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Abstract 11 

This paper presents an artificial intelligence (AI)-based approach to automate the structural 12 

health monitoring (SHM) of railway ballast through the fusion of long short-term memory and 13 

XGBoost (LSTM-XGB) to surface temperature data derived from infrared thermal images. In 14 

this context, machine learning models are trained using remotely acquired surface temperature 15 

data to classify fouling index based on thermal variations within ballast aggregates captured 16 

from thermograms. The long short-term memory (LSTM) component processes sequential 17 

time-series thermal data to predict preceding values, and the XGBoost (XGB) component 18 

classifies fouled ballast conditions based on identified patterns of surface temperature 19 

variations measured via infrared thermography (IRT). The results confirm the capability of the 20 

LSTM component to capture the time-series variations of a specimen’s surface temperature in 21 

a shorter timeframe as well as the superior performance of XGBoost compared to a random 22 

forest (RF) approach, in classifying fouled ballast conditions. Therefore, the LSTM-XGB 23 

model demonstrates higher efficiency compared to the standalone XGBoost model, since the 24 

predictive nature of LSTM over time-series temperature data enables capturing shorter time 25 
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window for measuring ballast surface temperature and identifying patterns. Moreover, 26 

establishing a coarser classification of ballast fouling (categorized into three groups instead of 27 

five) significantly improves the model capability for accurate assessment of the ballast fouling 28 

conditions. 29 

Keywords: Ballast fouling, Infrared thermography, LSTM, XGBoost, Random forest, 30 

Structural health monitoring 31 

 32 

1 Introduction 33 

1.1 Railway ballast structural health monitoring and infrared thermography 34 

Railway ballast, typically composed of coarse crushed stone ranging from 20 to 63 mm in size, 35 

is distributed beneath and adjacent to the sleepers to ensure structural track stability and 36 

promote efficient drainage throughout the trackbed (Selig and Waters 1994). Among diverse 37 

non-destructive testing (NDT) methods employed for track structural health monitoring 38 

(SHM), using infrared thermography (IRT) has been proven as an effective technology for 39 

early damage detection within the superstructure and substructure of both ballasted and ballast-40 

less railway tracks (see Fig. 1). With respect to the ballast layer, IRT stands out as an advanced 41 

technology capable of detecting fouled ballast layers in the field (Liang et al. 2023; Liang et 42 

al. 2024a; Koohmishi et al. 2024). IRT utilizes the thermal radiation characteristics of objects 43 

to map temperature distribution, offering advantages such as convenience, efficiency, large 44 

detection areas, and long-distance, non-contact operation (Yang et al. 2024). Notably, Aela et 45 

al. (2024) highlighted the effectiveness of vision-based techniques for monitoring railway 46 

superstructures, with IRT emerging as a suitable option for ballast layer inspection. For 47 

example, although ground penetrating radar (GPR) has the potential to depict the depth and 48 

thickness of subsurface irregularities (Guo et al. 2022), IRT is beneficial to obtain accurate 49 

horizontal measurements of voids (Schnebele et al. 2015). 50 
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 51 

Fig. 1 Employment of IRT technology for SHM of distinct components of railway tracks (Chapman et 52 

al. 2006; Kapoor et al. 2020; Li et al. 2020; Cui et al. 2021; Ramzan et al. 2021; Pedram et al. 2022; 53 

Rana 2022; Ye et al. 2023; Jang and Yoon 2024; Liang et al. 2024b; Liang et al. 2025; D’Accardi et 54 

al. 2025; Koohmishi et al. 2025; Liang et al. 2025) 55 

1.2 Processing infrared thermal images: A focus on AI integrating  56 

With respect to performing statistical processing, the principle component analysis (PCA) 57 

underpinned by extensive data sources of IRT demonstrated ability to detect complex features 58 

exhibiting temperature variations (Koohmishi et al. 2025). Meanwhile, fusing artificial 59 

intelligence (AI) methods, such as machine learning (ML) and deep learning (DL) techniques, 60 

and IRT images have been conducted in earlier studies, as He et al. (2021) pointed out that ML 61 

and DL techniques contribute to automate thermal imaging-based visionary. In this regard, Xu 62 

and Hu (2021) employed gated recurrent model (GRU) on IRT images to identify defect depth, 63 

while PCA was conducted within the initial stage to reduce the dimension and correlation of 64 
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raw datasets. Additionally, Liang et al. (2025) used GRU model to predict surface temperature 65 

of ballast, aiding detection of ballast fouling. 66 

1.3 Employment of ML and DL techniques for track health monitoring: A focus on 67 

LSTM, XGBoost, and RF models 68 

Earlier studies (Guclu et al. 2010; Mishra et al. 2017) utilized statistical techniques, such as 69 

AutoRegressive-Moving-Average (ARMA) and Particle Filter-based technique, to assess the 70 

remaining useful life (RUL) of different components of the railway assets. Meanwhile, 71 

combining AI and statistical approaches has demonstrated rigorous potentials to enhance 72 

anticipatory aspects of track geotechnical properties (Hussaine et al. 2025; Rojas-Vivanco et 73 

al. 2025). More recently, ML and DL techniques have been proposed for characterized 74 

predictions. In this context, long short-term memory (LSTM) is characterized as a well-75 

established method, particularly when measuring successive time-series data. Regarding 76 

rolling stock equipment, De Simone et al. (2023) pointed out superiority of LSTM with high-77 

level forecasting accuracy, compared to other deep learning architectures to predict RUL. 78 

Taking into account the track superstructure and substructure, Chen et al. (2021)  pointed out 79 

the appropriateness of LSTM to forecast the moisture dynamics in railway subgrades. Wang et 80 

al. (2023) integrated convolutional neural network (CNN) and LSTM on geometry data 81 

collected by inspection vehicle, while CNN was incorporated to capture the spatial dependence 82 

on adjacent segments. Again, prediction accuracy confirmed outperforming of characterized 83 

model compared to plain CNN, plain LSTM as well as multilayer perceptron. Recently, Deng 84 

et al. (2025) used time-series deformations derived from multi-modal data (space-air-ground 85 

monitoring) to integrate wavelet transform and LSTM for detecting points with potential 86 

sinking in karst areas along the railway tracks. Regarding classification models, random forest 87 

(RF) and extreme gradient boosting (XGBoost) are widely established procedures for 88 

categorizing the condition of railway tracks based on captured data. For instance, Wongkaew 89 
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et al. (2024) employed both models to characterize the buckling mode of rails using datasets 90 

derived from finite element analysis. Moreover, Alsahli and Alsulmi (2023) deployed RF and 91 

an artificial neural network on track geometry data to detect fouling levels ranging from clean 92 

to severe. Recently, Yürekli et al. (2025) utilized RF and XGBoost algorithms to enable real-93 

time detection of railway-related disasters, including rockfalls, treefalls, and landslides. With 94 

respect to other ML/DL methods, Xiao et al. (2025a) used U-Net to identify surface fouling of 95 

railway ballast beds based on visual data. 96 

 97 

2 Summary of research gap, contribution and methodology 98 

Despite the use of thermograms for ballast health monitoring in earlier studies (Liang et al. 99 

2023; 2024; Koohmishi et al. 2025), limited studies have explored the deployment of ML/DL 100 

techniques on IRT as a non-invasive method for railway track monitoring. These techniques 101 

aim to accelerate the detection of subsurface defects (particularly ballast fouling) from surface 102 

thermal images, as well as to support the ongoing classification of fouled ballast. Therefore, 103 

the present study seeks to classify fouled ballast conditions using AI-enhanced passive IRT and 104 

to reduce the time required for on-board SHM of ballasted tracks. To achieve this, thermal 105 

images captured horizontally from the ballast specimen surface are utilized to analyze 106 

temperature distribution, while also providing time-series datasets for the development of 107 

ML/DL techniques through the fusion of LSTM and XGBoost or RF models, aiming to predict 108 

long-term variations and identify patterns. Moreover, statistical analysis is conducted on 109 

surface temperature variations observed in clean and fouled ballast specimens during cooling 110 

cycles. 111 

 112 

3 Materials and test setup 113 

3.1 Railway ballast and fouling materials 114 
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Table 1.a details the characteristics of virgin ballast aggregates sourced from a raw material 115 

site. Moreover, Table 1.b outlines the geotechnical attributes of the clayey soil employed as a 116 

fouling agent. In the current study, clay was incorporated into the ballast layer as an extremely 117 

derived contaminant, classified as a fouling material known to impair the fluid flow capacity 118 

of the granular matrix (Ramadan et al. 2025). Fig. 2 illustrates a prepared specimen of the clean 119 

ballast layer prior to contamination. 120 

Table 1 Physical and mechanical properties of virgin ballast and fouling materials 121 

a Ballast aggregate b Fouling material 

Bulk dry Specific gravity 2.72 Specific gravity 2.58 

Color Gray Plastic limit (%) 17 

Water absorption (%) 0.56 Liquid limit (%) 39 

A
R

E
M

A
 N

o
. 

2
5
 

dmax  (mm) 62.5 dmax (mm) 0.42 d60 (mm) 41 d60 (mm) 0.047 d10 (mm) 15 d50 (mm) 0.018 

 122 

 123 
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Fig. 2 Prepared clean ballast specimen for measuring surface and subsurface temperatures using IRT 124 

and thermometers 125 

3.2 Thermal camera and thermometers 126 

An infrared thermal imaging device, depicted in Fig. 3.a.1, operating within the 7.5 − 13 µm 127 

spectral range, was employed to acquire thermal profiles of ballast specimens in both clean and 128 

clay-fouled configurations. The device offers a resolution of 96 × 128  pixels and a 129 

temperature detection interval spanning −20 oC to 150 oC, with measurement accuracy of 130 ±0.1 oC. Regarding one-meter distance between camera and ballast specimen’s surface and 131 

horizontal field of view of 53.6 o, the spatial image resolution of the thermal image is 132 7.89 × 7.89  mm/pixel. The emissivity setting was calibrated using the manufacturer’s 133 

recommended value (FLIR 2014) and finally the value of 0.95  was established for emissivity 134 

regarding ballast surface temperature measurement using contact thermometer and captured 135 

temperature using IRT. To validate IRT measurements, thermometers were deployed at 136 

designated control points (see Figs. 3.a.2). Fig. 3.b shows a representative thermal image of 137 

prepared ballast specimen, enabling detailed analysis of temperature across the granular matrix. 138 

Fig. 3.c provides a schematic overview of the specimen layout, indicating the precise placement 139 

of thermometers used for calibration and verification. 140 

 141 

 

a.1 Thermal camera (FLIR) 

 

 

a.2 Thermometer and hygrometer 
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a Instruments used for conducting the experimental program 

 

b Thermal image of clean ballast specimen 

 

c Schematic illustration of ballast specimen and placement of thermal sensors 

Fig. 3 FLIR camera used for capturing thermal images of ballast specimens 142 

With respect to relying on sunlight as a heat source, commonly specified as the passive 143 

approach, the datasets used to train LSTM-XGB and LSTM-RF models were all collected 144 
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during the summer, when optimal thermal excitation and pronounced thermal contrast can be 145 

effectively captured via IRT technology (Pedram et al. 2022; Pozzer et al. 2024). Therefore, 146 

despite observing more noticeable variations in surface temperature of water-filled voids 147 

(Liang et al. 2023; Jang et al. 2023), the effects of rainfall and water presence within granular 148 

particles have not been accounted for. 149 

3.3 Quantification of external-sourced ballast fouling agents 150 

To quantify the degree of clay intrusion, characterizing externally sourced fouling embedded 151 

in the ballast, the fouling index is computed as detailed below (Selig and waters 1995): 152 FI = P4.75 + P0.075                                                                                                                          (1) 153 FI = Fouling index (%) 154 P4.75= Material passing through the 4.75 mm sieve (%) 155 P0.075= Material passing through the 0.075  mm sieve (%) 156 

Regarding the classification presented in Table 2 with respect to fouling levels in the ballast 157 

layer, varying FI values (ranging from 5% to 50%), together with the clean ballast samples, 158 

were fabricated to simulate diverse conditions, as instances are depicted in Fig. 4. In addition 159 

to the detailed categorization in Table 2, a coarser classification scheme for ballast fouling was 160 

also established, comprising three ranges: (I) FI < 1%; (II) 1% ≤ FI < 20%; and (III) FI ≥161 20%. 162 

 163 

Table 2 Classification of ballast fouling based on the FI and percentage of fouling (Selig and 164 

Waters 1995; Indraratna et al. 2011) 165 

Category Designation FI (%) Percentage of fouling1 

(%) 

Clean I < 1 < 2 

Moderately clean II 1 to < 10 2 to < 9.5 



10 

 

Moderately fouled III 10 to < 20 9.5 to < 17.5 

Fouled IV 20 to < 40 17.5 to < 34 

Highly fouled V ≥ 40 ≥ 34 

1 Ratio of the dry weight of material passing the 9.5 mm sieve to the total dry weight of the sample 166 

 

a FI = 15% 

 

b FI = 30% 

 

c FI = 45% 

Fig. 4 Clay-fouled ballast particles considering different FI values 167 

 168 
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4 Development of AI-based model for analysis of thermal images 169 

4.1 Statistical analysis of thermal images 170 

To analyze thermal images captured from the ballast surface, the average and standard 171 

deviation of pixel temperatures in the thermogram are measured as follows: 172 μT = 1M.N ∑ ∑ Ti,jNj=1Mi=1                                                                                                                                (2) 173 

StdT = √ 1M.N ∑ ∑ (Ti,j − μT)2Nj=1Mi=1                                                                                                        (3) 174 

Ti,j= Temperature for pixel (i,j) 175 μT= Temperature averaged over all thermogram pixels 176 StdT= Standard deviation of pixel temperatures across the thermogram 177 M = Number of rows in thermal image 178 N = Number of columns in thermal image 179 

 180 

4.2 General explanation of LSTM-RF and LSTM-XGB models 181 

The LSTM-RF and LSTM-XGB models developed in this study comprise a deep learning 182 

component, called long short-term memory (LSTM), to predict the surface temperature of 183 

ballast specimens based on time series data measured via IRT, as well as a machine learning 184 

component, RF or XGBoost, to classify ballast fouling based on the statistical features of the 185 

measured and predicted surface temperatures and air temperature. During diurnal temperature 186 

fluctuations in the cooling down timeframe (3:30 PM to 7:30 PM) over a 60-day period, a total 187 

of 2880 sequential thermal images captured from the surface of ballast specimens with 188 

characterized FI levels were integrated into the AI-based model. Fig. 5 shows a schematic 189 

layout of the established LSTM-RF and LSTM-XGB models, while further details are provided 190 

in the following subsections. 191 
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 192 

Fig. 5 Two-stage pipelines of LSTM-RF/LSTM-XGB models: Decoupling temporal temperature 193 

component from fouling classification constituent via fusion of LSTM and RF (or XGBoost) 194 

 195 

4.3 LSTM model 196 

LSTM is characterized as a promoted version of recurrent neural network (RNN), aiming to 197 

address the issue of gradient explosion and gradient vanishing (Hochreiter and Schmidhuber 198 

1997). The dominant gates of LSTM structure are defined as follows (as illustrated in Fig. 6): 199 It=σ(Wxixt+Whiht−1+bi)                                                                                                                    (4) 200 Ft=σ(Wxfxt+Whfht−1+bf)                                                                                                                    (5) 201 Ot=σ(Wxoxt+Whoht−1+bo)                                                                                                                    (6) 202 Ĉt=tanh(Wxcxt+Whcht−1+bc)                                                                                                                    (7) 203 Ct=Ft ⊗ Ct−1 + It ⊗ Ĉt                                                                                                                    (8) 204 ht=Ot ⊗ tanh (Ct)                                                                                                                    (9) 205 
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It= Input gate 206 Ft= Forget gate 207 Ot= Output gate 208 Ct= Gate control unit (cell state) at time step t 209 ht−1= Hidden state from previous time step (Output value at t-1) 210 ht= Hidden state (output) value at time step t 211 xt= Input value at time step t 212 Ct−1= Gate control unit (cell state) from previous time step (at t-1) 213 Ĉt= Candidate cell state at time step t 214 bi= Bias term for input gate 215 bf= Bias term for forget gate 216 bo= Bias term for output gate 217 bc= Bias term for cell state 218 Wxi= Weight matrix of input gate for input xt 219 Wxf= Weight matrix of forget gate for input xt 220 Wxo= Weight matrix of output gate for input xt 221 Wxc= Weight matrix of cell state update for input xt 222 Whi= Weight matrix of input gate for previous hidden state ht−1 223 Whf= Weight matrix of forget gate for previous hidden state ht−1 224 Who= Weight matrix of output gate for previous hidden state ht−1 225 Whc= Weight matrix of cell state update for previous hidden state ht−1 226 σ(i)= Sigmoid activation function 227 tanh(i)= Hyperbolic tangent activation function 228 

Forget gate captures no further useful information that should be discarded from the cell 229 

state. Input gate characterizes new information that should be stored in the cell state 230 
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representing filtration and integration of new information. Finally, output gate decides about 231 

part of the cell state to become as hidden state for the next step’s context (Hochreiter and 232 

Schmidhuber 1997; Gers and Schmidhuber 2001). Fig. 7 shows a sequence of time-series 233 

thermal images (capturing six timeframes) used for the deployment of LSTM model. 234 

Regarding the major hyperparameters of established model, the hidden size (units), number 235 

of layers, dropout value, and learning rate, are tuned to find out the most appropriate structure 236 

of LSTM model. With respect to ensuring the LSTM model could learn from a series of 237 

previous time steps, the dataset is then divided into training and testing sets, 80% of the dataset 238 

is set aside for training, while the remaining 20% is preserved for testing (Xiao et al. 2019). 239 

 240 

Fig. 6 LSTM applied on time-series datasets of ballast surface temperature measurements derived 241 

from IRT 242 



15 

 

 243 

Fig. 7 Temporal thermal images employed for learning LSTM component of LSTM-RF and LSTM-244 

XGB models 245 

 246 

4.4 RF and XGBoost models 247 
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- Random forest (RF) model. RF classification approach (Breiman 2001) builds upon the 248 

creation of an ensemble of decision trees, each trained on a stochastic fraction of the overall 249 

characterized dataset. The class label is predicted through majority voting, based on the 250 

aggregated votes from all individual trees. Fig. 8.a shows an illustrative layout of the RF 251 

classifier established in the present study to categorize ballast fouling according to the labels 252 

provided in Table 2. The major hyperparamters—including number of trees in the forest 253 

(n_estimators), maximum depth of each tree (max_depth), as well as maximum number of 254 

features established (max_features)—are tuned to find out the most appropriate structure of RF 255 

model. 256 

- Extreme gradient boosting (XGBoost) model. The XGBoost classifier, pioneered by Chen 257 

and Guestrin (2016), constitutes a robust ensemble ML approach, wherein an ensemble of 258 

decision trees in a consecutive manner is built, each trained to rectify the misclassifications 259 

made by the preceding ones. The key parameters in XGB classifier include the number of 260 

boosting rounds (n_estimators), maximum depth of each tree (max_depth), learning rate 261 

representing shrinkage weight  applied to each tree (eta), and fraction of training data used for 262 

individual tree (subsample). Fig. 8.b illustrates the structure of XGBoost established for 263 

classification of ballast fouling. 264 

To ensure consistency within time-series temperature data, average and standard deviation 265 

of surface temperature acquired by thermal images are deployed as dominant inputs for RF and 266 

XGBoost classifier. Meanwhile, the air temperature is used as another input for RF and 267 

XGBoost models, as earlier study (AlDousari et al. 2024) pointed out the presence of a strong 268 

positive relationship between solar irradiance and surface temperature. Moreover, aiming to 269 

learn the model, the collected samples are divided into the training and testing with proportions 270 

of 70% and 30%, respectively (Farhadi and Najafzadeh 2021). 271 

 272 
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 273 

a Structures of RF constituent of LSTM-RF model 274 

 275 

b Structures of XGBoost constituent of LSTM-XGB model 276 

Fig. 8 Structures of RF and XGBoost models applied on statistical features of time-series ballast 277 

surface temperature to classify ballast fouling 278 

4.4 Evaluation indicators 279 

To evaluate the appropriateness of established models, including LSTM predictions as well as 280 

RF and XGBoost classifications, diverse employed indices are determined as follows. Overall, 281 

the LSTM performance is evaluated by computing RMSE, MAE, EV, and R2 across multiple-282 

step outputs due to capturing multiple successive time steps over predictions (Wakjira et al. 283 
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2022). Meanwhile, the RF performance is assessed via determination of accuracy, precision, 284 

recall, and F1 Score. 285 

- Root mean square error (RMSE). Indicting the sum of squares of differences between the 286 

predicted and real values: 287 

RMSE=√ 1n.m ∑ ∑ (yi,j-ŷi,j)2mj=1ni=1                                                                                                         (10) 288 

- Mean absolute error (MAE). Indicting the average of sum of absolute error values (difference 289 

between the predicted and real values): 290 MAE= 1n.m ∑ ∑ |yi,j − ŷi,j|mi=1ni=1                                                                                                                 (11) 291 

- Explained variance (EV). Representing the level of capturing variations in the real values by 292 

predictions: 293 

EV= (1- ∑ Var|Yj-Ŷj|mi=1∑ Var(Yj)mi=1 ) ×100                                                                                                                    (12) 294 

- Coefficient of determination (R2). Reflecting the degree of explaining dependent variable 295 

based on the independent variable: 296 

R2=1- ∑ ∑ (yi,j-ŷi,j)2mj=1ni=1∑ ∑ (yi,j-Y̅j)2mj=1ni=1                                                                                                                         (13) 297 

To determine EV and R2 as a single metric for general performance of model, a flattened 298 

vector of all actual and predicted values is employed. The variables utilized in Eqs. (10-13) are 299 

defined as follows: 300 yi,j= Actual value for sample i, step j 301 ŷi,j= Predicted value for sample i, step j 302 Yj= Vector of actual values for output j 303 Ŷj= Vector of predicted values for output j 304 Y̅j= Average across all actual values of output j 305 Var(Yj)= Variance across all actual values of output j 306 
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n= Total number of samples 307 m= Number of outputs 308 

 309 

- Accuracy. Capture proportions of correctly classified predictions out of the total samples 310 

(overall correctness) as follows: 311 Accuracy= TP+TNTP+TN+FP+FN                                                                                                                     (14) 312 

- Precision and recall. Precision determines the proportion of predicted positives that are 313 

correct, while recall measures the proportion of actual positives that are correctly identified: 314 Precision= TPTP+FP                                                                                                                     (15) 315 

Recall= TPTP+FN                                                                                                                        (16) 316 

 317 

- F1 Score. A metric that harmonizes both precision and recall, particularly when both false 318 

positives and false negatives are important, defined by the following formulas: 319 F1 Score= 2×Precision×RecallPrecision+Recall                                                                                                                     (17) 320 

Where the definitions of variables used in Eqs. (14-17) are provided below: 321 TP= True positive 322 TN= True negative 323 FP= False positive 324 FN= False negative 325 

 326 

5 Results and discussions 327 

5.1 Effects of fouling level on ballast surface temperature captured via IRT 328 

 - Mean surface temperature. To investigate the effect of fouling level on the statistical 329 

characteristics of surface temperature in clay-contaminated ballast specimens, Fig. 9 presents 330 
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average values across a range of ambient temperatures. With respect to clean and fouled ballast 331 

specimens, the thermal inertia of the ballast increases with higher fouling levels, which slows 332 

down the cooling cycles and results in elevated surface temperature values for fouled 333 

specimens (FI levels of 15%, 30%, and 45%). This delayed thermal response is primarily 334 

attributed to a slower reaction to ambient temperature changes, leading to distinct thermal 335 

signatures in fouled zones compared to clean ballast. Regarding the detection of voids in the 336 

road pavement subgrade, Jang et al. (2023) reported a similar trend for the original subgrade, 337 

noting a stable thermal profile in extremely compacted layers and observable temperature 338 

fluctuations in void-filled subgrade layers. 339 

 340 

Fig. 9 Average surface temperature of fouled ballast specimens captured using thermal images 341 
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- Standard deviation of surface temperature. Fig. 10 illustrates the standard deviation values 343 

of surface temperature ( StdT ), captured via thermal imaging across distinct FI levels, 344 

confirming a reduction in StdT with increasing fouling severity. This trend reflects the greater 345 

thermal inertia of clay compared to large-sized ballast particles; consequently, sharper 346 

temperature transitions are observed in clean ballast than in clay-fouled ballast specimens. The 347 

low thermal diffusivity of clay materials causes clay-contaminated ballast to retain thermal 348 

inertia, resulting in prolonged temporal correlations in temperature and reduced variability over 349 

time. As Anglade et al. (2022) noted, clay-rich samples exhibit lower thermal conductivity and 350 

higher heat capacity than sand-rich ones, both contributing to their greater thermal inertia. 351 

 352 

                   a 15:30 - 17:10                              b 16:30 - 18:10                             c 17:30 - 19:10 353 

Fig. 10 Standard deviation of surface temperature in fouled ballast specimens obtained from thermal 354 

images 355 

 356 

- GLCM of thermal images. To provide a detailed analysis of temperature variations within 357 

captured thermal images from ballast’s surface, gray level co-occurrence matrix (GLCM) is 358 

computed for each specific patch across thermogram to measure local texture features like 359 

homogeneity and contrast. Fig. 11 illustrates the mean values of these characteristics across the 360 

image of ballast’s surface across diverse ranges of fouling level. AS illustrated, increase in FI 361 

leads to higher homogeneity and lower contrast, associated with more uniform texture and 362 
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lower local intensity variations. Therefore, the established IRT clusters fouling categories 363 

potentially through discriminating fouling based on GLCM features. 364 

 365 

Fig. 11 Homogeneity and contrast values derived from GLCM of thermal images of ballast specimens 366 

with diverse FI values 367 

 368 

5.2 Results of AI-based models for analysis of thermal images 369 

5.2.1 Performance of characterized AI-based models 370 

- Evaluation indicators. Regarding established indicators for assessing the performance of 371 

LSTM, RF and XGBoost models, Table 3 presents the values of indices. Generally, the LSTM 372 

component of the developed model demonstrates high level of accuracy to predict surface 373 

temperature when three successive thermal images are integrated for predicting three 374 

subsequent temperatures (according to Fig. 5). Likewise, the classification component of the 375 

developed model signifies strong discriminative power between diverse levels of ballast 376 

fouling when establishing three specific classes rather than five ones. In this context, Table 4 377 

presents the dominant configurations of LSTM and XGBoost models, as hyperparameter 378 

tuning was employed to derive their key parameters. The multi-output LSTM predicts three 379 
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future temperatures (outputs) based on three past temperatures (inputs). Moreover, Fig. 12 380 

shows the confusion matrix based on the RF and XGBoost classifiers, demonstrating the 381 

outperformance of XGBoost for accurate classification of fouled ballast specimens, as 382 

dominant data are aligned on the diagonal of characterized matrix. For instance, XGBoost 383 

predicts correctly 238 samples from all 300 testing dataset provided for class II, while correct 384 

classification is 220 for RF classifier. From this tabular matrix, the values of accuracy, 385 

precision, recall, and F1 Score, can be calculated as presented in Table 3. As illustrated, three 386 

classes are established, including FI < 1% , 1% ≤ FI < 20% , and FI ≥ 20% , because the 387 

differences in surface temperatures captured via IRT are not meaningful when five categories 388 

(according to Table 2) are defined. 389 

 390 

Table 3 Performance of LSTM for sequential time-series surface thermal data as well as RF and 391 

XGBoost for classification of ballast fouling based on defined metrics 392 

LSTM  RF classification XGBoost classification 

 3 inputs and 3 

outputs 

5 inputs and 

1 outputs 

 3 

classes 

5 

classes 

 3 

classes 

5 

classes 

RMSE 0.4090.495 
0.1280.145 

Accuracy 0.9310.810 
0.8480.744 

Accuracy 0.9750.852 
0.8680.778 

MAE 0.3300.406 
0.0960.099 

Precision 0.9300.809 
0.8490.743 

Precision 0.9750.851 
0.8700.775 

EV 0.9940.995 
0.9990.999 

Recall 0.9310.810 
0.8480.744 

Recall 0.9750.852 
0.8680.778 

R2 0.9930.989 
0.9990.999 

F1 Score 0.9300.810 
0.8480.742 

F1 Score 0.9750.851 
0.8680.775 

   * 
TrainingTesting  393 

 394 

Table 4 Configuration of structures established for LSTM and XGBoost models 395 

LSTM prediction XGBoost classification 
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Feature Value Feature Value 

1st layer (Dropout) 32 (0.1) n_estimators 250 

2nd layer (Dropout) 16 (0.1) learning_rate 0.05 

learning_rate 0.01 reg_alpha, reg_lambda 0.05 , 2 

bacth_size 20 max_depth 6 

epochs 50 subsample 0.8 

 396 

 

a RF classifier 

 

b XGB classifier 

Fig. 12 Confusion matrix exhibiting the RF and XGBoost performance for classifying ballast based 397 

on fouling levels within three defined classes [testing dataset] 398 

 399 

- Effect of timeframe established for time-series temperature measurement. With respect to 400 

the developed LSTM component, a heatmap is provided in Fig. 13, demonstrating the influence 401 

of time window as input and successive time steps for prediction based on MAE. As illustrated, 402 

the longer time window as input and a shorter predicted timeframe lead to lower values of 403 MAE. Finally, a time window of three and predicted time steps of three were established to 404 

develop LSTM model (with an MAE value of 0.406). Regarding the 20-minute time interval 405 

between successive thermal image captures, using only three measurements (rather than more 406 

ones) can significantly reduce the time required for SHM of the ballast layer, as Loche et al. 407 
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(2022) found out that a 10-minute cooling rate was less time-consuming compared to 408 

integrating the entire cooling period for assessing the physical and mechanical properties of 409 

soils via IRT technology. Additionally, the autocorrelation values presented in Fig. 14 confirms 410 

the strong correlation at low lags, properly capturing short-term dependencies of surface 411 

temperature. 412 

 413 

 414 

Fig. 13 Heatmap representing effects of various Tin/Tout choices established for LSTM component of 415 

LSTM-XGB model on MAE [testing dataset] 416 

 417 
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 418 

a Training dataset 419 

 420 
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b Testing dataset 421 

Fig. 14 Autocorrelation of LSTM predictions 422 

 423 

- Feature importance of characterized input parameters for classification. To assess which 424 

features most influence the model’s classification, Fig. 15 presents the mean absolute SHAP 425 

value for each feature across all categorized fouling levels. For clean ballast, ambient 426 

temperature is the dominant feature, whereas the standard deviation of ballast surface 427 

temperature over six successive readings becomes the dominant factor for moderately and 428 

heavily fouled specimens. Clean ballast permits efficient heat transfer, resulting in a close 429 

relationship with air temperature, while fouling agents within the granular particles dampen 430 

variability in surface temperature, leading to a reduced spread across successive readings. 431 

 432 

           a Class I (FI < 1%)                     b Class II (1% ≤ FI < 20%)              c Class III (FI ≥ 20%) 433 

Fig. 15 Feature importance based on developed XGBoost model 434 

 435 

5.2.2 Projection of ballast surface temperature based on IRT images and LSTM 436 

predictions 437 

- Mean surface temperature. Fig. 16 shows surface temperature of the ballast specimen 438 

including measured and LSTM-predicted values. Evidently, the distinct surface temperature 439 

patterns can be identified between characterized specimens with diverse FI percentages, as 440 

predictions derived from LSTM model strongly support this overall orientation via anticipating 441 

greater thermal values for highly contaminated ballast (FI value of 45%) regarding diurnal 442 

temperature fluctuations in the afternoon. 443 
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The variations of mean surface temperature derived for five diverse conditions of ballast 444 

fouling demonstrate that 5% and 15% FI values are close together, and the same trend is also 445 

observed in case of 30% and 45% FI values. Again, these variations confirm the superiority of 446 

defining three classes (instead of five classes) to estimate and classify ballast fouling conditions 447 

based on the IRT-captured surface temperatures. Accordingly, Fig. 17 compares median and 448 

quartile values of measured and predicted average surface temperatures for three distinct 449 

fouling levels over a seven-day period, in order to assess the accuracy of LSTM predictions 450 

against real measurements. 451 

 452 

a Average ambient temperature: 36.9 oC 453 
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 454 

b Average ambient temperature: 23.8 oC 455 

Fig. 16 Average surface temperature projections (measured and predicted) for fouled ballast 456 

specimens captured using IRT images and predicted via LSTM model 457 

 458 

18

20

22

24

26

28

30
μ T

(o
C

)

Timeframe

0%

5%

15%

30%

45%

0%

5%

15%

30%

45%

16:30 16:50 18:10 18:30

M
e
a
s
u

re
m

e
n

ts
P

re
d

ic
ti

o
n

s

17:10 17:30 17:50 18:50 19:10 19:30
FI

values



30 

 

Fig. 17 Visual summary of measured and predicted average surface temperature projections for clean 459 

and fouled ballast specimens, demonstrating median and quartile values across seven consecutive 460 

days 461 

 462 

- Standard deviation of surface temperature. To further assess the temperature distribution 463 

within the IRT images, Fig. 18 shows the standard deviation values of surface temperature 464 

(StdT), both obtained and predicted, for characterized conditions of ballast fouling. Evidently, 465 

highly-contaminated ballast demonstrates more uniform variations of surface temperature, 466 

while clean specimens illustrate pronounced StdT values due to their heterogeneous structure. 467 

Again, the predictions generated by the LSTM model provide robust support for this 468 

overarching trend, reinforcing  the validity of the proposed framework. 469 

 

a.1 Measured 

 

a.1 Predicted 

a Timeframe: 16:30 - 18:00 470 
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b.1 Measured 

 

b.2 Predicted 

b 18:00 - 19:30 471 

Fig. 18 Standard deviation of surface temperature captured using IRT images and predicted via LSTM 472 

model (Average ambient temperature: 36.9 oC) 473 

5.2.3 Robustness of LSTM-RF and LSTM-XGB models for ballast fouling classification 474 

To assess the effectiveness of LSTM-RF and LSTM-XGB models developed for classification 475 

of ballast fouling conditions, real data of successive time-series surface temperatures measured 476 

through IRT are imported into the developed model. Three distinct fouling levels, including FI 477 

values of 0%, 10%, and 30%, along with two dispersion conditions of fouling agents among 478 

aggregates (uniform and non-uniform), are prepared. As illustrated in Fig. 19, the confusion 479 

matrix confirms the higher accuracy of predictions from LSTM-XGB to properly classify 480 

ballast conditions based on contamination. Moreover, the developed model demonstrates lower 481 

accuracy based on confusion matrix when the fouling materials are not evenly dispersed within 482 

the ballast aggregate. Thus, complementary NDT tools, such as GPR and ultrasound, are 483 

necessary to map surface and subsurface conditions. Overall, the robustness of detected 484 

conditions of ballast fouling is essential, because misclassification, whether estimating higher 485 

or lower levels of FI, can lead to the unnecessary implementation of maintenance activities or 486 
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extreme delay and potential speed restriction or downtime. As characterized by Chrismer and 487 

Hyslip (2018), exceeding FI value of 30% leads to lower effectiveness of ballast maintenance, 488 

mandating renewal of ballast through cleaning or replacement. Additionally, post-cleaning 489 

mechanical properties of ballast layer compromise operation safety, necessitating further train 490 

passage to restore its stability (Xiao et al. 2025b). Therefore, any misclassification with 491 

classifying ballast condition within higher class can lead to implementing unnecessary cleaning 492 

operation on railway tracks. 493 

 

a.1 Uniform distribution of fouling material 

 

a.2 Non-uniform distribution of fouling material 

(contamination of lower thickness) 

a Ballast layer 

 

b.1 LSTM-RF classifier 

 

b.2 LSTM-XGBoost classifier 

b Uniform distribution of clay in the ballast sample 
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c.1 LSTM-RF classifier 

 

c.2 LSTM-XGBoost classifier 

c Non-uniform distribution of clay in the ballast sample (contamination of lower thickness) 

 

d Comparing values of accuracy and F1 Score derived based on developed classifier model 

Fig. 19 Confusion matrix and evaluation indices demonstrating the robustness of developed model to 494 

classify fouled ballast for characterized conditions 495 

 496 

5.3 Discussion 497 

The LSTM-XGB model aids inspection operation in establishing a limited timeframe for the 498 

employment of IRT technology, while its predictive nature with respect to thermal time-series 499 

data captures upcoming temperatures. Moreover, the classification component automates the 500 

distinction of ballast contamination levels, ranging from clean to highly fouled specimens. 501 
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Regarding Fig. 20, the LSTM predictions comply well with the measured surface temperature 502 

values, capturing varying levels of FI. Likewise, as illustrated in Fig. 21, the integration of 503 

LSTM-XGB for classifying ballast fouling into three characterized classes demonstrates strong 504 

performance compared to the standalone deployment of the XGBoost model, enabling the use 505 

of three successive  measured surface temperatures (rather than six measurements using IRT) 506 

for ballast fouling classification. Accordingly, IRT-derived FI classes support decision making 507 

for maintenance operations: FI < 1% represents clean ballast requiring routine monitoring; 508 1% ≤ FI < 20%  indicates moderately fouled ballast that warrants targeted inspection and 509 

preventive maintenance scheduling; and finally FI ≥ 20%  denotes heavily fouled ballast 510 

necessitating priority intervention trough ballast cleaning or renewal. 511 

Overall, as characterized by Fayyad et al. (2025), unmanned aerial vehicles (UAVs) can be 512 

equipped with thermal imaging sensors to expedite the process of capturing thermal images 513 

from the ballast surface at specified time intervals, aiming to reveal variations in estimated 514 

surface temperature as an indicator of potential subsurface defects. Furthermore, the AI-515 

integrated methodology improves the efficiency of SHM of the ballast layer based on IRT-516 

captured thermal measurements. In this context, Hu et al. (2019) emphasized the automation 517 

of defect classification using AI algorithms, leading to a more reliable inspection system for 518 

ballasted railway tracks. Finally, the integration of machine vision technology (Xiao et al. 519 

2025a) and GPR inspection enhanced by explainable artificial intelligence (Liu et al. 2023; 520 

Matsimbe et al. 2024) offers complementary tools that enable a comprehensive assessment of 521 

ballast conditions, non-destructive detection and segmentation of ballast fouling areas, and 522 

informed decision-making for railway track maintenance (e.g., cleaning operations). 523 

 524 
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 525 

a Average ambient temperature: 35.5 oC 526 

 527 

b Average ambient temperature: 25.1 oC 528 

Fig. 20 Comparison of measured and LSTM predictions for surface temperature of ballast (capturing 529 FI values of 0%, 10%, and 30%) 530 
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 531 

Fig. 21 Comparison of performance of XGBoost and LSTM-XGB models for classification of ballast 532 

fouling (capturing FI values of 0%, 10%, and 30%) 533 

 534 

6 Conclusions and future perspectives 535 

6.1 Conclusions 536 

This study employed the developed LSTM-XGB model on IRT images captured from railway 537 

ballast surface to apply machine learning and deep learning techniques for non-destructive 538 

testing (NDT)-based monitoring. The fused model predicts surface temperature and classifies 539 

clay-fouled ballast conditions. The key findings are as follows: 540 
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1. An increase in fouling level leads to a reduction in cooling rates during diurnal 541 

temperature fluctuations in the afternoon, as higher surface temperatures are measured via IRT 542 

for heavily fouled ballast specimens. The LSTM predicts this general trend under diverse 543 

characterized conditions. 544 

2. The temperature variations across thermogram pixels indicate that increasing fouling 545 

severity results in a reduced standard deviation of surface temperature. 546 

3. The XGBoost model, compared to the RF model, when reinforced with measured time-547 

series thermal data along with LSTM-predicted data, demonstrates a higher level of accuracy 548 

in classifying ballast according to contamination levels ranging from clean to highly-fouled 549 

specimens. 550 

4. During the cooling down timeframe, higher contrast between clean and fouled ballast 551 

specimens is observed, as higher fouling index results in increased mean surface temperature 552 

and decreased standard deviation value. This trend is captured through the LSTM-XGB model 553 

to classify contamination level. 554 

5. The time-series predictive nature of LSTM component of the LSTM-XGB model 555 

enables capturing shorter time window (three sequential IRT measurements rather than six) for 556 

measuring ballast surface temperature, leading to higher efficiency compared to the standalone 557 

deployment of the XGBoost model. 558 

6. Overall, the two-stage integration of LSTM and XGBoost implemented on IRT data, 559 

capturing surface temperature variations of granular specimens, can assess ballast health with 560 

respect to the occurrence of fouling, particularly when the fouled-ballast condition is 561 

categorized into three groups instead of five (demonstrating a shift from finer to coarser 562 

classification). 563 

6.2 Future perspectives 564 
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- The model developed based on the uniform dispersion of fouling materials among ballast 565 

particles demonstrates significantly lower accuracy for ballast specimens with fouling 566 

occurring within the lower part of the layer, thereby increasing the potential for 567 

misclassification. Therefore, future research should expand the database used for training 568 

ML/DL models to captures not only the occurrence of non-uniform fouling among ballast 569 

particles, but also the presence of other fouling materials, such as sand intrusion and aggregate 570 

degradation, as well as the presence of moisture among fine contents. 571 

- Using active excitations (such as halogen or IR lamps) would be complementary to enhance 572 

contrast particularly during winter periods as well as strengthening the robustness of the 573 

method. 574 

- The developed AI-enabled passive IRT method should be integrated into full-scale field 575 

applications under uncertain environmental conditions, such as wind, solar radiation, and 576 

moisture retention or transition, to validate the robustness of the approach in operating 577 

environments. 578 

- Fusing IRT with complementary inspection technologies capable of assessing subsurface 579 

conditions (such as GPR) offers a practical pathway to enhance diagnostic efficiency. 580 

Moreover, to assess the practical usefulness of the established method, the thermal imaging 581 

system could be mounted on a moving cart or an autonomous drone to continuously monitor 582 

ballast health with respect to fouling, while also accounting for field challenges such as motion 583 

blur, standoff distance, and shading  from sleepers, rails, or the moving platform, which can 584 

affect the reliability of fouling detection by blurring thermal features, altering emissivity 585 

accuracy, or distorting the geometry of the region of interest. 586 

 587 
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