
 

 

ANALYSIS OF RELATIONSHIP BETWEEN TRACK GEOMETRY DEFECTS 

AND MEASURED TRACK SUBSURFACE CONDITION USING DIFFERENT 

MACHINE LEARNING METHODS  

 

 

by 

Mike Nguyen 

 

 

 

A thesis submitted to the Faculty of the University of Delaware in partial fulfillment  

of the requirements for the degree of Master of Civil Engineering 

 

 

 

 

 

Winter 2022 

 

 

 

 

 

© 2022 Mike Nguyen 

All Rights Reserved 



 

 

ANALYSIS OF RELATIONSHIP BETWEEN TRACK GEOMETRY DEFECTS 

AND MEASURED TRACK SUBSURFACE CONDITION USING DIFFERENT 

MACHINE LEARNING METHODS  

 

 

 

by 

 

Mike Nguyen 

 

 

 

 

Approved:       ________________________________________________________ 

Allan M. Zarembski, Ph.D., PE, FASME, Hon. Mbr. AREMA  

Professor in charge of thesis on behalf of the Advisory Committee  

 

 

Approved:       ________________________________________________________ 

Jack Puleo, Ph.D.  

Chair of the Department of Civil and Environmental Engineering  

 

 

Approved:       ________________________________________________________ 

Levi T. Thompson, Ph.D.  

Dean of the College of Engineering  

 

 

Approved:       ________________________________________________________ 

Louis F.Rossi, Ph.D  

Vice Provost for Graduate and Professional Education and 

Dean of the Graduate College



iii  

 

ACKNOWLEDGMENTS  

I would like to thank my advisor, Professor Dr. Allan Mark Zarembski, who has 

taught me so much and has guided me throughout this journey. Likewise, I would like to 

thank Mr. Hugh Thompson and the Federal Railroad Administration (FRA) for the 

opportunity to participate in the Research. 

Special thanks to Professor Dr. Nii O. Attoh-Okine, for supporting and teaching on 

data science 

I would like to thank the colleagues in the Civil Engineering Department of the 

University of Delaware for their contributions, especially to Dr. Joseph W. Palese for 

providing extensive professional and academic advice. 

Finally, I sincerely thank my family and friends; especially my parents, sister, and 

girlfriend; for providing me with continuous encouragement and support throughout my 

academic career. 



iv 

 

 

 

 

TABLES OF CONTENT  

LIST OF TABLESéééééééééééééééééééééééééé.......x  

LIST OF FIGURESéééééééééééééééééééééééééé... xii 

LISTS OF ABBREVIATIONéééééééééééééééééééé...ééxix 

ABSTRACTééééééééééééééééééééééééééééé.. xx 

Chapter 

1     INTRODUCTION ................................................................................................1 

1.1    Introduction to Track Geometry...................................................................1 

1.2    Introduction to Ground Penetrating Radar ...................................................2 

1.3    Introduction to Thesis Objective ..................................................................3 

1.4    Thesis Outline .............................................................................................4 

2     BACKGROUND .................................................................................................6 

2.1    Introduction .................................................................................................6 

2.2    The Railroad Track ......................................................................................9 

2.2.2    Track Sub-Structure/Formation ...................................................... 14 

2.2.3    Track Geometry Defect Development ............................................ 15 

2.2.4    Track Inspection ............................................................................ 19 

  2.2.4.1    Track Geometry Car Inspection ...................................... 20 

2.2.4.1.1     Traditional Track Geometry Car .................. 21 

      2.2.4.1.2     Modern Track Geometry Car - Capabilities  

                         Of The FRA DOTX 220 Track Geometry  

                         Car System .................................................. 22 

       2.2.4.1.3    Differential Global Positioning System 

(DGPS) ....................................................... 23 

       2.2.4.1.4    Ride Quality Measurement System (RQMS) 23 

       2.2.4.1.5    Digital Survey Log (DSL)............................ 23 

       2.2.4.1.6    Onboard Moving Map ................................. 24 

       2.2.4.1.7    Mobile Broadband Internet System (MBIS) . 24 

       2.2.4.1.8    Track Data Management System (TDMS) ... 24 

       2.2.4.1.9    GeoEditTM ................................................. 25 

       2.2.4.1.10  Transverse Rail Profile System (TRPS) ....... 25 



v 

 

       2.2.4.1.11   Portable Track Loading Fixture (PTLF) ...... 25 

  2.2.4.2      Ground Penetrating Radar (GPR) Inspection ................. 26 

2.3    Prediction of Track Geometry Defects ï An Introduction  

         To Related Studies .................................................................................... 29 

2.3.1    Prediction of Railway Track Geometry Defects: A Case Study    

(Soleimanmeigouni et. al., 2019).................................................... 29 

2.3.2    Relationship Between Track Geometry Defects and Measured  

            Track Substructure Condition Using Emerging Data Analysis 

            Methods (Yurlov et. al., 2018) ....................................................... 31 

2.3.3    Evaluation Of The Effect Of Tamping On The Track Geometry    

Condition: A Case Study (Soleimanmeigouni et. al., 2018) ............ 32 

2.3.4    Railway Track Geometry Degradation Due To Differential     

Settlement Of Ballast/Subgrade - Numerical Prediction  

            By An Iterative Procedure (Jens et al., 2017) ................................. 34 

2.3.5    Railway Track Geometry Defect Modeling: Deterioration,   

Derailment Risk and Optimal Repair (He et. al., 2018)................... 35 

2.3.6    Methods for Aligning near-continuos railway track inspection data  

(Palese et.al.,2018) ......................................................................... 36 

2.3.7    Integrating Synchronous Inspection Data for More Effective  

TrackBed Defect Root Cause Analysis (Eriksen et.al.,2019) .......... 38 

2.3.8    Modelling the evolution of ballasted railway track geometry by a   

two-level piecewise model (Xiao et.al.,2017) ................................. 40 

2.3.9    Predicting Rail Geometry Deterioration By Regression Model  

            ( Westgeest et.al.,2011) .................................................................. 41 

2.3.10  Summary of Findings ..................................................................... 42 

2.4    The Data.................................................................................................... 44 

2.4.1    Track Geometry Data ..................................................................... 45 

2.4.2    GPR Data ...................................................................................... 47 

  2.4.2.1    Ballast Fouling Index (BFI) and Fouling  

                 Depth Layer (FDL)   & Trackbed Condition Summary .... 50 

2.4.3    Weather Data ................................................................................. 51 

2.5    Consolidation of Data into the Common Database ..................................... 52 

2.5.1    Geometry Files .............................................................................. 53 

2.5.2    GPR Files ...................................................................................... 54 



vi 

 

2.5.3    Data Alignmentéééééééééééééééééééé..54 

3     EXPLORATORY DATA ANALYSIS (EDA).................................................... 58 

3.1    Introduction ............................................................................................... 58 

3.2    Exploratory Data Analysis (EDA) for Track Geometry  

         and GPR Overview .................................................................................... 59 

3.2.1    Data Description ............................................................................ 59 

3.2.2    Descriptive Statistics ...................................................................... 60 

3.2.3    Descriptive Statistics and Software Output ..................................... 61 

3.2.4    Data Structure and Variable Class .................................................. 62 

  3.2.4.1  The Head and Tail of Dataset ............................................ 62 

  3.2.4.2  Use of Visualization Techniqueséééééééééé.63 

   3.2.4.2.1   Bivariate Visualization ..................................... 64 

   3.2.4.2.2   Multivariate Correlation Plot Visualization ....... 64 

   3.2.4.2.3   Box and Whisker Plot ....................................... 66 

   3.2.4.2.4   Histograms ....................................................... 68 

   3.2.4.2.5   Combination of a Histogram and Kernel ........... 69 

   3.2.4.2.6   Quantile-Quantile (QQ) Plot ............................. 71 

3.3    Applied EDA Techniques .......................................................................... 73 

3.3.1    Analysis of Track Geometry Data .................................................. 73 

3.3.2    Time Series Degradation Plots by Site (Slopes Plots for Track   

Geometry Data) ............................................................................. 78 

3.3.3    TQI and Peak Plots for Slopes Comparison Between Track 

Geometry and GPR Data ................................................................ 83 

3.3.4    Comparison Between Track Geometry and Weather Data .............. 88 

4   MULTIVARIATE LINEAR REGRESSION ...................................................... 90 

4.1    Introduction ............................................................................................... 90 

4.1.1    Introduction to Multivariate Simple Linear Regression .................. 90 

4.1.2    Introduction to Multivariate Linear Regression .............................. 91 

4.1.3    Interpretation of Multivariate Linear Regression Model Figures..... 92 

  4.1.3.1   Akaike Information Criterion (AIC) ................................. 92 

  4.3.1.2   Root Mean Square Error (RMSE) .................................... 92 

4.2    Multivariate Linear Regression Models Results ......................................... 93 



vii  

 

4.2.1    Data Preparation and Calculation of Linear Regression .................. 93 

 4.2.2.1     Multivariate Linear Regression Model 4.1  

                 and 4.2 Results and Interpretation ................................... 97 

 4.2.2.2     Multivariate Linear Regression Model 4.3  

                 Results and  Interpretation ............................................... 99 

4.3    Summary of Multivariate Linear Regression (MLR) Model ..................... 102 

5     LOGISTIC REGRESSION (LR) ANALYSIS .................................................. 103 

5.1    Introduction ............................................................................................. 103 

5.1.1    Logistic Regression Analysis Method .......................................... 103 

5.1.2    Database and Calculation of Logistic Regression ......................... 104 

5.1.4    ROC Curve for Logistic Regression Model Validation ................. 106 

5.1.5    Positive Predictive Value (PPV) and Negative Predictive Value 

(NPV) for Logistic Regression Models Behavior Comparison ..... 108 

5.2    Logistic Regression Models Results ........................................................ 109 

5.2.1    Logistic Regression Model  

            P(abs(Rprof62)>0.4 = f (BFI R, BFI C, FDL R) ........................... 109 

 5.2.1.1   Data Preparation ............................................................. 110 

 5.2.1.2   Logistic Regression Model Results and Interpretation ..... 111 

 5.2.1.3   Logistic Regression Model Receiver Operating 

Characteristic (ROC) curve ............................................. 113 

5.2.1.4    Logistic Regression Model Results: Confusion  Matrix 

Statistics ......................................................................... 113 

5.2.1.5    Logistic Regression Model Results: Sensitivity Analysis 114 

5.2.1.6    Confusion Matrix Comparison for Sites ( RProf62) ......... 115 

6     BAYESIAN LINEAR REGRESSION ANALYSIS .......................................... 119 

6.1    Introduction ............................................................................................. 119 

6.1.1    Bayesian Statistics Review........................................................... 119 

6.1.2    Bayesian Linear Regression Analysis Method .............................. 120 

6.1.3    Bayesian Linear Regression Implementation and SetUp ............... 122 

6.2    Bayesian Linear Regression Results ........................................................ 123 



viii  

 

         6.2.1    Bayesian Linear Regression Model For Rate of Degradation of   

Profileééééééééééééééééééééééé . 124 

6.2.1.1    Data Preparation ............................................................ 124 

6.2.1.2    Bayesian Linear Regression Model 6.1 Posterior 

Probability Distribution ................................................. 126 

6.2.1.3    Bayesian Linear Regression Model Results: Sensitivity 

Analysis ........................................................................ 128 

6.2.1.4    Bayesian Linear Regression Model 6.1  

               Test Observations .......................................................... 131 

6.2.1.5    Forecasting Of Future Maintenance Events.................... 133 

6.2.2    Bayesian Linear Regression Model  For CrosslevelRate .............. 136 

6.2.2.1    Bayesian Linear Regression Model 6.1 Posterior 

Probability Distribution ................................................. 136 

6.2.2.2    Bayesian Linear Regression Model 6.2 Results:  

               Sensitivity Analysis ....................................................... 137 

           6.2.2.3    Bayesian Linear Regresssion Model 6.2   

Test Observationsééééééééééééééé.139 

6.2.2.4    Forecasting Of Future Maintenance Events.................... 141 

6.3   Summary of Bayesian Linear Regression Models ..................................... 144 

7     CONCLUSIONS .............................................................................................. 146 

8     RECOMMENDATION AND FUTURE RESEARCH ...................................... 150 

REFERENCES ............................................................................................................ 151 

Appendix 

A     ALIGNED DATA PLOTS BY SITE ............................................................... 157 

B     EXPLORATORY DATA ANALYSIS (EDA): CHAPTER 3 .......................... 161 

 B.1  EDA Dataset Description ......................................................................... 161 

B.1.1    Descriptive statistics Python Software Output ............................. 161 

B.1.2    Box Plots .................................................................................... 163 

B.1.3    Histogram ................................................................................... 166 

B.1.4    Histogram and KDE .................................................................... 167 

B.1.5    QQ Plots ..................................................................................... 168 

B.2   Advanced EDA ........................................................................................ 170 



ix 

 

B.2.1:   Track Quality Index (TQI) plots by site ....................................... 170 

B.2.2    Time series degradation plots by site ........................................... 173 

B.2.3:   Track Geometry (RProf62_Peak) Data and Weather  

             Data Plots Over Time.................................................................. 179 

C.    MULTIVARIATE LINEAR REGRESSION: CHAPTER 4 ............................. 183 

C.1    MULTIVARIATE MODELS  ................................................................. 183 

D.   LOGISTIC REGRESSION (LR) ANALYSIS: CHAPTER 5 ............................ 184 

D.1     Logistic Regression Model .................................................................... 184 

  D.1.1 Logistic Regression Model Outputs éééééééééé...é184 

  D.1.2 Logistic Regression Model Sensitivity Analysis ........................... 186 



x 

 

LIST OF TABLES  

Table 2:1:   Inspection Classification and Their Parameters ........................................... 22 

Table 2:2:   Ballast Fouling Index (BFI) Category ......................................................... 28 

Table 2:3:   Fouling Depth Layer (FDL) Category ......................................................... 29 

Table 2:4:   Summary of Sites ........................................................................................ 45 

Table 2:5:   Data Resources ........................................................................................... 45 

Table 2:6:   List of Track Geometry Channels ................................................................ 46 

Table 2:7:   List of GPR Channel ................................................................................... 50 

Table 2:8:   Selig Fouling Index ( Selig and Waters 1994) for the Ballast ....................... 51 

Table 2:9:   Summary of Categories in GPR Report ....................................................... 51 

Table 2:10: A Sample of Weather Data .......................................................................... 52 

Table 2:11: Determined Lags For Example Alignment. ................................................. 57 

Table 3:1:   Descriptive Statistics BNSF St. Joseph Subdivision MP 192 ï 193,  

                    Sample 1 .................................................................................................... 61 

Table 3:2:   Descriptive Statistics BNSF St. Joseph Subdivision MP 192 ï 193,  

                    Sample 2 .................................................................................................... 61 

Table 3:3:   Head of The Dataset .................................................................................... 63 

Table 3:4:   Tail of The Dataset...................................................................................... 63 

Table 3:5:   Summary of Degradation Rates ................................................................... 82 

Table 3:6:   Summary of Control and Fouled Hickman Site St. Joseph Subdivision ....... 85 



xi 

 

Table 3:7:   Summary of six sites ................................................................................... 87 

Table 4:1:   Expanded Analysis Segments ...................................................................... 94 

Table 4:2:   Root Mean Square Errors for Each Model ................................................. 101 

Table 5:1:   Defect Definition by Absolute RPRrof62 Value ........................................ 106 

Table 5:2:   Relationship Between AUC of ROC and Diagnostic Accuracy.................. 107 

Table 5:3:   Confusion-Matrix Validation Example (Yurlov 2018) ............................... 108 

Table 5:4:   Logistic regression results ......................................................................... 112 

Table 5:5.   Confusion matrix ...................................................................................... 114 

Table 5:6:   Logistic Regression Coefficient Comparison ............................................. 116 

Table 5:7.   Confusion matrix comparison.................................................................... 116 

Table 5:8.   Logistic regression coefficients for all four fouling sites ............................ 117 

Table 5:9.   Confusion matrix for all four fouling sites ................................................. 118 

Table 6:1:   Expanded Analysis Segments for Profile and ClvlRate .............................. 125 

Table 6:2:   Parameters Used in Bayesian Linear Regression Models ........................... 125 

Table B:1:   BNSF St.Joseph Subdivision Hickman Site MP 192 data results............... 161 



xii  

 

 

 

 

LIST OF FIGURES 

Figure 1.1:    Track Geometry Structure (Dingqing Li et al., 2015) ..................................2 

Figure 2.1:    Track Caused Derailments (FRA Track Safety Data Base  

                      www.fra.dot.gov) .......................................................................................9 

Figure 2.2:    Track Structure System (Zeticarial 2017) .................................................. 10 

Figure 2.3:    Ballast Track Substructure Components, Wood Tie Cross Section ............ 11 

Figure 2.4:    Ballast Track Substructure Components, Concrete Tie Cross Section ........ 12 

Figure 2.5:    Profile (Vertical Alignment) Defects Includes Twist ................................. 16 

Figure 2.6:    Dynamic Gauge Widening In A Curve (Gage Defect with Evidence Of  

                      Lateral Plate Movement Outward In The Presence Of Gauge- 

                      Widening Wheel Forces) (Wolf 2004) ...................................................... 17 

Figure 2.7:    Ballast Fouling (Yurlov 2018)................................................................... 17 

Figure 2.8:    Drainage Issue (Yurlov 2018) ................................................................... 18 

Figure 2.9:    Flooding on Track..................................................................................... 18 

Figure 2.10:  Mud Spot on Track ................................................................................... 19 

Figure 2.11:  Track Embankment Erosion (Yurlov 2018) ............................................... 19 

Figure 2.12:  Track Geometry Car ................................................................................. 21 

Figure 2.13:  FRA DOTX 220 Track Geometry Car System .......................................... 22 

Figure 2.14:  Ground Penetrating Radar Inspection Systems (Yurlov 2018) ................... 26 

Figure 2.15:  GPR Survey with three 400 MHz Center Frequency Antennas  

                      (Yurlov 2018) ........................................................................................... 27 

Figure 2.16:  Trackbed Condition Assessment- St.Joseph Subdivision-  



xiii  

 

                      Roca Site MP 196 ..................................................................................... 28 

Figure 2.17:  Examples of UH1, UH2, and critical defects of the ................................... 31 

Figure 2.18:  Map of ballast waiver sites ........................................................................ 44 

Figure 2.19:  Trak Geometry Component ....................................................................... 46 

Figure 2.20:  Example GPR Report ................................................................................ 49 

Figure 2.21:  Example of misaligned track geometry data .............................................. 55 

Figure 2.22:  Example of aligned track geometry data (Right Profile 62' chord)ééé..57 

Figure 3.1:    A Sample of Raw Data Before Apply Descriptive Statistics  

                     Hickman MP192 ....................................................................................... 60 

Figure 3.2:   St. Joseph Subdivision MP192; Left Profile 31 and Left Profile 62 ............ 64 

Figure 3.3:   St.Joseph Subdivision MP192; Multivariate Correlation Plots, Sample ...... 65 

Figure 3.4:   Box and Whisker Plot for Track Geometry RProf62 (a) and  

                     GPR Parameters BFI (b) and FDL (c) Subdivision St Joseph ..................... 68 

Figure 3.5:   Histogram for Profiles LProf62 (a) and RProf62 (b) and ClvlRate (c) ........ 69 

Figure 3.6:   Histogram with Gaussian Kernel for Profiles  

                     LProf62 (a) and RProf62 (b) and ClvlRate (c) ........................................... 71 

Figure 3.7:   Q-Q Plot, St.Joseph Subdivision MP 192 Inspections for 

                     RProf62 (a), LProf62 (b) and ClvlRate (c) ................................................. 72 

Figure 3.8:   TQI determination code snippet ................................................................. 75 

Figure 3.9:   Peak Determination Code Snippet .............................................................. 75 

Figure 3.10: TQI Over Time for Track Geometry Data .................................................. 76 

Figure 3.11:  Peaks Over Time for Track Geometry Data St.Joseph ............................... 77 

Figure 3.12:  Degradation curve fits for right profile 62' chord for TQI (a) and Peak (b)               

Hickman (fouled) ..................................................................................... 80 



xiv 

 

Figure 3.13:  Time Series Degradation Plot For Hickman (control) ................................ 80 

Figure 3.14:  Degradation curve fits for right profile 62' chord for  

                      for TQI (a) and Peak (b) Hickman (control) .............................................. 82 

Figure 3.15:  Slopes Comparison between Track Geometry Data and GPR Data 

                      for TQI (a) and Peak (b) Hickman (fouled) ............................................... 85 

Figure 3.16:  Track Geometry Rate of Degradation Rprof62 Versus Weather Data ........ 89 

Figure 4.1:    Rate of Peak Degradation vs. GPR Parameters for Extended Zones 

                      Parkville (a), Roca (b), Waldron (c) and Hickman (d) ............................... 96 

Figure 4.2:    Rate Of Degradation (ROD) Profile (peak) vs.  

                     Ground Penetrating Radar for BFI (a) and FDL (b) .................................... 98 

Figure 4.3:    Rate of Degradation (ROD) Profile (peak) vs. Ground Penetrating  

                     Radar  (GPR) Parameters) BFI (a) and FDL (b), combined data set ......... 100 

Figure 4.4:    Multivariate Linear Regression Model 4.3 Result .................................... 101 

Figure 5.1:    Right Profile Measurement (62 ft chord) Hickman MP 192 ..................... 105 

Figure 5.2:    ROC Curve Interpretation (Simudíc 2009) ( Yurlov 2018) ...................... 107 

Figure 5.3:    ROC Curve for Logistic Regression ........................................................ 113 

Figure 5.4:    Probability Equation Sensitivity Plot for Hickman .................................. 115 

Figure 6.1:    Posterior Probability Distribution With The Mean Estimation Result ...... 128 

Figure 6.2:    Profile Rate of Degradation as Function of BFI and FDL 

                      2D Plot (a) 3D plot (b) ............................................................................ 130 

Figure 6.3:    Test Observations for BLR models - Profile_Peak_Rate 

                      for Moderate Case (a) and Worst Case (b) .............................................. 132 

Figure 6.4:    Model Accuracy - Observed Peak Rate Versus Predicted Peak_Rate....... 132 

Figure 6.5:    Projection of Profile rate of Degradation for Ballast Conditions with        

Variance Moderate (a) Worst (b) ............................................................. 134 

Figure 6.6:    Projection of Profile rate of Degradation for Severe Ballast 



xv 

 

                     Condition with Variance .......................................................................... 135 

Figure 6.7:    Projection of Profile Degradation to Determine Time (years) to    

Maintenance threshold for all analysis segments (50 year time horizon) .. 135 

Figure 6.8:    Posterior Probability Distribution with The Mean Estimation Result ....... 137 

Figure 6.9:    Plot of cross-level Rate of Degradation as Function of BFI and FDL              

(Peak last measure = 0) 2D Plot (a) 3D plot (b)ééééééééé.. ... 139 

Figure 6.10:  Test Observations for Bayesian Linear Regression Models  

                      for Moderate Case (a) and Worst Case (b) .............................................. 140 

Figure 6.11:  Model Accuracy ï Observed CrosslevelRate Versus Predicted   

CrosslevelRate ....................................................................................... 141 

Figure 6.12:  Projection of Cross-level Rate of Degradation for Moderate Ballast  

Condition with Variance ........................................................................ 142 

Figure 6.13:   Projection of Cross-level Rate of Degradation for Severe Ballast  

                       Condition with Variance ........................................................................ 142 

Figure 6.14:   Projection of Cross-level Degradation to Determine Time (years) to       

Maintenance threshold for all analysis segments (10 year time horizon) . 143 

Figure 6.15:   Projection of Cross-level Degradation to Determine Time (years) to  

Maintenance threshold for all analysis segments (50 year time horizon) . 144 

Figure A.1:    Data Alignment - Hickman Site St. Joseph Subdivision plot 1éééé.156 

FIgure A.2:    Data Alignment - Hickman Site St. Joseph Subdivision plot 2ééé.é156 

Figure A.3:    Data Alignment ï Parkville Site St. Joseph Subdivision plot 3 ............... 158 

Figure A.4:    Data Alignment ï Parkville Site St. Joseph Subdivision plot 4 ............... 158 

Figure A.5:    Data Alignment ï Parkville Site St. Joseph Subdivision plot 5 ............... 158 

Figure A.6:    Data Alignment ï Waldron Site St. Joseph Subdivision plot 6 ................ 159 

Figure A.7:    Data Alignment ï Waldron Site St. Joseph Subdivision plot 7 ................ 159 

Figure A.8:    Data Alignment ï Waldron Site St. Joseph Subdivision plot 8 ................ 159 

Figure A.9:    Data Alignment ï Roca Site St. Joseph Subdivision plot 9 ..................... 160 



xvi 

 

Figure A.10:  Data Alignment ï Roca Site St. Joseph Subdivision plot 10 ................... 160 

Figure A.11:  Data Alignment ï Roca Site St. Joseph Subdivision plot 11 ................... 160 

Figure B.1:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 1 ........... 163 

Figure B.2:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 2 ........... 163 

Figure B.3:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 3 ........... 164 

Figure B.4:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 4 ........... 164 

Figure B.5:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 5 ........... 165 

Figure B.6:    Box and Whisker Plot, St.Joseph Subdivision MP192 data plot 6 ........... 165 

Figure B.7:    Histogram Plot St.Joseph Subdivision MP192 data plot 1 ....................... 166 

Figure B.8:    Histogram Plot St.Joseph Subdivision MP192 data plot 2 ....................... 166 

Figure B.9:    Histogram Plot St.Joseph Subdivision MP192 data plot 3 ....................... 166 

Figure B.10:  Histogram  and Gaussian kernel Plot St.Joseph Subdivision MP192  

                      data  plot 1 .............................................................................................. 167 

Figure B.11:  Histogram  and Gaussian kernel Plot St.Joseph Subdivision MP192 

                      data plot 2............................................................................................... 167 

Figure B.12:  Histogram  and Gaussian kernel Plot St.Joseph Subdivision MP192  

                      data plot 3............................................................................................... 168 

Figure B.13:  Q-Q Plot, St.Joseph Subdivision MP192 inspection data plot 1 .............. 168 

Figure B.14:  Q-Q Plot, St.Joseph Subdivision MP192 inspection data plot 2 .............. 169 

Figure B.15:  Q-Q Plot, St.Joseph Subdivision MP192 inspection data plot 3 .............. 169 

Figure B.16:  Track Quality Index (TQI) Analysis for Channels, St.Joseph MP9 ......... 170 

Figure B.17:  Track Quality Index (TQI) Analysis for Channels, St.Joseph MP17 

Waldron (fouled) ................................................................................... 170 

Figure B.18:  Track Quality Index (TQI) Analysis for Channels, St.Joseph .................. 171 



xvii  

 

Figure B.19:  Track Quality Index (TQI) Analysis for Channels, St.Joseph .................. 171 

Figure B.20:  Track Quality Index (TQI) Analysis for Channels, St.Joseph MP192 ..... 172 

Figure B.21:  Track Quality Index (TQI) Analysis for Channels, St.Joseph MP192 

Hickman(Fouled) ................................................................................... 172 

Figure B.22:  Time Series Degradation Plot (Slope of Peaks), St.Joseph MP7  

                       Waldron ................................................................................................ 173 

Figure B.23:  Time Series Degradation Plot (Slope of Standard Deviation), St.Joseph 

MP7 Waldron ........................................................................................ 173 

Figure B.24:  Time Series Degradation Plot (Slope of Standard Deviation), St.Joseph 

MP9 Parkville ........................................................................................ 174 

Figure B.25:  Time Series Degradation Plot (Slope of Peaks), St.Joseph  

                       MP9 ParkVille ....................................................................................... 174 

Figure B.26:  Time Series Degradation Plot (Slope of Standard Deviation), St.Joseph   

MP196 Roca .......................................................................................... 175 

Figure B.27:  Time Series Degradation Plot (Slope of Peaks), St.Joseph MP196 Roca . 175 

Figure B.28:  Time Series Degradation Plot (Slope of Standard Deviation), St.Joseph 

MP196 Roca .......................................................................................... 176 

Figure B.29:  Time Series Degradation Plot (Slope of Peaks), St.Joseph MP196 Roca . 176 

Figure B.30:  Time Series Degradation Plot (Slope of Standard Deviation), St.Joseph 

MP192 Hickman .................................................................................... 177 

Figure B.31:  Time Series Degradation Plot (Slope of Peaks), St.Joseph  

                      MP192 Hickman .................................................................................... 177 

Figure B.32:  Time Series Degradation Plot (Slope of Peaks), St.Joseph  

                      MP192 Hickman .................................................................................... 178 

Figure B.33:  Time Series Degradation Plot (Slope of Peaks), St.Joseph  

                      MP192 Hickman .................................................................................... 178 

Figure B.34:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph, MP192 

Hickman(control) ................................................................................... 179 



xviii  

 

Figure B.35:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph, MP192 

Hickman(fouled) .................................................................................... 180 

Figure B.36:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph,  

                      MP196 Roca (control) ............................................................................ 180 

Figure B.37:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph,  

                      MP196 Roca (fouled) ............................................................................. 181 

Figure B.38:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph,  

                      MP17 Waldron ....................................................................................... 181 

Figure B.39:  Rprof62_Peak Versus Weather Data Over Time, St.Joseph,  

                      MP9 ParkVille ........................................................................................ 182 

Figure C.1:    Multivariate Linear Regression Model for E.q 4.1 ( Python Output) ....... 183 

Figure C.2:    Multivariate Linear Regression Model for E.q 4.2 ( Python Output) ....... 183 

Figure D.1:    Logistic Regression Model Results for Hickman Site MP 192 with   

Different Thresholds .............................................................................. 184 

Figure D.2:    Logistic Regression Model Results for Roca Site MP 192 with  

                       Different Thresholds .............................................................................. 185 

Figure D.3:    Probability Equation Sensitivity Plot for Roca MP196 ........................... 186 

Figure D.4:    Probability Equation Sensitivity Plot for Waldron MP17 ........................ 186 

Figure D.5:    Probability Equation Sensitivity Plot for ParkVille MP9 ........................ 187 

 

 

 

 

 

 



xix 

 

LIST OF ABBREVIATIONS  

BFI C   Ballast Fouling Index Center 

BFI R   Ballast Fouling Index Right 

BFI L   Ballast Fouling Index Left 

FDL C  Ballast Layer Thickness Center 

FDL R  Ballast Layer Thickness Right 

FDL L  Ballast Layer Thickness Left 

EDA   Exploratory Data Analysis 

FRA    Federal Railroad Administration 

GPR   Ground Penetration Radar  

IM    Infrastructure Manager  

MLR  Multivariate Linear Regression 

LR    Logistic Regression  

BLR  Bayesian Linear Regression 

QQ   Quantile-Quantile  

RMS   Root Mean Square 

RMSE   Root Mean Square Error 

RProf62  Right Profile 62-foot chord  

ATIP  Automated Track Inspection Program 

 



xx 

 

 

 

 

ABSTRACT 

This research aims to enhance the further study of the relationship between track 

geometry defects and measured track substructure condition and to provide a mechanism 

to allow railroads to take proper preventive maintenance at a specific time for specific 

segments. For this study, a large amount of data was collected from railroad sites in 

Lincoln, Nebraska and Kansas City, Missouri on a major Class1 freight Railroad with the 

analysis concentrating on six different sites coming from St. Joseph and Creston 

subdivisions: Parkville (fouled), Parkville (control), Hickman (fouled), Hickman (control), 

Waldron, and Roca. The purpose of this research is not only to compare the results with 

previous studies done on Amtrak's Northeast Corridor, but also to apply more complex 

exploratory analysis, statistical modeling, and machine learning methodologies to develop 

more accurate predictive models using smaller segment lengths (e.g. 60 ft segments). The 

goal is to develop a more accurate predictive model that can deal with more varieties of 

collected data presented on multiple and different track sections that have shared values 

and attribute. 

Included in the investigation and analysis are variables such as Ballast Fouling 

Index and Fouling Depth Layer from Ground Penetrating Radar (GPR) inspection and 

Profile (measured over a 62-foot chord) as well as Cross-level from Track Geometry 

inspection. The resulting rate of degradations (slopes) was analyzed using several machine 

learning approaches such as Multivariate Linear Regression (MLR), Logistic Regression 
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(LR), and Bayesian Linear Regression (BLR).  After evaluating the different modeling 

approaches, the focus was placed on BLR machine learning technique to determine 

relationships for the changes in defects over time for each segment in the sites mentioned 

above and to forecast the time it would take for each segment to reach to track maintenance 

threshold as defined by railroad standards. The results and sensitivity analysis not only 

showed that increasing the Ballast Fouling Index and decreasing the Fouling Depth Layer 

(FDL) increases the Track Geometry Defect growth rate but also showed when 

preventative maintenances need to be performed. 
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     Chapter 1 

1. INTRODUCTION  

1.1    Introduction to Track Geometry  

Points, lines, curves, and surfaces are all considered in the three-dimensional 

location of the train track, which is the focus of track geometry. The three-dimensional 

geometry of railroad track layouts and related measures used in the design, building, and 

maintenance of train tracks can be defined as Track Geometry (Okine 2017). Track gauge, 

alignment, elevation, curvature, and surface control are all aspects of track geometry that 

are governed by standards, speed restrictions, and other regulations. Even though rail 

geometry is three-dimensional, standards for horizontal and vertical layouts are often 

presented in different ways (ñTrack Geometry,ò 2021). Figure 1.1 below shows a standard 

track geometry structure. 

Additionally, the geometrical quality of the track may be defined as "the assessment 

of deviations (excursions) from the mean or planned geometrical features of specified 

parameters in the vertical and lateral planes which raise safety issues or have an association 

with ride quality"(Martey 2017). Track geometry parameters such as surface (longitudinal 

level), alignment, gage, crosslevel, warp, and twist are the parameters most often used for 

determining the degree of quality and irregularity in track geometry and will be discussed 

 in more detail in the track geometry data section (Okine 2017). Note, track geometry is 

rationally measured by a track geometry inspection vehicle. 
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. 

 

Figure 1.1:   Track Geometry Structure (Dingqing Li et al., 2015) 

1.2     Introduction to Ground Penetrating Radar 

In the 1990s, ground penetrating radar (GPR) became available, allowing for the 

detection of water in the track and clogged ballast. Trapped water can damage track support 

and contribute to the corrosion of superstructure components, which posed a problem for 

the railways in these areas (Sussman 2017). GPR employs radar pulses to scan the 

subsurface. In addition, the principal application of GPR in the railroad industry is to 

determine the degree of fouling in the ballast, in part because railroads may respond to this 

information with routine production-type ballast cleaning maintenance. To identify fouling 

conditions, GPR analysis techniques such as scattering, dispersion analysis and full-

waveform modeling are used. Scattering of radar waves by bouncing-off of individual 

particles is a function of the size of the particle and the amount of fouling material in the 

void space. Scattering analysis for fouling quantification is based on the degree of 

scattering reducing as the void spaces are filled with fouling. The Dispersion technique is 

based on the premise that clogged ballast attenuates higher frequencies more than clean 
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ballast does. This approach, developed using 400 MHz GPR data, is based on the frequency 

spectrum of the GPR signal at the depth of the ballast layer and is proportional to the area 

under the curve. As energy is lost, the area decreases, offering an opportunity to connect 

the GPR signal to ballast fouling (Hyslip 2015). Furthermore, underground utilities such 

as concrete, asphalt, metals, pipes, wires, or masonry can be investigated by GPR without 

damaging the surface. To detect the reflected signals from subterranean structures, this 

nondestructive technology employs electromagnetic radiation (UHF/VHF frequencies) 

from the microwave radio spectrum (ñGround-penetrating radar,ò 2021). GPR creates a 

picture of any subterranean characteristics that may be used to locate and locate buried 

cables, goods, and structures. The images help determine ballast/soil type, structure, and 

condition.  

Radio waves in the range of 400 MHz to 2.6 GHz are commonly used for GPR. 

Ground penetrating radar (GPR) transmits electromagnetic radiation into the ground. 

Refraction, reflection, or scattering may occur when the energy hits an item buried under 

the surface of a substance with a variable permittivity. The return signal can then be 

recorded by a receiving antenna. As in seismology, GPR uses electromagnetic energy 

rather than acoustic energy, and energy is reflected at borders where subsurface electrical 

qualities change rather than at limits where subsurface mechanical characteristics change, 

as in seismic energy. 

1.3    Introduc tion to Thesis Objective 

The overall objective of this research was to analyze the relationship between the 

track geometry defect and track subsurface conditions. This was done by analyzing 
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different rates of track geometry degradation such as Profile and Cross-level Rates and 

relating them to Ground Penetrating Radar data such as Fouling Depth Layer (FDL) and 

Ballast Fouling Index (BFI). The goal is to develop a set of analysis algorithms that are 

robust and reliable enough to accurately (and with a high degree of statistical certainty) 

identify locations with the potential to degrade quickly and develop unsafe track geometry 

conditions, specifically occurrence rates that exceed practical inspection intervals. The 

models will address fundamental non-homogeneities in the track to assist railways in better 

understanding where and when issues in track geometry emerge or reoccur. The study will 

also include identifying unique subgrade situations that allow for varying rates of track 

geometry deterioration, with a focus on those with high or very high degradation rates. 

1.4    Thesis Outline 

A quick outline summary of the next chapters is provided below. 

Chapter 2 presents the necessary background information needed to clarify the 

topics at hand. Which are the basics of railroad track such as track superstructure, track 

sub-structure, track geometry defect development, track inspection and prediction to track 

geometry defect studies. University and FRA Reports, academic papers, journal articles, 

textbooks were used to provide such information.   

Chapter 3 discusses the exploratory data analysis (EDA) and data mining that were 

crucial step and were employed throughout this research. The exploratory data analyses 

were conducted to show how the Track Geometry and Ground Penetrating Radar (GPR) 

data were calculated and distributed. Data mining analyses were implemented to show and 
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study the relationships between the rate of degradations (slopes of linear regression) of 

Track Geometry and GPR Data  

Chapters 4, 5, and 6 applies machine learning algorithm specifically Multivariate 

Linear Regression, Logistic Regression, and Bayesian Linear Regression to present the 

results of this research. These include the forecasting of the rate of degradation of channels, 

projections of last measurements, and predictions of probabilities of defects based on 

specific segments that were used for future maintenance and inspection events. 

Chapter 7 presents the key conclusions that may be made from the research 

findings. 

Chapter 8 expands on the material given in this thesis by suggesting new study 

opportunities. 

References: A list of references is provided. 
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     Chapter 2 

2. BACKGROUND  

2.1      Introduction  

Ground Penetrating Radar (GPR) is one of the latest subsurface track inspection 

methods that railroads are increasingly utilizing in an effort to detect issue areas, including 

possible spots where safety-related track defects, particularly track geometry-related safety 

flaws, might arise. Improved track inspection technologies have also been developed by 

the Federal Railroad Administration to focus on cross-ties, ballast, subballast, and subgrade 

parts of the rail system (Zarembski, 2020). 

An important question to consider is if there is a connection between the 

development of track geometry flaws and the use of track substructure inspection 

instruments. Track geometry derailments are the most common type of derailment.  Federal 

Railroad Administration's (FRA) accident record shows that track geometry accounts for 

more than a third of all track-caused derailments (Federal Railroad Administration, 2019), 

with an additional 8% ascribed to the Roadbed, totaling $418 million and more than 2400 

reportable derailments in the preceding decade as shown in Figure 2.1 below. Track 

geometry derailments are still a substantial and costly source of derailments, despite 

improvements in inspection technologies and increased maintenance (tamping, 

undercutting, etc.). Railroad track geometry maintenance is also an important cost area for
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railroad track maintenance. The occurrence of track geometry flaws1 has been reduced by 

shortening inspection intervals, but little work has been done to use the data to predict the  

likelihood of defect recurrence based on the increased miles of track geometry testing 

(Messner, 2019). This is important since the reduction in flaws appears to be asymptotically 

related to the number of test miles. 

A lack of direct linkage between GPR and track geometry inspection results and 

accident causes such as track geometry issues persists despite the use of both technologies 

by railways. Initial research conducted by the University of Delaware sponsored by FRA 

shows the promise of such a linkage, but a more rigorous examination using data from 

numerous sources is needed (Yurlov 2019). For both the FRA and railways, integrating 

these new inspection technologies with traditional geometry analysis will provide an 

enhanced tool to reduce the likelihood of such track geometry derailments. This is expected 

to be implemented by railroads in their inspection, maintenance, and safety programs  

(Zarembski 2019). 

In a recent completed FRA-sponsored activity, there have been numerous attempts 

to reduce the track dip by reducing the track stiffness (or track modulus)2difference or by 

providing a more progressive stiffness transition, and number of alternative subsurface and 

surface inspection technologies were compared to identify sites where track geometry 

problems might emerge, expand, and spread, but none of these have worked to any great 

degree. In that activity, the focus was on data from Ground Penetrating Radar (GPR) as 

 
1 A flaw can be construed as a defect, or a flaw can be a perturbation that does not exceed the limit which is   

a defect. In this research, the chosen limits may not be defects as far as FRA concerns 
2 Track stiffness (or track modulus) is a measure of vertical stiffness of the rail foundation 
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measured on Amtrakôs Northeast Corridor, which was used to develop an algorithm to 

correlate GPR data with track geometry conditions and the development of major safety-

related geometry defects (Zarembski, 2019). The Northeast Corridor GPR inspection data 

and associated track geometry data were utilized to construct a set of correlation machine 

learning algorithms which will be discussed later in this thesis.  

This research activity builds upon and extends this earlier work by expanding the 

data used as input, to include a range of track and vehicle operating conditions across North 

America. While the inspection data is specific, (track geometry parameters, 

ballast/subgrade condition, vertical track deflection), additional track and operating 

parameters (speed, axle load, annual tonnage, grade, curvature, elevation, etc.) influence 

the rate of degradation. In addition, local characteristics of the support, such as soil strength 

and drainage, are not well known at the time of the inspection, thus, each track segment 

may have different rates of degradation (Zarembski, 2019). 

Track Geometry measurements, Ground Penetrating Radar (GPR) readings, 

Temperature, Rainfall, and Moisture Content readings from a number of railroad sites in 

Lincoln, Nebraska and Kansas City, Missouri on a major Class1 freight Railroad were the 

primary data sources for this investigation. Additionally, Exploratory Data Analysis 

(EDA), Multivariate Linear Regression (MLR), and Logistic Regression (LR) and 

Bayesian Linear Regression (BLR) approaches were used and are discussed in their 

respective chapters 3,4,5 and 6. These were used to generate the findings that will allow 

for the development of a generalized approach to provide useable inspection information 

that can be readily acted upon. Furthermore, MS Excel and Python were used to aggregate, 
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evaluate and run a machine learning algorithm on these data. In summary, the fundamental 

goal of this study is to identify a statistically valid and physically significant correlation 

between variables datasets that are utilizing the many years of maintenance and inspection 

data. 

 

Figure 2.1:   Track Caused Derailments (FRA Track Safety Data Base www.fra.dot.gov) 

2.2    The Railroad Track 

Throughout its lifecycle, track is the civil engineering structure; the train-track 

includes equipment which are mechanical and made up of several critical components and 

features. The major function of the railroad track is to support and guide the rolling stock 

safely, as well as to offer a smooth journey for the passengers and crew. Steel components 

for a railroad (railway) track or railroad line are arranged in two rows of equal lengths. In 

http://www.fra.dot.gov/
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order to convey passengers and commodities from one area to another, trains make use of 

these devices. Note that, there are two rails on a railroad (railway) (Yurlov 2018). 

Track systems can be annotated in Figure 2.2. This figure shows each system's 

components and their locations. As seen in Figure 2.2 below, the track is being separated 

into two primary parts: the superstructure and the substructure. These topics will be 

covered in more detail in the following sections. 

 

Figure 2.2:   Track Structure System (Zeticarial 2017) 

The superstructure must withstand vertical and lateral loads while exhibiting only 

a little elastic and permanent deformation. The track superstructure establishes the track's 

geometry, with its quality defined by measurements of the track's key characteristics, 

including gauge, alignment, surface, and superelevation, as well as their change. The gauge 

is the distance between the rails, which is measured 3/4 of an inch below the railhead's top. 
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Alignment refers to the rails' horizontal straightness. It is measured at the chord's center for 

three distinct universal cord lengths, e.g., 31, 62, and 124 feet (Yurlov 2018). 

While enhanced rail can increase track performance and longevity in well-

supported track sections, heavier and stronger rail is not a panacea for track support issues. 

While stronger and stiffer rail will spread the weight over a larger area, the effect will be 

minor, and if the track support has deteriorated, the only option is to repair the track 

support, since the heavier rail will have no noticeable effect (Dingqing Li et al., 2015). 

Track elements are annotated and described in figures 2.3 and 2.4 below. 

 

Figure 2.3:   Ballast Track Substructure Components, Wood Tie Cross Section 
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Rail: Rail functions as the first point of contact to distribute down a load of a vehicle 

into the subgrade. Generally, rail is a rolled steel section. There are different types of rail 

and rail gauges with the standard gage3 (standard width between two rails) being used the 

most. Rails are held in place and connected by ties to maintain gauge (Zarembski 2020). 

Tie / Sleeper: Ties mainly support the rails and maintain the gauge but they also 

have many other functions such as further distribution of load, track geometry adjustment, 

restraining lateral and longitudinal movement of the track structure, and so on. 

Tie Plate: Tie plates hold rails in place providing restraints by their shoulders. There 

are both double and single shouldered tie plates, but double shouldered tie plates are 

dominantly used. Tie plates also increase the bearing area, resulting in further load 

reduction. 

 
3 Standard gage of 1435 mm (4ô8.5ò) is commonly used in most countries. 

Figure 2.4:   Ballast Track Substructure Components, Concrete Tie Cross Section 
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Cut Spikes / Nails / Anchor Spikes: Cut spikes are either rail-hold-down or tie-

plate-hold-down spikes. Note, all spikes are shaped exactly the same. The former keeps the 

rails from overturning due to large lateral loads while the latter nails the tie plates on the 

tie. They contribute to the provision of lateral restraints as well. There are different spiking 

patterns for cut spikes and the number of spikes used depending on the high rail (the outer 

rail that is further away from the center on curves), low rail (inner rail on curve), degree of 

curvature, and types of loading. Typically, there 8 holes for the cut spikes on a tie plate. 

So, theoretically, a minimum of 2 spikes and a maximum of 8 spikes may be used for 

nailing a tie plate on a tie in different patterns. For a sharp curve, for example, a higher 

number of spikes may be used to dissipate the high magnitude of lateral loads. It should 

also be noted that cut spikes canôt be used in all cases. Hence, where cut spikes are not 

used, elastic fasteners may be used. When elastic fasteners are used, rail anchors are not 

needed anymore, because elastic fasteners and steel-to-steel coefficient of friction provide 

sufficient longitudinal restraints. 

Rail Anchor: The main function of the rail anchors is to provide longitudinal 

restraints against the longitudinal movement of the rail. Rail anchors come in many types 

and shapes and different patterns anchoring. Typically, a box-anchoring pattern is used 

which provides anchors on both sides of a tie. It should also be noted that not every tie may 

be anchored. Anchoring pattern could be for every tie, every second or third tie, or more 

depending on the severity of the situation. 

The components that are different from a wood tie and a concrete tie are explained 

below: 
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Shoulders: provide lateral restraints and they are cast-in-place in a concrete tie. 

The distance between the two shoulders in the concrete tie is the same as the size of the 

width of the base of the rail that is expected to be set on that specific concrete tie. 

Elastic Fastener: The primary system that holds a rail on a concrete tie is an elastic 

fastener or elastic clip. There are many different types of elastic fastening systems. They 

hold the rail on the concrete tie by application of a large vertical compression force. 

Electrical Insulator: Concrete ties are conducive when it comes to electricity. 

Hence, electrical insulators are needed on a concrete tie track system to provide electrical 

insulation for rail signals and protect the rail from potential stray currents. 

Insulator Pad: Insulator pads not only are used to provide electrical insulation 

between the base of the rail and the concrete tie but are also designed to provide the 

required resiliency and dynamics attenuations. 

2.2.2    Track Sub-Structure/Formation 

The track substructure is made up of ballast, sub ballast, and subgrade layers that 

support the rails and ties that make up the track superstructure. The behavior of the track 

substructure has a considerable impact on the stability and performance of the track 

superstructure, as well as on vehicle dynamics. The track substructure's primary duty is to 

support applied train loads equally and without permanent deformation that would damage 

the track geometry (Li et al., 2015). A list of track substructure components was annotated  

in  Figure 2.2 above. Functions for track substructure elements are described below:  
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Ballast: The main functions of the ballast are the distribution of load, providing 

drainage and seepage, dynamic attenuations, reduction of vibration and noise, and so on(Li 

et al., 2015). 

Sub-Ballast: provides four main functions such as providing drainage out of the 

track, helping reduce applied stress to the subgrade, providing separation between ballast 

and subgrade, and helping to provide frost protection, however, this will be done with a 

lower strength and cheaper quality material and is usually put under the ballast. 

Remarkably, the two most important functions of sub-ballast are: provide and maintain 

separation between ballast and subgrade and reduce the stress to subgrade (Li et al., 2015). 

Geocells:  ñGeocells refer to a synthetic, honeycomb-like cellular material, the 

structure of which is interconnected by joints to form a cellular network used for the 

confinement of soilsò(Livneh 2014). It may be used to support subgrade or embankment 

whenever needed.  

2.2.3    Track Geometry Defect Development 

The track geometry degrades and deviates from the specified vertical and horizontal 

alignments as a consequence of the effect of dynamic track loads. The mechanism behind 

this phenomenon is rather intricate (Esveld 2001). Railway track settlement happens as a 

result of the ballast and underlying soil becoming permanently deformed. Settlement 

severity is primarily determined by the quality and behavior of the ballast, sub-ballast, and 

subgrade. Track settlement is induced by a variety of factors relating to the ballast and 

subgrade behavior, most notably the densification of ballast and subgrade materials or their 

inelastic behavior (Iwnicki 2006). There will be no track anomalies if all spots on the track 
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settle evenly. However, track settlements are not uniform because of inhomogeneity on the 

supporting conditions, track construction, and load distribution (Li et al., 2015). 

As a result, various spots along the track settle at varying rates, resulting in track 

abnormalities (Esveld 2001). Additionally, when track geometry deteriorates, greater 

pressures are generated when trains pass, as opposed to when trains travel on a high-quality 

track. This is one of the reasons for the exponential rise of degradation, as the rate of 

deterioration is proportional to the degradation level (Li et al., 2015). The substructure is a 

vital component since its failure results in severe disruption of traffic flow and necessitates 

extensive, as well as costly, maintenance. The following illustrations depict many forms of 

formation faults. Figures 2.5 through 2.11 below depict fouled ballast, where Selig and 

Waters estimate that 76 % of the fouling material in the ballast originates from the ballast 

itself (Selig and Waters 1994). 

 

Figure 2.5:   Profile (Vertical Alignment) Defects Includes Twist 
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Figure 2.6:   Dynamic Gauge Widening In A Curve (Gage Defect with Evidence Of Lateral   

Plate Movement Outward In The Presence Of Gauge-Widening Wheel Forces) 

(Wolf 2004)4 

 

 

Figure 2.7:   Ballast Fouling (Yurlov 2018) 

 
4 The image was taken from Effect of Wide Gauge on Derailment Potential (Part 1 of 2) (p.1),2014, 

interface, The Journal of Wheel/Rail Interaction 
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Figure 2.8:   Drainage Issue (Yurlov 2018) 

 

Figure 2.9:   Flooding on Track 
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Figure 2.10: Mud Spot on Track 

 

Figure 2.11: Track Embankment Erosion (Yurlov 2018) 

2.2.4    Track Inspection 

A qualified inspector inspects the tracks by looking at them with his own eyes. 

Some automated inspection systems have been developing to further enhance the 

inspection process by highlighting crucial zones and providing quantitative data on track 

conditions for inspection personnel. The study uses inspection data from multiple track 
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inspection sources that include autonomous track geometry (collected from an autonomous 

geometry system mounted on a locomotive or freight car) and manned track geometry. 

Track geometry measurement is the primary instrument for automated track inspection. 

Relative positional changes between rails in space can be used to analyze the roughness 

and smoothness of rail surfaces using track geometry data. Settling and other track support 

issues are frequently linked to rail position changes. Note that track geometry degradation 

trends reflect settlement patterns (Li et al., 2015). Track support-related measurements 

include direct measurement of the load deflection behavior, gauge restraint measuring 

devices to check tie fastener gauge strength, and track lateral tie ballast resistance from the 

single tie push test or lateral track panel shift test (Li et al., 2015). 

Track deflection and ground-penetrating radar have been developed for the purpose 

of inspecting the substructure. An on-track cone penetrometer5 for ballast and subgrade 

evaluation has also been created. Analysis of surface waves using spectral analysis and 

resistivity techniques are being developed to better understand track conditions that may 

be troublesome (Li et al., 2015). 

This research focused on the geometry and substructure of the track. Track 

Geometry and Ground Penetration Radar are two continuous inspection technologies that 

are most commonly used to evaluate the condition of a track. 

2.2.4.1    Track Geometry Car Inspection 

 

 
5 The cone penetration or cone penetrometer test is a method used to determine the geotechnical 

engineering properties of soils whereby soil characteristics are determined when a cone penetrometer is 

driven into the subsurface (ñCone penetration testò, 2021) 
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2.2.4.1.1    Traditional Track Geometry Car  

 

Figure 2.12: Track Geometry Car 

Track Geometry Car (Track Recording Vehicle) uses a variety of sensors, measuring 

systems, and data management systems to create a profile of the track being inspected. It 

applies mid-chord offset which means we have a vertical mid-chord offset to measure as it 

is measured on the track foot by foot over some baseline reference length in the picture 

above. It is referenced to both ends of the length l. At the mid chord. This measuring system 

could be blind to a certain wavelength that it is trying to measure because it is limited by 

its view based on the length l.  

Geometry cars are mounted with accelerometers (triaxial) and lasers to measure the 

track geometry. Accelerometers are used to generate space curves (by double integration 

by computers onboard) while lasers adjust any supplemental movements in the reference 

frame relative to the track. The measurement channels include but are not limited to 

alignment, profiles, cross-level, warp, curvature, twist, gauge, and so on.). Table 2.1 

presents a comprehensive list of the measured parameters for those inspections. 
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Table 2:1: Inspection Classification and Their Parameters 

 

2.2.4.1.2    Modern Track Geometry Car - Capabilities of The FRA DOTX 220 Track   

Geometry Car System 

 

ñTrack Geometry Measurement System (TGMS) (See Figure 2.13) measures track 

geometry parameters, i.e., track gage, alignment, track surface (crosslevel, warp, proýle) 

and calculate limiting train speed in curves. Fully equipped with non-contact sensors, the 

TGMS computes track geometry parameters at speeds of up to 125 miles per hour. Data 

can be processed to 200 miles per hourò (FRA 2017). 

 

Figure 2.13: FRA DOTX 220 Track Geometry Car System 



23 

 

2.2.4.1.3    Differential Global Positioning System (DGPS) 

Differential Global Positioning System (DGPS) receivers typically update their 

position at a fixed rate of up to five times per second. When terrain or trees in the area 

block satellites, DGPS position updates are unavailable or erroneous. DGPS performance 

deterioration can also be caused by electromagnetic interference and multipath conditions. 

This might lead to GPS data that is inaccurate. Even when DGPS signals are temporarily 

absent or defective, FRA can still offer accurate position information since it depends on 

DGPS/Inertial Navigator System data and inertial sensors and measurements. A track 

feature detection module is also included in Navigator's Geo-coordinates. The module 

makes use of a predefined route database to detect approaching mileposts (or other 

interesting objects such as bridges, grade crossings, and so on) and inserts them into the 

data stream (FRA 2017). 

2.2.4.1.4    Ride Quality Measurement System (RQMS)  

Ride Quality Measurement System (RQMS) is intended to gather technical 

information and assess several elements of passenger train service, including the quality of 

the journey and the level of safety. The RQMS was developed as a consequence of the 

FRA study into the high-speed passenger train ride quality characteristics associated with 

exceptions to the Federal Track Safety Standards (FRA 2017). 

2.2.4.1.5 Digital Survey Log (DSL) 

Digital Survey Log (DSL) allows the user to create a database that can be 

automatically searched and reported and to keep track of survey progress, delays, and 

quality-check data. Automated Track Inspection Program (ATIP) can minimize the amount 
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of paper used during survey evaluations and the number of man-hours required to tally 

report data (FRA 2017). 

2.2.4.1.6 Onboard Moving Map  

Onboard Moving Map is a near-real-time mapping information which will be 

shown on the inspection car's dashboard while doing a track survey using Onboard Moving 

MAP. The program displays a map of the car's current location and speed on the rail 

network, as well as any exceptions or track features discovered during the current survey. 

The display automatically focuses the map depending on the GPS location of the inspection 

car as it passes down the track (FRA 2017). 

2.2.4.1.7    Mobile Broadband Internet System (MBIS) 

Mobile Broadband Internet System (MBIS) is a satellite-based broadband internet 

system that offers a way of uploading post-survey data and other reports to the Track Data 

Management System (TDMS) and FRA-approved customers. FRA Track Inspectors may 

get Track Geometry Inspection Report exception information the day after it is gathered 

on the vehicle via this technology, which enables ATIP to provide data more frequently 

(FRA 2017). 

2.2.4.1.8    Track Data Management System (TDMS) 

  More than 275,000 miles of geodetic data have been archived by ATIP geometry 

vehicles since 1998 in the Track Data Management System (TDMS). FRA inspectors can 

access the database system through the Internet. When seen as a map of Geographic 

Information, geometry data looks like a road map. Inspectors can generate statistical 
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reports on their specific regions, such as faults per mile per railroad. GeoEditTM is 

integrated into the system (FRA 2017). 

2.2.4.1.9    GeoEditTM 

GeoEditTM is a Track Data Management System (TDMS) for Windows. Track 

geometry data, curve analysis, report generation, and maintenance planning may all be 

done using this tool. Exception, curve, and graphical data may be accessed quickly and 

easily in a clear and user-friendly style (FRA 2017). 

2.2.4.1.10    Transverse Rail Profile System (TRPS)  

High-performance Transverse Rail Profile System (TRPS) measures transverse rail 

profile and comprehensive rail wear and analysis in real time at 1-foot sample rate up to 

the maximum speed of the car. Track wear and cant can be shown with real-time track 

geometry data. Rail cant and rail wear anomalies can also be detected by the technology in 

real time. To minimize the requirement for post-processing, TRPS has an extremely high 

percentage of successful rail type detection. The systems incorporate a novel Laser Gauge 

Measurement System, which provides the most technologically sophisticated rail gage and 

profile measurement, and which may be utilized as a stand-alone product. The system may 

be expanded to include a complete Rail Profile Measurement System (FRA 2017). 

2.2.4.1.11    Portable Track Loading Fixture (PTLF) 

The Portable Track Loading Fixture (PTLF) replicates the loading situation of the 

Gage Restraint Measurement Equipment (GRMS), delivering objective, reliable data on 

track crosstie/fastener strength that correlates directly to the full-size GRMS testing system 

(FRA 2017). 
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2.2.4.2    Ground Penetrating Radar (GPR) Inspection 

GPR inspection is a continuous NonDestructive Testing (NDT) approach. It shows 

the track formation's condition and quality. It also filters data on failure and deformation 

conditions (Yurlov 2018). The basic GPR system performance requirements included 

system hardware and deployment (number and orientation may change on truck hi-rail ), 

to include three air-coupled, time-domain pulsed radar horn antennas operating at 2 GHz, 

and three bow-tie antennas operating at 400 MHz; Proper control and digital GPR 

acquisition systems is fitted on the FRA DOTX220 track inspection vehicle Antennas are 

placed at the track center and 6 inches (152 mm) or less from the ends of each tie on both 

shoulders. In order to acquire GPR distance data, the encoder on the T-20 automobile is 

used (FRA 2020).  GPR is mainly used to measure layer thicknesses and configuration, 

moisture content, and fouling conditions. (Yurlov 2018). Figures 2.14 and 2.15 below show 

examples of a GPR inspection car and its system. 

 

Figure 2.14: Ground Penetrating Radar Inspection Systems (Yurlov 2018) 
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In Figure 2.16 below, the x-axis in the figures represents the track's Milepost which 

is from MP 196 to MP196.5 while the y-axis changes depending on the measurement 

parameter.  

The upper parts of the figure show two pre-processed radargrams (400 MHz and 

2GHz) of the GPR inspection, which also indicates estimated depth that includes layer 

thicknesses for ballast and sub-grade. Layer interpretation in the middle portion of the 

figure has been transformed into useable representations that suggest that the defect 

location lies within a more extensive GPR defect defined between MP196.24 and 

MP196.45. Furthermore, the bottom portions of the figure show level of Ballast Fouling 

Index (BFI) and Fouling Depth Layer (FDL) through color changes based on standards in 

Table 2.2 and 2.3 below. The color changes from MP196.24 and MP196.45 indicates that 

the defect location was in the BFI category 3, 4, and FDL category 4 and suggests that the 

Figure 2.15: GPR Survey with three 400 MHz Center Frequency Antennas (Yurlov 2018) 
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thicker the ballast layer is, the less increasing the track geometry defect, and the higher the 

ballast fouling, the more increasing the track geometry defect (FRA 2020). 

 

 
 

Table 2:2:  Ballast Fouling Index (BFI) Category 

 

 

Figure 2.16: Trackbed Condition Assessment- St.Joseph Subdivision- Roca Site MP 196 



29 

 

 

2.3    Prediction of Track Geometry Defects ï An Introduction To Related Studies 

Because of the complexities of track geometry and track subsurface conditions, it 

is considerably more difficult to predict track geometry defects based on the track 

subsurface conditions. Nonetheless, the advent of specialized testing equipment and 

software applications simplifies this work. Several recent studies on the topic of prediction 

of track geometry defects are summarized in the following sections, along with emerging 

significant findings.  

2.3.1 Prediction of Railway Track Geometry Defects: A Case Study    

(Soleimanmeigouni et. al., 2019). 

This research aimed to establish a data-driven analytical technique for the 

prediction of track geometry errors using a comprehensive case study on Line Section 414 

of the Main Western Line in Sweden. The focus of this research was on predicting 

Maintenance level 2 (UH2) defects as shown in Figure 2.17 below, which has a significant 

impact on the cost of railroad track maintenance. Foot-by-foot track geometry 

measurement data have been analyzed in detail to identify the degradation pattern of 

isolated defects. Longitudinal level faults are discovered to degrade linearly. Shock events 

Table 2:3: Fouling Depth Layer (FDL) Category 
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and their impact on the deterioration path were factored into the model's approach. There 

is a risk of safety issues and even derailment if there are shock events along the degradation 

path. Tamping intervention's efficacy in repairing longitudinal level faults was also 

investigated.  

The study asserts that using tractors and lightweight machines or tamping machines 

to remove surface defects is ineffective in many cases. Binary logistic regression is used in 

the model to estimate the likelihood of UH2 failures in a track segment. Four factors are 

included in the model as explanatory variables: the longitudinal level's standard deviation 

and kurtosis, the time interval, and the existence of faults in the most recent measurement.  

Remarkably, a track's standard deviation and kurtosis have an impact on the 

likelihood of encountering UH2 problems in that track segment. The study also found that 

the aggregated Track Quality Index (TQIs) can be considered statistically significant 

predictors of UH2 defect occurrence. The study asserts that companies can predict which 

sections of track will need maintenance if an isolated severe defect occurs using the 

proposed section-based model. The railroads will be able to execute section-specific 

preventative maintenance as a result. Aside from that, the study states that researchers have 

discovered that they may effectively collect information regarding the incidence of UH2 

faults by using kurtosis, a metric for how long the data is tailed off. This is significant 

because it has implications for future TQI research in terms of design and interpretation. 

When it comes to forecasting the presence of UH2 defects, the binary logistic regression 

model performs admirably, further supporting the validity of our strategy 

(Soleimanmeigouni et. al., 2019). 
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                        Figure 2.17: Examples of UH1, UH2, and critical defects of the  

                                                             longitudinal level6 

2.3.2 Relationship Between Track Geometry Defects and Measured Track 

Substructure Condition Using Emerging Data Analysis Methods  

(Yurlov et. al., 2018) 

This research aimed to study the relationship between track geometry defects and 

measured track substructure condition by establishing a data-driven analytical technique 

and machine learning algorithms. The study first focuses on Exploratory Data Analysis 

(EDA) that gives author a better understanding of data structures and types. The study then 

proves that machine learning algorithm such as, Logistic Regression, Higher-Order 

Polynomial for Logistic Regression and Advanced Hierarchical can predict the Right 

Profile 62 (RProf62) defects based on the GPR data such as Ballast Fouling Index (BFI) 

 
6 The image was taken from Prediction of Railway Track Geometry Defects: A case Study (p.3),2019, 

Structure and Infrastructure Engineering, Taylor & Francis 
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and Ballast Layer Thickness (BLT). Particularly, the study made use of a large amount of 

data from CSX Transportation track on the Peninsula Subdivision and Amtrak on Northeast 

Corridor. The independent variables were GPR parameters Ballast Fouling Index Right 

(BFI R), Ballast Fouling Index Center (BFI C), and Ballast Layer Thickness Center (BLT 

C) from subsurface while the dependent variable of the study was the track geometry 

deviation of Right Profile over a 62-foot chord (RProf62). With the input assumption of 

probability of absolute value of RProf62 exceeded 0.4 inches constitutes a track geometry 

defect and vice versa, the study finds that the thicker the ballast layer thickness (BLT) in 

the middle of the track, the less likely it is that a profile defect will occur. A track geometry 

defect is more likely to occur on the track if there is a high level of ballast fouling index 

(BFI ). 

The study also finds that when pairing with BFI R and BLT C, BFI R has a 

significant impact on the likelihood of acquiring a profile defect, but its influence 

diminishes when the BLT C is added to the analysis. BFI R is low, and the likelihood of a 

defect remains low even when the BLT C is shallow. BFI C exhibited comparable behavior 

to BFI R, exerting a similar, albeit less strong, impact on the risk of a defect. However, the 

BFI C variable generated certain engineering discrepancies, most notably at low ballast 

thickness values, due to the model's non-linearity as a result of the Higher Degree 

Polynomial application. 

2.3.3   Evaluation Of The Effect Of Tamping On The Track Geometry Condition: A  

Case Study (Soleimanmeigouni et. al., 2018) 

In this study, track geometry deterioration caused by tamping is investigated using 

data from line section 414 between Jarna and Katrineholm Central Station. The authors 
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illustrate a probabilistic model to predict the recovery value after tamping. The modelôs 

result shows that the Weibull distribution and lognormal distribution are the best-fitted 

distributions for the recovery values after tamping for the standard deviation of the 

longitudinal level and the standard deviation of the alignment, respectively. The suggested 

model's recovery values are shown to be near to the actual recovery values following 

tamping procedures.  

In addition, the study uses the Pearson correlation coefficient to evaluate the linear 

association between the recovery of the longitudinal level and the alignment irregularities. 

According to the correlation analysis, an insignificant link exists between alignment 

abnormalities and longitudinal level recovery, this means that tamping will not influence 

the track geometry parameters in the same way for all tracks. Furthermore, the authors look 

into how tamping affects track geometry degradation rates by applying the Wiener process 

and linear regression. This case study finds no substantial differences in deterioration rates 

between the Wiener process and linear regression. The study notes that the paired t-test 

was used to compare the deterioration rates before and following tamping interventions to 

determine the geometry's influence on the tamping rate of deterioration. The results 

indicate that tamping will increase geometry deterioration rate, which is proportional to the 

harmful impact of ballast tamping.  

In conclusion, the study asserts while tamping will enhance the track geometry, it 

will not restore it to a brand-new state. If the track geometry condition suddenly improves 

after tamping, the track geometry rate of deterioration will shift as a result since tamping 

is an imperfect maintenance procedure. Adding influencing elements like past tamping 
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interventions and train speed can improve accuracy of models. Considerations affecting 

track geometry, the longitudinal level appears to be the primary planning determinant. One 

explanation is that the longitudinal level degrades faster than the superelevation and 

alignment. The findings of this case study suggest that tamping has the most significant 

longitudinal effect. Tamping has a far less effect on the alignment than it does on the 

longitudinal. Remarkably, tamping increases the slope of the regression line and the 

Wiener drift coefficient process. Thus, tamping reduces the rate of 

deterioration (Soleimanmeigouni et. al., 2018). 

2.3.4   Railway Track Geometry Degradation Due To Differential Settlement Of 

Ballast/Subgrade - Numerical Prediction By An Iterative Procedure  

              (Jens et al., 2017) 

In this study, the authors describe an iterative approach for numerically predicting 

the long-term degradation of railway track geometry (longitudinal level) as a result of 

cumulative differential ballast/subgrade settlement. The approach is based on a time-

domain model of dynamic vehicleïtrack interaction to compute the contact loads between 

sleepers and ballast in the short term. These contact loads are then employed in an empirical 

model to predict the long-term settling of ballast/subgrade beneath each sleeper. The 

number of load cycles (wheel passes) that each iteration step accounts for is governed by 

an adaptive step length dictated by a maximum settlement increment. To decrease the 

computing cost required to simulate dynamic vehicleïtrack interaction, the linear subset of 

the discretely supported track model with the non-proportional spatial distribution of 

viscous damping is synthesized using complex-valued modal synthesis with a shortened 

modal set. Gravity loads and state-dependent vehicle, track, and wheel-rail contact 
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conditions are accounted for as external loads on the modal model, including situations 

involving wheel-rail contact loss (and recovery), impact between hanging sleeper and 

ballast, and/or a prescribed variation in non-linear track support stiffness properties along 

with the track model. The approach is shown by computing the longitudinal level 

degradation over time caused by a specified initial local rail imperfection. 

The study found that the effect of an adaptive iteration step length on the accuracy 

of the findings was explored, and the proposed approach was illustrated by comparing the 

effect of rail pad stiffness on track geometry deterioration produced by a predetermined 

starting rail irregularity over time. Remarkably, the discrete model used to determine 

ballast/subgrade settlement is an empirical one, as it is based on the calculated contact load 

between one sleeper and ballast. As a result, the model parameters must be calibrated using 

field data. 

2.3.5   Railway Track Geometry Defect Modeling: Deterioration, Derailment Risk and 

Optimal Repair (He et. al., 2018) 

This study introduces three models to solve the geo-defect (track geometry defect) 

problems. The geo defect types are described in the study as follows:  

ñAlign is the average of the left and right of a chord alignment); rail cant or angle 

measures the amount of vertical deviation between two flat rails from their designated 

value. Dip is the largest change in elevation of the centerline of the track within a 

certain distance moving window. Gauge change is the difference in two gauge 

readings up to a specified distance. Harmonic cross-level defect refers to two cross-

level deviations that are a certain distance apart in a curve, super cross-level, 

elevation or super-elevation measured at a single point in a curve, Reverse cross-level 
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occurs when the right rail is low in a left-hand curve or the left rail is low in a right-

hand curve, Warp is the difference between two cross-level or elevation 

measurements up to a certain distance apart. Wear is The Automated Rail Weight 

Identification System (ARWIS) that identifies the rail weight while the car is testing 

and measures the amount of head loss, and twist is the difference between two cross-

level measurements a certain distance apartò (He et. al., 2018). 

         Track Class II geo-defects are the focus of the first statistical deterioration model, 

which seeks to simulate the degradation rates for each geo-defect type. As a second step, a 

track derailment risk model based on survival analysis showed. This model integrates the 

impacts of ten distinct geo-defects and shows how the danger of a train derailment evolves 

over time. Finally, a geo-defect repair decision-making optimization model is developed 

to detect geo-defects occurring during each inspection run and to calculate a track 

deterioration condition as well as quantify changes in the geo-defects recorded during each 

inspection run. Additionally, the study notes that the method comprises calculating a 

derailment risk based on track conditions determined from inspection run data and track 

deterioration conditions, as well as determining a repair decision for each of the geo-defects 

based on the derailment risk and previously determined costs associated with comparable 

repairs. 

2.3.6   Methods for Aligning near-continuos railway track inspection data  

(Palese et.al.,2018) 

The alignment of track geometry data is critical for reliable geometry defect 

prediction. This paper presents an application of classical and advanced time-series 
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methods for aligning data longitudinally by evaluating three alignment methods such as 

cross-correlation function (CCF) which used track geometry data, dynamic temporal 

warping (DTW) which used vertical track deflection data, and up-sampling through 

piecewise linear interpolation (USPLI) which used rail wear data. Four track geometry 

factors (longitudinal level, horizontal alignment, gauge, and cant) were used to align data. 

It was discovered that the accuracy of alignment algorithms may be greatly influenced by 

the reference dataset used. The accuracy of the three approaches in aligning the track 

geometry measurements was also tested. The paper demonstrates how cross-correlation 

when utilized effectively for foot-by-foot measurements. Remarkably, the time series may 

include a variable number of points. DTW can help correct encoder faults, such as out-of-

calibration or wheel wear. but at the cost of distortion of the aligned datasets, large memory, 

and time overhead. On the other hand, USPLI presents steps to align non-uniform sampled 

data longitudinally, based on the cross-correlation and up-sampling through. such as step 

1 is to approximate a function for each collected data set, Step 2 is to up-sample each data 

set to a common MP reference, Step 3 is to determine the lag of each collected data set 

with reference to the ýrst collected data set, and step 4 is to shift the data sets concerning 

the reference (Palese et al., 2019). These data may be utilized to determine an acceptable 

strategy for aligning track geometry parameters to improve track geometry deterioration 

analysis and prediction. The paper suggests that a method for discovering non-constant 

shifts between parameters using a combination of parameters might be valuable for further 

study. This might allow aligning parameters based on least change and highest correlation 

with their references. The paper found that the "spikes" are related to excessive gage, which 
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can be seen in the raw data by the progressive increase in the maximum point. Errors in the 

rail might cause the laser/camera measuring system to "lose" the picture, resulting in 

inaccurate measurements. As part of the alignment, spikes are not filtered out by the 

measuring equipment. Finally, non-constant interval systems, such as rail profile/wear 

measuring systems, can also benefit from track geometry assessment.  

2.3.7   Integrating Synchronous Inspection Data for  More Effective TrackBed Defect 

Root Cause Analysis (Eriksen et.al.,2019) 

There is a rising desire for railways to make greater use of the increasing amounts 

of data that are accessible to them in their efforts to reduce maintenance costs. The purpose 

of this study is to demonstrate, via real-world examples, how synchronous trackbed 

inspection aids in the identification of root causes of defects. A thorough understanding of 

the substructure's condition will allow the necessary maintenance activities to be selected 

and the job to be completed more quickly. The study demonstrates the value of integrating 

the Ground Penetrating Radar (GPR) parameters such as Ballast Fouling Index (BFI)7, Free 

Draining Layer (FDL)8, Layer Roughness Index (LRI)9, Ballast Thickness Index (BTI)10, 

Ballast Pocket Index (BPI)11 , Ballast Transport Index (BTI), and Moisture Likelihood 

Index (MLI)12 with trackbed surface imaging to determine the level of subgrade failure 

 
7 BFI is a calibrated measure of the amount of simulated fouling inside the trackbed to a specific modeled 

depth and averaged over a defined distance (Eriksen et.al.,2019). 
8  FDL denotes the simulated depth to the base of the trackbed's generally clean ballast layer(Eriksen 

et.al.,2019). 
9  LRI describes the variability in the modeled depth to the base of ballast to highlight areas where the 
trackbed may be failing due to soft subballast conditions (Eriksen et.al.,2019). 
10 BTI indicates where the ballast layer has been predicted to be thinner or thicker than the required design 

thickness (Eriksen et.al.,2019). 
11 BPI is a derivation of the BTI (Eriksen et.al.,2019). 
12 MLI The moisture likelihood index is designed to provide an indication of the likelihood of elevated 

moisture levels at the interpreted ballast-sub-ballast interface (Eriksen et.al.,2019). 
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associated with active surface mud patches and track geometry defects. This data 

integration enables track engineers to plan preventative maintenance and minimize the 

number of return trips necessary to address an issue. In addition, GPR and Mobile 

Terrestrial Laser Scanner (MTLS) are used in the study to determine the relationship 

between the quality of the track subsurface and topography factors, such as trackside 

drainage systems, that impact track condition. The study demonstrates that inadequate 

drainage, a shallow fouling layer, and increased ballast fouling correspond with track 

geometry deviations. The study also finds that poor trackbed condition has a detrimental 

effect on the track's functional condition via track geometry degradation, but it can also 

result in sleeper deterioration and breakages. Correlating trackbed condition to sleeper 

condition enables prediction of circumstances that contribute to poor sleeper condition.  

In conclusion, the study suggests that repetitive inspections can help to follow the 

course of the fault (often exposing the impacts of seasonal influences on the trackbed 

stability), which can then be used in prediction models of track degradation. Some places 

may be regarded as less susceptible to catastrophic failure if the GPR-derived parameters 

remain steady over time. Routine track geometry measurements are an important part of 

most railways' maintenance plans, allowing track engineers to discover both potentially 

hazardous problems that require urgent action and more progressive breakdowns that may 

be anticipated. Trackbed maintenance can be improved by combining geometry data with 

time-synchronized information on the subsurface state (Eriksen et.al.,2019). 
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2.3.8   Modelling the evolution of ballasted railway track geometry by a two-level 

piecewise model (Xiao et.al.,2017) 

In this study, the probability models and a two-level peicewise linear model to 

characterize the track geometry defect and restoration with spatial dependence are 

proposed. Probability models are used to model degradation or tampering effects. It is 

important to take into account the possible correlations generated by the spatial structure 

while predicting the degradation of track geometry. Concerns about the deteriorating 

process are addressed using a two-level piecewise linear model. Hence, in this study, a 

piecewise linear regression model with previously identified break locations is used to 

replicate the degradation characteristics of each rail section. Autoregressive Moving 

Average (ARMA) models are used in the second level to depict the spatial correlation 

between regression line parameters. The model's usefulness is demonstrated through a 

comprehensive case study using data from Sweden's Main Western Line.  

As a first step, this research provides a two-level piecewise linear framework for 

modeling the development of track geometry deterioration across time and space. This 

model's fundamental component is a commonly used simple linear model, which is 

utilized for only a single maintenance cycle. The deterioration characteristics of two 

successive maintenance cycles are linked using two multivariate regression models. 

Different stages of the degradation process can be modeled using ARMA models to 

represent various spatial dependency patterns. It also presents theoretical arguments for a 

rapid technique to estimate all the unknown parameters without the need for a 

sophisticated numerical algorithm. Third, it implements the model using data from 

Sweden's Main Western Line as a case study. Findings reveal that the sort of tamping 
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used has a significant impact on recovery (partial or complete). According to this, the 

tamping effect on degradation rate can be influenced by how fast deterioration was before 

the tamping intervention, as well.  

Finally, some Gaussian processes may generate deterioration parameters 

throughout the spatial interval, and the ARMA processes give a good match to these. 

2.3.9   Predicting Rail Geometry Deterioration By Regression Model  

           (Westgeest et.al.,2011) 

The main purpose of this study is to propose maintenance and degradation models 

by using linear regression approaches to predict the KPIM and KPID which are dependent 

variables for two models mentioned above, respectively by track parameters (predictors) 

such as switch, tamping object, monoblock, twinblock, subsoil clay, and tonnage group, 

etc., Remarkably, the KPI is a metric that measures the track geometry's quality and how 

it has improved over time. The study found that with a lower Mean Absolute Error (MAE) 

and Root Mean Square Error (RMSE) values, the deterioration model provides better 

forecasts than the maintenance model. The study then applied these models for analyzing 

three different maintenance strategies as Low Quality, Middle Quality, and High Quality. 

Maintaining only a portion of the system is the first technique in this sort of strategy known 

as Low Quality. When the KPI value falls below the median of the upper and lower bounds, 

a maintenance method known as Middle Quality is employed and when the KPI value falls 

below the upper bound, the third technique, called High Quality, is implemented. The study 

shows that maintenance can have a quantifiable impact. The models illustrate that 

deterioration is not continuous over time and a bad segment degrades quicker than a good 

segment. As a consequence, the findings demonstrate that environmental influences play 
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an important role in the degradation process. Switched sections of the track degrade more 

quickly than other sections of the track. In this way, the track geometry is severely impacted 

by probable train movement oscillations (Westgeest 2011). 

2.3.10  Summary of Findings 

Based on the review of these previous studies of track geometry degradation, some 

general conclusions can be formed.  

Firstly, it is seen that data longitudinal alignment is significant and should be 

carefully examined in data analysis. There is a slight link between longitudinal level 

recovery and the alignment, and only a modest link between the cant recovery after tamping 

and the alignment. Thus, tamping does not affect all track geometry measurements equally. 

Studies show that tamping is an imprecise maintenance activity that results in two changes 

to the track geometry condition, namely an immediate improvement in the track geometry 

condition and a change in the pace of degradation following tamping. As a result, 

quantifying the influence of tamping on track geometry deterioration is critical. 

Secondly, Linear regression and probabilistic models are two of the most often used 

strategies for estimating the rate of rail degradation and track geometry defect based on rail 

and track parameters. Due to the fixed nature of linear regression, it is limited to account 

for the variability in predicting rail degradation. When dependent parameters ( the outcome 

of the model) are very variable, it is better to use a probabilistic model rather than linear 

regression. The linear regression maintenance model was used to forecast the maintenance 

event for rail defect has been studied and proved, but there are limitations in the predictions 

since the model produces higher errors compared to another linear degradation model with 
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lower MAE and RMSE. On the other hand, the logistic regression model proved to aid 

managers in the evaluation of their track conditions. The model assists them in finding the 

boundaries that are suitable for their accepted level of risk. These boundaries can be 

employed for future risk management decisions making with thoroughly studying the 

relationship between track geometry defect and track subsurface conditions. 

Thirdly, to accurately forecast the long-term track geometry behavior, tamping 

interventions must be examined in relation to various track geometry metrics. It is 

important to differentiate or analysed seperately the effects of complete and partial tamping 

interventions on the track geometry since they have different effects. Complete tamping 

has a greater impact on track geometry than partial tamping. Separating complete and 

partial tamping results in a significant reduction in the range of recovery values following 

tamping. 

Finally, in the literature, both discrete and continuous stochastic models are used to 

characterize the uncertainty associated with the deterioration path across time. However, 

more complicated stochastic processes are required to accurately anticipate the 

deterioration of track geometry over time. Additionally, only a few researchers included 

shock occurrences while creating degradation models, though, the railway track is 

subjected to unanticipated shocks, which contribute to the track's degradation. Random 

shocks are predicted to be deleterious in degradation models, resulting in an increase in 

degradation levels and the possibility of system failure. 
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2.4    The Data 

Because the goal of the research activity is to provide a generalized and practical 

framework for predicting track geomety degradation, that can be easily implemented, the 

primary data sources were chosen based on availability, diversity and extension of 

inspection data. Thus, sites from the FRAôs ballast waiver study were chosen where 

extensive track geometry and GPR measurement data was readily available. 

The data were collected approximately monthly starting in late 2017. The six sites 

were chosen for initial model development since data was readily available for the multiple 

inspections, as well as additional wayside data collection. The sites included four concrete 

tie sections and two timber sections. In addition, four fouled sites were identified along 

with two control sites as summarized in Table 2.4 and Figure 2.18 below. 

 

Figure 2.18: Map of ballast waiver sites (Stark 2019) 
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Table 2:4: Summary of Sites 

 

These sites have inspection data from multiple track inspection sources that include 

autonomous track geometry, manned track geometry, and ground-penetrating radar as 

shown in Table 2.5. In addition, weather data for the sites were also available.  

Table 2:5: Data Resources 

 

2.4.1    Track Geometry Data 

 The track geometry data included 1422 ATGMS inspection runs for two BNSF 

subdivisions: Creston and St. Joseph. In addition, the data included 30 manned track 

geometry runs.  

The ATGMS and manned track geometry data included all traditional and processed 

geometry channels as shown in Figure 2.19 and Table 2.6 below. In these channels, there 



46 

 

was a surface (longitudinal level) that was the track geometry of the track centerline 

projected onto the longitudinal vertical plane. Track alignment is the projection of the track 

centerline's geometry onto a horizontal longitudinal plane. Two rail heads at right angles 

to each other in a plane of 5/8" lower than the top of the rail head are referred to as Gage 

(gauge). The difference in elevation between consecutive running rails based on the angle 

between the running surface and a horizontal reference plane is defined as crosslevel or 

cant. Whereas, by removing the mean of cross-level data, ClvlRate is derived. Warp is the 

difference in crosslevel of any two points within the specific distance along the track and 

Twist is usually defined as the difference in crosslevel of any two points a fixed distance 

apart (Okine 2017). 

 

Figure 2.19: Trak Geometry Component 

Table 2:6: List of Track Geometry Channels 

Inspections Type  Channels of the Inspections 

 

 

 

 

 

1 Left Profile Space Curve (LProfSP) 

2 Right Profile Space Curve (RProfSP) 

3 Left Alignment Space Curve (LAlignSP) 

4 Right Alignment Space Curve (RAlignSP) 

5 Left Profile 31ô Cord (LProf31) 
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Track Geometry 

6 Right Profile 31ô Cord (RProf31) 

7 Left Profile 62ô Cord (LProf62) 

8 Right Profile 62ô Cord (RProf62) 

9 Left Profile 124ô Cord (LProf124) 

10 Right Profile 124ô Cord (RProf124) 

11 Left Align 31ô Cord (LAlign31) 

12 Right Align 31ô Cord (RAlign31) 

13 Left Align 62ô Cord (LAlign62) 

14 Right Align 62ô Cord (RAlign62) 

15 Left Align 124ô Cord (LAlign124) 

16 Right Align 124ô Cord (RAlign124) 

17 Gage 

18 Crosslevel 

19 ClvlRate 

20 Warp62ô Cord (Warp62) 

21 Twist 11 

22 Twist 22 

23 Twist 31 

 

2.4.2    GPR Data 

 The GPR data provides information on the ballast and subgrade conditions. An 

example of the report is shown in Figure 2.20 and the list of digitized channels is shown in 

table 2.7. This data includes Ballast Fouling Index (BFI), along with Fouling Depth Layer 

(FDL)13 for the left, right, and center of the track. The fourth and fifth views from the top 

is a combination of Ballast Fouling index (BFI) and Fouling Depth Layer (FDL); left, 

center and right digitized every 16.7 feet using the scale described in Table 2.8 below. 

Ground Penetrating Radar (GPR) data included 11 inspection runs over 10 different sites 

with 1 mile per site. Note that by using the combined 2GHz and 400MHz GPR datasets, 

layer interpretation panels can show the modeled depth of each trackbed layer interface. 

 
13 Note FDL is also referred to as the free draining layer. In all instances, it refers to the thickness/depth of 
clean ballast for which water can freely pass through the ballast. 
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This interpretation is based on what is expected to see on the trackbed. An absence of layer 

interfaces is indicative of insufficient physical contrast between the trackbed layers or 

insufficient GPR signal penetration through the material. Based on an average GPR signal 

velocity of 140mm/ns, the modeled interface depths are calculated. Within 10% to 20% of 

the indicated depth, depths are deemed accurate. 
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Figure 2.20: Example GPR Report 

 

 

 



50 

 

Table 2:7: List of GPR Channel 

 

2.4.2.1 Ballast Fouling Index (BFI) and Fouling Depth Layer (FDL) & Trackbed 

Condition Summary 

According to Selig, Waters and as shown in Table 2.8 below, the ballast layers are 

considered highly fouled when the percentage of fouling index of 40% or greater, 

moderately fouled when the percentage of fouling index ranges from 10% to less than 20%, 

and, clean when the percentage of fouling index of less than 1%. Selig and Waters 

introduced the fouling index, which is calculated as the sum of the percentages that went 

through the No. 4 and No. 200 sieves. Due to the importance of the size of fine particles in 

lowering drainage capacity, fines that passed the No. 200 filter are accounted for twice in 

this index (Selig 1994). Note that the BFI values are classified as shown in Table 2.2 in 

Subchapter 2.2.4 above measures the level of fouling within the trackbed to a specified 

depth (16 inches) and is empirically calibrated to the Selig Fouling Index 
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indicating track formation ballast condition. In addition, the Fouling Depth Layer (FDL) 

categorizes the level of ballast thickness. Table 2.9 below summarizes the categories used 

for the analysis.  

Table 2:8: Selig Fouling Index ( Selig and Waters 1994) for the Ballast 

 

Table 2:9: Summary of Categories in GPR Report 

 

2.4.3    Weather Data 

Weather stations were installed at Roca, Hickman, Parkville, and Waldron. Soil 

moisture gauges with depth and thermometer were installed at Hickman, Parkville, and 

Waldron; no soil moisture sensors were installed for the sites Roca Control. Precipitation 

was summarized into total precipitation per day, Temperature was summarized into 

average temperature per day, and Soil Moisture at different depths was summarized into 

average soil moisture per day. Due to the limited and missing data provided, the data was 
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not included in the machine learning application in this research. A sample of given 

weather data is provided in table 2.10 below. 

Table 2:10: A Sample of Weather Data 

 

2.5    Consolidation of Data into the Common Database 

The creation of suitable databases is necessary for any comprehensive data analysis. 

To aid in the ensuing analysis, several database design examples are provided. Microsoft 

Excel, Artificial Intelligent (AI) in Python, and Python were used to merge and pre-process 

the data into a single dataset. This is a time-consuming process because of the variety of 

data. Incorrect treatment of data at this stage can lead to problems in data analysis, as the 

quality of the data and the database are critical to any data analysis, from basic to more 

complicated. 

Since 1422 files were received, data file organization and management were a 

crucial part and has followed the steps below: 
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Step 1: Created a database for 1422 excel files which detail breaks per file such as 

unmanned data, manned data, weather data, and GPR data. 

Step 2: Filtered and chose 26 important columns (channels) from 49 columns (49 channels) 

from 1422 files to make use of computer processing that expedited the analysis.  

Step 3: Copied and moved files with needed MilePost to the corresponding MilePost 

Folder. For example, Hickman MP192 and Roca MP 196 would be moved to Folder 

MP192 and MP196, respectively. 

Step 4: Separated files into corresponding subdivisions and sites based on longitude and 

latitude. Note, MilePosts 9,10,11, and 17 contained files in both Creston and St. Joseph 

Subdivision while MilePosts 192 and 196 did not.  

Step 5: Double-checked files separated with the whole database created in step 1  

2.5.1    Geometry Files 

The continuous geometry inspection data that was used in this activity was received 

from an inertial-based track geometry inspection vehicle and was collected on a continuous 

foot-by-foot basis. Measured values for each of the important track geometry channels, 

which characterize the spatial connection of the track structure, are included in the data, 

which is gathered per foot of the track. As a result of the high frequency with which the 

BNSF data was taken (once per month), it is possible to analyze the track quality and 

deterioration over time. In particular, it is crucial to remember that successive inspections 

provide continuous data that must occasionally be aligned longitudinally since the linear 

identifiers (foot count) may be inaccurate for multiple samples. A representative variable 

was selected as the Gage channel, which was barely affected by cyclic loading, and this 
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was used as a benchmark for the alignment of the whole time series data for the multiple 

channels needed in this research. For each inspection date, a single time series dataset of 

Gage data was visually reviewed and aligned following the results of cross-correlation 

which is a common approach for comparing two (or more) data sets in order to discover 

the longitudinal offset (also known as lag) at which two series of data have the most 

comparable properties based on least squares.  

2.5.2    GPR Files 

Raw excel files and digitalized images of Ground Penetrating Radar (GPR) data 

were received from U.S Department of Transportation Federal Railroad Administration. 

The GPR data were aligned in the same manner as prior operations. Since the GPR Data 

was measured every 16.7 ft, the data was split into the foot by foot when applied into a 

matching learning algorithm to match the track geometry data pattern. The Ballast Fouling 

Index (BFI) and Fouling Depth Layer (FDL), which measure BFI, layer thickness, and 

moisture content were determined using three antenna signals: left, center, and right. Note, 

with three antenna signals, left, center, and right, the Ballast Fouling Index (BFI) and 

Fouling Depth Layer (FDL) were measured. 

2.5.3 Data Alignment 

A location reference is necessary when comparing data from several sources. For 

railroad assets, this includes the general division, subdivision, track ID, rail side, and 

milepost. Thus, GPR data may be linked to track geometry data for inspections that 

happened at various periods on the track, i.e., with the same division, subdivision, track 

ID, rail side, and milepost. Multiple track geometry inspection, on the other hand, might 
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be hampered by inaccurate longitudinal alignment owing to a variety of factors including 

GPS faults, human location input offsets, encoder wheel wear, and so on. In particular, 

ATGMS data relies on GPS to precisely track position. Double track territory with near 

track centers might cause the track ID to be mistaken by the inspection car; the inspection 

vehicle thinks it is on a separate track in the same division, subdivision, and milepost. A 

data inversion step is also required to capture data recorded in both directions of travel. 

Figure 2.21 illustrates an example of the as-collected (and as-identified) repeated run track 

geometry data. Note that the numerous runs appear to have a large misalignment. 

 

Figure 2.21: Example of misaligned track geometry data 

Cross-correlation is a standard technique to compare two (or multiple) data sets to 

determine the longitudinal offset (referred to as lag) at which two series of data have the 

most similar attributes based on least squares. This is described in detail in the related study 
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above. Note that this method requires a constant sampling interval. This approach was 

applied to this data set using a multilevel approach as follows: 

¶ Select data base on division, subdivision, track ID, and milepost limits 

¶ Reject data that does not have similar GPS coordinates 

o Reject misidentified division and subdivision 

¶  Align data for 0-N inspections for one mile using cross-correlation 

o Determine lag for each inspection (1-N) with respect to reference run (0) 

¶ Reject data with a low cross-correlation coefficient  

o Reject misidentified track ID 

¶ Align data for 0-N inspections for approximately 500 feet (or length of interest) 

using cross-correlation 

Note that this alignment can be performed on any channel: however for this 

research, the gage channel was used, and the determined lag applied to the remaining 

channels of interest, i.e. profile, cross-level, etc. 

An example of the aligned data after implementing the above process is shown in 

Figure 2.22. The resulting lags that were determined and offset values to shift the data for 

the multiple inspections (June 2018) with respect to the reference inspection are shown in 

Table 2.11. This table shows that data can be off by several hundred feet. The rest of the 

alignment data per site can be found in Appendix A.1. 
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Figure 2.22 : Example of aligned track geometry data (Right Profile 62' chord) 

Table 2:11: Determined Lags For Example Alignment. 
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 Chapter 3 

3. EXPLORATORY DATA ANALYSIS (EDA)  

3.1    Introduction  

A key part of this study was to understand the data that was provided and its general 

stochastic parameters. EDA is a standard data analytics approach that is used to provide 

not only a preliminary assessment of the data and identify any potential relationships within 

the dataset, but also an adequate insight into the data set and its underlying structure (Attoh-

Okine, 2017).  Typical techniques used in EDA include creating histograms, scatterplots, 

Quantile-quantile plots, and box and whisker plots of the data, as well as generating 

summary statistics of the data such as descriptive statistics, data class and structure, and a 

sample of the data head/tail to measure the spread and overall description of a set of data. 

Various aspects of EDA were implemented to understand the Track Geometry and Ground 

Penetrating Radar Data (GPR) (Yurlov 2018). 

The overall approach was to identify potential simple correlation relationships 

between multiple datasets (geometry, GPR) to: 

Å Develop preliminary relationships between track subsurface data and track 

geometry.  

Å Identify potential correlation relationships between geometry defects and 

GPR data.   
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Å Develop rate of change (slope) comparisons between Track Geometry Data 

and GPR 

Å Understand the relationship between the Track Geometry Data and Weather 

Data 

Å Perform Linear Regression and Polynomial Regression for Track Geometry 

Data 

This chapter has been constructed to give the reader information on the EDA 

method, namely its application and implementation. The chapter covers a review of EDA 

and Advanced EDA, as well as all associated subsections, and concludes with a preliminary 

observations section, which includes comments and observations about the EDA analysis. 

Preliminary results are included in the chapter. 

3.2   Exploratory Data Analysis (EDA) for Track Geometry and GPR Overview 

The EDA presented here was performed on data from a major US Class 1 freight 

railroad  (BNSF) that focus on six fouled and clean sites on St. Joseph Subdivision, 

provided by several major Class 1 US Railroad and the FRA. 

The specific focus of the analysis presented was to extend the previously developed 

relationship between ballast condition as defined by GPR and development of track 

geometry defects to the full set of geometry defects over a range of condition 

3.2.1    Data Description 

It is necessary to build a relational database for EDA in particular and data analysis 

in general before any major statistical analyses can be done. Quantiles and interquartile 

ranges, spread/dispersion, and the distribution of data may all be examined and measured 
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through the use of basic statistical procedures. The research quantifies the variability of the 

sample. Additionally, it quantifies central trends, such as mean and median.  

3.2.2    Descriptive Statistics 

The data used in this research can be described using descriptive statistics. 

Descriptive statistics data summarize the sample and the measurements that are 

straightforwardly used in quantitative techniques. It is important to note that descriptive 

statistics may be used in quantitative, qualitative, and mixed-methods research (Creswell, 

2019). To attain a deeper understanding of how descriptive statistics may be used in this 

research, track geometry parameters such as LProf31, LProf62, LProf124, etc., as shown 

in Figure 3.1 from Hickman Site MP 192, St. Joseph Subdivision were chosen and 

calculated in the following section. Note, LProf62 and ClvlRate parameters were the main 

focus of this research. 

 

Figure 3.1: A Sample of Raw Data Before Apply Descriptive Statistics Hickman MP192 

St. Joseph Subdivision 
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3.2.3    Descriptive Statistics and Software Output 

Tables 3.1 and 3.2. below define the descriptive statistics such as min, mean, max, 

standard deviation and quartiles that are calculated based on parameters shown in Figure 

3.1 above. Tables 3.1 and 3.2 are samples of the descriptive statistics for the complete 

dataset, including all inspections compiled as part of this activity. The Table 3.1 represents 

the statistical calculations for the geometry channels such as left and right profiles 

(measured over 31, 62 and 124-foot chord) and left and right track aligments (measured 

over 62-foot chord) while the Table 3.2 represents statistical calculations for track 

geometry channels such as Crosslevel (elevation), ClvlRate, Warp62 (measured over 62-

foot chord), left and right profile space curve and Twist (measured over 31-foot chord). 

Note that descriptive statistics were calculated using Python, an open-source software 

platform for doing basics to complex statistical analyses  

Table 3:1: Descriptive Statistics BNSF St. Joseph Subdivision MP 192 ï 193, Sample 1 

 

Table 3:2: Descriptive Statistics BNSF St. Joseph Subdivision MP 192 ï 193, Sample 2 
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3.2.4    Data Structure and Variable Class 

There must be an analysis of each variable, including its specific type, class, and 

structure. available. Variables that take numbers, either discrete or continuous, are known 

as numerical variables. Categorical variables are those that display a label from a set of 

labels. A specific analysis technique requires knowledge of the kind of variable and data 

collection, for example, the class and the number of variables to be analyzed. Also, the 

kind of variable, whether it is qualitative or quantitative, must be specified. As an example, 

frequency is assessed in a qualitative variable, but central tendency and dispersion are 

recorded in a quantitative variable. 

3.2.4.1 The Head and Tail of Dataset 

To observe and examine the data frame for each of the digital files provided, one 

must open each file and check the number of rows and columns. Due to the number of rows 

per data frame being over a hundred thousand rows, each data frame was examined using 

the head and tail function to obtain the first and last several (or n) rows. This method is 

handy for verifying data quickly after sorting, appending, and filtering rows. As the default, 

the head and tail function when coding in Python results in the first and last five 

observations of each variable, but one can customize and code the number of observations 

to n rows based on their interest and goal. Observations from the head and tail of the dataset 

can be found in tables 3.3 and 3.4 below, respectively. Each variable has its own set of 

data. The tables below were taken from the dataset of Hickman Site, MP 192 on the St. 

Joseph Subdivision.The head and tail of the dataset, in this case, illustrate the perspective 

on the variables such as type, magnitude, scale, and signs of the variableôs observations.  
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Table 3:3: Head of The Dataset 

 

Table 3:4: Tail of The Dataset 

 

3.2.4.2   Use of Visualization Techniques 

As a visual representation of the data, data visualization is described as a graphical 

depiction of the information. Data visualization approaches use visual components such as 

charts, graphs, and maps to make it easier to identify trends, outliers, and patterns in data. 

Our modern world is filled with a plethora of data, which is why data visualization tools 

and technologies are so important in today's era of Big Data. There are several uses for it 

such as weather patterns, medical issues, or mathematical correlations, etcé Visualization 
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may point to relationships and patterns, as well as guide the analyst towards advanced 

analyses techniques, which is the primary purpose of the EDA (Yurlov 2018). The sections 

below present the application of several visualization techniques used in the EDA in this 

activity. The given numeric data is normally distributed which allows for use with machine 

learning algorithms. There are missing data that can cause problems when doing analysis, 

but most of them are resolved through the data preprocessing and data alignment in the 

sections below. 

3.2.4.2.1   Bivariate Visualization 

Bivariable visualization is the simplest method of finding patterns between two 

variables (Yurlov 2018). Figure 3.2 below shows the relationship of two variables of the 

St.Joseph Subdivision dataset for MP 192 to MP 193, Left Profile 62 and Left Profile 

31(from the track geometry car), and the possible correlation between them. A predominant 

increasing linear relationship band appears to exist. 

 

Figure 3.2:  St. Joseph Subdivision MP192; Left Profile 31 and Left Profile 62 

Correlation Plot 

 

 3.2.4.2.2 Multivariate Correlation Plot Visualization 
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In multivariate correlation plots, we examine the correlations between two 

variables after taking into consideration the other values of variables. Figure 3.3 below 

illustrates the graphical relationship between four variables as Lprof62, Lprof124, and 

ClvlRate, and LProf31. The scatter plots on the upper triangle show that there is a 

nonlinear and non-quadratic relationship between these variables. 

Distributions on the diagonal show that all profiles appear to be normally distributed (the 

data is evenly distributed about the center of the data). 

Density Plot and Correlation coefficients on the lower triangle show that there appear to 

be direct correlations relationships between Lprof62, Lprof124, and ClvlRate, particularly 

with Lprof31. Note that, the plot was written and read from left to right and from top to 

bottom.   

 

Figure 3.3:   St.Joseph Subdivision MP192; Multivariate Correlation Plots, Sample 

 



66 

 

3.2.4.2.3 Box and Whisker Plot 

Box and whisker plots, which are included in the EDA analysis, show the form of 

the data distribution, as well as its central value and variability, explicitly. Some 

observations can be classified as outliers due to the high variability of the samples or an 

inspection error. In other terms, an outlier is an observation that is dissimilar to the rest. 

Additionally, an outlier may result in an erroneous interpretation of the data's pattern and 

faulty prediction models. Thus, outliers shed light on the diversity of variables and must 

be analyzed and either discarded or utilized in certain instances from the data. The Box and 

Whisker graphic in Figure 3.4a illustrates the St. Joseph Subdivision MP192, including the 

Geometry inspection findings for three variables, including ClvlRate, Rprof62, and 

LProf62. The remainder of the Box-Plot figures is included in Appendix B.1.2. The box 

plot variables indicate that LProf62 has the greatest spread, whereas ClvlRate has the least 

spread. According to these figures, all of the geometry variables shown are extremely 

spread out, which is characteristic of track geometry. As a result, the outliers will not be 

removed from the analysis but will be included. The same findings have been drawn on 

Ground Penetrating Radar Data shown in Figure 3.4b and Figure 3.4c which indicate that 

Ballast Fould Index (BFI) Center has the greatest spread, whereas Ballast Fouling Index 

(BFI) has the least spread. Similarly, Fouling Depth Layer (FDL) Center has the greatest 

spread, whereas Fouling Depth Layer (FDL) Right has the least spread. 
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(b)  

 

(a)  
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(c)  

Figure 3.4: Box and Whisker Plot for Track Geometry RProf62 (a) and GPR Parameters 

BFI (b) and FDL (c) Subdivision St Joseph 

 

3.2.4.2.4 Histograms 

A histogram depicts the distribution of data in a visual way. However, a histogram 

differs from a bar graph in that it shows the underlying frequency or probability distribution 

of a single continuous numerical variable rather than making comparisons between distinct 

items or categories or displaying trends over time, as a bar graph does. Figure 3.5a, Figure 

3.5b, and Figure 3.5c show profile variables, which appear to be evenly distributed (nearly 

Gaussian) which was a proper assumption for further analysis when applying the machine 

learning technique. According to Yurlov, the fact will be proven or disproved in the QQ 

Plot analysis (Yurlov 2018). 
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                (a)                 (b)  

 

 

 

 

  

 

3.2.4.2.5 Combination of a Histogram and Kernel  

Another approach in visualization technique is a combination of Histogram and 

Kernel Density Estimation (KDE) that creates a useful illustration of the optimally 

smoothed distribution of random variables in the histogram with high bin numbers (Yurlov 

20218). Note that KDE is one of the most popular methods for density estimation. The 

Figure 3.5: Histogram for Profiles LProf62 (a) and RProf62 (b)  

and ClvlRate (c) of Hickman MP192 

 

 

 

MP 192  Subdivision St. Joseph 

                                               (c) 
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following picture shows the KDE and the histogram of the track geometry data that were 

coded in Python. The blue curve is the density curve estimated by the KDE. All the 

variables in the St. Joseph Subdivision MP192-193 inspection data were plotted and are 

presented in Appendix B.1.4. Figures 3.6 a, b, and c present samples plot of this data 

combination. The figures illustrate behavior that appears to be a normal distribution (nearly 

Gaussian). This normal behavior of the variable, as well as the other variables, will be 

examined in the following section.  

 

(a)  

 

(b)  
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(c)  

Figure 3.6: Histogram with Gaussian Kernel for Profiles LProf62 (a) and RProf62 (b) 

 and ClvlRate (c), St. Joseph Subdivision 

 

3.2.4.2.6   Quantile-Quantile (QQ) Plot 

Gaussian Distribution, Uniform Distribution, Exponential Distribution, or even 

Pareto Distribution may all be found by using Q-Q plots to identify the kind of random 

variable's distribution (Varshney, 2020). The Quantile-Quantile (QQ) probability is a 

supplementary graphical approach for EDA (Yurlov 2018). Most of the time, the QQ plots 

show the actual versus theoretical quantiles when considering a Gaussian distribution. 

Figures 3.7 a, b, and c clearly show that LProf62 is not normally distributed, but points 

forming a roughly straight line proved that both sets of quantiles had from the same 

distribution. The rest of the QQ plots for the other variables of the dataset are presented in 

Appendix B.15 
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               (a) 

  

 

(b) 

 

 

 

(c) 

Figure 3.7: Q-Q Plot, St.Joseph Subdivision MP 192 Inspections for 

RProf62 (a), LProf62 (b) and ClvlRate (c), Sample 
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3.3 Applied EDA Techniques 

EDA involves analyzing and summarizing the data set from several perspectives. 

The intent is to expose the hidden features of the data, mainly when visualizing 

multivariable high-dimensional data (Yurlov 2018). The EDA techniques include the 

following: 

Å Frequency Multivariable Analysis. 

Å Advanced graphics to include: 

ỏ Three signals in one 2D figure. 

ỏ Linear Regression Plots for multiple parameters in one 2D figure 

ỏ Plot with the linear and parabolic regression models 

ỏ Three signals with multiple y-axes in one 2D figure 

Track Quality Index (TQI) analyses and visualization were used in this subchapter 

to describe the variables. As previously stated, the purpose of data exploration is to 

discover links between datasets as well as relationships within a dataset when additional 

factors such as time are considered. Preprocessing of the data is frequently necessary. For 

the research presented here, track geometry data preprocessing entailed deriving two extra 

parameters from the data based on a subset (or window of around 300') of the data for each 

inspection such as Track Quality Index (TQI) and Peak Value. 

3.3.1    Analysis of Track Geometry Data 

  It is important to construct a forecasting model based on the rate of deterioration of 

the stated geometrical parameters (profile, cross-level, etc.) to develop maintenance plans. 
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In most cases, this deterioration rate is set for discrete sections of track, which are typically 

between 100 and 1000 feet in length. The rate of degradation across the defined segment 

must be examined using a discrete value, which may be obtained by defining a consolidated 

geometry parameter over the segment length. The Track Quality Index (TQI) is a metric 

based on the standard deviation of a geometry parameter across the length of a segment.  

  According to Yurlov the standard deviation of the profile (surface) is widely 

employed to characterize or define the condition of the track segment at any point in time. 

As a result of this standard deviation throughout the segment length, any specific 

significant defects or local peaks that represent just a portion of the overall segment length 

are dilute or "washed away" by taking the standard deviation over the full segment length. 

The TQI is an excellent measure of the overall ride quality of the section when the purpose 

is to evaluate ride quality. In contrast, the averaging effect is undesirable if it is designed 

to reflect an actionable maintenance criterion, such as a departure from a maintenance or 

safety norm (Zarembski et al., 2021). 

  Hence, a "Peak" value in a segment was also specified, which is defined as the 

absolute minimum (for profile) or greatest (for crosslevel) value inside the complete 

defined segment. According to the railroad study's maintenance choices, peak values are a 

reliable predictor of degradation rate and vertical deflection over time for a given segment 

(Zarembski et al., 2021). 

Track Quality Index (TQI) is calculated as the standard deviation of all 

measurements taken inside the inspection window (300ô) for each inspection. This 

preprocessing was carried out on the Hickman Site for 18 inspections between August 2017 
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and January 2019. (MP 192). Within this period range, 18 of the 1373 inspection files were 

classified as happening at this location. Based on the reference inspection (2018/06/14), 

the inspection files were reindexed and aligned. For each channel, the TQI was computed 

and the peaks were found using the code snippet in Figures 3.8 and 3.9. The first black line 

of codes in these pictures starts with reading multiple CSV files while removing the lines 

in files out of the common format. The second black line of code is set with the 300 ft range 

(300ô window) and the next black lines are the standard deviation calculations for 

parameters as shown in Figure 3.8 and peak values (min and max) calculations for 

parameters as shown in Figure 3.9. The blue lines of code do not used since they are just 

notes. 

 

Figure 3.8: TQI determination code snippet 

 

Figure 3.9: Peak Determination Code Snippet 
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In this research, peaks are defined as the local maxima and minima within the window (300 

ft) for each inspection and relate to the extreme measurement, e.g. largest dip in track 

profile14 

 

 
14 It should be noted that a dip in the trackôs running surface is measured essentially as a basin in the space 

curve data. When applying a chord based measurement to this space curve data, a positive value exists as 

the chord enter the basin, followed by a negative value as the chord is within or straddles the basin, finally 

followed by a positive value as the chord exits the basin. This well defined signature within the data 

describes local dips in the track and the depth and length of this signature is related to the severity of the 

dip. 

Figure 3.10: TQI Over Time for Track Geometry Data   

St.Joseph Subdivision Hickman 192 
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Several observations can quickly be made from figure 3.10 and 3.11 as follows: 

¶ Hickman site had maintenance event after October 15, 2017 

¶ This can be inferred since the standard deviation of each measurement 

channel taken during the next inspection of November 2017 showed a 

pronounced decrease   

¶ Profiles show a consistent increase after a maintenance event 

¶ Standard deviation value changes as a function of the measurement (as defined by 

chord length used; e.g. SD of Lprof 124 is greater than SD of Lprof 62, etc.)  

Figure 3.11: Peaks Over Time for Track Geometry Data St.Joseph 

Subdivision Hickman 192 
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¶ Left and Right profiles show similar behavior for all standard deviation values. 

Note this is consistent with little variation in cross-level, as left and right profiles 

are in phase. 

3.3.2    Time Series Degradation Plots by Site (Slopes Plots for Track Geometry Data) 

Considering the right rail, (right profile 62ô chord), the TQI and peak values were 

plotted and fit with curves using linear and polynomial regression to determine rate values; 

this is shown in figures 3.12 a and 3.12 b below. It can be seen from this figure that the 

degradation is very linear (note that the polynomial fit shows little variation in the time 

window compared to the linear fit). Note that the slope plots of different sites can be found 

in Appendix B.2.2 

TQI deterioration after maintenance (0.11 in/6-Months) is less than half of the rate 

before maintenance (0.25 in/6-Months). Undercutting rather than tamping might be the 

reason for the improvement in the track support condition. The peak degradation data 

shows a similar pattern of behavior.  

Considering the control site that is near the fouled site, Figure 3.13 shows the time 

series degradation plot for TQI. Several observations from this figure are as follows: 

¶ Hickman control appears to have experienced maintenance activity after 

March 04, 2018 

¶ The standard deviation of each measurement channel taken during the next 

inspection of April 08, 2018, showed a decrease.  

¶ Profiles show a consistent increase after the maintenance event. 
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¶ Standard deviation value changes as a function of the measurement (as 

defined by chord length used; e.g. SD of Lprof 124 is greater than SD of Lprof 62, 

etc. )  

¶ Left and Right profiles show similar behavior for all standard deviation 

values. 

 

 
(a)  
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(b) 

Figure 3.12: Degradation curve fits for right profile 62' chord for  

TQI (a) and Peak (b) Hickman (fouled) 

 

 

                           Figure 3.13: Time Series Degradation Plot For Hickman (control) 
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Furthermore, there is a deterioration curve fit for the control site displayed in Figure 3.14. 

Prior to and during maintenance, the deterioration rate of the control site remains the same. 

Deterioration of peak data demonstrates that the fouled site has more degradation than its 

nearby non-fouled neighbor, even though both sites were subject to comparable traffic 

loads. The fouled location degraded at a pace 2ï4 times faster than the non-fouled site. A 

summary of the degradation rates for the fouled/control sites, before/after maintenance is 

presented in Table 3.5. 

 

(a)  
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(b) 

Figure 3.14: Degradation curve fits for right profile 62' chord for Hickman (control) 

For TQI (a) and Peak (b) 

Table 3:5: Summary of Degradation Rates 

 

Appendix B.2.2 contains degradation plots for each site, along with observations 

based on the graphical representation of the preprocessed data. 
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3.3.3    TQI  and Peak Plots for Slopes Comparison Between Track Geometry and 

GPR Data 

Figures 3.15a and 3.15b show the TQI and Peaks Degradation for the Hickman fouled site, 

together with GPR inspection results. Note that only two measurements of GPR data were 

conducted and represent the endpoints of the GPR lines in the plot. The GPR data included 

in the plots is Ballast Fouling Index (BFI) right and center15, as well as the Fouling Depth 

Layer (FDL). For each of these GPR metrics, the minimum, maximum, and average values 

are plotted16. The observations can be made from Figures 3.15a and 3.15b are: 

Å Linear Regression was used to calculate the slope of TQI (Standard Deviation) 

shown in dark blue 

Å Two measurement points used to calculate slopes for GPR data (11/2017 & 

06/2018) 

Å Decrease in Slope of FDL corresponds to increase in Standard Deviation of Right 

Profile 

Å Increasing in Slope of BFI corresponds to increase in Standard Deviation of Right 

Profile 

 
15 Note that since the degradation plots are for right profile, left ballast fouling index is excluded as it 

should have little to no effect on the right rail geometry. 
16 It is important to note that track geometry has a measurement every foot, while GPR data is every 16.7ô. 
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Å Decreasing in Right Fouling Depth Layer (FDL_right), increasing in Right Profile 

Defect (RProf62) 

Å Increasing in Ballast Fouling Index right and center, increasing in Right Profile 

Defect (RProf62) 

Å BFI right is more significant than the BFI center when compared to profile defects. 

In terms of comparing profile defects, the BFI right is more significant than the center.  

In summary, as the Ballast Fouling Index (BFI) increases, the track geometry defect 

increases, and as the Fouling Depth Layer (FDL) decreases, the track geometry defect 

increases.  

 

(a) 
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(b) 

Figure 3.15: Slopes Comparison between Track Geometry Data 

         and GPR Data for TQIs (a) and Peak (b) 

 

    Table 3:6: Summary of Control and Fouled Hickman Site St. Joseph Subdivision 

 

Considering Table 3.6 additional observations include that GPR FDL layers in 

Fouled Site are smaller than FDL layer in Control Site (Indicates smaller clean ballast 

layer) while GPR BFI in Fouled Site higher than BFI in Control Site (indicates a higher 

level of fouling). 
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A summary of the results according to the EDA analysis presented above is 

presented for all six sites in Table 3.7. It shows that most of the fouling sites that 

symbolized as (F) and have average BFI center values range from 13.6 (moderately fouled) 

to 36 (highly fouled) while controlling sites such as Roca (C) (MP 196.09 ï 196.15) and 

Hickman (C) (MP 192.753 ï 192.625) have the average BFI center values range from 5.6 

(moderately clean) to 10 (moderately clean). Additionally, fouling sites have the average 

FDL center values ranging from 3.75 (very poor) inches to 8.58 inches (poor), while the 

controlling sites have the average FDL center values from 10 inches (good) to 12.21 inches 

(good). Note that the rate of degradation (slope) in the Roca (fouled) site is more severe or 

increases rapidly compared to other sites when looking at the slopes RProf62 Peak for Roca 

(fouled) site. This site shows the RProf62 Peak rate of degradation -1.09 inches/year (from 

12/2018 ï 01/2019). The slopes represent the correct behavior in this site since there is 

evidence of developing mud spots around instrumented location MP 196.28 to higher 

milepost locations up to MP196.45. 
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Table 3:7: Summary of six sites17 

 

 

 

 

 
17  (F) indicates the fouling site while (C) indicates the control sites 
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3.3.4    Comparison Between Track Geometry and Weather Data 

Weather data, including soil moisture, average temperature, and amount of 

precipitation was also incorporated with the TQI degradation data as shown in 3.16. The 

rest of the other plots for six sites are shown in Appendix B.2.3. Observations made from 

this EDA show that there is a lack of correlation in the relationship between linear 

downward Track Geometry Data trend and nonlinear Temperature Data trend. Note, the 

freeze/thaw does not appear to increase right profile 62 track geometry. Short-term 

increases in soil moisture do appear to have a latent effect on an increase as in profile 62, 

as shown in a time frame from 01/2018 to 04/2018. There are few data points in this time 

frame for both Track Geometry Data and Soil Moisture Data, so there is not enough 

information to verify correlations in this case. If the Track Geometry Data were collected 

per day, there would be an opportunity to verify the relationship between them. 

Furthermore, the Rainfall does not appear to correlate with increased profile 62 since 

rainfall keeps moving up and down throughout the year. Further analysis of this data will 

not take place in the analysis portion of this research activity due to the limit of data 

provided in applying machine learning. Machine learning cannot be applied when the 

Weather Data is collected every day while the GPR Data is collected every 6 months within 

6 sites. Furthermore, there is no correlation between Track Geometry Data and Weather 

Data as mentioned above. 
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Figure 3.16: Track Geometry Rate of Degradation Rprof62 Versus Weather Data 
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   Chapter 4 

4. MULTIVARIATE LINEAR REGRESSION  

4.1    Introduction  

The encompassing purpose of this research was to create a machine learning model 

that would predict the rate of degradation over 6 major test sites, encompassing four 

extensive study zones in the mid-west United States on a major US Class 1 railroad. The 

previous step, EDA, showed some potential correlation relationships between the 

parameters of the different inspections. For this analysis, the Multivariate Linear 

Regression (MLR) analysis focused on the Rate of Degradations (Profiles) and GPR data 

inspections parameters. MLR helps us to understand the relationships among variables 

present in the dataset. This will further help in understanding the correlation between 

dependent and independent variables. 

4.1.1    Introduction to Multivariate Simple Linear Regression 

Linear Regression analysis is a statistical method that allows the user to examine 

the relationship between two or more variables of interest. A simple form of the linear 

regression equation, with one dependent variable Y, and one independent variable X, is 

defined by the formula: 

                                             Y = ɓ0 + ɓ1X + Ů                                                         4.1 

where;  
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Y = dependent variable,  

ɓ  = are the weights (or model parameters), where;  

ɓ0 = intercept,  

ɓ1 = slope coefficient (indicating the change of Y on avgerage when X increases by 1 

unit),  

X = independent variable 

Ů = is an error term representing random sampling noise (or the effect of the variables not 

included in the model).  

4.1.2    Introduction to Multivariate Linear Regression  

The Multivariate Linear Regression Approach is quite similar to the simple linear 

regression model we have discussed previously, but with multiple independent variables 

contributing to the dependent variable and hence multiple coefficients to determine and 

complex computation due to the added variables. Jumping straight into the equation of 

multivariate linear regression, 

                                 Yn=Ŭ+ɓ1X1+ ɓ2X2+é+ ɓnXn                          4.2 

X1, X2,é, Xn: independent variable 

ɓ1, ɓ 2,é, ɓ n: Slope Coefficients 

Ŭ: the intercept 

n: the number of observations.  
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4.1.3    Interpretation of Multivariate Linear Regression Model Figures  

4.1.3.1 Akaike Information Criterion  (AIC)   

When using regression models such as the Logistic Regression and Linear 

Regression, the Akaike Information Criterion (AIC) is a well-established measure for 

evaluating the effectiveness of a statistical model. It is possible to utilize the AIC metric 

for model selection since it compares the adequacy of the estimated model as presented by 

(Akaike 1974). To meet either of these requirements, the estimated model must have a 

likelihood function L with a maximum value. Note that an AIC of zero shows no loss of 

information whereas a positive AIC indicates that some information has been lost and a 

negative AIC value indicates less information loss than a positive AIC.  

The following is a definition of the AIC: 

The AIC is defined as: 

ὃὍὅ = ī2 Ā ὰέὫ ὒὭ + 2 Ā ὠὭ                                                         4.3  

Where: 

V - free parameters to maximize the probability that the candidate model has 

generated the observed data. 

L - the maximum likelihood for the candidate model i. 

4.1.3.2 Root Mean Square Error (RMSE) 

The standard deviation of the residuals is represented by the root mean square error 

(RMSE) (prediction errors), and the RMSE is an indicator of how spread-out these data 

points are. In other words, it informs the user how close the data is to the best fit  line. A 

residual is simply the error between a predicted value and the actual value. In forecasting, 
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and regression analysis, the root mean square error is frequently employed to check the 

accuracy of predicted or machine learning models ( Glen 2020). 

                      RMSE  = 
В ◐░ ◐░
╝
░

╝
                      4.4 

Where: 

RMSE - Root Mean Square Error 

N ï sample size. 

i ï variabale i 

yi ï actual observation 

ώ ï predicted ( estimated) observation 

4.2    Multivariate Linear Regression Models Results  

4.2.1    Data Preparation and Calculation of Linear Regression 

This activity is based on an extensive collection of track geometry and GPR data 

collected over a two-year period on a large US Class 1 railroad site in the Midwest. Data 

from the manned Track Geometry Inspection Vehicle of the Federal Railroad 

Administration (FRA), measurements from the Automated Track Geometry Measurement 

System (ATGMS), and ground penetrating radar (GPR) data from the manned Track 

Geometry Inspection Vehicle are all included here. Pre-existing test sites in and around the 

Lincoln, Nebraska, and Kansas City, Missouri areas were used to collect the data. As noted 

previously, from August 2017 to January 2019, a total of 1373 inspection files on two 

railroad subdivisions were compiled, resulting in 18 inspection runs for the identified test 

zones. similarly, 17 inspection files from two separate inspection runs were included in the 
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GPR data (Stark 2019) but only resulted in 2 inspection runs for the designated test zones. 

Each of the research zones was expanded to a length of 2600 to 2904 feet. In order to 

perform this analysis, the TQI and peak calculation segment lengths  were cut down to 45 

to 65 feet in length. As a consequence, 285 segments were originally identified within the 

four zones,  which ranged in length from 2640 to 2904 feet, for a total length of 11,088 

feet. As shown in Table 4.1, the total number of study sites was decreased to 125 analysis 

segments due to the presence of "unrealistic" track geometry values (i.e. geometry 

condition "improved" with time but without maintenance) and/or maintenance actions that 

were not clearly defined. 

Table 4:1: Expanded Analysis Segments 

Zone  Number of analysis segments 

(filtered) 

Parkville MP9 (2904 feet) 20 

Waldron MP17 (2904 feet) 36 

Hickman MP192 (2640 feet) 31 

Roca MP196 (2640 feet) 38 

Total (11,088 feet) 125 

 

  For the test sites in Parkville, Roca, Waldron, and Hickman, the rate of profile 

degradation for the Peak (minimum) profile as a function of the GPR data (BFI and FDL) 

is represented in Figure 4.1. If we consider the horizontal axis as the length of the track and 

the vertical axis as the slope of the peak degradation curve over time, it can be seen that in 

segments where the Ballast Fouling Index (BFI) rises or the Fouling Depth Layer (FDL) 
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decreases, there is an increase in the rate of peak degradation. There are well-defined 

elevated rates of profile or surface deterioration in clearly defined portions with poor ballast 

conditions in all four zones. Track sections with low BFI values or high FDL, i.e. ballast 

that is in good condition, have lower rates of profile degradation. 

 

(a) Parkville Zone 

 

(b) Roca Zone 
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(c) Waldron Zone 

 

(d) Hickman Zone 

Figure 4.1: Rate of Peak Degradation vs. GPR Parameters for Extended Zones 

          Parkville (a), Roca (b), Waldron (c) and Hickman (d) 
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4.2.2.1 Multivariate Linear Regression Model 4.1 and 4.2 Results and Interpretation 

Using multivariate linear regression analysis, the following equations were derived 

for the Rate of Degradation for the Left and Right rail profiles separately (ROD). It is 

important to note that the GPR unit utilized in these tests has three independent antennae; 

the Left, Center, and Right antenna. Modeling left profile decomposition is done as a 

function of the Left and Center Ballast Fouling Index (BFI) and the Center Fouling Depth 

Layer (FDL). Right profile deterioration is also modeled as a function of the Right and 

Center Ballast Fouling Index (BFI) and the Center Fouling Depth Layer (FDL) 

Rate of Degradation(LProf62_Peak) = -0.036 *BFI_LEFT ï 0.097 *BFI_CENTRAL + 

0.177*FDL_CENTRAL - 0.16                    4.5 

Rate of Degradation(RProf62_Peak) = - 0.0118*BFI_CENTRAL  - 0.08*BFI_RIGHT + 

0.104 *FDL_CENTRAL - 0.0996       4.6 

Figure 4.2 illustrates the final behavior of the MLR model. In all parameters, the 

rate of Profile deterioration increases as the Ballast Fouling Index (BFI) rises (the ballast 

becomes more fouled). As the Fouling Depth Layer falls, so does the rate of profile 

degradation for both parameters (smaller clean ballast layer). This figure shows that the 

influence of BFI Right to Rate of Degradation for RProf62 is larger than the influence of 

BFI Left to the Rate of Degradation for LProf62 while keeping the BFI Central constant.  

In addition, equation 4.6 shows that the BFI Right has more impact on the Rate of 

Degradation than BFI Central, and equation 4.5 shows that BFI Central has more impact 

on the rate of degradation than BFI Left.  
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  Likewise, the influence of FDL Central on the Rate of Degradation for RProf62 is 

more significant than the Rate of Degradation for LProf62. Furthermore, equations 4.5 and 

4.6 show that the Fouling Depth Layer (FDL) parameter is more significant than (BFI) 

parameter. This is also confirmed in the combined equation 4.7 below.  

 

(a)  

(b)  

Figure 4.2: Rate Of Degradation (ROD) Profile (peak) vs. Ground Penetrating Radar  

(GPR) Parameters BFI (a) and FDL (b) 
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4.2.2.2 Multivariate Linear Regression Model 4.3 Results and Interpretation 

  Combining the Left and Right ROD Peak data points, using an average18 of BFI 

and FDL values, results in a single equation for Peak Rate Of Degradation (ROD) as 

follows: 

ROD(Prof62_Peaks) = -0.078*BFI AVERAGE + 0.1956*FDL AVERAGE - 0.18        4.7 

  The resulting model behavior is presented in Figure 4.3 below. As with the 

individual Left and Right equations, this combined data set shows a similar pattern of 

profile deterioration increasing in rate as the Ballast Fouling Index (BFI) increases 

(becoming more severe or more negative) (the ballast becomes more fouled). As the 

Fouling Depth Layer drops, the rate of profile deterioration rises (smaller clean ballast 

layer). The combined model in equation 4.7 shows that there are stronger effects of BFI 

Average and FDL Average on the Rate of Degradation compared to models in equations 

4.5 and 4.6.  

 

(a)  

 
18 For Left Profile ROD peak data points, average of BFI Left and BFI center and FDL Left and FDL center 

was used. For Right Profile ROD peak data points, average of BFI Right and BFI center and FDL Right 

and FDL center was used.  This gave a total of 250 data points for the regression analysis 
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(b)  

Figure 4.3: Rate of Degradation (ROD) Profile (peak) vs. Ground Penetrating Radar 

(GPR) Parameters) BFI (a) and FDL (b), combined data set 

In order to test the validity of the models, several observations can be made from 

Multivariate Linear Regression Results Output which can be found in Figure 4.4 and Table 

4.2 as follow. The rest of the MLR model outputs can be found in Appendix C. 

Å Expected results are intuitive  

- All models have low AIC values, but the combined model is preferred over 

another model since it has the lowest AIC value of -484.2. Note that the 

absolute value of the AIC value does not matter. 

- In terms of accuracy as Model 4.3 has the least RMSE value as shown in 

Table 4.2 below, so it outperforms other models 

- Rate of degradation increases as a function of increasing BFI 

Å BFI right more significant than BFI center 

- The rate of degradation decreases with increasing Ballast Thickness (FDL 

right) 
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- Results are not random 

Å The lower p-value (p = 0 < 0.05) and a higher t-value (t = 4.56 > 2) suggest that 

FDL Average is a very significant variable in predicting the rate of degradation 

while BFI Average in this model seems to be insignificant with (p = 0.09 > 0.05). 

This appears to be counter-intuitive and maybe suggests a need for additional 

analysis. Thus, due to the limitation of this approach, the other machine learning 

algorithm such as Logistic Regression and Bayesian Linear Regression has been 

employed in the following sections. 

Table 4:2: Root Mean Square Errors for Each Model 

Models RMSE 

MLR 4.1 0.065 

MLR 4.2 0.058 

MLR 4.3 0.048 

Å  

Å  

Figure 4.4: Multivariate Linear Regression Model 4.3 Result 
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4.3 Summary of Multivariate Linear Regression (MLR) Model 

On a major US Class 1 railroad, six significant test sites were studied, comprising 

four vast research zones in the midwest United States. Ballast conditions ranged from clean 

and well-defined layers to fouled ballast with low depths of clean, well-draining ballast 

considered in this study. More than two years' worth of tracking of the track geometry 

parameters were performed on an almost biweekly basis. GPR measurements were also 

carried out on the railway during this period (Zarembski et at., 2021). 

Using Multivariate Linear Regression (MLR) approach, a correlation between 

severe geometry deterioration and GPR-measured ballast metrics such as Ballast Fouling 

Index and Fouling Depth Layer was established through models 4.1, 4.2 and 4.3. Model 

4.3 is chosen to be the best model since it outperforms models 4.1 and 4.2 in terms of 

having the Root Mean Square Error of 0.048 which is less than 0.058 and 0.065. 

Equation 4.7 and statistical validation of the model 4.3 show that there is a strong 

correlation between degradation rates and subsurface conditions such as Fouling Depth 

Layer (FDL) and Ballast Fouling Index (BFI), but BFI is to be considered less significant 

based on the validation output of the model, while FDL is a strong influence to the rates of 

degradation. To sum up, track with good ballast condition, i.e. with low BFI values or high 

FDL values, i.e., have lower rates of profile degradation, thus taking longer for the track to 

degrade. 
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Chapter 5 

5. LOGISTIC REGRESSION (LR) ANALYSIS  

5.1    Introduction  

The underlying goal of this portion of the research was to create a machine learning 

model that would predict the probability that a given site within 300 feet will exhibit poor 

performance, based on a certain threshold. The previous step, EDA, showed some potential 

correlation relationships between the parameters of the different inspections. The logistic 

regression (LR) analysis approach is a follow-on analysis to the EDA performed in Chapter 

4. The Logistic Regression analysis focused on the Track Geometry (profile) and GPR data 

inspections parameters that emerged from the EDA analysis. Logistic Regression is 

considered a useful technique to develop a probability relationship between an independent 

variable, in this case, track profile, and multiple dependent variables, in this case, GPR 

measured values 

5.1.1    Logistic Regression Analysis Method 

Logistic regression is a popular approach in statistics, data science, and 

engineering. It is frequently used to categorize data into one of two populations and applies 

to both discrete and continuous variables. A discrete variable is often referred to as a binary 

classification variable. Pass or fail, defect or correctness, and yes or no are some examples. 

Continuous variables, on the other hand, have an unlimited number of observed values and 

are utilized 
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in logistic regression to predict the value of a discrete variable. In other words, when the 

dependent variable is dichotomous, logistic regression is the proper regression strategy to 

use (binary). Logistic Regression, like other regression studies, is a predictive analysis. 

Logistic regression is a data analysis technique that is used to define and explain the 

connection between one dependent binary variable and one or more nominal, ordinal, 

interval, or ratio-level independent variables. (Afifi et. al., 2012). The basic form of the 

logistic regression function is: 

ὴὼ  
ᶻ ᶻ ȣȢȢ ᶻ

ᶻ ᶻ ȣȢȢ ᶻ                           5.1 

Where   

PZ = probability of occurrence   

e = 2.71828 (mathematical constant)   

Ŭ = logistic regression constant  

ɓn = logistic regression coefficients   

Xn = independent variables 

5.1.2    Database and Calculation of Logistic Regression 

The most important aspect of creating a model is selecting the right collection of 

parameters that may be related to the model's properties. As a result, the creation of training 

datasets is an essential step before constructing the statistical application method. The first 

dataset preprocessing steps includes loading inspection data files into Python. Based on a 

knowledge of the tracking behavior and the findings of the EDA, the second step is to 

choose particular characteristics from each inspection and time series that are of interest. 
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Preprocessing procedures such as aligning the inspections time series, cleaning data files, 

and exporting them into the analytic program can be used to build new linked dataframes19. 

Note that the October 2017 track geometry run sample was chosen out of 18 inspection 

runs in Hickman site as a sample for this analysis because it was a "worst case" profile 

condition that has the lowest peak value and the highest SD (standard deviation) value 

determined during the EDA. Furthermore, June 2018, December 02, 2018, and December 

07 track geometry runs were chosen for worst-case profiles in Roca, Parkville, and 

Waldron Sites respectively. Track Geometry from November 2017 and the GPR data from 

FRA Trackbed Inspection Report were the two main data sets used for Logistic Regression 

analysis. The Track Geometry data was represented in Figure 5.1 below while the GPR 

data representation can be found in Chapter 2.4.2.  

 

Figure 5.1:  Right Profile Measurement (62 ft chord) Hickman MP 192 

                                                      (Inspection from 10/2017) 

 
19 Python was used as the analysis software 
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Note, the track geometry data is recorded on foot by foot basis. In order to use the 

profile data as part of the LR process, the profile defects are defined as defect values that 

exceed a pre-defined threshold, which usually varies with speed and type of traffic (e.g., 

passenger or freight) (Yurlov 2018). The "worst" scenario profile measurement sample of 

the Hickman Site in Figure 5.1 was used to designate a "defect" in the analysis reported in 

this part, where the profile value of RProf62 exceeded 0.4 inches (see Table 5.1). A margin 

number for the RProf62 conversion was determined by defining the absolute value of 

RProf62 since the dependant variable in a Logistic Regression model must be categorical, 

i.e. binary. 

Table 5:1: Defect Definition by Absolute RPRrof62 Value 

Criteria with Threshold Interpretation or 

Conclusion 

Value Represent in Dataset 

>0.4 Defect 1 

Ò0.4 No Defect 0 

 

5.1.4    ROC Curve for Logistic Regression Model Validation 

A Receiver Operating Characteristic (ROC) curve that has diagnostic capabilities 

of the binary classifier system as its discrimination threshold is adjusted in a graphical 

representation. Accompanying AUC analysis is one of the validation procedures utilized 

in this study, which examines how near the ROC curve is to the figure's upper left corner. 

This also results in a larger AUC, which means that the model is more accurate. Straight 

45-degree lines in ROC plots represent AUC of 0.5, which means that a coin toss has the 
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same accuracy of prediction as a ROC plot with the straight 45-degree AUC line (Yurlov 

2018). 

The reliabilty of the test may be gauged by looking at the test's area under the curve, 

which can range from 0 to 1. Unreliable tests have AUCs less than or equal to 0.5, whereas 

accurate tests have AUCs of 1.0. According to Table 5.2, AUC and diagnostic accuracy 

are related in a similar way (Simudíc 2209). 

Table 5:2: Relationship Between AUC of ROC and Diagnostic Accuracy 

(Simudíc 2209) (Yurlov 2018) 

Area Diagnostic 

Accuracy 

0.9 ï 1.0 excellent 

0.8 ï 0.9 Very good 

0.7 ï 0.8 good 

0.6 ï 0.7 sufficient 

0.5 ï 0.6 bad 

< 0.5 test not useful 

 

Figure 5.2: ROC Curve Interpretation (Simudíc 2009) ( Yurlov 2018) 
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Using the "Confusion Matrix" approach, the validation procedure works as follows: 

Models are initially built using the complete training dataset, which is subsequently divided 

up into smaller sections. Finally, the model is applied to the datasets that have been 

partitioned. Finally, a 2x2 matrix is formed by comparing expected and actual observations. 

As shown in Figure 4.4, the resultant table displays the number of right and wrong 

predictions made using the reference data. (Simudíc 2209) (Yurlov 2018). 

Table 5:3: Confusion-Matrix Validation Example (Yurlov 2018) 

Reference 

Predicted Event No Event 

Event A B 

No Event C D 

 

5.1.5    Positive Predictive Value (PPV) and Negative Predictive Value (NPV) for  

Logistic Regression Models Behavior Comparison 

The Positive Predictive Value (PPV) and the Negative Predictive Value (NPV)  

both describe the prediction behavior of the models. This is due to the fact that the 

calculations are being completed using the validation process data of the Confusion Matrix 

The PPV and NPV present statistics and diagnostic tests of the models (Yurlov 2018). 

Equations 5.2 to 5.5 below define PPV and NPV, as well as their calculations and 

their differences between the compared models.  

  Positive Predictive Value (PPV) = 
В   

В   
                      5.2 

æPPV = PPVὓέὨὩὰ 1 ī PPVὓέὨὩὰ 2            5.3 
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            Negative Predictive Value (PPV) = 
В   

В   
                    5.4 

æNPV = NPVὓέὨὩὰ 1 ī NPVὓέὨὩὰ 2                   5.5 

 

5.2    Logistic Regression Models Results 

This activity is based on an advanced approach that includes analytics in the form 

of logistic regression to develop relationships within multiple data sets. Logistic 

Regression model is included herein to provide a direct comparison to the previous research 

(Yurlov 2018), before further inclusion of additional data, and application of more 

advanced analytic approaches. An awareness and study of railroad track engineering 

influenced the selection of the variables utilized in the model in addition to the EDA 

findings. 

When more than one explanatory variable is present, odds ratios can be calculated 

using logistic regression. The approach is quite similar to multiple linear regression, except 

that a response variable is a binomial number (Sperandei 2014). In this way it can be 

observed how each variable affects the chance of seeing a certain outcome. The key benefit 

is the elimination of confounding effects by a comprehensive examination of the 

relationships between all variables (Sperandei 2014). 

5.2.1    Logistic Regression Model P(abs(Rprof62)>0.4 = f (BFI R, BFI C, FDL R) 

This section illustrates the complete application of the Logistic Regression 

approach to track geometry and GPR data collected from sites in St. Joseph Subdivision 

Class 1 BNSF freight railroad such as Hickman Site, MP 192.5 to 193, Roca Site, MP 196 

to 196.5, Parkville, MP9.6 to MP10.10 and Waldron Site, MP16.95 to MP 17.45. The 
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metrics included in the GPR inspection data were the Ballast Fouling Index (BFI) Center 

and Right, as well as the Fouling Depth Layer (FDL) Right. The analysis consisted of the 

following six parts: 

1. Data preparation. 

2. Logistic Regression model results and interpretation. 

3. Logistic Regression model results: Receiver Operating Characteristics (ROC) curve 

4. Logistic Regression model results: Confusion Statistic 

5. Model sensitivity analysis. 

6. Model validation. 

5.2.1.1    Data Preparation 

From August 2017 to January 2019, a total of 1373 inspection files on two railroad 

subdivisions such as St.Joseph and Creston were compiled, resulting in 18 inspection runs. 

In all, 17 inspection files from two separate inspection runs were included in the GPR data 

(Stark 2019). The analysis used the ñworst caseò track geometry RProf62 (the Right Profile 

measured over a 62-foot chord from the track geometry inspection data) as mentioned in 

section 5.1.2. The final independent variable parameters selected from the GPR inspection 

data were; BFI Center (BFI C), BFI Right (BFI R) and FDL Right (FDL R) which does not 

only show the strong correlations to track geometry data but also used from previous 

research. By matching mileposts and taking into account varied data sampling rates, a 

common dataset used in logistic regression was created. 

As previously stated, the GPR data was received as an image file and was manually 

digitalized for examination. The BFI and FDL data were sampled at a rate of 16.7 feet for 
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each measurement, so each needed to be split into a foot by foot measurement  

corresponding to foot by foot data measurement from track geometry data. This is an 

important step in setting up the Logistic Regression since missing values can cause the 

model to behave improperly. 

As shown in the Logistic Regression Model graphical formula Equation 5.6 below, 

the resultant Logistic Regression model is for the probability that the RProf62 exceeded a 

value of 0.4 inches ("defect threshold") as a function of BFI C and BFI R and FDL R. 

5.2.1.2   Logistic Regression Model Results and Interpretation 

As noted, Logistic regression is a binary classification algorithm that develops a 

probabilistic relationship of a binary event as a function of one or more independent 

variables. This analysis defined the probabilistic binary event (dependent variable), and 

independent variables, as follows: 

¶ Probabilistic binary event (dependent variable) 

o Right profile 62 

Á 1 if Right Profile 62 Ó 0.4ò 

Á 0 if Right Profile 62 < 0.4ò 

¶ Independent variables 

o BFI Right, BFI Center, FDL Right 

Thus, for the data within the fouled Hickman site, a relationship is sought according to the 

following relationship: 

          P(abs(RProf62) > .4) = f[BFIcenter,BFIright,FDLright]         5.6 
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Utilizing the data and the conditions defined above results in the following logistic equation 

which returns the probability of a Right Profile 62 measurement being greater than 0.4ò: 

 Pgeometry = 
ÅςȢττ  πȢπυτz"&)ÃÅÎÔÅÒ πȢτχφz"&)ÒÉÇÈÔ ɀ πȢψφz &$,ÒÉÇÈÔ

ρ ÅςȢττ  πȢπυτz"&)ÃÅÎÔÅÒ πȢτχφz"&)ÉÇÈÔ ɀ πȢψφz &$,ÒÉÇÈÔ  
          5.7 

The particulars of the analytic results are shown in Table 5.4 below: 

Table 5:4: Logistic regression results 

 

In order to test the validity of the model, several observations can be made from 5.4 as 

follows: 

Å Expected results are intuitive  

ï Probability of having a profile ñdefectò increases as a function of increasing 

BFI 

Å BFI Right more significant than BFI Center 

ï The probability of having a profile ñdefectò decreases with increasing 

Ballast Thickness (FDL Right) 

Å According to the z-test, there is a strong likelihood for a relation between BFI right 

and target variable abs (RProf62)>0.4 
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Å The test suggests that BFI right is a very significant variable in predicting the 

variable abs(RProf62)>0.4 ( profile defect) 

5.2.1.3    Logistic Regression Model Receiver Operating Characteristic (ROC) curve 

Another measure of model validity is the receiver operating characteristic (ROC) 

curve shown in Figure 5.3 which shows the true positive rate versus the false positive rate. 

The blue line is the model result. The red dashed line is a model that predicts ñat-chanceò 

and as such is not a discriminating model.  The larger the area between the blue line and 

the red line, the more accurate and valid the model. This result shows a relatively good 

model with AUC of 0.81. 

 

 

Figure 5.3: ROC Curve for Logistic Regression 

5.2.1.4    Logistic Regression Model Results: Confusion  Matrix Statistics 

A confusion matrix (See Table 5.5) can be prepared by applying the model to the 

actual input data and comparing it against the actual results. While the results show a 

relatively high overall accuracy (85.6%), there are a number of false positives and false 

negatives. This is due to the highly unbalanced data set, i.e. the majority of the 
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measurements are below 0.4ò. Handling this unbalanced data will be addressed in 

Chapter 6.  

Table 5:5. Confusion matrix 

 

5.2.1.5    Logistic Regression Model Results: Sensitivity Analysis 

The Logistic Regression Equation does, however, provide a valid starting point for 

understanding the relationship between the probability of a right profile 62 measurements 

exceeding 0.4ò20 as a function BFI right, BFI center, and FDL. A sensitivity plot was 

generated (See Figure 5.4) using the resulting Logistic Regression equation. Since the site 

was influenced least by BFI center, the sensitivity graph was generated holding BFI center 

constant (at the mean value within the site) varying BFI right and FDL, and determining 

the resulting probability. This figure clearly shows the increased probability of a Profile 62 

exceedance when BFI right increases and FDL decreases. 

 

20 Note that the equation is only valid for the probability > 0.4ò. additional equations were 

developed for other limits, and Task 4 will evaluate developing a more robust equation 

with limit as an input. 
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Figure 5.4: Probability Equation Sensitivity Plot for Hickman 

 

5.2.1.6    Confusion Matrix Comparison for Sites ( RProf62) 

In order to compare this approach to the previous research, Table 5.6 shows the 

coefficients for the two logistic regression models, one for high speed rail on Amtrak 

(previous research study) and one for the current heavy freight rail data (Hickman). Note 

that the accuracies are similar and that the coefficients for the FDL (BLT for Amtrak) BFI 

Center are also similar. Of particular interest is that the coefficient for BFI Right is more 

than two times greater for heavy freight rail than high-speed rail. However, it is not clear, 

at this time, if this is due to the difference in GPR measurement systems used21 or in fact 

 

21 Two different GPR measurement systems were used for the two tests, which had notably 

different shoulder antennae configurations/analysis algorithms, but similar center antennae 

configuration/analysis. 
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the data is suggesting that the effect of ballast fouling on the shoulder is more significant 

in the formation of a right profile exceedance when it occurs under heavy axle loading.  

Table 5:6: Logistic Regression Coefficient Comparison 

 

A comparison of the output results of the two studies is shown (See Table 5.7) in 

the confusion matrix comparison for a localized site of a similar length. Note the very low 

false-negative rate for the Hickman site, 4 predictions of negative (0) out of 11 positive 

observations. 

Table 5:7. Confusion matrix comparison 

 

Logistic regression models were developed for all four fouling sites using three 

exceedance thresholds (0.4ò, 0.6ò, and 0.9ò). The resulting coefficients are shown, together 

with their relative accuracies in Table 5.8. The corresponding confusion matrices are 

Confusion Matrix

Threshold > 0.4

Testing Prediction
Hickman Predicted 0 Predicted 1

MP 192 Actual 0 213 29
Actual 1 4 7

Amtrak Actual 0 396 11

Actual 1 54 2
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presented in Table 5.9. Note that the very high accuracies are associated with models where 

no exceedances exist, thus, accurately predicting a negative outcome. In some cases, the 

lack of exceedances results in counter-intuitive coefficients, e.g. for limits > 0.6ò. This is 

due to the imbalance in the data and its effect on the Logistics Regression analysis. 

Table 5:8. Logistic regression coefficients for all four fouling sites 
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Table 5:9. Confusion matrix for all four fouling sites 

 

Sensitivity plots for the three remaining fouled sites for a Profile 62 threshold of 

0.4ô are shown in Appendix D.1.2. These figures, as expected from the variation in 

coefficients shown in Table 5.8, show similar behavior for each site, with variations in 

severity. This is a result of the models currently being site-specific. Note that the Summary 

Output for Models in Waldron and Parkville Sites are not presented since GPR Data has 

minimal to no impact on the probability of track geometry defect in case of threshold 0.4. 

In cases with thresholds 0.6 and 0.9, these sites show the inappropriate behaviors in terms 

of increasing BFI cause decreasing to track geometry defect and increasing in FDL cause 

increasing to track geometry defect. This leads to another analysis method in Chapter 6 

that predicts the rate of degradation for all sites instead of focusing on predicting the 

probability of track geometry. 
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Chapter 6 

6. BAYESIAN LINEAR REGRESSION ANALYSIS  

6.1    Introduction  

This chapter presents a hybrid analysis of emerging and well-established data 

analysis techniques consisting of Multivariate Linear Regression and Bayesian Statistic 

together with a corresponding Bayesian Linear Regression (BLR) will be discussed below. 

Bayesian Linear Regression is a useful technique to simplify model interpretation and 

quantify model uncertainty. This section also provides a Bayesian Linear Regression 

technique for spatiotemporal track geometry defect prediction. When compared to the 

accuracy of frequentist models, the experiment indicates that Bayesian Linear Regression 

modeling can be trained on tiny data sets to quantify model uncertainty and anticipate 

defects accurately (Mostafi 2021). 

6.1.1    Bayesian Statistics Review 

Bayesian statistics is a mathematical technique that uses probability to solve 

statistical issues. It allows individuals to adjust their views according to evidence of the 

new data. Data and previous knowledge or assumptions about an event or its conditions 

are used to calculate the conditional probability of an occurrence. The posterior probability 

may be calculated using Bayes' theorem (which is the revised probability of an event 

occurring after taking into consideration new information). By recalculating the prior 

probability, we arrive at the posterior probability. Probability based on present information 

is known as pre-experiment probability. (Ali et al., 2014). Bayesô theorem is described by 

Equation 6.2 below:  
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                         P(A|B) = P(B|A) * P(A) P(B) /P(B)                                             6.2                 

where;  

P(A) is the probability of event A occurring, also known as the prior probability.  

P(A|B) is the conditional probability of event A occurring, given that B is true. This is the 

posterior probability due to its variable dependency on B. This assumes that event A is not 

independent of B.  

P(B|A) is the conditional probability of event B occurring given that A is true.  

P(B) is the probability of event B occurring.  

Bayesian methods can be a useful tool that helps researchers move beyond hunting for 

statistical significance and instead focus on other aspects of statistical models such as 

prediction, model fit, data visualization, and uncertainty 

6.1.2    Bayesian Linear Regression Analysis Method 

Bayesian linear regression provides a valuable strategy for dealing with limited 

data, or data that is not evenly distributed. Priors can be applied to both the coefficients 

and the noise, allowing the priors to take precedence in the absence of data. Bayesian linear 

regression is usually asked which portions of the data fit it confidently, and which parts are 

unsure (perhaps based entirely on the priors).  In the Bayesian perspective, probability 

distributions are used to formulate linear regression. Assumed to be selected from the 

distribution, y is not a single number. Sampled from a normal distribution, the Bayesian 

Linear Regression model is given by (Koehrsen 2018) 

                                                       y Ḑ N(ɓ T X, ů2 I)                                                  6.3 

                                 y Ḑ N(ɓ1*X 1+ ɓ2*X 2+ é+ɓn*X n, + Ŭ + ů
2  )                               6.4 
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The equation 6.3 above is generated from a normal distribution characterized by a 

mean and variance. Weight matrix transposition multiplied by predictor matrix yields the 

mean for linear regression. In order to get the variance, the square of the standard deviation 

multiplied by the identity matrix was calculated. by the identity matrix. with the assumption 

that the errors, ⱦi, are independent and identically distributed as normal random variables 

with mean zero and constant variance ů2. (Koehrsen, 2018). This assumption is the same 

as in the classical inference case for testing and constructing confidence intervals 

for Ŭ and ɓ, so equation 6.4 was written in a non-matrix way for a more understandable 

approach. 

The goal of this machine learning algorithm is to update the distributions of the 

unknown parameters Ŭ, ɓ, and ů2, based on the data x1,y1,Ễ,xn,yn, where Ŭ is the 

intercept, ɓ is the coefficient and n is the number of observations. 

For this research, it is assumed that both the response and the model parameters come from 

a normal distribution. The model parameters' posterior probabilities depend on the inputs 

and outputs of the training process (Koehrsen 2018). 

P(ɓ|y, X) = (P(y|ɓ, X) * P(ɓ|X))/ P(y|X)                       6.5 

Here; P(ɓ|y, X) is the posterior probability distribution of the model parameters 

given the inputs and outputs. This is equal to the likelihood of the data, P(y|ɓ, X), multiplied 

by the prior probability of the parameters and divided by a normalization constant 

(Koehrsen 2018). 

Posterior = (Likelihood z Prior)/ Normalization    6.6 
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Model parameters can be included in our model if we have a good idea of what they 

should be. Non-informative priors, such as a normal distribution, can be used if no 

estimations are available in advance. Regression results in a distribution of model 

parameters depending on the data and the prior, and this distribution is called posterior This 

enables us to quantify the model's uncertainty. The posterior distribution will be more 

dispersed if we have fewer data points. As the amount of data points increases, the 

likelihood washes out the prior, and in the case of infinite data, the outputs for the 

parameters converge to the values obtained from ordinary Least Squares (OLS). (Koehrsen 

2018). 

6.1.3    Bayesian Linear Regression Implementation and SetUp 

Specifying priors (Normal family in this analysis) for the model parameter is the 

primary method for implementing Bayesian Linear Regression (BLR). Secondly, the 

training inputs and outputs should be mapped out in a model. Finally, BLR is possible to 

pull samples from the posterior distributions of the parameters by using a Markov Chain 

Monte Carlo technique (Ali 2014). 

Since the limited data points used for this section were collected from 108 segments 

(108 data points) for profile and 114 segments (114 data points) for cross-level, the 

posterior distribution is more spread out. The key to this implementation is to increase the 

number of data points that increase the importance of the data probability over the initial 

estimate. When very large numbers of data points are available, the mean of the posterior 

probability distribution for the model parameters converges to the values obtained using 

linear regression. For continuous variables, it is intractable to estimate the posterior 
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distribution (Mostafi 2021). To overcome this issue, sampling methods like Monte Carlo 

Markov Chain (MCMC) are used to draw samples from the posterior probability 

distribution to approximate the posterior. MCMC is conducted using No-U-Turn Sampler 

(NUTS) which is employed in our methods to produce samples from the posterior 

distribution. In comparison to the usual Gibbs sampler, the NUTS method may explore 

high-dimensional distributions, resulting in improved convergence. One of the primary 

characteristics of NUTS that makes it a strong choice for our model is its avoidance of the 

random walk while sampling. Automated parameter tweaking is another significant aspect 

of NUTS. When tweaking parameters in NUTS, we must provide two values. The first step 

is to determine the step size and the number of steps L in each chain. It is more efficient to 

accept and reject generated samples with a big step size. NUTS generates samples from a 

complex distribution that are enough to estimate the optimal posterior, even though the 

rejection rate is larger than that of the Gibbs sampler (Mostafi 2021). 

6.2    Bayesian Linear Regression Results 

As noted previously, explanatory spatiotemporal components can be used in 

regression-based modeling to predict track geometry defects or the rate of track geometry 

degradation as a response variable. Bayesian inference is preferred to the frequentist 

technique because of its advantages since the Bayesian processing recovers the whole 

range of inferential solutions. With the use of Bayesian inference, this work provides an 

easy-to-understand Bayesian linear regression model for spatiotemporal track geometry 

defect and rate of degradation predictions (Mostafi 2021). Furthermore, root mean squared 

error (RMSE) is used to evaluate the model. Bayesian Linear Regression modeling proved 
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that it may be trained on a few data sets to quantify model uncertainty and anticipate the 

rate of degradation without sacrificing interpretability and accuracy in comparison to the 

frequentist technique (Mostafi 2021). BLR considers various plausible explanations for 

how the data were generated. It makes predictions using all possible regression weights, 

weighted by their posterior probability. 

6.2.1    Bayesian Linear Regression Model for Rate of Degradation of 

Profile_Peak_Rate 

This section presents the full application of the Bayesian Linear Regression method 

on track geometry focusing on the rate of degradation data, Peak last measurements and 

GPR data from Class 1 BNSF freight railroad. The GPR inspection data included the 

parameters: Ballast Fouling Index (BFI) Center, Left, and Right and Fouling Depth Layer 

(FDL) Center, Left and Right. The analysis consisted of the following five parts: 

1. Data preparation. 

2. Bayesian Linear Regression Model 6.1 Posterior Probability Distribution 

3. Bayesian Linear Regression Model Results: Sensitivity Analysis 

4. Bayesian Linear Regression Model 6.1 Test Observations 

5. Forecasting of Future Maintenance Events 

6.2.1.1 Data Preparation 

  Similar to the data preparation in Chapter 4,  the TQI and peak calculation segments 

from 4 major zones for the profile were reduced to individual segement lengths of between 

45 and 65 feet with a total of 103 analysis segments. In addition, this chapter takes into 

account cross-level (using  ClvlRate22) which has TQI and Peak calculation segments that 

 
22 ClvlRate data is calculated based on the Cross-level data subtracting its mean (mean removed) 
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were also reduced to between 65 feet in length with the total number of study segments 

being 108 shown in Table 6.1. Each dataset is divided into the training (75% data) and 

testing (25% data) sets. The training and testing datasets are generated at random using a 

random state generator 3823. The model runs on Google Colaboratory using 12 GB Ram in 

Intel(R) Xeron(R). Note that changing the random state did not affect the result of the 

model. The parameters used for two models are summarized in Table 6.2 below. 

Table 6:1: Expanded Analysis Segments for Profile and ClvlRate 

 

Table 6:2: Parameters Used in Bayesian Linear Regression Models 

 

 
23 The random state assures the reproducibility of the splits produced. Python - Scikit-learn generates the 

splits using random permutations. Changing the random state did not affect the result of the model. 
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As shown in Table 6.2 above, the resultant Bayesian Linear Regression models 

are for the rate of degradation (Profile_Peak_Rate) approximates as a Normal 

Distribution of a function of FDL_LAYER_LEFT, FDL_LAYER_CENTRE, 

BFI_LEFT_RIGHT, and BFI CENTRE and the rate of degradation (CrosslevelRate) 

approximate as a Normal Distribution of a function of FDL_LAYER, 

FDL_LAYER_CENTRE, FDL_LAYER_RIGHT, BFI_INDEX_LEFT, 

BFI_INDEX_CENTRE, and BFI_INDEX_RIGHT. The model parameter will be 

discussed in the sections below. 

6.2.1.2 Bayesian Linear Regression Model 6.1 Posterior Probability Distribution 

Figure 6.1 below shows the approximations of the posterior distributions of model 

parameters in estimating the dependent parameters such as Profile_Peak_Rate. These are 

the result of 4000 steps of NUTS, meaning the algorithm drew 4000 steps from the 

posterior distribution. The tuning steps are specified as 1500. The communicating chains 

(2 chains) executing the NUTS method have the potential to explore the parameter space 

better, and conceivably accelerate the convergence to the final distribution as well as 

reduce the bias that the linear regression model encounters. 

The Peak FDL and BFI numbers represent the Ordinary Least Square (OLS) that 

was used to estimate parameters in a linear regression model. Unlike Linear or Logistic 

Regression Approaches. there is a range of potential values for the model parameters in 

addition to the mean, which is used as a single point estimate. There will be a decrease in 

this range as the number of data points increases, showing that the predictions of models 

are more accurate. 



127 

 

In Figure 6.1, The lower bound is the value on the normal curve's horizontal axis that is 

farthest to the left where the coefficient of intercept equals -0.3 while the upper bound is 

the rightmost number on the normal curveôs horizontal axis where the coefficient of 

intercept equals 0. The mean of a posterior probability distribution is considered as the best 

estimate of that parameter in the model.  

Posterior probability distributions of model parameters are shown in Table 6.3. For 

each associated parameter, the mean values represent the most reliable estimates. In terms 

of data probability, Standard Deviation SD reflects the degree of uncertainty in predicting 

the rate of degradation (Mostafi 2021). The uncertainty of the model will be reduced if 

sample size is increased. The highest Posterior Density (HPD) intervals of 5 percent and 95 

percent are used to describe the model's most plausible ranges of parameter values. Model 

parameters may be gauged by looking at the upper and lower bounds of HPD limits and 

standard deviation. Note that the coefficient for the Peak_Last_Measure is bigger than the 

rest of the coefficients of other parameters. It shows that the Peak_Last_Measurment has a 

strong influence on the rate of degradation. To forecast the Profile_Peak_Rate of 

degradation in this research, the Peak_Last_Measurement is set to 0, to see the effect of 

GPR Data on the track geometry rate of degradation. 
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Figure 6.1: Posterior Probability Distribution With The Mean Estimation Result 

6.2.1.3 Bayesian Linear Regression Model Results: Sensitivity Analysis 

  As noted previously, the Bayesian Linear Regression analysis was used to develop 

rate of degradation distributions for both Profile (peak) and Cross-Level (peak) for the 110 

segments24 across four test zones. These distributions were then used to map both the 

 
24 For the case of profile, left and right profile were used separately to give the equivalent of 250 
segments, since the model does not show relationship between the GPR data to the rate of degradation, 
the choice of 103 best segments were used for this analysis 
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ñmeanò rate of distribution and the corresponding deviations or variance from the mean. 

The resulting equation for the rate of profile (peak) degradation was 

y = R(Profile Peak_Rate) ~ N(0.3885* Peak_Last_Measure 

+0.0019*FDL_LEFT_RIGHT+ 0.008*FDL_CENTER -0.0017*BFI_LEFT_RIGHT + 

0.0034*BFI_CENTRE-0.152*Intercept + 0.0086* SD)            6.8 

where: 

y = Profile (peak) rate of degradation 

Peak Last Measure = last measured peak value, either Left or Right profile 

FDL_LEFT_RIGHT = Free Drainage Layer, either Left or Right (but consistent with all 

other left-right parameters) 

FDL_CENTER = Fouling Depth Layer, as measured by the center antennae 

BFI_LEFT_RIGHT = Ballast Fouling Index, either Left or Right (but consistent will all 

other left-right parameters) 

BFI_CENTRE = Ballast Fouling Index, as measured by the center antennae 

SD = Standard deviation in the data likelihood that shows uncertainty in the rate of 

degradation 

Figures 6.2 a and 6.2 b show the results of this model and the sensitivity of the profile 

(peak) rate of degradation to the two key GPR parameters Ballast Fouling Index (BFI) and 

Fouling Depth Layer (FDL). These figures are based on a 0 inch Peak Last Measurement, 

i.e. no immediately previous profile deviations.  
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(a) 

 

(b) 

Figure 6.2:  Profile Rate of Degradation as Function of BFI and FDL 

                              (Peak last measure = 0) for 2D plot (a) and 3D plot (b) 
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6.2.1.4 Bayesian Linear Regression Model 6.1 Test Observations 

In order to show the effectiveness of the BLR model, a few simulations are run. 

The acticipated values from the results of simulations are then compared to actual values. 

To construct the probability density function for Profile_Peak_Rate, the actual values of 

the model parameters of a test observation were applied in Equation 6.8. A test observation 

in the testing dataset is represented by a collection of values that corresponds to the value 

for each attribute as depicted in Equation 6.8. 

Figures 6.3(a) and 6.3(b) show that the estimation of model value is quite close to 

the actual value. For the worst case scenario, the predicted Profile_Peak_Rate has a value 

of -0.95 inches/year that is close to the actual value of -1.1 inches/year (86% accuracy in 

this case). While for the moderate case scenario, the predicted Profile_Peak_Rate has a 

value of -0.3 inches/year that is close to the actual value of - 0.38 inches/year ( 79 % 

accuracy in this case). The model seems to predict the severe rate of degradation cases 

better than non_severe cases. To support the model's accuracy, the model's prediction can 

provide a range of values other than the mean. It is also shown in Figure 6.4 that the 

accuracy of the model can be estimated using various percentages such as 95%, 55%, and 

50%. (the mean estimate). Since the accuracy is 76% and the RMSE is determined to be 

0.053, this shows that the model works effectively. BLR outperforms MLR in terms of 

accuracy and simplicity and flexibility, thus it's a win-win situation. 
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      (a)                                        (b) 

      

 

Figure 6.4: Model Accuracy - Observed Peak Rate Versus Predicted Peak_Rate 

 

Figure 6.3: Test Observations for BLR models - Profile_Peak_Rate  

                            for (a) Moderate Case and (b) Worst Case 
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6.2.1.5 Forecasting of Future Maintenance Events 

  Figure 6.5a presents the results of a projection of the profile (peak) degradation to 

a defined threshold (profile peak threshold of -2 inches) for a track segment with low-

moderate ballast fouling condition and a good clean ballast layer (BFI = 13.5, FDL = 10 

inches). Starting from a 0 profile condition, this Figure shows that it takes approximately 

10 years to reach the threshold based on the mean rate of degradation, as determined from 

the Bayesian Linear Regression (blue line).  If the 95% confidence level curve (orange 

line) is used, it takes approximately 6 years to reach the maintenance threshold. 

However, if the ballast was more significantly fouled with a reduced clean ballast layer, as 

illustrated in Figure 6.5b (BFI = 20, FDL = 6.5 inches), it takes approximately 2 1/2 years 

to reach the threshold based on the mean rate of degradation, as determined from the 

Bayesian Linear Regression (blue line).  If the 95% confidence level curve (orange line) is 

used, it takes approximately 2 years to reach that maintenance threshold (Nguyen et al., 

2022). Note that the forecasting models applied the constant rate of degradation instead of 

using the inconstant rate of degradation which calculates changing of rate of degradation 

for next days through the recursive method. The recursive method could not be used here 

since models results in the new unrealistic rate of degradations and Last Profile 

Measurement. 
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(a) 

 

(b) 

Figure 6.5: Projection of Profile rate of Degradation for Ballast Conditions with Variance 

Moderate (a) Worst (b) 

 

 


