. Mitchell, D. Flynn. Run-time analysis of road surface conditions using non-contact 

microwave sensing. In Proceedings of the 2020 IEEE Global Conference on Artificial Intelligence and 

Internet of Things, Dubai, United Arab Emirates, 12-16 December 2020. 

15. Salazar, A.; Rodriguez, A.; Vargas, N.; Vergara, L. On training road surface classifiers by data 

augmentation. Applied Sciences 2022, 12, 3423. 

16. Luchetta, A.; Manetti, S.; Francini, F. Forecast: A neural system for diagnosis and control of highway 

surfaces. IEEE J. Intell. Syst. Their Appl. 1998, 13, 20–26.  

17. Shinmoto, Y.; Takagi, J.; Egawa, K.; Marata, Y.; Takeuchi, M. Road surface recognition sensor using an 

optical spatial filter. In Proceedings of the 1997 IEEE Conference on Intelligent Transportation Systems, 

Boston, MA, USA, 12-12 November 1997, 1000-1004 

18. Yamada, M.; Oshima, T.; Ueda, K.; Horiba, I.; Yamamoto, S. A study of the road surface condition detection 

technique for deployment on a vehicle. JSAE Review, 24(2) 2003, 183–188. 

19. Jokela, M.; Kutila, M.; Le, L. Road condition monitoring system based on a stereo camera. In Proceedings 

of the IEEE 5th International Conf. Intelligent Computer Communication and Processing, Cluj-Napoca, 

Romania, 27-29 August 2009. 423–428. 

20. Yang, H.-J.; Jang, H.; Jeong, D.-S. Detection algorithm for road surface condition using wavelet packet 

transform and SVM. In Proceedings of the 19th Korea-Japan Joint Workshop on Frontiers of Computer 

Vision, Incheon, South Korea, 30 January - 01 February 2013, 323–326. 

21. Nolte, M.; Kister, N.; Maurer, M. Assessment of deep convolutional neural networks for road surface 

classification. In Proceedings of the 2018 21st International Conference on Intelligent Transportation 

Systems (ITSC) 4-7 November 2018 Maui, HI, USA. 

22. Jonsson, P.; Casselgren, J.; Thörnberg, B. Road surface status classification using spectral analysis of NIR 

camera images. IEEE Sensors Journal 2015, 15(3), 1641-1656. 

23. Rasshofer, R.H.; Spies, M.; Spies, H. Influences of weather phenomena on automotive laser radar systems. 

Adv. Radio Sci. 2011, 9, 49–60.  

24. Hebert, M.; Vandapel, N. Terrain classification techniques from LADAR data for autonomous navigation. 

In Proceedings of the Collaborative Technology Alliances Conference, Carnegie Mellon University, 

Pittsburgh, PA, USA, May 2003. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 20 of 23 

 

25. Wang, S.; Kodagoda, S.; Ranasinghe, R. Road terrain type classification based on laser measurement system 

data. In Proceedings of the Australian Conference on Robotics and Automation, Wellington, New Zealand, 

3-5 December 2012. 

26. Smith, P.P.; Zografos, K. Sonar for recognizing the texture of pathways. Robotics and Autonomous Systems 

2005, 51(1), 17–28. 

27. Bystrov, A.; Hoare, E.; Tran, T.-Y.; Clarke, N.; Gashinova, M.; Cherniakov, M. Road surface classification 

using automotive ultrasonic sensor. In Proceedings of the 30th Anniversary Eurosensors Conference, 

Budapest, Hungary, 4–7 September 2016, 19–22. 

28. Bystrov, A.; Hoare, E.; Tran, T.-Y.; Clarke, N.; Gashinova, M.; Cherniakov, M. Automotive surface 

identification system. In Proceedings of the 2017 IEEE International Conference on Vehicle Technology and 

Safety, ICVES 2017, Vienna, Austria, 27-28 June 2017, 115–120.  

29. Daniel, L.; Phippen, D.; Hoare, E.; Stove, A.; Cherniakov, M.; Gashinova, M. Low-THz radar, lidar and 

optical imaging through artificially generated fog. In Proceedings of the International Conference on Radar 

Systems (Radar 2017), Belfast, UK, 23-26 October 2017. 

30. Norouzian, F.; Marchetti, E.; Gashinova, M.; Hoare, E.; Constantinou, C.; Gardner, P.; Cherniakov, M. Rain 

attenuation at millimeter wave and low-THz frequencies. IEEE Trans. Antennas Propag. 2020, 68, 421–431. 

31. Norouzian, F.; Marchetti, E.; Hoare, E.; Gashinova, M.; Constantinou, C.; Gardner, P.; Cherniakov, M. 

Experimental study on low-THz automotive radar signal attenuation during snowfall. IET Radar Sonar 

Navig. 2019, 13, 1421–1427. 

32. Yang, Y.; Mandehgar, M.; Grischkowsky, D.R. Broadband THz signals propagate through dense fog. IEEE 

Photon. Technol. Lett., 2015, 27(4), 383-386. 

33. Bystrov, A.; Hoare, E.; Tran, T.-Y.; Clarke, N.; Gashinova, M.; Cherniakov, M. Sensors for automotive 

remote road surface classification. In Proceedings of the 2018 IEEE International Conference on Vehicular 

Electronics and Safety (ICVES), Madrid, Spain, 12-14 September 2018. 

34. Nagy, L.L. Electromagnetic reflectivity characteristics of road surfaces. IEEE Trans. Veh. Technol. 1974, 23, 

117–124. 

35. Strutt, J.W.; Baron Rayleigh, The Theory of Sound, vol. 2, Macmillan, London, 1878. 

36. Sarabandi, K.; Li, E.S.; Nashashibi, A. Modeling and measurements of scattering from road surfaces at 

millimeter-wave frequencies. IEEE Trans. Antennas Propag. 1977, 45, 1679–1688.   

37. Li, E.S.; Sarabandi, K. Low grazing angle incidence millimeter-wave scattering models and measurements 

for various road surfaces. IEEE Trans. Antennas Propag. 1999, 47, 851–861. 

38. Nathanson, F.E. Radar Design Principles. Signal Processing and the Environment, 2nd ed.; McGraw-Hill, Inc.: 

New York, USA, 1999. 

39. Schneider, R.; Didascalou, D.; Wiesbeck, W. Impact of road surfaces on millimeter-wave propagation. IEEE 

Trans. Veh. Technol. 2000, 49, 1314–1320. 

40. Sabery S.M., Bystrov A., Navarro-Cía M., Gardner P., Gashinova M. Study of low Terahertz radar signal 

backscattering for surface identification. MDPI Sensors 2021, 21(9). 

41. Hetzner, W. Recognition of road conditions with active and passive millimetre-wave sensors. Frequenz 

1984, 38(7/8), 179–185. 

42. Carpintero, G.; García-Munoz, E.; Hartnagel, H.; Preu, S.; Raisanen, A. (Eds.) Semiconductor TeraHertz 

technology: Devices and Systems at Room Temperature Operation, John Wiley Sons, Ltd.: Chichester, UK, 2015. 

43. Vizard, D.R.; Gashinova, M.; Hoare, E.; Cherniakov, M. Portable low THz imaging radars for automotive 

applications. In Proceedings of the 40th International Conference on Infrared, Millimeter, and Terahertz 

waves (IRMMW-THz), Hong Kong, China, November 23-28 August 2015. 

44. Norouzian, F.; Hoare, E.; Marchetti, E.; Cherniakov, M.; Gashinova, M. Next generation, Low-THz 

automotive radar–the potential for frequencies above 100 GHz. In Proceedings of the 20th International 

Radar Symposium (IRS), Ulm, Germany, 26-28 June 2019. 

45. The Wireless Telegraphy (Automotive Short Range Radar) (Exemption) Regulations 2013. Available online: 

http://www.legislation.gov.uk/uksi/2013/1437/pdfs/uksi_20131437_en.pdf (accessed on 24 August 2022). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 21 of 23 

 

46. Revision of part 15 of the Commission’s Rules Regarding Ultra-Wideband Transmission Systems, Federal 

Communications Commission. Available online: https://www.fcc.gov/document/revision-part-15-

commissions-rules-regarding-ultra-wideband (accessed on 24 August 2022). 

47. Jasteh, D.; Hoare, E.; Cherniakov, M.; Gashinova, M. Experimental low-terahertz radar image analysis for 

automotive terrain sensing. IEEE Geosci. Remote Sens. Lett. 2016, 13, 490–494. 

48. Daniel, L.; Phippen, D.; Hoare, E.; Stove, A.; Cherniakov, M.; Gashinova, M. Multi-height radar images of 

road scenes at 150 GHz. In Proceedings of the 18th International Radar Symposium (IRS), Prague, Czech 

Republic, 28-30 June 2017. 

49. Daniel, L.; Phippen, D.; Hoare, E.; Cherniakov, M.; Gashinova. M. Image segmentation in real aperture 

Low-THz radar images. In Proceedings of the 20th International Radar Symposium (IRS), Ulm, Germany, 

26-28 June 2019.  

50. Daniel, L.; Xiao, Y.; Hoare, E.; Cherniakov, M.; Gashinova, M. Statistical image segmentation and region 

classification approaches for automotive radar. In Proceedings of the 2020 17th European Radar Conference 

(EuRAD), Utrecht, Netherlands, 10-15 January 2021. 

51. Xiao, Y.; Daniel, L.; Gashinova, M. Image segmentation and region classification in automotive high-

resolution radar imagery. IEEE Sens. J. 2021, 21, 6698–6711. 

52. O’Hara, J.F.; Grischkowsky, D.R. Comment on the veracity of the ITU-R recommendation for atmospheric 

attenuation at Terahertz frequencies. IEEE Trans. Terahertz Sci. Technol. 2018, 8, 372–375. 

53. Yang, Y.; Mandehgar, M.; Grischkowsky, D.R. Broadband THz signals propagate through dense fog. IEEE 

Photon. Technol. Lett. 2015, 27, 383–386.6. 

54. Federici, J.F.; Ma, J.; Moeller, L. Review of weather impact on outdoor terahertz wireless communication 

links. Nano Commun. Netw. 2016, 10, 13–26. 

55. Moon, E.-B.; Jeon, T.-I.; Grischkowsky, D.R. Long-path THz-TDS atmospheric measurements between 

buildings. IEEE Trans. Terahertz Sci. Technol. 2015, 5, 742–750.  

56. Gashinova, M.; Hoare, E.; Stove, A. Predicted sensitivity of a 300GHz FMCW radar to pedestrians. In 

Proceedings of the 46th European Microwave Conference (EuMC), London, UK, 5-7 October 2016, 1497–

1500. 

57. Macelloni, G.; Ruisi, R.; Pampaloni, P.; Paloscia, S. Microwave radiometry for detecting road ice. In 

Proceedings of IEEE 1999 Int. Geosci.Remote Sens. Symp. (IGARSS’99), Hamburg, Germany, 28 June – 2 

Jul. 1999. 

58. Magerl, G.; Pritzl, W.; Fröhling, W. Remote sensing of road condition. In Proceedings of the Int. Geosci. 

Remote Sens. Symp., 03-06 June 1991, 2137–2140. 

59. Finkele, R. Detection of ice layers on road surfaces using a polarimetric millimeter wave sensor at 76 GHz. 

Electron. Lett. 1997, 33(13), 1153–1154. 

60. Snuttjer, B.R.J.; Narayanan, R.M. Millimeter-wave backscatter measurements in support of surface 

navigation applications. In Proceedings of the Int. Geoscience and Remote Sensing Symposium IGARSS'96, 

Lincoln, NE, USA, 27-31 May 1996, pp. 506–508.  

61. Ulaby, F.T.; Sarabandi, K.; Nashashibi, A. Statistical properties of the Mueller matrix of distributed targets. 

IEE Proc. F (Radar and Signal Process.) 1992, 139(2), 136–146. 

62. Finkele, R.; Schreck, A.; Wanielik, G. Polarimetric road condition classification and data visualization. In 

Proceedings of the International ‘Quantitative Remote Sensing for Science and Applications’, In 

Proceedings of the Geoscience and Remote Sensing Symposium (IGARSS ‘95), Firenze, Italy, 10–14 July 

1995, 1786–1788.  

63. Tapkan, R.I.; Yoakim-Stover, S.; Kubichek, F. Active microwave remote sensing of road surface conditions. 

In Proceedings of the Snow Removal and Ice Control Technology, Roanoke, VA, USA, 11–16 August 1997, 

73–80. 

64. Song, I.Y.; Shin, V. Robust urban road surface monitoring system using Bayesian classification and outlier 

rejection algorithm. In Proceedings of the 12th International Conference on Control Automation and 

Systems (ICCAS 2012), Jeju Island, Korea, 17–21 October 2012, 1118–1122.  

65. Song, I.Y.; Yoon, J.H.; Bae, S.H.; Jeon, M.; Shin, V. Classification of road surface status using a 94 GHz dual-

channel polarimetric radiometer. International Journal of Remote Sensing 2012, 33(18), 5746–5767. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 22 of 23 

 

66. Kurz, V.; Buchberger, C.; Van Driesten, C.; Biebl. E. Retroreflective mmWave measurements to determine 

road surface characteristics. In Proceedings of the 2019 Kleinheubach Conference Miltenberg, Germany 23-

25 September 2019. 

67. R. Kees; J. Detlefsen. Road surface classification by using a polarimetric coherent radar module at 

millimetre waves. In Proceedings of the IEEE Nat. Telesystems Conf., San Diego, CA, USA, 23-27 May 1994, 

95–98. 

68. Rudolf, H.; Wanielik, G.; Sieber, A.J. Road conditions recognition using microwaves. In Proceedings of the. 

IEEE Conference on Intelligent Transportation Systems, ITSC’97, Boston, MA, USA, 12 November 1997, 

996–999.  

69. Giubbolini, L.; Wanielik, G. A microwave coherent polarimeter with velocity gating for road surface 

monitoring. In Proceedings of the 13th International Conference on Microwaves, Radar and Wireless 

Communications 2000 (MIKON-2000), Wroclaw, Poland, 22–24 May 2000, 355–358.  

70. Viikari, V.; Varpula, T.; Kantanen, M. Automotive radar technology for detecting road conditions. 

Backscattering properties of dry, wet, and icy asphalt. In Proceedings of the. Eur. Radar Conf., Amsterdam, 

Netherlands, 30-31 October 2008, 276–279.  

71. Viikari, V.; Varpula, T.; Kantanen, M. Road-condition recognition using 24-GHz automotive radar. IEEE 

Trans. On Intelligent Transportation Systems 2009, 10(4), 639–648. 

72. Viikari V.; Pursula P. Novel automotive radar applications. Available online: 

https://publications.vtt.fi/julkaisut/muut/2011/13-AutomotiveMMID.pdf (accessed on 5 January 2024).  

73. Asuzu, P.; Thompson, C. Road condition identification from millimetre-wave radar backscatter 

measurements. In Proceedings of the 2018 IEEE Radar Conference (RadarConf18) 23-27 April 2018 

Oklahoma City, OK, USA, 0012-0016. 

74. Giallorenzo, M.; Cai, X.; Nashashibi, A.; Sarabandi K. Radar backscatter measurements of road surfaces at 

77 GHz. In Proceedings of the 2018 IEEE International Symposium on Antennas and Propagation & 

USNC/URSI National Radio Science Meeting, Boston, MA, USA, 08-13 July 2018. 

75. Renuka Devi, S.M.; Sudeepini, D. Road surface detection using FMCW 77GHz automotive radar using 

MFCC. In Proceedings of the 6th Int. Conf. on Inventive Computation Technologies (ICICT 2021), 

Coimbatore, India, 20-22 January 2021, 794-798. 

76. Hakli, J.; Saily, J.; Koivisto, P.; Huhtinen, I.; Dufva, T.; Rautiainen, A.; Toivanen, H.; Nummila, K. Road 

surface condition detection using 24 GHz automotive radar technology. In Proceedings of the 14th 

International Radar Symposium (IRS 2013), Dresden, Germany, 19–21 June 2013, 702–707.   

77. Bystrov, A.; Abbas, M.; Hoare, E.; Tran, T.-Y.; Clarke, N.; Gashinova, M.; Cherniakov, M. Analysis of 

Classification Algorithms Applied to Road Surface Recognition. In Proceedings of the IEEE Radar 

Conference (RadarCon), Arlington, VA, USA, 10–15 May 2015. 0907–0911. 

78. Bystrov A., Hoare E., Tran T.-Y., Clarke N., Gashinova M., Cherniakov M. (2017). Automotive surface 

identification system based on modular neural network architecture. In Proceedings of the International 

Radar Symposium IRS 2017, Prague, Czech Republic, 28-30 June 2017. 

79. Bystrov, A.; Hoare, E.; Tran, T.-Y.; Clarke, N.; Gashinova, M.; Cherniakov, M. Automotive system for 

remote surface classificationю MDPI Sensors 2017, 17(4), 745. 

80. Vassilev, V. Road surface recognition at mm-wavelengths using a polarimetric radar, IEEE Trans. On 

Intelligent Transportation Systems, 2022, 23(7), 6985-6990. 

81. Montgomeryy, D.; Holmén, G.; Almersy, P.; Jakobsson A. Surface classification with millimeter-wave radar 

using temporal features and machine learning. In Proceedings of the 16th European Radar Conference, 

Paris, France, 2– 4 October 2019. 

82. Auriacombe, O.; Vassilev, V.; Uz Zaman, A. Oil, water, and ice detection on road surfaces with a millimeter-

wave radiometer. In Proceedings SPIE 11533, Image and Signal Processing for Remote Sensing XXVI, 

online, 21-25 September 2020. 

83. Auriacombe, O.; Vassilev, V.; Pinel, N. Dual-polarised radiometer for road surface characterisation. Journal 

of Infrared, Milli-meter and Terahertz Waves, 2022, 43, 108–124. 

84. Bouwmeester, W.; Fioranelli, F.; Yarovoy, A. Dynamic road surface signatures in automotive scenarios. In 

Proceedings of the 18th European Radar Conference, 05-07 April 2022, London, UK 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1


 23 of 23 

 

85. Fan, Y.; Qiu, X.; Shi, Z.; Wang, Y. Road Surface Classification Based on Millimeter-Wave Radar Backscatter 

Measurements. In Proceedings of the 2023 International Conference on Ubiquitous Communication, 07-09 

July 2023, Xi'an, China. 

86. Hao, S.; Liu, R.; Jiang, B.; Lin Y.; Xu, H. Material surface classification based on 24GHz FMCW MIMO radar. 

In Proceedings of the 2024 IEEE MTT-S International Wireless Symposium (IWS), Beijing, China, 2024, pp. 

1-3. 

87. Bouwmeester, W.; Fioranelli, F.; Yarovoy, A.G. Road Surface Conditions Identification via H α A 

Decomposition and Its Application to mm-Wave Automotive Radar, IEEE Trans. on Radar Systems, 2023, 1, 

132 – 145. 

88. Alageel, A.; Ibrahim, A.; Nashashibi, A.; Shaman, H.; Sarabandi, K. Near-grazing radar backscattering 

measurements of road surfaces at 222 GHz. In Proceedings of the IGARSS 2017, Fort Worth, TX, USA, 23-

28 July 2017, 2322-2324.  

89. Douglas T.J.; Nashashibi A.Y.; Kashanianfard M.; Sarabandi, K. Polarimetric backscatter measurement of 

road surfaces at J-band frequencies for standoff road condition assessment. In Proceedings of 2021 IEEE 

USNC-URSI Radio Science Meeting (Joint with AP-S Symposium), Singapore, 04-10 December 2021, 35-36. 

90. Alaqeel, A.; Nashashibi, A.; Sarabandi, K. Sub-millimeter wave automotive radars for road assessment 

applications. In Proceedings of IGARSS 2022 - 2022 IEEE International Geoscience and Remote Sensing 

Symposium, 17-22 July 2022, Kuala Lumpur, Malaysia, 1257-1259. 

91. Bystrov, A.; Hoare, E.; Gashinova, M.; Tran, T.-Y.; Cherniakov, M. Low terahertz signal backscattering from 

rough surfaces. In Proceedings of the. 16th European Radar Conference, Paris, France, 01-03 October 2019. 

92. Meng, X.; Li, P.; Hu, Y.; Song, F.; Ma, J. Theoretical study on recognition of icy road surface condition by 

low-Terahertz frequencies. IEEE Transactions on Geoscience and Remote Sensing 2021, 60. 

93. Gishkori, S.; Wright, D.; Daniel, L.; Gashinova, M.; Mulgrew, B. Forward scanning automotive SAR with 

moving targets. In Proceedings of the 2019 International Radar Conference (RADAR), Toulon, France, 23-

27 September 2019. 

94. Jebramcik, J.; Rolfes, I.; Barowski, J. Aperture synthesis method to investigate on the reflective properties 

of typical road surfaces. In Proceedings of the 2020 50th European Microwave Conference (EuMC), Utrecht, 

Netherlands 12-14 January 2021. 

95. Bishop, C.M. Neural networks and their applications. Rev. Sci. Instrum. 1994, 65, 1803–1832.  

96. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436-444. 

97. Alpaydin, E. Introduction to Machine Learning, MIT Press: Cambridge, MA, USA, 2010.  

98. Sabery, S.; Bystrov, A.; Gashinova, M.; Gardner, P. Surface classification based on Low Terahertz radar 

imaging and deep neural network. In Proceedings of the International Radar Symposium (IRS-2020), 

Warsaw, Poland, 05-08 October 2020. 

99. Sabery, S.M.; Bystrov, A.; Gardner, P.; Stroescu, A.; Gashinova, M. Road surface classification based on 

radar imaging using convolutional neural network, IEEE Sensors 2021, 21(17), 18725-18732.  

100. Cho, J.; Hussen, H.R.; Yang, S.; Kim, J. Radar-based Road surface classification system for personal mobility 

devices, IEEE Sensors, 2023, 23(14), 16343-16350. 

101. Cassidy S. L.; Pooni, S.; Cherniakov, M.; Hoare, E. G.; Gashinova M. S. High-resolution automotive imaging 

using MIMO radar and Doppler beam sharpening, IEEE Transactions on Aerospace and Electronic Systems, 

2022, 59(2), 1495-1505. 

102. Bekar, M.; Bekar, A.; Baker, C.; Gashinova, M. Improved resolutions in forward looking MIMO-SAR 

through Burg algorithm. In Proceedings of the 2024 21st European Radar Conference (EuRAD), Paris, 

France, 25-27 September 2024.   

103. Finkele, R. Verfahren zur polarimetrischen Fahrbahnerkennung, German Patent DE 197 18 623.8, 1998. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 

of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 

disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 

products referred to in the content. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0364.v1

https://doi.org/10.20944/preprints202503.0364.v1

