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Abstract

Low wheel-rail adhesion presents a major safety and economic challenge for the rail industry by causing station overruns 

and delays. The impact of this (with estimates of costs up to £355 m annually) presents a research opportunity with the 

potential for significant safety improvements and cost savings. Poor adhesion can be mitigated somewhat using weather 

forecasting, although this is limited to regional-level resolution and results in reduced averaged speeds. Recent studies have 

investigated rail cleaning to remove railhead contamination prior to wheel contact, which increases friction and braking 

performance. Determining when to activate systems for removing contamination on the rail surface is an area of active 

research with systems combining sensor and camera data with machine learning models recently demonstrating accurate 
prediction of Coefficient of Friction (CoF) values. While these systems are effective in initial testing, they display a common 

problem for safety-critical ML systems in a lack of model interpretability due to the “black box” nature of the neural 

network models used. This study seeks to mitigate poor ML interpretability through the use of Feature Importance (FI) 

algorithms, to better understand the causes of low wheel-rail friction prediction in ML models. A dataset correlating rail 

friction measurements against sensor data and rail images is used to train an ensemble of ML models, which are then used 

alongside a testing dataset to evaluate an array of FI algorithms (SHapley Additive exPlanations, Local Interpretable Model- 

agnostic Explanations and Permutation Importance). A feature importance fusion algorithm is then applied to assist in 

interpreting these results. Across a range of feature importance techniques, it is consistently found that atmospheric data 
such as air temperature and humidity is the strongest predictor of low friction conditions. Tests of similar friction 

prediction models using only atmospheric data with no photographic images show only a small loss in accuracy. Edge 

detection is found to be the most useful feature extracted from images, while single-pixel features such as brightness and 

colour are found to be the least important. This provides insight into best practices for feature selection when designing ML 

models for the rail industry in future.
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Introduction

One of the most significant challenges at the wheel-rail 

interface has long been recognised as low adhesion, 

particularly during the autumn season when wet leaf 

layers can form. Low friction resulting from railhead 

contamination leads to critical safety risks and operational 

delays, primarily due to braking problems that can result 

in signals passed at danger (SPADs) or station overruns. 

Additionally, poor traction caused by low adhesion can 

lead to substantial delays.1 Low adhesion can be caused by 

leaf layers or by the “wet-rail” phenomena where oxide on 

the rail mixes with small amounts of water to form a 

lubricating paste. Overall, the cost of managing low 

adhesion in Great Britain during autumn is estimated at 

£355 million annually for performance impacts, safety 

costs, and cleaning, management, and prevention.1
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Despite the high cost and safety risks, the railway 

industry currently lacks real-time friction data to assist in 

better planning and decision-making. The primary tool 

used for adhesion forecasting is the Met Office Adhesion 

Index,2 which relies solely on weather data such as wind 

speed, leaf fall, and moisture or ice presence. While 

useful, this index does not account for the actual condition 

of the railhead, which is a critical factor in adhesion levels. 

These limitations underscore the need for more advanced 

tools with higher accuracy and broader applicability.

Moreover, there is still a lack of comprehensive un-

derstanding of the specific parameters that affect railhead 

friction. While some data is now available, for example 

the work carried out by Folorunso et al.3 in analysing rail 

friction and environmental data from UK rail tracks, this 

has not been fully leveraged to develop reliable models for 

real-time friction estimation. Recent advancements in data 

collection technology, however, now offer an opportunity 

for a more in-depth analysis of these parameters and their 

influence on railhead conditions which was explored by 

Folorunso et al. in designing a machine learning model 

using field data to estimate railhead friction.4

In this work, a dataset consisting of tribometer mea-

surements, railhead photographs and atmospheric sensor 

data is used to train an ensemble of ML models to predict 

the wheel-rail friction coefficient. The performance of 

these models is analysed against a separate testing dataset. 

These ML models are then used to estimate feature im-

portance coefficients in the training dataset using the 

SHAP (SHapley Additive exPlanations), LIME (Local 

Interpretable Model-agnostic Explanations) and PI (Per-

mutation Importance) algorithms. The results from these 

algorithms are normalised and combined using Feature 

Importance Fusion techniques to reduce the output vari-

ance, and the resulting feature importance coefficients are 

studied to gain insight into optimal data gathering tech-

niques for future friction prediction systems.

Background

Wheel-rail adhesion

Previous work has identified that the presence of third 

body particles such as rust play a significant role in wheel- 

rail friction under specific conditions.5 Experimental in-

vestigation has determined that the presence of dry rust 

particles alone does not significantly modify friction 

conditions, however with the addition of oil or water 

friction can vary significantly.5 Experiments comparing 

the performance of different rail tribometer designs em-

phasise the importance of understanding the role of third 

bodies in obtaining both accurate measurements and 

models of rail surface friction.6 Under contamination by 

oil, surface roughness is also found to play a role in the 

resulting friction.7,8 The effect of both surface roughness 

and temperature becomes much larger when using water 

as a contaminant.8,9

Mathematical modelling of wheel-rail contact has been 

studied for some time.10–12 While simplified models of 

rolling contact between elastic bodies are not computa-

tionally complex,10 extending models to capture real 

world conditions such as the rail surface texture and 

presence of both solid and liquid contaminants (and their 

behaviour under the high pressure contact) is more 

difficult.9,13

The difficulty of analytical modelling of wheel-rail 

contact under real-world conditions makes the pres-

ence of reliable measurements of rail friction 

valuable6,14 for the development of numerical rules. 

The development of practical and compact tribometer 

tools has enabled a greater volume of data to be 

gathered.14 Despite this, the requirement of physical 

contact with the rail surface for tribometers to operate 

limits the usefulness of friction measurement in day- 

to-day operation. Recent work has involved the ap-

plication of ML systems to leverage datasets of rail 

friction measurements in order to quickly and remotely 

predict friction conditions.4

Feature importance in engineering

Investigations into the use of ML in safety-critical 

applications frequently emphasize the importance of 

interpretable ML models.15 This is broadly described 

by the title of “Verifiable AI”, defined in 16 as “the 

goal of designing AI-based systems that have strong, 

ideally provable assurances of correctness with respect 

to mathematically specified requirements”. One ap-

proach to this is the use of post-prediction explanation 

in the form of Feature Importance (FI) algorithms.17

Many different algorithms have been proposed and 

while many of these has been shown to individually 

effective, arguments have been made that retroactive 

explanation techniques are fundamentally flawed.18

An alternative to dedicated verifiable ML architec-

tures is the use of ensemble-based feature importance 

approaches.15,19 Applications of this are numerous 

including obtaining key influencing variables across a 

variety of fields.20–23

Variation in Feature Importance estimates arise from 

multiple sources including differences in the ML models, 

usage of different FI algorithms and dependence on the 

sample of data used to obtain the estimates. Ensemble FI 

therefore seeks to reduce this variability by combining a 

multitude of different ML and FI algorithms.23 The FI 

algorithms applied in this study are Permutation Impor-

tance,24 SHAP25 and LIME.26 These are implemented by 

the BioFEFI library.27

Data overview

Railhead images were acquired using GoPro Hero cam-

eras operating in automatic exposure mode. The camera 

was positioned at a fixed distance from the railhead, re-

sulting in a consistent field of view focused primarily on 

the rail surface. Image collection was conducted during 

daylight or adequately illuminated conditions, reducing 

2 Proc IMechE Part F: J Rail and Rapid Transit 0(0) 



the occurrence of severely underexposed or overexposed 

images.4

A railhead dataset of over 400 measurement points was 

recorded between 2019 and 2020 during different seasons 

to give a variety of in-field railhead conditions. The 

majority of these were for “wet-rail” related railhead 

conditions rather than leaf layers (Table 1). The data was 

collected from several rail tracks in the UK which in-

cluded some Heritage railways sites. These are shown in 

Figure 1.

A variety of data was recorded from the different sites 

visited to give a proper understanding of low adhesion 

mechanisms. Friction coefficients on the rail surface were 

measured using a pendulum tribometer. The air, railhead 

and dew point temperatures, as well as the relative hu-

midity, were measured using an infrared thermometer. 

The contamination layer thickness was measured using an 

eddy current paint thickness gauge, and images of the rail 

surface and forward-facing view were captured using 

GoPro Hero cameras. Further detail regarding the 

Table 1. Quantity of data collected from each site.

Location Railway Image quantity

Butterley, derbyshire Midland railway 53

Shottle, derbyshire Ecclesbourne valley railway 16

Swanwick, derbyshire Midland railway 30

Deepcar, sheffield Non-heritage 18

Wharncliffe woods, sheffield Non-heritage 6

Matlock, derbyshire Peak rail 24

Beeley woods, sheffield Non-heritage 19

Monk bretton, barnsley Non-heritage 34

Long marston, stratford-upon-avon Non-heritage 25

Darley dale, derbyshire Peak rail 28

Idridgehay, derbyshire Ecclesbourne valley railway 94

Wirksworth, derbyshire Ecclesbourne valley railway 94

Figure 1. Images of the data acquisition.
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methodology of the data collection is outlined in the work 

carried out by Folorunso et al.3 Figure 1 illustrates some of 

the images collected and friction measurements in 

progress.

Data analysis approach

Image feature extraction

Prior to feature extraction, an automated railhead local-

isation procedure was applied to each image. An initial 

cropped region containing the railhead was identified, 

after which a Gaussian filter (σ = 10) and vertical Sobel 

edge detection were used to determine the railhead po-

sition. The Gaussian-filtered image was used solely for 

localisation purposes, and a consistent railhead region of 

interest (ROI) was subsequently extracted from the 

original image. All image features were computed from 

this cropped ROI rather than from the filtered image.

Before the images could be used as inputs to the 

Machine Learning (ML) model, features were extracted to 

reduce the dimensionality of the input.4 A variety of 

features were selected targeting different image charac-

teristics including colour, brightness and surface texture, 

which were proposed on the basis of being likely to 

correlate with the CoF.4 The feature extraction method-

ology was reused to ensure that this work’s analysis re-

mains relevant to earlier studies.4,28

The extracted image features included mean 

brightness, mean colour, black-pixel content, orange- 

pixel content, and vertical edge intensity. Mean 

brightness and black-pixel content were used to 

quantify surface darkness, which can be associated 

with moisture, contamination, or surface films. 

Orange-pixel content was extracted using HSV colour- 

space analysis to identify rust-coloured deposits and 

oxidised material. Mean colour was also calculated in 

HSV colour space to characterise general railhead 

surface colour properties, while vertical edge inten-

sity, calculated using a Sobel operator, was included as 

a measure of surface texture and structural variation. 

These feature extraction schemes are described further 

in the following sections.

In order to maintain consistency with the methodology 

of previous work,4,28 no explicit exposure normalisation, 

histogram equalisation, white-balance correction, colour 

calibration, or denoising procedures were applied prior to 

feature extraction. The fixed camera geometry, close 

proximity of the camera to the railhead, and use of HSV- 

based colour features helped reduce sensitivity to varia-

tions in illumination conditions. Since the local envi-

ronmental conditions play an important role in the 

formation of rail surface contamination, information 

which correlates to ambient conditions such as brightness 

and colour balance remained uncontrolled to allow the ML 

system to learn from them.

Brightness. The first feature was a measure of the im-

age’s brightness. Changes in image brightness are an 

important descriptor of the rail’s local environment 

and are associated with sunlight exposure and shade, 

which plays an important role in the onset and evo-

lution of rail surface contamination.28 Image bright-

ness was calculated by flattening the original RGB 

image and calculating the mean intensity of each 

subpixel.

Darkness. Similar to the brightness feature, darkness 

quantifies the number of sufficiently dark regions within 

each image, as in sufficient quantity these can be an in-

dicator of contamination on the rail surface.

Each image was first converted to a Hue-Saturation- 

Value (HSV) format. The saturation and value channels 

were normalised and a threshold value of 0.3 was applied. 

A pixel-wise multiplication of the saturation and value 

channels was carried out, and the feature value for each 

image was taken as the mean of the resulting array.

Orange pixel detection. The presence of orange pixels was 

used as an indicator of rail contamination due to the 

formation of rust. To detect these, the image was first 

converted to HSV format. The set of pixels are selected 

such that 0 ≤ H <1/12. For these pixels, the element-wise 

product of the hue, saturation and value was calculated 

and averaged.

Edge detection. Edge detection was applied to measure the 

texture of the rail surface. In normal operation the rail 

surface should be smooth metal, however contamination 

such as rust formation creates a spotty texture. The 

magnitude of surface texturing on the rail was calculated 

by approximating the image gradient using a Sobel filter29

to detect vertical edges. The kernel used was 

þ1 0 �1

þ2 0 �2

þ1 0 �1

2

4

3

5 (1) 

After the filter was applied to the image to obtain 

gradients in the horizontal direction, the mean of the 

absolute values was calculated to extract a quantity which 

qualitatively measured the visual smoothness of the rail 

surface.

Colour detection. For the final extracted feature, the image 

was converted into the HSV format. For each pixel, the 

product of the hue and saturation was calculated. The 

mean of this value was calculated for the whole array to 

obtain a measure of how much colour the image contains.

Construction of dataset

A total of 300 data points were used for the training 

dataset, where each data point corresponds to one set of 

features extracted from one image as well as additional 

measurements such as the air temperature, humidity 

and the rail temperature. Each image is also associated 

with a pendulum tribometer reading. The Pendulum 

4 Proc IMechE Part F: J Rail and Rapid Transit 0(0) 



Test Value (PTV) is converted into a Coefficient of 

Friction (CoF) using equation (2)3: 

μ ¼
PTV

195:45
(2) 

The distribution of the CoF labels within the 

training dataset is shown in Figure 2. A bimodal 

distribution was found - this was likely a result of the 

fact that data gathered on different days was likely to 

be either under normal (acceptable friction levels) or 

low friction conditions.

Analysis of feature colinearity was carried out and 

is illustrated in Figure 3(a). The process for this was 

adapted from Fang et al.20 It can be seen that the 

features obtained from the sensors (air temperature, 

humidity, dew point and railhead temperature) fre-

quently display high Pearson correlation coefficients. 

While this is to be expected as temperature, humidity 

and dewpoint are physically related, mitigation of 

feature collinearity is desirable as it can lead to in-

correct feature importance estimates.22 Reduction of 

collinearity was achieved by repeating analysis with a 

variety of different feature selection sets (visualised in 

Figure 3), as well as by combining the high collinearity 

features in two ways as described below. The resulting 

datasets are summarised in Table 2.

Method 1: The normalised air temperature, humidity, 

dew point and railhead temperature features were com-

bined into a single feature by summing them. All features 

in the dataset are then standardised prior to model training 

using z-score standardisation.

Method 2: In accordance with earlier work regarding 

the effects of condensation on the rail,3 a new variable 

Condensation Index is created and defined as: 

Condensation Index

¼ Relative humidity ∗Dewpoint ∗ ðTair � TrailÞ
(3) 

These variables are chosen such that each of them 

increasing (humidity, dew point and the difference in 

temperature between the air and rail) results in an in-

creased rate of condensation. All features in the dataset are 

standardised using the z-score. The effect on the variable 

collinearity is illustrated in Figure 4.

ML model performance

Before training commenced, a random sample of 20 % 

of the dataset was selected to be withheld from training 

and used as a testing dataset. Each feature within the 

training dataset was preprocessed using z-score 

standardisation. The training dataset was used to 

train an ensemble of models using a variety of ML 

architectures. By using a series of different models and 

different FI algorithms, a more reliable feature im-

portance estimate can be achieved by reducing reliance 

on any one method. A linear regression model was 

used as a baseline for performance comparison against 

the following ML techniques:

· Random Forest (RF) regression.
· Support Vector Regression (SVR).
· Extreme Gradient Boosting (XGBoost).

Model hyperparameter optimisation was conducted 

and the selected hyperparameters are shown in Table 3.

The performance of each model in predicting the 

friction coefficient using the images and sensor data is 

summarised in Table 4. It can be seen that the dataset using 

Figure 2. Distribution of the Coefficient of Friction in the training dataset.
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the newly defined Condensation Index consistently out-

performs the simpler method of feature reduction, across a 

variety of ML techniques. Optimal performance was 

obtained using the XGBoost model, with an RMS friction 

coefficient error of 0.047.

The feature importance fusion technique described in 

23 was applied here. Three feature importance algorithms 

are applied to each ML model; SHapley Additive ex-

Planations (SHAP),25 Local Interpretable Model-agnostic 

Explanations (LIME)26 and Permutation Importance 

(PI).24 The matrix of FI data obtained from this is vi-

sualised in Table 5.

The set of FI values corresponding to multiple ML 

models and FI algorithms was then processed using the 

feature importance fusion technique from.27 The sets of FI 

rankings are combined in the following ways:

· Mean: The final calculated importance of each 

feature was equal to the mean of the values for that 

feature from each FI algorithm.
· Median: The importance of each feature was equal 

to the median of the FI algorithm outputs for that 

feature.

The result of this was an array of FI values where each 

feature has one value for each of the fusion methods 

outlined above. The final step of analysis involves re-

scaling each feature’s values to aid their interpretation.

Discussion

The results of the FI fusion analysis are shown for the 

feature summed dataset and condensation index dataset in 

Figure 5 respectively. It can be seen that for both datasets, 

the relative importance of the features constructed from 

atmospheric and sensor data was ranked as the most 

important feature using both FI fusion techniques.

Specifically of the data extracted from the image 

features, the edge detecting feature was ranked as the most 

important. This is consistent with the idea that low ad-

hesion is a consequence of the formation of rust spots and 

other surface contamination that alters the nominally 

smooth surface texture. The other image-extracted fea-

tures (darkness, brightness, orange pixel detection and 

colour) are found to have low importance compared to the 

edge detection and sensor data-based features.

Figure 3. Plots of Pearson correlation coefficient for the different feature-reduced datasets.

Table 2. List of features in the tested datasets.

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 Dataset 7

Air temperature, railhead 
temperature, dewpoint, 
humidity

Air temperature 
only

Railhead 
temperature only

Dewpoint 
only

Humidity 
only

Sum of sensor 
features

Condensation 
index

Brightness

Darkness

Orange pixel 
fraction

Edge detection sum

Coloured fraction

6 Proc IMechE Part F: J Rail and Rapid Transit 0(0) 



Combined, this indicates that the measured data (air 

temperature, railhead temperature, dewpoint and hu-

midity) are strong predictors of the presence of low 

adhesion. This can be further tested by limiting the 

training dataset to these four features. From earlier 

testing, the best performing ML architecture was the 

XGBoost model with an RMS error of 0.047. Using the 

same hyperparameters documented in the “ML Model 

Performance” section but limiting the training features 

exclusively to the sensor data, this model was found to 

display a friction coefficient RMS error of 0.055. In 

contrast, using only the image data to train the same 

model, the performance degrades further to 0.064.

That atmospheric terms alone are able to predict 

wheel-rail friction nearly as well as the best case 

XGBoost model using the full feature set (and better 

than the feature-reduced model using the feature sum) 

provides additional evidence that low adhesion is 

influenced primarily by atmospheric effects which 

result in condensation.

The feature importance fusion data, and poorer 

performance of the XGBoost model using image 

features only, suggests that the image features 

extracted using single-pixel colour and brightness data 

(darkness, brightness, colour and orange pixel detec-

tion) are weak predictors of low-adhesion conditions. 

Conversely, the best performing image feature (edge 

detection) being the only one to capture multi-pixel 

elements in the image indicates that more complex 

image analysis may be required to improve perfor-

mance or obtain performance parity using only image 

data. Features that depend on simple extracted char-

acteristics like colour and brightness can be biased by 

external changes in conditions such as sunlight in-

tensity, angle and cloud cover whereas these have a 

much smaller effect on texture-based features such as 

edge detection.

Further work could therefore improve the contri-

bution of images to the low-adhesion model by in-

vestigating other multi-pixel feature extraction 

techniques, such as using a Fourier transform to extract 

information on the length scale of the texturing visible 

on the rail. Alternatively, the features extracted from 

Figure 4. Correlation matrices for the preprocessed datasets. (a) Features combined by summation. (b) Features combined using the 
Condensation Index defined earlier.

Table 3. Hyperparameters for the three ML models.

RF

Number of trees 300

Minimum split samples 2

Minimum leaf samples 1

Max depth None

SVR

Kernel Linear

Degree 2

C 100

XGBoost

Number of estimators 100

Max depth None

Learning rate 0.1

Subsample 0.25

Table 4. RMS error for each ML model type and dataset. The 
best performing model for each dataset is indicated in bold.

Dataset

Friction coefficient RMS error (�)

Linear RF SVR XGBoost

All variables 0.061 0.048 0.065 0.047

Air temperature 0.067 0.058 0.073 0.059

Dewpoint 0.075 0.058 0.073 0.060

Humidity 0.063 0.053 0.065 0.053

Railhead temperature 0.072 0.061 0.075 0.061

Sum of variables 0.073 0.060 0.072 0.061

Condensation index 0.072 0.058 0.071 0.058

Cartwright et al. 7 



the images can themselves be made a trainable feature 

of an ML model using a Convolutional Neural Network 

(CNN) architecture. This allows the model to learn the 

important features of the image without being limited 

by the human-written feature extraction algorithms. A 

possible limitation of this is the increased 

requirements for training data in accordance with the 

higher parameter count of the expanded ML model.

A possible limitation of this work is that the data 

gathered is specific to a small area of the Midlands of the 

UK. This therefore limits the scope of the model per-

formance and conclusions gained from it as the local 

climate plays a key role in the formation of contamination 

by rust or leaf debris. Future work could therefore seek to 

gather data from a more diverse range of climates. A 

similar methodology could then be applied to test whether 

the measured dependence on atmospheric data generalises 

geographically, in conditions where the key drivers of 

railhead contamination may differ. Future work could also 

benefit from the use of uncertainty-tolerant ML archi-

tectures to account for the errors introduced at the various 

stages of this work including experimental data gathering 

Table 5. List of combinations of ML models and FI algorithms.

FI algorithm

SHAP LIME PI

ML model RF ✓ ✓ ✓
SVR ✓ ✓ ✓
XGBoost ✓ ✓ ✓

Figure 5. Relative feature importance for feature-reduced datasets: (a) Sum of sensor features; (b) Condensation Index.
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and the variance associated with relatively small training 

datasets.

Conclusions

The management of wheel-rail adhesion presents a sig-

nificant problem both economically and in terms of safety. 

Techniques such as weather forecasting can mitigate the 

impact of low-adhesion conditions somewhat, but the lack 

of high-resolution data limits the applicability to regional- 

scale forecasting. Mobile vehicle-mounted systems have 

been developed to allow real-time ML-based prediction of 

low wheel-rail friction with positive results however the 

well documented problem of black box ML models makes 

interpreting the model performance difficult. In this study, 

a dataset of sensor data and railhead images was used to 

develop an ensemble of ML models designed to predict 

the CoF at the wheel-rail interface. A variety of FI al-

gorithms were then applied to these to produce an FI 

matrix, which was reduced into a more human-readable 

form using an ensemble feature importance fusion 

algorithm.

Application of the FI algorithms to the railhead dataset 

indicated that atmospheric properties such as air tem-

perature, rail temperature, humidity and dew point were 

consistently ranked as the most important predictor of low 

adhesion conditions. This was found to occur across two 

separate dataset formulations. The relatively low contri-

bution of the image features to the overall model per-

formance was further reinforced by additional testing 

which showed only a small degradation in model per-

formance when these features were removed from the 

training dataset entirely.

Of the features extracted from the image data, the edge 

detection algorithm was found to consistently outperform 

the other colour- and brightness-based features. A key 

recommendation for future work in this area is therefore to 

design feature extraction algorithms to detect larger multi- 

pixel image features which are more resistant to variation 

in colour and brightness as a result of local lighting 

conditions.
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