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Abstract 
Rain, even shortfall rain, can adversely influence road safety. Currently, most methods for the detection of 

slippery road conditions require considerable excitation – by braking or steering – of the tyre forces. Thus, 

the safety margin between detection and reaction is minimal and dangerous situations can occur, for example 

hydroplaning. In this study, we explore the detection of wet road conditions by utilising a relatively 

inexpensive technology, acoustic measurements. A vehicle instrumented with a microphone, GPS and CAN 

bus data logger was driven at a wide range of speeds and for different road wetness conditions. A wet road 

surface detector for high and low speeds was developed and evaluated. The detector included a ground-truth 

database that was constructed by combining speed, road surface condition and audio features. The 

classification results by testing the performances of different machine learning algorithms on the database 

are discussed. The best results were obtained with Support Vector Machines. 

1 Introduction 

Weather conditions adversely affect road safety. Wet or otherwise slippery roads influence the road grip 

capacity of vehicles, as most road users probably know from experience. Slippery roads may be caused by 

rainfall, snow or ice, or by wet leaves in the autumn. In the USA, on average, there are over 5.7 million 

vehicle crashes each year. Approximately a quarter of these crashes are weather-related. On average, nearly 

6,000 people are killed, and over 445,000 people are injured in weather-related crashes each yeari.

Weather-related crashes are defined as those crashes that occur in adverse weather for example rain, sleet, 

snow, fog, severe crosswinds, blowing snow/sand/debris or on the slippery pavement (wet pavement, 

snowy/slushy pavement, or icy pavement). The vast majority of most weather-related accidents happen on 

wet pavement and during rainfall: 73% on wet pavement and 46% during rainfall. A much smaller 

percentage of weather-related crashes occur during winter conditions: 17% during snow or sleet, 13% occur 

on icy pavement, and 14% of weather-related crashes take place on snowy or slushy pavement. Only 3% 

happen in the presence of fog. Omranian et al. (2018) recently reported that rainfall increases crash risk by 

about 57%. Regarding EU, the total cost of weather-related road deaths in Europe is over £15bn per year. 

10% of the fatal road accidents happen during rainfall and only 1% due to snow, sleet or hail2. 

Approximately 43% of those who die are pedestrians, motorcyclists and cyclists who are Vulnerable Road 

Users. Motorcycle fatalities are highly dependent on weather and account for 15% of the total deaths3.  

The condition of the road surface is also important for vehicle’s Active Safety Systems, including Advanced 

Driver Assistance Systems (ADAS) and Autonomous Driving (AD). The decision logic of Adaptive Cruise 

Control (ACC) and Collision Avoidance System (CAS) is heavily dependent on the Time-To-Collision 

metric, which is a direct function of the road friction value. Ghandour et al. (2010) discussed the importance 
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of road condition adaptable ADAS and the need to estimate the tyre-road friction value under any driving 

condition. Singh and Taheri (2014) studied how much Anti-lock Braking System (ABS) and Collison 

Avoidance Systems (CAS) can benefit, if the road friction value is known beforehand. It was found that 

substantial performance improvements can be achieved, for example the braking distance using ABS can 

be shortened by over 2 𝑚 and the relative impact speed using a CAS can be reduced by 9.5 𝑚/𝑠. Gordon 

and Lidberg (2015) pointed out the importance of friction knowledge for Autonomous Driving, including 

the one for vehicle control at the limits of handling. As highlighted by Olofsson et al. (2013), the optimal 

vehicle path at the limits of handling is invariant to the road conditions; therefore there is only one way for 

optimally controlling the vehicle: by knowing the road grip and taking action before the vehicle 

maneuverability is lost (Acosta, 2017).  

Acosta, Kanarachos and Blundell (2018) provide a comprehensive review of the available road-friction 

estimation methods, based on “cause and effect”. Most of the “cause and effect” methods require 

considerable excitation – by braking or steering – of the tyre forces. The main disadvantage of these methods 

is that the safety margin between detection and reaction is minimal. Thus, a dangerous situation may occur, 

for example hydroplaning. Furthermore, it is not possible to adapt pro-actively the operation of ADAS and 

AD systems, for example in platooning or Autonomous Emergency Braking (AEB). To this end, several 

methods for detecting the road friction, without requiring considerable excitation force have been explored. 

Panhuber et al. (2016) investigated the use of an onboard camera and various classifiers. Jonsson et al. 

(2015) have explored the use of a near-infrared camera. Bystrov et al. (2017) employed a 24 GHz radar and 

40 kHz ultrasonic sensor. Tuononen et al. (2009) used an optical sensor for detecting aquaplaning. Matlainen 

et al. (2011) used tie-rod force measurements for estimating the road friction, while Niskanen (2015) 

employed accelerometers embedded on the inner liner of a tyre. 

This paper contributes to the field of wet road detection by introducing a speed dependent detector using 

Support Vector Machines. For this, we used acoustic measurements near the tyre, octave-band frequency 

analysis and compared several machine learning algorithms. Our focus was at very low excitation levels, 

for example when driving at steady speed. For this, an experimental investigation took place at Coventry, 

UK. A vehicle instrumented with a microphone, GPS and CAN bus data logger was driven at a wide range 

of speeds and for different road wetness conditions. The potential of the developed road wetness detector is 

significant from a road safety and ADAS development point of view. First, the proposed solution is based 

on a relatively inexpensive technology and are expected to be widely used in AD; thus wide-scale 

implementation is possible4. Second, they can improve the reliability of road wetness detection by 

supporting detections in scenarios where other detectors do not perform well or serve as a second voter. 

The rest of the paper is structured as follows. The second chapter focuses on related work in acoustic 

measurements and road wetness detection. The third chapter details the experimental set-up and the data 

generation. The fourth chapter presents the machine learning algorithms used and the results. Finally, 

conclusions and future research directions are given. 

2 Related work 

Rain influences road friction in different ways. As tyres move over a wet surface, the water fills in the tiny 

pits in the road surface, effectively smoothing out the surface (Ressel, 2017). There are also substances on 

roads that can lead to a loss of friction when water is added. For example, most dry roads contain a layer of 

tar, rubber, and oil. When it starts to rain, these substances can mix with the water, creating a greasy layer 

that can be very slippery. Another case is that of third bodies sticking on the road surface, like wet leaves. 

Eventually, on wet road surfaces, the adhesive forces (direct contact between the tyre and road) and part of 

the tyre forces due to hysteresis (road surface micro-roughness) is lost. The actual friction loss also depends 

on the speed of the vehicle, as the force generation mechanism is different at low and high velocities (Al-

Assi, 2017). In the worst case, if there is a lot of water on the road, including standing water in puddles, the 

vehicle is moving at least with a moderate speed (> 13.88 𝑚/𝑠) and there is insufficient tyre tread depth 

then the tyre cannot remove the complete volume of water between the tyre and road. In these cases, tyres 

can completely lose contact with the road surface and start sliding (Li et al., 2015). When this occurs, it is 

called hydroplaning or aquaplaning, and it can be hazardous.  
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Tyre-road noise depends on a number of parameters that characterize either the tyre, the road or the interface 

between them. Bezemer-Krijnen et al. (2016) studied the influence of two key tyre tread parameters, the air-

ratio and pattern-continuity. For this, a range of tests was conducted in a controlled environment for a set of 

road surfaces and tyres. The tyre tread type heavily influenced the generated noise levels and different 

sensitivities for the frequencies 500, 1000 and 2000 Hz were recorded for each road surface type. The tyre 

tread was more influential for frequencies close to 1000 Hz, while the road porosity for frequencies close to 

2000 Hz. Kindt, De Coninck, Sas, and Desmet (2007) investigated the influence of road undulations on tyre-

road noise. Tests were conducted in a laboratory environment and speeds up to 8.33 𝑚/𝑠 (30 𝑘𝑚/ℎ) were 

achieved. The sound pressure was measured at a radial distance of 100 mm from the tyre surface. The sound 

pressure spectrum showed a dominant peak at 80,8 𝐻𝑧, which corresponded to the 1st vertical tyre resonance. 

Smaller peaks appeared at other resonance frequencies of the tyre, in the range 49-230 Hz. The spectral 

content of the radiated noise showed no important components at frequencies above 500 Hz. Therefore, it 

was concluded that the whole tyre vibrations were causing the radiated noise. The radiated noise in the 

frequency range up to 500 Hz is not influenced by the tread pattern, but only on the tyre construction. 

Mioduszeski measured the influence of speed on tyre/road noise spectra and illustrated that the exterior 

tyre/road noise was proportional to the logarithm of the speed5.  

The presence of water on the road is also an important factor of tyre-road noise but has not been studied in 

the same depth as other parameters. Cai et al. (2017) measured traffic noise on wet and dry road surfaces 

and found that the noise level increases by up to 10.09 dB due to road wetness. Furthermore, the results 

showed that for the wet road asphalt the sound pressure level is high at high frequency and low at low 

frequency, which was completely different from the response on a dry asphalt road. In addition, for a wet 

asphalt road the noise energy percentage changes little with speed, while for dry asphalt road, the vehicle’s 

noise energy percentage at low frequency decreases as the speed increases, whereas at high frequency, the 

percentage increases as the speed grows. Boyraz [46,131] presented an acoustic-based approach for 

automatically distinguishing different road surface types (asphalt, gravel, snowed and stone). Neural 

Networks were used for this purpose and a 91% accuracy was achieved in the worst case. The acoustic data 

were collected using a cardioid microphone. The microphone was installed on the suspension strut of a small 

electric vehicle. Data were collected at low constant vehicle speeds 2.77–8.33 m/s (10–30 km/h). Boyraz et 

al. processed the audio signals and extracted features such as linear predictive coefficients (LPC), mel-

frequency cepstrum coefficients (MFCC) and power spectrum coefficients (PSC) for the classification task. 

The features were extracted using time windows of 0.02, 0.05 and 0.1 s to facilitate real-time application. 

Alonso et al. (2014) presented a method for wet road surface conditions using Support Vector Machines. 

Trials in a controlled environment were conducted using an instrumented passenger vehicle, on the chassis 

of which an electret microphone was installed. Measurements took place on dry and then on wet asphalt. 

The method was validated for vehicle speeds between 8.33–19.44 m/s (30–70 km/h). The audio samples 

were processed in chunks by a 1/3 octave filter band, in the frequency range from 20 Hz to 20 kHz. Two 

different methods were applied for selecting the most informative features, which were then used to train a 

Support Vector Machine (SVM). The experimental results showed that when the vehicle was driven on the 

wet asphalt, the noise level increased. The level increase was noticeably higher in the 500 Hz to 8 kHz range. 

The proposed classifier had no misses for the wet asphalt status detection, and less than 12% misses for the 

wet to dry transition. Abdic et al. (2017) employed a deep learning approach for detecting road wetness 

using audio signals. For this they acquired approximately 800000 bins of audio, recorded while driving in a 

range of road surfaces, traffic conditions, precipitation levels, and speeds. A Long-Short-Term-Memory 

Recurrent Neural Network (LSTM-RNN) was developed using as inputs spectral features (0- 8000 Hz) 

computed using the short-time Fourier Transform. Each spectrogram had been converted to the Mel-

Frequency scale. Detection of road wetness was achieved with a 93.2 % accuracy in the worst case. 

3 Methods and tools  

We employed a portable experimental setup and simultaneously recorded the sound generated by the tyres, 

the vehicle GPS position and speed. Six experiments took place at a wide range of speeds and for different 

road surface and wetness conditions. Each test had a length of approximately 25 minutes. A ground-truth 

annotated database for the different labelled classes of road wetness was constructed. Various machine 
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learning classification algorithms were trialled to obtain the discrimination accuracy of the different 

algorithms. Furthermore, we analysed and identified the most significant audio features (principal 

components). 

3.1 Experimental set up and data acquisition 

The tyre-road noise was recorded with a microphone, mounted at a close distance to the tyre-road interface. 

Figure 1 shows the position of the microphone. Since sound waves travel almost omnidirectional, the side 

that is affected less by water spraying when the vehicle is moving on a wet surface was preferred. 

Furthermore, we selected to place the microphone close to the rear left tyre, as this tyre was the most distant 

from the engine and exhaust system. We covered the microphone with a waterproof film and a windshield 

to protect it from the water spray. For consistency, we kept the protection even during the experiments on 

the dry road surfaces. The microphone used (Vivanco EM35) was an electret condenser type powered by an 

AA 1.5-volt battery. It is a low cost but good quality clip-on microphone with a wide frequency response 

for the entyre audible spectrum. 

A digital audio recorder (Zoom H1), manually controlled from the inside of the vehicle, was used to record 

the audio signals in uncompressed PCM *.wav. We selected a sampling rate of 44.1 𝑘𝐻𝑧, because a higher 

sample-rate would result in larger data sizes, however without offering more information. A 24-bit depth 

was set for the digital coding of the samples so that the dynamic range was high enough and there was no 

need to adjust and change the input gain and the recording level throughout the entyre experimental process. 

In fact, the input gain was initially set during pilot experimental routes to obtain appropriate recording levels 

so that no clipping occurs and after that, it remained unchanged for all experiments.  

The vehicle GPS position and speed were acquired using Racelogic’s Videobox data logging system. Figure 

2 illustrates a log of vehicle speed during one of the experiments conducted. A wide range of speeds was 

achieved. Simultaneously with the GPS position and speed we video recorded the road in front of the vehicle 

using a forward-facing camera. Furthermore, CAN-bus signals, including the wheel speed, braking pedal 

position, acceleration pedal position, accelerometer and yaw rate, were retrieved from the vehicle’s On-

Board-Diagnostics (OBD) interface. The retrieved data were used to establish the ground truth database.  

 

Figure 1: Microphone position during the field trials 
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Figure 2: Vehicle speed during one of the naturalistic field trials. 

First, we executed two pilot trials to calibrate the equipment. Then six field trials took place on public roads 

and under real traffic conditions. We collected data on dry road, wet road while raining and wet road 

following a shortfall rain.   

From the whole set of experimental data, we selected three experiments for constructing the ground-truth 

database. The criteria for choosing the three routes were on the one hand the similarity of the vehicle route 

and on the other hand the differences in weather and road surface conditions (i.e. wet, slightly wet, dry). In 

some cases, it was difficult to retain all parameters needed to be constant because the experiments were 

conducted in a non-controlled environment. For example, the vehicle speed on the highway varied because 

of the different traffic situations. 

An illustration of the three routes that were finally selected for further analysis is provided in Figure 3. 

 

 

Figure 3: The vehicle trajectory in the three field experiments at Coventry, U.K.  

3.2 Data processing and labelling 

Before proceeding with the classification experiments, a preprocessing step was involved in which we 

removed redundant data such as start-stop pauses, and preparation intervals. Furthermore, to avoid extra 

data load the audio recordings were transcoded into a PCM *.wav format with a sampling rate of 44.1 kHz 

and a 16-bit depth dynamic range. 
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As already mentioned, the present study presents the classification results for three different road wetness 

conditions, for which the following 3-class annotation scheme was selected: 

• 3.15wet1: A recording that was conducted on 15 March 2018 on wet road surface conditions during 

light rain. 

• 4.13wet2: A recording that took place on 13 April 1018 on damp road surface conditions. In 

particular, the experiments were conducted following a shortfall rain. 

• 5.15dry: A recording that was captured on 15 May 2018 on a completely dry road surface. 

Since the feature extraction procedure demands a proper segmentation of the prolonged recordings, we 

decided to use a segmentation time window of 100 𝑚𝑠. The main reason for choosing this window length 

is that the tyre sounds are quasi-stationary signals and since the current research is focused on changes of 

the frequency distribution of the tyre sounds as the road surface wetness or dryness change, a time window 

offering a proper frequency resolution (10 𝐻𝑧) should be selected. The selected segmentation window is 

also aligned with the GPS and vehicle speed sampling rates. Finally yet importantly, a segmentation length 

of 100 𝑚𝑠 it is adequate from a road safety point of view, under the condition that the task is to identify the 

condition of the road wetness for low levels of tyre excitation. 

3.3 Feature extraction 

A variety of distinctive properties can be extracted from audio samples, from either the time or spectral 

domain signal representation. Since the interest lies in the detection of dry or wet road surface conditions, 

the investigation of changes in the quasi-stationary form of the signal is more appropriate. Time-domain 

properties such as zero-crossing rate, number of signal peaks, statistics etc. are not suitable for the 

classification task in this work (Lartillot et al., 2007, Kotsakis et al., 2012a, Kotsakis et al., 2012b). 

We decided to perform the classification task via the spectral analysis of the captured audio content, in 

particular by exploiting the frequency-domain properties for each audio sample (with duration 100ms). The 

feature vector included the energy-related parameters of the audio signals in predefined spectral bands. 

Several experiments were conducted while testing the efficiency of linearly-spaced versus octave spectrum 

representation for the computation of frequency bands energies (Lartillot et al., 2007). The comparisons 

revealed that octave-band features presented a better performance, since the linear audio signal brightness 

properties were strongly correlated to the octave-band ones without any additive value (Lartillot et al., 2007, 

Kotsakis et al., 2012a, Kotsakis et al., 2012b).  

Specifically, the audio spectrum of each audio sample was divided into 11 octave bands with central 

frequencies as shown in Table 1, while the range of each octave band has an upper frequency that is twice 

that of the lower one (ANSI S1.11). Based on the defined octave bands, an Infinite Impulse Response (IIR) 

bandpass Butterworth filter (order 4) was imposed on each audio sample, which returns each audio sample 

withholding only the corresponding frequencies (Bianchi, G.  and Sorrentino, R, 2007). Finally, a Fast 

Fourier Transform (FFT) was applied into the processed samples for each octave band, in order to calculate 

the FFT coefficients, from which the RMS (Root Mean Square) energy was computed for each octave band 

as the square root of the average of the sum of the squared values of the FFT coefficients. The 

aforementioned vector of RMS energies for each octave band was extracted, using MATLAB 2017a and 

the Machine Learning Toolbox, with the following notation: 

 

Band 

Nominal 

Centre  

Frequency 

Calculated 

Centre 

Frequency 

Lower 

Band 

Limit 

Upper 

Band 

Limit 

1 16 Hz 15.625 Hz 11 Hz 22 Hz 

2 31.5 Hz 31.25 Hz 22 Hz 44 Hz 

3 63 Hz 62.5 Hz 44 Hz 88 Hz 
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4 125 Hz 125 Hz 88 Hz 177 Hz 

5 250 Hz 250 Hz 177 Hz 355 Hz 

6 500 Hz 500 Hz 355 Hz 710 Hz 

7 1000 Hz 1000 Hz 710 Hz 1420 Hz 

8 2000 Hz 2000 Hz 1420 Hz 2840 Hz 

9 4000 Hz 4000 Hz 2840 Hz 5680 Hz 

10 8000 Hz 8000 Hz 5680 Hz 11360 Hz 

11 16000 Hz 16000 Hz 11360 Hz 22720 Hz 

Table 1: Octave bands for extracting the energy features of the audio signal 

The ground-truth database for the machine learning experiments was constructed using the octave-band 

features of the audio signals obtained in the field trials “3.15wet1”, “4.13wet2” and “5.15dry”. 

4 Results and discussion  

The first classification attempt included all sound segments that corresponded to speeds ranging from 

10km/h up to the maximum recorded speed (i.e. 108.2km/h). The classification scheme included the three 

classes 3-15wet1, 4-13wet2, 5-15dry, presented in Section 3. In total, 22 classification algorithms were 

trialed using as inputs the 11 octave band filtering energies. The classification was performed using Matlab 

2017a Classification Learner App. 

For the classification we employed the %-split training method. We preferred this method rather than the k-

fold training method, because of the large dataset size. The %-split method splits the data in two separate 

subsets. One part of the data is used for the training of the algorithm (i.e. training data) and the rest of the 

data is used for prediction and evaluation of the classification accuracy (i.e. control data). An efficient ratio 

of 75% training data to 25% control data split was therefore selected and used for each one of the 22 

classification algorithms that were checked. It is highlighted that the same 75-25% split ratio was used in 

all tests for all classification attempts and all classification schemes. 

In the first classification attempt the Quadratic SVM algorithm performed with the best accuracy of 81% 

(Joachims, 1999; González-Mendoza, 2005). From the confusion matrix results shown in Figure 4 it is clear 

the class 3-15wet1 is better categorized than class 5-15dry, and class 4-13wet2 but less than class 5-15dry. 

This seems reasonable since for the 3-15wet1 experiment the road surface was much wet than for the 4-

13wet2 experiment.  

We further investigated the above observation, by utilising binary classification schemes in the second 

classification attempt. The three classes were checked in pairs for the same speed range (10km/h to 

maximum) and the Quadratic SVM again performed best with an accuracy of 92.3% giving the best 

discrimination for the pair of flooded versus dry surfaces and the worst discrimination for the pair of slightly 

wet versus dry surfaces as was expected. The results of the second classification attempt are shown in Figure 

5. 

In the next classification attempts, the data were classified in “highway” and “city” driving, taking into 

account the vehicle speed and GPS location. For the highway driving condition, speeds ranging from 80 

𝑘𝑚/ℎ up to 108.2  𝑘𝑚/ℎ and for the city driving condition speeds ranging from 10 to 40 𝑘𝑚/ℎ were 

considered respectively. The two conditions were separately checked with the classification algorithms for 

the same as before three schemes first and the binary schemes after. In Figure 6 speed data selected for the 

highway driving condition are plotted. 

The Quadratic SVM algorithm again performed best for the 3-class scheme with an overall accuracy of 

86.3%. The resulted confusion matrix is shown in Figure 7. For the binary 2-class schemes the best 
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performance was observed for the pair 3-15wet versus 5-15dry i.e. wet versus dry with an accuracy of 98.4%. 

The resulted confusion matrix is shown in Figure 8. It is worth noting that for this binary 2-class scheme 

that had the best performance three algorithms i.e. Logistic Regression, Quadratic SVM and Cubic SVM  

resulted to this same overall accuracy of 98% as shown in Figure 9. 

 

Figure 4: Confusion matrix of the SVM classification for the three experiments (3-class scheme) and 

speeds from 10km/h to maximum 

  

Figure 5: Confusion matrix of the SVM classification in pairs (binary 2-class scheme) for speeds from 10 

𝑘𝑚/ℎ to the maximum achieved (a) best prediction 3-15wet1 versus  , (b) worst prediction 4-13wet2 

versus 5-15dry 
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Figure 6: Data selected for the highway driving condition for speeds ranging from 80 𝑘𝑚/ℎ up to the 

maximum achieved for each experiment 

 

 
Figure 7: Confusion matrix of the SVM classification for the three experiments (3-class scheme) at the 

highway driving condition for speeds ranging from 80km/h up to the maximum 

 

 
Figure 8: Best prediction 3-15wet1 versus 5-15dry confusion matrix of the SVM classification in pairs 

(binary 2-class scheme) at the highway driving condition for speeds ranging from 80 𝑘𝑚/ℎ up to the 

maximum 

For the city driving cases, speeds ranging from 10 to 40 𝑘𝑚/ℎ, similar in classification performance results 

were obtained. Quadratic SVM performed best with an accuracy of 84.4% for the 3-class scheme in the city 

driving condition, Figure 9. For the binary 2-class scheme the best prediction was again for the same pair 3-

15wet versus 5-15dry i.e. flooded versus dry. In this case the Cubic SVM algorithm performed best with an 
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accuracy of 93.7%, in Figure 10 slightly better than that of Quadratic SVM algorithm with an accuracy of 

93%. 

 

Figure 9: Confusion matrix of the SVM classification for the three experiments (3-class scheme) at the 

city driving condition for speeds ranging from 10 to 40 km/h 

 

 

Figure 10: Best prediction (3-15wet1 versus 5-15dry) confusion matrix of the SVM classification in pairs 

(binary 2-class scheme) at the city driving condition for speeds ranging from 10 to 40 km/h 

 

4.1 Feature ranking 

In order to get further insight regarding the classification accuracy and the features that enable the 

discrimination between the classes 3-15wet1, 4-13wet2, and 5-15dry, a feature significance analysis was 

conducted. For this reason, the specialized evaluation algorithm “OneR Attribute Evaluation” in WEKA 3.7 

Data Mining Software was implemented that functions as follows (Witten et al., 2016): 

 

1: For each input variable/ feature: 

2: For each value of audio property: 
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3: The number of appearances of each output class is counted 

4: The most frequent class is detected 

5: The current feature value is assigned to this class 

6: The total error of the above rule is computed for each feature 

7: The ranking is executed from the features with smallest to higher total errors 

Table 2: Pseudocode for feature ranking 

 

 City 
10-40km/h 

Highway 
80km/h-max 

Overall 
10km/h-max 

1 Oct125Hz Oct500Hz Oct2kHz 

2 Oct250Hz Oct250Hz Oct62.5 

3 Oct62.5 Oct125Hz Oct4kHz 

4 Oct500Hz Oct62.5 Oct31.25 

5 Oct31.25 Oct31.25 Oct125Hz 

6 Oct1kHz Oct1kHz Oct15.625 

7 Oct16kHz Oct16kHz Oct1kHz 

8 Oct2kHz Oct4kHz Oct250Hz 

9 Oct8kHz Oct8kHz Oct500Hz 

10 Oct15.625 Oct2kHz Oct8kHz 

11 Oct4kHz Oct15.625 Oct16kHz 

Table 3: Feature ranking for different speed ranges via the OneR Attribute Evaluation algorithm 

 

5 Conclusions and future work 

In this study, the feasibility of acoustic measurements and machine learning algorithms for discriminating 

between dry, wet and damp road surfaces was investigated. The results show that the classification can be 

performed with relatively high accuracy, comparable to results presented elsewhere in the literature. 

Furthermore, we presented for the first time a speed-dependent classifier, which increases the classification 

accuracy and robustness of the classification task. The equipment required for obtaining the acoustic 

measurements and processing is relatively low-cost, which can be an enabler for its wide-scale 

implementation. The audio signal was processed in sliding windows of 100ms lengths which fitted well with 

the sampling rate of GPS data. 

There are certain weaknesses or limitations of the adopted procedure that need to be addressed in future 

work. As already mentioned, the route experiments were carried out on public roads and not in controlled 

environments. For this reason, experiments at specific conditions were difficult to obtain. Speed was one 

parameter that was heavily influenced. For example, the highway 3-15wet1 route was conducted with an 

average speed of approximately 100 km/h, while the other two highway routes had average speeds of 90 

km/h. More experiments are required that will allow us to increase the information richness of our database. 

This includes experiments with other vehicles and tyres, as well as road wetness conditions.  

Another research direction is the utilization of more audio channels, by using more microphones, with the 

purpose to apply noise cancellation techniques to reduce the effect of other noises for example the engine 

noise. The use of microphones with higher directivities or microphone arrays, where practically possible, 

could also be assessed as a mean to increase the classification accuracy. 
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