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ABSTRACT

Vehicle durability, which defines the useful life of a vehicle, is a high priority for
some consumers. Life consumption monitoring can be used to determine fatigue damage
by directly or indirectly monitoring the loads placed on critical vehicle components that
are susceptible to failure from fatigue damage. By monitoring vehicle life consumption,
the Army can predict mechanical failures before they occur and determine the useful life
of vehicles. The example vehicle used for this study is the M1101 High Mobility Trailer
(HMT) that is normally towed behind a High Mobility Multi-purpose Wheeled Vehicle
(HMMWYV). As originally designed, the HMT experiences a fatigue failure of the
drawbar.

For this analysis, experimental data was taken from a HMT traveling over known
test courses. The data was used to validate a computer simulation, and to determine the
feasibility of life consumption monitoring. Multivariate regressions and principal
component analysis (PCA) were used to determine which sensors most accurately reflect
the loads on the drawbar at the failure point. Regression and dynamic models were made
after the proper decimation and filtering of the data was determined. The models were
then used to predict the fatigue life of the trailer.

The results of this study show that simulations can be modified to be
representative of the vehicle being tested. The results also show that the fatigue life and
durability of the vehicle can be predicted with a model and data from sensors placed on

the vehicle.

vil



TABLE OF CONTENTS

CHAPTER PAGE
1 ITUETOAMETIOMY.. . o< cm e cinn e s Sm 5 i .m0 i s 8 it e B it 1
1.1 Project Back@round ...........ccccooeevieiiiiieniiiiniccicscce e s s 1
1.1.1 Terrain SENSINE .......ccoeiverierieuirieirieneeneereetee et see st eseseesae e s e b see e enenns 8

1.3 Project ODBJECIVES.....ccceiviiiiiiriiiieiiieeitete st e st ereeteseeesaeesaessteessesenessesseesseessesseesanans 11
1.4 PrOJECE SCOPE ...ttt sttt et 11

2 Literature REVIEW ........c.cciiriiiiiiiicinceen ettt ettt 13
2.1 Terrain MONITOTING .....cc.cocverierieerienieriesteseeeesteseeseesieesreeteseeseeesseesssessseneessesssennes 13
2.2 DUrability ANALYSIS.......cceevueriiiiieiiiirienienestese et st e e se et s seeesteseeesaesaessresanesanens 13
2.3 Parameter Identification.............cccceieveririniieninincnecenc e 16
FMEhOG ... s 19
3.1 Regression ANAlySis........ccccceeeeueiniinecnininenineiei et 20
3.2 Principal Component Analysis (PCA)......c.ccccovrrinnenieneninnenieieeeeeeeseeeneene 22
3.3 Fatigue Life Calculation ............coccoueiieiiiineiienninnceieisesecceeeeeseceesee e 24
3.4 Decimation and Filtering ...........ccccevieviriieneneiieniientnnectse e ssre st see e eaees 26

4 Data Collection and DADS Validation.........cc.ccueiceinieriieniieniriceicenieeee st snee e 27
4.1 TSt SETUP ...ttt s 27
4.2 TeSt Data........cccvviiiiiiiiiiiictc bbb 33
4.3 Data Reduction Results............ccccoeeuiiniiiniiniiiiniiienciccc e 35
4,32 ST DALA .. cucsuusso oo vso o555 esussasmms s6sms i o0+ o+ Fass s ¥EES 4538 U571+ 5+ 4¥B b4+ 34 SHEHE 0 005 558845 36
4.3.3 Accelerometer Data...........c.cccovereriiiieiinieieece e e e 40

X



4.3.4 Rate-gyro Data ..........ccocueeiiiiiiiieieecteee et 49

4.3.5 Linear Displacement Transducer Data............c.ccocverrrininrenrienirencrenieenieeneeneenns 52
4.3.6 Pressure Transducer Data............cccovviviviiininininiiiinne e 54
4.4 DADS Validation..........cccoceviriniiniiininiiiniiciencniecnensesenesesesesesssssessesenes 56
S PSID CONVETSION:...... .. o issssses o sise asass amiis rms 55350 d3REFS#E3 o souius soasans st sussnsassssons sessrootsnt sosach 61
S, I @AUGTIDNN.....cousnnsans suimenssonnsommesstensomn o om s i e 4 T T Tt s o o 5 ST 4 e 61
S.2PSD ..ttt bbbt e s s SR bbb s e s s b s 61
5.3 PSD Conversion Method ...........coccoiviiiiiiiiniiiciiicicnircescresresenesenens 62
5.4 PSD Conversion Results...........cccccveviniiniiniininiiniiiiicinnicecseineseeenne 65
6 Surge Brake ANAlYSis ........cccceeveeriiniinieiiniiesienene ettt et s st 71
6.1 Hydraulic Surge Brake Operation .........c..c.cccceevererienernimenenenieseeseee e 71
6.2 TeSt Data........ccoeiiiiiiiiiiiine ettt st s 72
6.2.1 Belgian BIOCK.......c.ccuoviiininieiiienieietctetcteste sttt s er e D
6.2.2 PEITYMAN #3 .....oooiiieiiierieeieecterit st sreeaeesre s reseeesseesse s sassnaesssneessessnsnnaesen 79
6.3 Analysis Method...........cocooiriiiiiiniiinei e 83
6.3.1 Regression Analysis for Belgian Block (Brakes enabled)...........cccccccevueevuennnne 84
6.3.2 Regression Analysis for Belgian Block (Brakes disabled) .........c..ccccceveeuennen. 91
6.3.4 Regression with Concatenated Data for Belgian Block............ccccccceeerereennenee. 94
6.3.5 Principal Component Analysis for Belgian Block (Brakes Enabled)............. 101
6.3.6 Regression Analysis for Perryman #3 (Brakes Enabled)...........c.ccceccevuenennee. 107
6.3.7 Regression Analysis for Perryman #3 (Brakes Disabled)..........ccccccoeuvennenee. 109
6.3.8 Regression with Concatenated Data for Perryman #3 ............cccoceevcvvennnnnanns 111
6.3.9 Principal Component Analysis for Perryman #3 (Brakes Enabled)................ 112

X



6.3.10 Principal Component Analysis for Perryman #3 (Brakes Disabled) ............ 123

7 ReGresSion ANALYSIS........coeeurrrerierie et erieieesere et er e ete s st st et eae e e s smenene 129

7.1 Data FItErINg ......cccoviviniiiiiiieieeecece et e 139
B FatiGUE LIfe.....cooeiiiiiieieeieee st sttt s s er e en 149
9 Dynamic MOdEl .........ccoouiiiiriiieiee et ettt e 163
10 Results and ConcluSIONS ...........c.eeeveiiiniiiinintieteete e 173
11 Future WorkK ......cccouiiiiiiiiiiictt e e 177
LiSt Of REfErenCes .........couevuiiieeiiieiieint ettt e st er e e 179
VI ...ooc e emeee e anas o s apmessmes svmse sowsemsnmm os e o0 ol SESTERTS S S §5 S 4HH S (08508 AT s e e $¥0m gm0 e 183

xi



LIST OF TABLES

TABLE PAGE
4.1: Data acquisition system channel assignments. ............cccocercevereerrererenensinenecensesens 28
4.2: Test matrix data file NAMES.......c.ccuiririiriere i ettt st 34
4.3: Analog low-pass anti-aliasing cutoff frequencies. ...........ccccovuveueevennnninirneeniecniens 34
4.4: Experimental data file format............c.cccoveririiniiinninie e 35
4.5: Strain amplitude distribution data............ccocerveenniiininie e 3

4.6: Principal strain amplitude distribution data............cccccevvirverrervereriienninenescreneseeeenn 37

4.7: Acceleration amplitude distribution data (brakes disabled)............cccccceenrivrrnen e 41
4.8: Acceleration amplitude distribution data (brakes enabled).............coocrvverveirnennnenee 41
4.9: Rate-gyro distribution data (brakes disabled)............occoceviviineiiiiiiiiie e 50
4.10: Rate-gyro distribution data (brakes enabled)..........ccccceveieereiircnineneniineenree. 50

4.11: Linear displacement distribution data (brakes disabled) .............ccccecrcvnrreiienene.. . 52

4.12: Linear displacement distribution data (brakes enabled)............cccoevuvmiriirveererinnnnene 52
4.13: Brake pressure distribution data (brakes disabled)............cocoeniiiiniininniecienecnenne. 54
4.14: Other amplitude distribution data (brakes enabled). ..........ccccoveveirceiiienncceenninnne 54
4.15: DADS validation StatiStiCs..........cccevereirrersiuerinenueneenetere st ceeseieee e s ssesessesessreneenene 57
5.1: Univariate statistics for terrain data............c.ccoevvicniineiiine s 66
6.1: Listing of Data Acquisition Channels and Grouping ............coceeevureresernecninnseenneens 73

6.2: Statistics for brake pressures for Belgian Block at 15 mph with brakes enabled.......76

6.3: Correlation coefficient between brake pressures for Belgian Block at 15 mph with
brakes enabled. ..ot e e 76

xiil



6.4: Statistics for brake pressures for Belgian Block at 15 mph with brakes disabled......77

6.5: Statistics for brake pressures for Perryman #3 test course at 15 mph with brakes

6.6: Correlation coefficient between brake pressures for Perryman #3 test course at 15
mph with brakes enabled. ............ccoiviririnininin e 80

6.7: Statistics for brake pressures for Perryman #3 at 15 mph with brakes disabled. .......81

6.8: Correlation coefficient between brake pressures for Perryman #3 at 15 mph with

brakes disabled...........cocieriiiiniiie e e 82
6.9: Column and variable numbers for data channels of reduced data sets........................85
6.10: R? values for all models for Belgian Block at 15 mph with brakes enabled. ...........90
6.11: R? values for all Belgian Block at 15 mph with brakes disabled regression models.
................................................................................................................................... 92
6.12: R? values for all Belgian Block at 15 mph with brakes disabled and enabled
regression model, with brake pressure variables included. .........cccceceeeureinneennnnne. 100
6.13: R? values for all Belgian Block at 15 mph with brakes disabled and enabled
regression models, with brake pressure variables removed..........cccccccceuervinenennnnn. 101
6.14: PC scores for Belgian Block at 15 mph brake pressure variables...............ccc........ 103

6.15: Input measurement components to PCs 2, 31, and 33, for Belgain Block at 15 mph
with brakes enabled. .........c.cc.ooiviiniiiiii s e 104

6.16: R? values for all models for Perryman #3 test course at 15 mph with brakes enabled.
................................................................................................................................. 109

6.17: R? values for all Perryman #3 at 15 mph with brakes disabled regression models.
6.18: R? values for Perryman #3 at 15 mph with brakes disabled and enabled regression
model, with brake pressure variables included.............ccceoeivirvinirinincrienneceieene, 111

6.19: R? values for Perryman #3 at 15 mph with brakes disabled and enabled regression
model, with brake pressure variables removed...........cccccceeeerieneieriniieeeneneenine. 112

6.20: PC scores for Perryman #3 at 15 mph with brakes enabled pressure variables. ....114

Xiv



6.21: Input measurement components to PCs 5, 32, and 33, for Perryman #3 at 15 mph
with brakes enabled. ..............ooeeiiiiiie e e 115

6.22: PC scores for Perryman #3 at 15 mph with brakes enabled pressure variables, half
OFEATR. .. oo mmiogsn e s se e e saabiiessesesasasussssossuiiodinisosssus s SEEEESR 1o sonsadiinesisssoansntansasasssos 119

6.23: Input measurement components to PCs 32 and 33 for Perryman #3 at 15 mph with
brakes enabled, half of data. ...........cccoeiviiiiiiiiniie e 120

6.24: PC scores for Perryman #3 at 15 mph with brakes disabled pressure variables. ...124

6.25: Input measurement components to PCs 11, 12, 13, and 14 for Perryman #3 at 15

mph with brakes disabled. ............cccooviiiiiiii e 125
7.1: INput Variables. ..........coccverieiiriniieiienei et e e e 130
7.2: Lowest average prediction errors for Belgian Block and Perryman #3 test runs.....140
7.3: Forward selection R* values for Belgian Block and Perryman #3..............c..ccoouunn... 145

7.4: Average regression error for selected variables using test data from Belgian Block

and Perryman #3 at 15 mph with brakes enabled. .............cccccevriininiiiinniinnennnne. 147
8.1: Fatigue life estimates in hOUTS. .........c.ccuveieiiiiniiieiee e 153
8.2: Fatigue life estimates in Miles. ..........cococeiiirininineniceee e 153

8.3: Minimum error and from original life prediction and corresponding cutoff
fTEQUEIICIES. ..coueeeeniiiiie ittt ettt ettt et b et sb e ee e sest e e an et e s e b eeennes 156

8.4: Minimum error and corresponding cutoff frequencies............cccocerveeriencncnnecnnee. 158
8.5: Fatigue life estimates and prediction errors at a cutoff frequency of 17.172 Hz. ....159

8.6: Minimum error and corresponding cutoff frequencies for model using unfiltered
strain data for model training...........cccceeveeueiiiiieririiiceinee e 160

8.7: Fatigue life estimates and prediction errors from model trained with unfiltered strain

data, at a cutoff frequency of 16.667 Hz. .........ccoceuevievineniennenenriireeteeeeeee s 160
8.8: Fatigue life estimates and prediction errors from model trained with unfiltered strain

data, at a cutoff frequency of 17.172 Hz. ......c..ccvrveiieiiceececece e 162
9.1: Best fit for each model type and data set.............cccemeiineiiiinieincn e 166

XV



9.2: Best fit for SS model for each training (model) and test data set. ..............ccccoennenne. 169

9.3: Error and life prediction for SS model of concatenated data for various test data sets.

XVI



LIST OF FIGURES

FIGURE PAGE
1.1: HMT towed by a HMMWV. Lottt et 2
1.2: High-mobility trailer. ...........ccoiiiinininiierine e e s s 2
1.3: BroKen drawbar. ..........co.ueioiiiiiinieeeeeee ettt et er e en s sen e 3
1.4: Trailers N dESEIt. ........ccoevueireieirieie ettt et st s 4
1.5: ViIbration mode 1........coceooiiiiiiiniii et ettt et s s e s e S
1.6: DADS model and Simulation............c.ceeueereierieninineseieninee et st e e 5
1.7: Drawbar life prediction using DRAW software. ...........ccccceerenennninenenneneene e 7
1.8: PSD from Perryman #3 test COUISE. ........c.covervenrmrrerrieierinirineertniecerenee st eseeseesaenne 8
1.9: TSS/VSS accelerometer mounting 10Cation. ...........ccocevceerirererierieenienicenieneenee e 10
1.10: TSS/VSS controller located in cab of vehicle. .........ccooeviviiinniniiniininiie. 10
4.1: Strain gage rosette at failure l0Cation. ............ccccuevevieieereenenieereneee e s 30
4.2: Accelerometers and strain gages on drawbar of HMT. ........cccccceviniiiiinnveininseniennne 31
4.3: HMT testing inStrumentation.............ocueueueerueneeseniensensesseseeseessessessessesesessessessasseeses 32
4.4: Tri-axial accelerometer and rate gyro at trailer CG location. ...........cccceoeeicveverinenene 32
4.5: Longitudinal strain averages for each rosette direction............ccccceeveeviernieenenenencne. 37
4.6: Longitudinal strain peaks for each rosette direCtion.............cccccceeevveervenieinesceruennen 38
4.7: Longitudinal strain RMS for each rosette direction. ..........c.cccooeveeiieninneinnennincenne 38

4.8: Long. strain percentiles for each rosette direction (brakes disabled). ........................39
4.9: Long. strain percentiles for each rosette direction (brakes enabled). ........................ 39

4.10: Comparing strain and principal Strain. ...........ccocceeiererenesentineniener e e eseee s 40

Xvil



4.11: Average vertical accelerations for several trailer locations............cccceceeveeereeennennne. 42
4.12 Average transverse accelerations for several trailer locations............ccccooeeeveeeuiene 42
4.13: Average longitudinal accelerations for several trailer locations. ...........cccccceceeeuenne 43
4.14: Vertical RMS accelerations for several trailer locations. ............ccoccevereneneenrenennnens 43
4.15: Transverse RMS accelerations for several trailer locations. .............ccocueereeverennenn 44
4.16: Longitudinal RMS accelerations for several trailer locations. ...........c.ccoeeeerirueenens 44
4.17: Peak vertical accelerations for several trailer locations..............cccecveverveevuererereennnns 45
4.18: Peak transverse accelerations for several trailer locations. ............ccccoeeeerirerersenene. 45
4.19: Peak longitudinal accelerations for several trailer locations. ..........c.cccceeeivercrenennne 46
4.20: Vertical accel. statistics for several trailer locations (brakes disabled).................... 46
4.21: Vertical accel. statistics for several trailer locations (brakes enabled)..................... 47
4.22: Transverse accel. statistics for several trailer locations (brake disabled)................. 47
4.23: Transverse accel. statistics for several trailer locations (brake enabled)..................48
4.24: Long. accel. statistics for several trailer locations (brake disabled). ........................ 48
4.25: Long. accel. statistics for several trailer locations (brake enabled).......................... 49
4.26: Trailer CG pitch rate StatistiCs. ........coueueerrerueieererrenierer et eee e e 50
4.27: Trailer CG roll rate StatiStiCS. ......ccccsrrrerieruerersienrententeseesestenseseesessessessessessessessessans 51
4.28: Trailer CG yaw rate StatiStiCS. .......ccereeverurueereriecerinietesesinseesesreee st st st sresseseseseeneens 51
4.29: Trailer CS shock displacement StatistiCs. ..........cccceeerineremenenieiriineseseeenene s 53
4.30: Trailer RS shock displacement StatiStiCs. ..........ceceerereriereernrenenenieceee e e enes 53
4.31: Trailer master cylinder pressure StatiStiCs. ...........cceevveerererrervenerieieie e 55
4.32: Trailer CS wheel cylinder pressure Statistics.........c..coeererversenerreervenereessenieeeeesnenne 55

Xviii



4.33: Trailer RS wheel cylinder pressure statistics........ T i e e S Vo SRR 56

4.34: Principal strain 1 for experimental and simulated data. .........c..ccccoeeririiiniencnnnnne. 57
4.35: Principal strain 2 for experimental and simulated data. ............c..ccccoeveininiinnennens 58
4.36: PSD of principal strain 1 for experimental and simulated data..............c.cccceceruenneene 59
4.37: PSD for principal strain 2 for experimental and simulated data............c...ccoceennene.n. 59
5.1: PSD conversion Fortran SUBTOULINE............cccocevvirenieenieninnieinet e e 64
5.2: Belgian Block terrain data. ...........ccccoevieiiiiiieniniienccceceenesesee e e 66
5.3: Perryman #3 terrain data............ccccoeeerininiiiinieieeeneeee e 67
5.4: Belgian BIOCK FFT. .....c.coviiiiiiiiieiicteneetenn sttt ssrestesae e e saesss e saessesaesssesssessaens 68
5.5: Perryman #3 FET..c..ooiiieeeertetete ettt st e sne s sae e anaesaae e 68
5.6: Belgian BIOCK PSD........oooiiiiiiiiintitcienteenes ettt saeesae et ssa e svaesa s ne 69
5.7: Perryman #3 PSD. ....c.ooiiiiiiiecere et 69
6.1: Typical hydraulic surge brake hitch assembly ............cccocrvininiiiiiinnniieee, 72
6.2: Surge brake response for Belgian Block at 15 mph with brakes enabled. ................. 77
6.3: Surge brake response for Belgian Block at 15 mph with brakes disabled. ................ 78
6.4: Surge brake response for Perryman #3 test course at 15 mph........cccoccecveveivenncnee. 81
6.5: Surge brake response for Perryman #3 at 15 mph with brakes disabled. ................... 82

6.6: Residual plot for Belgian Block at 15 mph with brakes enabled longitudinal strain
regression model, with interaction terms and brake pressure data included. ............ 87

6.7: Residual plot for Belgian Block at 15 mph with brakes enabled longitudinal strain
regression model, with interaction terms and brake pressure data removed. ............ 87

6.8: Residual plot for Belgian Block at 15 mph with brakes enabled longitudinal strain
regression model, without interaction terms and brake pressure data included. ....... 89

6.9: Residual plot for Belgian Block at 15 mph with brakes enabled longitudinal strain
regression model, without interaction terms and brake pressure data removed......... 89

X1X



6.10: Residual plot for Belgian Block at 15 mph with brakes disabled longitudinal strain
regression model, with interaction terms included and brake pressure data removed.

6.11: Residual plot for Belgian Block at 15 mph with brakes disabled longitudinal strain
regression model, without interaction terms and brake pressure data removed. ....... 94

6.12: Residual plot for Belgian Block at 15 mph with brakes disabled and enabled
longitudinal strain regression model with interaction terms, brake pressure data and
Class INCIUAEA. .........o.eeiiieiieiececcec ettt et e 98

6.13: Residual plot for Belgian Block at 15 mph with brakes disabled and enabled
longitudinal strain regression model with interaction terms, brake pressure data
removed and class included. ...........ccocoviiviiiiiriininin s 98

6.14: Residual plot for Belgian Block at 15 mph with brakes disabled and enabled
longitudinal strain regression model with interaction terms, brake pressure data
included and class reMOVeEd. ............ccoveririiiiii it 99

6.15: Residual plot for Belgian Block at 15 mph with brakes disabled and enabled
longitudinal strain regression model with interaction terms, brake pressure data and

ClaSS FEMOVEM. ... ..eeeeeiiieeeeieeeeee ettt e ettt ettt es e e e e s e s abettesseesassabessessessnssassraseeens 99

6.16: Percent of information explained by each PC for Belgian Block at 15 mph.......... 103

6.17: PC 1 vs. PC2 for Belgian Block at 15 mph with brakes enabled. .......................... 105
6.18: Average strain prediction error for Belgian Block at 15 mph with brakes enabled.
................................................................................................................................. 106
6.19: Correlation coefficient between Z scores and training data for Belgian Block at 15
mph with brakes enabled. ...........ccccovuiririiiniiiiniin e 106
6.20: Percent of information explained by each PC for Perryman #3 at 15 mph with
brakes enabled. ..........cooceeiiiiiiniii et 113
6.21: PC 1 vs. PC2 for Perryman #3 at 15 mph with brakes enabled...............ccceueee.... 115

6.22: Average strain prediction error for Perryman #3 at 15 mph with brakes enabled..117

6.23: Correlation coefficient between Z scores and training data for Perryman #3 at 15
mph with brakes enabled. ............ccooueriiriininn e 117



6.24: Percent of information explained by each PC for Perryman #3 at 15 mph with

brakes enabled, half of data. ..........cccceeevieeiieieiceeceeceereee e e 119
6.25: PC 1 vs. PC2 for Perryman #3 at 15 mph, brakes enabled, half of data................. 120
6.26: Average strain prediction error for Perryman #3 at 15 mph with brakes enabled, half

OFUBEDD: ....c70 000 oo ST T 555 s P S T s T AT 0 T P e s s s s o 122
6.27: Correlation coefficient between Z scores and training data for Perryman #3 at 15

mph with brakes enabled, half of data. ..........c.ccoceeeiiiiiiini e 122
6.28: Percent of information explained by each PC for Perryman #3 at 15 mph with

brakes diSabled...........coevvuiririiniinireneeen e e e 124
6.29: PC 1 vs. PC2 for Perryman #3 at 15 mph with brakes disabled............................. 126

6.30: Average strain prediction error for Perryman #3 at 15 mph with brakes disabled. 127

6.31: Correlation coefficient between Z scores and training data for Perryman #3 at 15
mph with brakes enabled, half of data. ...........ccccoevrvinneninenr e 127

7.1: Regression output for Belgian Block at 15 mph with brakes disabled, decimated by 6
using all variables. ........ccccoceiviiiiiiiii e e 130

7.2: Regression output for Belgian Block at 15 mph with brakes enabled, decimated by 6

uSing all variables. .........c.cciiiriiiiri e s e e 131
7.3: Error in single variable prediction for Belgian Block decimated by 6..................... 131
7.4: PSD for longitudinal strain for Belgian Block at 15 mph. .......ccccccoeeiiviininencnene. 133

7.5: Regression output for Belgian Block at 15 mph with the brakes disabled and
decimated by 25, using all variables..........c.ccooceeireninineniiniinieneceee e 134

7.6: Regression output for Belgian Block at 15 mph with the brakes enabled and
decimated by 25, using all variables..........ccccccecrinnirinininnnee 134

7.7: Error in single variable prediction for Belgian Block at 15 mph data decimated by
28 +ctevees i3 0 ETTEH 8 AR B BT IS SHT o T o5 w22 B0 B e 00 8RR w4m s 0 we0nasesmnoeesmrass 135

7.8: Regression output for Perryman #3 at 15mph with brakes disabled and decimated by
25, using all variables. .........cccoceeiiirrei e e e 137

7.9: Regression output for Perryman #3 at 15mph with brakes enabled and decimated by
25, using all variables. ........ccccoiieviriininiinenc e 137

XXi



7.10: Error in single variable prediction for Perryman #3 at 1 Smph, decimated by 25..138

7.11: Effects of filter cutoff frequency on average error from Belgian Block at 15 mph

with brakes disabled and decimated by 25. .......ccccooevviiniineniiinennene 140
7.12: Effects of filter cutoff frequency on average error from Belgian Block at 15 mph
with brakes enabled and decimated by 25. .........ccccceciriiniiniininne 141
7.13: Effects of filter cutoff frequency on average error from Perryman #3 at 15 mph with
brakes disabled and decimated by 25. ..........cccovieviiriiiiiininie s 141
7.14: Effects of filter cutoff frequency on average error from Perryman #3 at 15 mph with
brakes enabled and decimated by 25. .........ccoceeviviiiniininiinien e 142
7.15: Effects of filter cutoff frequency on strain data from Perryman #3 at 15 mph with
brakes disabled and decimated by 25. ..........ccccoviviiniininninc e 144
7.16: Effects of filter cutoff frequency on strain data from Perryman #3 at 15 mph with
brakes enabled and decimated by 25. ........ccccoceviiniininiini e 144
8.1: S-N curve fitted for WAFO. ......cccooiriiiiiniectctneneieie e see e sre e s enees 150
8.2: Rainflow CYCle COUNL. .......c.coeiuiiiiiciieeeci et 151
8.3: Rainflow amplitude distribution. ...........cccccuervirerieniiniinninnienienienenere e seeeeesseeeeaens 151
8.4: Effects of cutoff frequency on fatigue life prediction. ...........cccveviviinenineneninnnen. 154

8.5: Effects of cutoff frequency on fatigue life prediction, given and predicted strains. 154

8.6: Fatigue life of the data set after filtering compared to the predicted fatigue life after
FIIETING. ©ooverieriicrirtetire ettt et se st s et et e s e e et e s et e st e st et e ba e saesaeseanes 156

8.7: Effects of cutoff frequency on fatigue fife prediction error from original estimate
using filtered training data. ..........cc.cccuevervieiiiiienieninie et s sresaens 157

8.8: Effects of cutoff frequency on fatigue life prediction error from original estimate

using filtered accelerations and unfiltered strain training data. ..........c..ccccoereenennen. 160
9.1: Model output for Perryman #3 at 15 mph without brakes............ccccecervrivininnnnen. 166
9.2: Model output for Perryman #3 at 15 mph with brakes. ...........cccoceevineninveninicnnenncn. 167
9.3: Model output for Belgian Block at 15 mph without brakes. .........ccccccecuevvricrenenene 167

xXil



9.4: Model output for Belgian Block at 15 mph with brakes. ..........c.cccoeconiireicieneneen. 168

9.5: Model output for concatenated data Set.............ccoerereereeieenieneniineesese e e 168
9.6: Simulated output for concatenated data set for various SS models............cccceenneene. 169
9.7: Simulated and measured SS model output for concatenated data set.................. 171

XX111



Nomenclature

Units

deg/sec degrees per. second

ft feet

g's gravity

Hz hertz

in inches

ksi thousand pounds per. square inch
mph miles per. hour

psi pounds per. square inch

sec seconds

pinch microinch

pinch/inch microinch per. inch
Abbreviations

Accel. Acceleration

ALT Accelerated Life Testing
ARMAX Auto-Regression Moving Average with eXogenous inputs
ARX Auto-Regression with eXogenous inputs
ATC Aberdeen Test Center

BJ Box Jenkins

BS British Standard Institution

Btm. Bottom

CAD Computer Aided Drafting

CG Center of Gravity



CMS
Cos

CS

Cyl
DADS
Disp.
DRAW

Drwhbr.

FEA

FFT

For.

Fs

GE
HMMWV
HMT

IPL

ISO

Long.
N/A
NASA
OE
PC
PCA
PoF

Press.

Component Mode Synthesis

Cosine

Curbside

Cylinder

Dynamic Analysis Design System
Displacement

Durability and Reliability Analysis Workspace
Drawbar

Elastic Modulus

Finite Element Analysis

Fast Fourier Transform

Forward

Sampling Frequency

Generalized Erying

High Mobility Multi-purpose Wheeled Vehicle
High Mobility Trailer

Inverse Power Law

International Organization for Standardization
Longitudinal

Longitudinal

Not Applicable

National Aeronautics and Space Administration
Output Error

Principal Component

Principal Component Analysis

Physics of Failure

Pressure

XXVi



PSD Power Spectral Density

R? Coefficient of Determination

RMS Root Mean Square

RS Roadside

Sin Sine

S-N Stress-Life

SS State-Space

SVD Singular Value Decomposition

T Transverse

Trans. Transverse

Triang. Triangle

TSS/VSS Terrain Sensor System / Vibration Severity Sensor
\Y Vertical

Var. Variable

Vert. Vertical

WAFO Wave Analysis for Fatigue and Oceanography
YPG Yuma Proving Grounds

XXVvil



Chapter 1 Introduction

Vehicle durability, which defines the useful life of a vehicle, is a high priority
for some consumers. Recently, the U.S. Armmy has begun to assess vehicle durability in
terms of life consumption, and is currently supporting research into a "physics of
failure" approach to monitoring vehicle life consumption based on fatigue. Life
consumption monitoring can be used to determine fatigue damage by directly or
indirectly monitoring the loads placed on critical vehicle components that are
susceptible to failure from fatigue damage. By monitoring vehicle life consumption, the
Army can predict mechanical failures before they occur and prevent mission critical
breakdowns. Life consumption monitoring also decreases maintenance costs by
improving maintenance and parts handling, and by determining the useful life of

vehicles so that well used vehicles can be retired instead of unnecessarily repaired.

1.1 Project Background

The example vehicle for this study is the M1101 High Mobility Trailer (HMT),
which is nommally towed behind a High Mobility Multi-purpose Wheeled Vehicle
(HMMWYV), as shown in Figure 1.1. The HMT, shown in Figure 1.2, is a small trailer
that is used to carry a payload both on and offroad. The trailer has hydraulic surge
brakes that slow the trailer as the HMMWYV decelerates.

As originally designed, the HMT experiences a fatigue failure of the drawbar, as
shown in Figure 1.3. Note that the surge brake assembly and the safety chains are

located on the broken portion of the drawbar. This failure allows the trailer to break



Figure 1.1: HMT towed by a HMMWY.

Figure 1.2: High-mobility trailer.



Figure 1.3: Broken drawbar.

free from the HMMWYV and is a serious safety hazard. Due to this hazard, the Army
temporarily removed six thousand trailers from service and parked them in the desert at
the Yuma Proving Grounds (YPG), as shown in Figure 1.4, until the drawbar was
redesigned for increased durability. Due to its known durability problems, the HMT
was selected as the test case for a physics of failure (PoF) project to show the advances
in computer simulation of durability prediction (TTCP, 2001).

To create an accurate simulation and analysis, the trailer was first modeled using
Pro/Engineer. Inthe computer aided drafting (CAD) model, each component of the
trailer shares a common reference frame and parameters. The CAD model was then
verified by a comparison of its geometry and mass properties to those of the actual
trailer.

The CAD model of the HMT was then meshed and analyzed using NASTRAN
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Figure 1.4: Trailers in desert.

finite element analysis (FEA) software to determine the vibrational modes of the trailer
using an eigenmode analysis. The first non-rigid body mode is shown in Figure 1.5.
The first mode is at 18.92 Hz, and is the roll motion of the trailer. The second mode is a
yaw motion at 21.55 Hz, and the third mode is a pitch motion at 26.3 Hz.

The CAD model was also exported to the multibody dynamics analysis program
Dynamic Analysis Design System software (DADS). DADS creates a simulation that
uses a multibody dynamics approach to determine a time history of the forces and
accelerations on the trailer. A rigid body model was created directly from the CAD
model of the trailer. This model required additional information that did not appear in
the CAD model, such as suspension and tire spring rates. As shown in Figure 1.6, the
trailer model was combined with a model of a HMMWYV tow vehicle and simulated

using measured test course terrain data.
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Figure 1.5: Vibration mode 1.

Figure 1.6: DADS model and simulation.



A flexible body model was then created from the rigid-body model by
component mode synthesis (CMS) using a Craig-Bampton mode set (TTCP, 2001;
Medepalli, 2000). The Craig-Bampton mode set (Craig and Bampton, 1968) utilizes the
eigenmode solution of the constrained finite element model along with static correction
modes, which represent the stiffness influence of the boundary conditions. For the
flexible-body model, the three eigenmodes with the lowest natural frequencies were
used. The modes are vertical and longitudinal bending and torsion. The eigenmodes
are the vibrational modes of the trailer. Another simulation was run that analyzed the
load history at the axles and lunette, and distributed inertial loading for the flexible
body model.

The flexible body multibody dynamics model of the original trailer was
simulated on several test courses at the Aberdeen Test Center (ATC). The dynamic
load histories from the test course simulations and the Durability and Reliability
Analysis Workspace (DRAW) (Iowa, 1998) software were used to predict the failure
point on the drawbar, as shown in Figure 1.7, and to estimate the durability. The
DRAW analysis includes dynamic stress computation and fatigue life prediction. The
dynamic stress computation is based on linear elastic FEA and provides a nodal
dynamic stress history. The dynamic stress history is used for the fatigue life
prediction. The fatigue life prediction is divided into two parts: initiation and
propagation. The fatigue crack initiation life prediction uses a multiaxial local strain
approach, and failure is assumed to occur when the crack has reached 2mm in length.
The fatigue crack propagation life prediction uses the FLAGRO software developed by

NASA.



Expected Failure Region

Figure 1.7: Drawbar life prediction using DRAW software.

To create an analysis and simulation, a representative re-creation of the vehicle
and terrain must be made. The DADS program provides a representative vehicle
simulation. A re-creation of the terrain must then be used in DADS to complete the
simulation, so that it can provide a representation of the vehicles dynamic response that
can be analyzed using known test data. Currently, experimental data for single test runs
over several ATC test courses are used for the simulations.

The Army stores the terrain profile for each test course at the ATC in the form
of a power spectral density (PSD) using the British Standard Institution BS 7853 and
International Organization for Standardization ISO 8606, as shown in Figure 1.8. For
the PSD to be used by DADS, it will have to be converted back to spatial data. This

will give a statistically equivalent model for the course that was used to collect data for
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the PSD. The conversion of the PSD to statistically equivalent spatial data is an initial

step in determining if stored terrain data can be used with the DADS program.

1.1.1 Terrain Sensing

A second Army (PoF) project deals with life-consumption monitoring using the

Terrain Sensor System/Vibration Severity Sensor (TSS/VSS) developed by the Defence

Science and Technology Laboratory in the UK. It was noted in a recent task outcome

report that "A process was developed to calculate life consumed (or damage

accumulated) on a critical component of a U.S. Army trailer, based on real-time

monitoring of the severity of the vibration experienced by the trailer." (TTCP, 2001)



The TSS/VSS attempts to calculate the damage to a vehicle indirectly, by using
a single sensor (accelerometer) mounted to the axle of the tow vehicle, similar to
Figure 1.9. The TSS/VSS monitors the cumulative time traveled on each of five terrain
types (stopped, smooth, rough, off-road, and cross country), which are recorded by a
controller located in the cab of the vehicle, as shown in Figure 1.10.

The signal from the accelerometer is filtered at a pass-band of 1 to 20 Hz. The
peak accelerations are averaged over 10 to 20 seconds and then recorded as one of the
five terrain types (TTCP, 2001). The five terrain types selected for the use by the
TSS/VSS for the life prediction are classified by BS 7853, which is identical to ISO
8606. This standard defines terrain types based on the road's PSD and spatial
frequency.

The data collected by the TSS/VSS is analyzed by a simple algorithm that
calculates "trailer damage per time on an equivalent terrain class." (TTCP, 2001) The
limitations of this type of system are that monitoring the life consumption from a single
sensor is inaccurate and that one or more vehicles have to be tested until failure to
determine the vehicle's life. The TTCP report states "The TSS/VSS was not designed to
determine the actual terrain or speed, which is not important for this life-consumption
monitoring application." The TTCP report also states "Given its actual function, the
TSS name is a misnomer because the system does not sense the terrain, but the severity
of the vibration loads." This system is the current state of the art in ground vehicle life
consumption monitoring and is currently being tested in Europe (TTCP, 2001).

The dynamic vehicle model and use of terrain data are the two elements needed
to evaluate life consumption during the initial design process. This information about
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Figure 1.9: TSS/VSS accelerometer mounting location.

1
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Figure 1.10: TSS/VSS controller located in cab of vehicle.
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the data and model creation will lead to the ability to monitor the strain at the failure

location directly, as the TSS/VSS attempts to do indirectly.

1.3 Project Objectives

This project is a step in the process of life consumption monitoring that will
determine if vehicle failure due to fatigue can be predicted, and therefore prevented, and
will answer the question "Can a model and accelerometer measurements be used to
predict the life of the trailer?" In the future, this modeling process could eventually be
used to determine the useable life of other vehicles during the initial design process, as
well as for determining and preventing future failures. This research will investigate the
use of models and simulation to determine the life of a vehicle during the design

process and to analyze future failures.

1.4 Project Scope

This research has a scope of work that aims to advance the current technology of
vehicle life-consumption monitoring. Data from the HMT being driven over known test
courses will be analyzed. The experimental data for the Perryman #3 test course will be
filtered at frequencies appropriate for the data collection methods and for use in
comparison to the HMT simulation results. The univariate statistics of the data will be
determined.

The experimental data from the HMT traversing the Belgian Block and
Perryman #3 test courses at 15 mph, with the surge brake both enabled and disabled,

will be used for the analysis to determine if the surge brake has an effect on life of the
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HMT and is required in the DADS simulation. This will also determine if design
improvements need to be made to the trailer's braking system. This analysis will use
multivariate regression and principal component analysis (PCA). The data used in the
current DADS simulation will be for the Perryman #3 test course. The simulation
results using the Perryman #3 test data will be compared to the data of the 15 mph run
with the surge brake enabled. This comparison will validate the use of the simulation.

The number and location of appropriate sensors for monitoring life-consumption
of the HMT drawbar will also be determined by regression analysis of the collected
data. The data collected from the Belgian Block and the Perryman #3 courses at 15
mph will be used to determine if the sensor and data collection procedure used in the
TSS/VSS is appropriate for use with the HMT.

The appropriate signal processing and model type will be determined. The use
of an appropriate model will provide accurate monitoring of the strain at the predicted
point of failure. Appropriate signal processing will limit the amount of processed
information, while maintaining accuracy.

An analysis of the measured terrain profiles that are stored as PSDs will be
performed. The analysis will consist of determining if the PSDs can be actively used to
create an appropriate simulation of the terrain type. The method of actively re-creating
the terrain data will be written into a Fortran subroutine that will be the basis for another
student's research that will implement the subroutine in the DADS simulation to

eliminate the need for measured terrain data in the simulation.
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Chapter 2 Literature Review
2.1 Terrain Monitoring

The TTCP report (2001) 'Physics of Failure Approach to Life Consumption
Monitoring' details the use of the TSS/VSS for life consumption monitoring. The
TSS/VSS falls short by not accounting for the accelerations that correlate directly to the
loads that are causing the trailer failure. The TSS/VSS may monitor the severity of
vibration, but it still has to categorize the vibration as a terrain type. The use of the
terrain type does not differentiate between differences in vibrations within that category.
A well-placed accelerometer or group of accelerometers could estimate the damage

directly. This would produce a more accurate estimate of life consumption.

2.2 Durability Analysis

Srikantan, Yerrapalli, and Keshtkar (2000) discuss vehicle durability and fatigue
analysis, using data from proving ground testing. They discuss the differences between
yield strength based durability analysis and fatigue analysis. Fatigue analysis reduces the
design cycle and produces a more optimally designed structure. The authors concentrate
on the design of truck body structures and the severe duty cycles that accompany them.
The loads from proving ground tests of similar vehicles are used in simulations to
determine the fatigue life of the vehicle. The simulation used to calculate fatigue is
MSC/FATIGUE while the stresses are determined using MSC/NASTRAN. When

fatigue life design criteria are met a prototype is then built and tested. If the design
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criteria are not met the prototype is modified. The results from a correlation study
showed the analytical strains from FEA and proving ground tests correlated very well.

Medepalli and Rao (2000) discuss the prediction of road loads for fatigue design.
They discuss the use of computer simulations to predict road loads early in the design
process, before a prototype vehicle is built. Medepalli and Rao outline and validate a
process for the prediction of road loads. The computer simulation used was created using
ADAMS. ADAMS is similar to DADS in its rigid and flexible body dynamic analysis.
The results obtained from the simulation were then correlated to measured road loads.
The results showed that the flexible body models correlated more closely to the measured
road loads. The results also showed that the predicted and measured loads were
correlated very well.

Kim, Yim, and Kim (2002) also outline a method for simulating vehicle dynamics
loads, but they add durability estimation. For their multibody dynamic analysis they use
DADS and a flexible body model. The model was for a transit bus. For their dynamic
stress analysis MSC/NASTRAN was used. The fatigue life was then calculated using a
local strain approach. From the fatigue life analysis, it was determined that the majority
of the fatigue damage occurred over a frequency range that depended on the terrain
traveled (service or accelerated test course). This shows that the actual service
environment can be simulated instead of using an accelerated testing environment. Since
the durability results for the actual service environment can be obtained using a
simulation, they can be determined early in the design process.

Zhang, Chuckpaiwong, Liang, and Seth (2002) discuss a method for determining
a fatigue model from accelerated life testing (ALT). The models used are inverse power
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law (IPL) and generalized Erying (GE) models. The models can then be used to
determine life estimations from ALT data. To use ALT models, some assumptions must
be made. The first assumption is that only the accelerated stress should be applied while
all other stresses are kept constant. The second assumption is that the failure mode
should be the same for both accelerated and normal stress conditions. The third and
fourth assumptions are that the accelerated test results should not be extrapolated to stress
levels beyond the range of the model, and the model is applicable to the component being
tested. The authors propose a modified model to solve the singularity problems
associated with IPL models. When the stress is near zero (singularity) another main
stress (thermal stress) is considered using the GE model. The authors then discuss the
testing of a bearing to validate the proposed method. The model was created using two
ALT runs and validated with three other ALT runs. Thermal effects were accounted for
during each test. The mean error was found to be 7.34% for the three verified stress
levels.

Cuyper, Coppens, Leighfooghe, Swevers, and Verhaegen discuss system
identification as it relates to the simulation of service loads on multi axial durability test
rigs. Durability test rigs are used to simulate service loads in place of road testing, so that
vehicle durability can be determined. The authors discuss several methods including:
measurements of frequency response functions (FRF's), FRF averaging based on
coherence, matrix inversion using singular value decomposition (SVD). The use of SVD
makes the inversion more stable. The correlation between the calculated and target fast
Fourier transforms (FFTs) of the signals to be used for testing is determined using
principal component analysis (PCA). The authors also discuss two additional methods:
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time domain modeling and a method that combines FRF and a non-linear calibration
curve for axle force and shaker displacement. The time domain models discussed are
input-output and state space models. The input-output model discussed is the
autoregressive moving average model (ARMAX). The authors then discuss results
obtained using a 12-poster test rig. The results show a successful reproduction of all

FFTs of target signals.

2.3 Parameter Identification

Parametric modeling of a system is commonly used when a physical model is
unavailable or impractical. Statistical models are the most widely used parametric
models. The text by Neter, Kutner, Nachtsheim, Wasserman (1996) discusses linear
statistical models including regression analysis and identification of relevant parameters.
Hines (1998) discusses the use of PCA for parameter identification and regression
analysis.

When parametrically modeling a system, the relevant parameters to be used in the
model must be identified. Several techniques including PCA are available and widely
used to determine the parameters to be used in a parametric model of the system.

Cho and Kim (2002) discuss indirect input force identification in multi-source
environments using PCA on the output variables. Conventional transmissibility function
approaches are only applicable when the number of independent excitation sources is just
one. The method discussed by the authors extends to cases where the number of sources
is greater than one. The authors validate their technique using numerical example of an

Euler beam. The beam is excited at three points with two random sources and the
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responses were generated at 19 points. Their results showed low errors except near the
resonant frequencies. The reason given for the error is that only one mode is
predominant although the number of source is two. The errors for the PCA were much
lower than for the transmissibility function.

Serban and Freeman (2001) discuss the identification of unknown values for the
parameters used in the nonlinear models of multibody dynamic systems. These
parameter values are often unavailable or difficult to measure. The authors use a
numerical test based on the condition number of a matrix constructed using first-order
derivative information. The method was validated using a pendulum, slider-crank, and

HMMWY examples.

The literature reviewed discuss the current methods used for terrain monitoring,
durability analysis, and parameter identification. Using parameter identification
techniques, the appropriate sensors for monitoring the durability of the trailer can be
made. Once the sensors are identified, appropriate methods for monitoring the durability

of the trailer can then be determined.
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Chapter 3 Method

In order to determine the most appropriate sensor for collecting data needed for
predicting the fatigue life of the trailer, an analysis of experimental data was performed.
The experimental data was taken from a HMT traveling over a known test course. The
data was taken for 45 test runs at 8 speeds, over 6 test courses that have known terrain
profiles, and with the trailer brakes both enabled and disabled. The data sets used in the
current analysis are for the Belgian Block course at 15mph and the Perryman #3 course at

15mph, with the brakes both enabled and disabled.

The trailer was instrumented with 59 sensors, discussed in Chapter 4, which
included strain gages, accelerometers, rate gyros, shock absorber displacements, brake
pressures, and ground speed. The failure at the drawbar corresponds to the forces on the
drawbar, which can be determined from the strain gage data. The failure location has
also been determined by DRAW, as shown previously in Figure 1.8. This figure shows

the failure region in red, which corresponds to the shortest life as shown on the legend.

Multivariate regressions (Neter et al., 1996) and principal component analysis
(PCA) (Hines, 1998) will be used to determine which sensors most accurately reflect the

loads on the drawbar at the failure point.

From the regression model created using the appropriate sensors, the fatigue life
will be calculated using the Wave Analysis for Fatigue and Oceanography (WAFO)
software package. WAFO (WAFO Group, 2000) uses a stress-based approach to fatigue

life calculation, which is appropriate for the high cycle fatigue present in monitoring
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vehicle fatigue. WAFO uses the Wohler curve fit and the Palgrem-Miner rule to
calculate fatigue damage from rainflow counting and the S-N curve, as described below

in section 3.3.

Appropriate re-sampling of the data will be made using decimation and filtering
will be made using a Butterworth filter. These techniques are discussed below in section
3.4. From the regression and fatigue calculations, an appropriate dynamic model will be
made to determine the strain at the failure point from the series determined by the

regression analysis.

3.1 Regression Analysis

Multivariate regressions are used for determining the linear relationship between a
dependent variable (i.e. strain) based upon a set of independent variables (i.e. data
channels). Regression analysis is used for description, control, and prediction of data.

To determine the relationship between the input data and the strain, at the expected point
of failure, a regression analysis was performed. The linear regression model has the

general form:
Y=8,+X"B+e=B+ X, B+ X,p,++¢& (3.1)

where 7 is the response (output) variable, X is the independent (input) matrix, £ are the

model parameters, X; are the independent (input) variables, and € is an error term.

Interaction effects can also be added to the regression model. An interaction
effect is the effect one predictor variable X; has on the interaction between another

predictor variable X> and the response variable Y. With the addition of pair-wise
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interaction effects, the regression model has the addition of all possible pairs if predictor
variables are multiplied together and added to X. The linear regression model with

interaction terms has the form:
Y = B, +xrﬂ+5= B+ X\B+ X5+ X X, B, +-+¢€. (3.2)

The goodness-of-fit for a regression model can be measured by the coefficient of
determination, R?, which is simply the proportion of variance between the measured and
predicted values of the response variable, Y. It reflects the ratio of the regression sum of

squares to the total sum of squares, and is given by:

i(Ym —'Ym)z

R* = =l (3.3)

i i[(yhi _Ym)2 "‘(Y: _Yhi)z]

i=1

where the regression sum of squares is the squared sum of the differences between the
fitted value, Y;, and the mean of the fitted values, Yy, for » observations and the error
sum of squares is the squared sum differences between the observation, Y;, and the mean
of the fitted values, Yy, The total sum of squares measures the uncertainty of predicting
Y, when the predictor variables are not considered. The total sum of squares is the sum
of both the error and regression sum of squares. It measures the variation in the
measured values, Y, when the predictor variables X are considered. The closer the value
of R is to unity, the closer the observations Y are to the regression model and the greater
the degree of linear association between the input variables, X, and the predicted

response variable, Y.
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The R? value is a measurement of the goodness of fit of the model, but it is also
necessary to determine the accuracy of the regression model in terms of error in
prediction. The error can be determined by simply comparing the predicted values from
the model with the data it is predicting. This gives an average error that can be used to
determine the accuracy of the model. The accuracy is usually tested by dividing the data
set into halves. One half of the data set is used to create the model and the second half is

used for testing the model.

3.2 Principal Component Analysis (PCA)

Principal component analysis identifies variables or groups of variables that
represent the behavior of the system. Each principal component (PC) is a linear
combination of the original data and thus forms a vector basis for the data. The
transformed vectors are uncorrelated and orthogonal, which allow them to be used in
regressions without collinearity problems, effectively removing interactions.

Since there are an infinite number of ways to construct the vector basis, the
principal component technique defines the basis to be constructed such that the first
principal component describes the direction of maximum variance, and each succeeding
principal component is defined to be orthogonal to all previous principal components and
to have the maximum variance of all remaining choices. By neglecting the PCs that do
not contain a significant amount of variability, a systematic reduction in the size of the

input data can be made without losing significant information in the data.
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In the context of this analysis, the input space X, which consists of all the
accelerometer, rate gyro, linear position and brake pressure data, is transformed into an

orthogonal space Z using a transformation matrix o.:

e}=[alix} (34)
This transformation is performed sequentially by first creating a variable z, that is a linear
combination of the input data channels, x;, and has maximum variance with respect to the
data.

P
5 =X QX O X, =D X, (3.5)
jal

A second variable, z,, is then created. This variable has maximum variance with respect
to the remaining data, and is uncorrelated (ie. orthogonal) to z;.

P
Z=0yx tayx, + o ay X, =Zazjxj (3.6)
j=I

This process continues until p uncorrelated principal components are found and are
arranged in order of decreasing variance. The values of the PC scores show how each
input variable is weighted. The percent explained by each principal component shows

how much variance is explained in by each PC.

variance, 100% 3.7)

%explained = —
ZH variance

The principal components are calculated from the covariance matrix. The

principal components are the eigenvectors of the covariance matrix with the first
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eigenvector corresponding to the largest eigenvalue (1) and therefore the most variance.
The latent variables are the eigenvalues of the covariance matrix. The eigenvectors are
orthogonal, and the sum of the eigenvalues equals the total variance of the original data.

From the eigenvalues the amount of information explained by each PC can be computed.

A
%explained = —<—-100% (3.8)

p
j=1""J

Singular value decomposition (SVD) is used for PCA because it is a method of
calculating the eigenvectors and eigenvalues that is considered to be computationally
efficient and stable. SVD decomposes a matrix X into a diagonal matrix L that contains
the singular values which are the square roots of the eigenvalues of X"X and are arranged
in decreasing order, an orthogonal vector space A of the standardized PC scores, and an
orthogonal vector space U of right singular values which are the eigenvectors, PCs, and

result in the same matrix as the eigenvector matrix of the covariance.

x}={afiLiuy 3.9)
The PC scores can be calculated by multiplying A by L.

{z}={4{L} (3.10)

3.3 Fatigue Life Calculation

To develop an equation for damage at a given stress level, as it relates to the S-N
curve, the techniques of rainflow counting will be combined with the Wohler fit to the
S-N curve and the Palmgren-Miner fatigue damage rule. Rainflow counting (WAFO

Group, 2000; Dowling, 1999) is used to divide variable amplitude loading into a series of
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cycles of maximums, M, and minimums, m”C | that give the amplitude for a given

cycle, s7°:

s =M, -m© (3.11)
The S-N curve is determined experimentally by testing material samples at a constant
cyclic stress, S, until failure. The number of cycles until failure, N, are recorded and
plotted against the corresponding stress for each test. The Wohler curve fits the S-N
curve as a function N(s), where s is a given stress amplitude.

N(s)=K"s'B for s > s, and oo for s < s, (3.12)
The Palmgren-Miner linear damage accumulation theory states that damage is the sum of

the number of cycles to failure at each stress level. Failure occurs when D(t) = 1.

D(t) = Zs N(ISk) (3.13)

Combining the Wohler curve (3.12) and the Pamlgren-Miner rule (3.13) with the rainflow
cycle distribution, we have an equation for damage at a given stress level, as it relates to

the fit of the S-N curve.

D()=K) st (3.14)

st

Using the amplitudes from the rainflow cycle, se - , we have the following damage

estimation for a given S-N curve and loading.

D(t)=K) (s5)” (3.15)

1St
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3.4 Decimation and Filtering

The decimation function in Matlab is used to filter and re-sample the data at a
given level, R, which is 1/R times the original sample rate, Fs. The function uses an
eighth order Chebyshev type-1 low pass filter with a cutoff frequency set at the 80 % of
the new Nyquist frequency, 0.8*(Fs/2)/R. Once the data is filtered it is re-sampled to the
given level.

The filter used for further filtering of the data was an 8 pole low pass digital
Butterworth filter. The filter was applied with a zero-phase forward and reverse digital
filter. This results in no phase distortion and magnitude modified by the square of the

filter's magnitude response.
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Chapter 4 Data Collection and DADS Validation

4.1 Test Setup
The data used for the analysis of the HMT; was collected by the United States

Ammy at the U.S. Army Aberdeen Test Center (ATC). The data was collected for 45 test
runs at 8 speeds, over 6 test courses that have known terrain profiles, and with the trailer
brakes both enabled and disabled. The trailer was instrumented with 59 sensors, listed in
Table 4.1, that included strain gages, accelerometers, rate gyros, shock absorber

displacements, brake pressures, and ground speed.

The strain gauge rosettes were located at several points on the trailer. The strain
gauge rosettes monitored strains in the transverse, 45 degree, and longitudinal directions.
A total of eight strain gauge rosettes were used. Four of the strain gauge rosettes were
located on the bottom of the drawbar. The analyses in this dissertation used the data from
one rosette located on the bottom of the drawbar near the failure point, as shown in

Figure 4.1.

Four single axis accelerometers were located at the frame attachment point for
both the curbside (CS) and roadside (RS) suspension road arms, or close to the axle
location on the road arms. The axis of the axle accelerometers changes due to movement

of the suspension.

Seven tri-axial and four single axis accelerometers were used during the trailer

testing. As can be seen in Figure 4.2, one of the tri-axial accelerometers was located on
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Table 4.1: Data acquisition system channel assignments.

Channel # | Description
5 Bottom Drawbar Transverse strain
6 Contat 45 degree strain
7 Longitudinal strain
8 Bottom Drawbar Transverse strain
9 i;nter 45 degree strain
10 Longitudinal strain
11 Bottom Drawbar Transverse strain
12 g:;t;side 45 degree strain
13 Longitudinal strain
14 Bottom Drawbar Transverse strain
15 i‘g%s:gi: 45 degree strain
16 Longitudinal strain
17 Top Triangle Plate Transverse strain
18 Sl 45 degree strain
19 Longitudinal strain
20 Bottom Triangle Plate Transverse strain
21 Samen 45 degree strain
22 Longitudinal strain
23 Left Angle Plate Vertical strain
24 e 45 degree strain
25 Longitudinal strain
26 Left Angle Plate Vertical strain
p.g) Uiges 45 degree strain
28 Longitudinal strain
29 Curbside Axle Acceleration
30 Curbside Frame Acceleration
31 Roadside Axle Acceleration
32 Roadside Frame Acceleration
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Table 4.1: Continued.

33 Lunette Acceleration Vertical (z)

34 Transverse (y)
35 Longitudinal (x)
36 Tongue Acceleration Vertical (z)

37 Transverse (y)
38 Longitudinal (x)
39 Trailer CG Acceleration Vertical (z)

40 Transverse (y)
41 Longitudinal (x)
42 Curbside Acceleration Vertical (z)

43 HOENY Transverse (y)
44 Longitudinal (x)
45 Curbside Acceleration Vertical (z)

46 R Transverse (y)
47 Longitudinal (x)
48 Roadside Acceleration Vertical (z)

49 Ei e d Transverse (y)
50 Longitudinal (x)
51 Roadside Acceleration Vertical (z)

i) s Transverse (y)
53 Longitudinal (x)
54 Trailer CG Vertical (z)

55 Transverse (y)
56 Longitudinal (x)
57 Curbside Shock Displacement

58 Roadside Shock Displacement

59 Longitudinal Ground Speed

60 (not used)

61 Master Cylinder Brake Pressure
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Table 4.1: Continued.

62

Curbside Wheel Brake Pressure

63

Roadside Wheel Brake Pressure

Figure 4.1: Strain gage rosette at failure location.
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Figure 4.2: Accelerometers and strain gages on drawbar of HMT.

the lunette, and another on the trailer tongue. Significant differences between these two
sets of transducers should only exist for experimental runs where the surge brake was
active. Four tri-axial accelerometers were located at the corners of the cargo box, as
shown in Figure 4.3. A rate gyro was used to measure the roll, pitch and yaw rates at the
CG of the trailer, with a final tri-axial accelerometer to measure center of gravity (CG)
accelerations, as shown in Figure 4.4.

Linear displacement transducers were used to measure shock absorber
displacements and three pressure transducers were used to monitor brake pressures. The
pressure transducers were located at the master cylinder, left wheel cylinder, and right

wheel cylinder, respectively.
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Figure 4.4: Tri-axial accelerometer and rate gyro at trailer CG location.
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4.2 Test Data

The data used for the analysis in this dissertation was for the tests on the Belgian
Block and Perryman #3 courses. The data collected over the two courses was for the
brakes both enabled and disabled at a speed of 15 mph. The filenames for the test runs

used, are shown in Table 4.2.

The Belgian Block Course is paved with uneven granite blocks that simulate a
cobblestone road. The granite blocks are on average 13 cm (5 in) square. The course
varies with a peak of approximately 8 cm (3 in). The course is approximately 1.2 km
(0.75 mi) in length. The data from this course was used because it creates a random
vehicle motion.

The Perryman #3 course is a cross-country course. It is a rough course composed
of native soil that includes Sassafras loam and Sassafras silt loam. Dust is severe when
the course is dry. Much of the course is rough due to many years of testing tank-type
vehicles.

The data was collected at a frequency of 1262.626 Hz. The data was filtered with
low-pass anti-aliasing filters. The cutoff frequency of the filter differed by the type of
sensor being used on that channel, as shown in Table 4.3. The data was then stored in a
comma delimited format with 59 columns, one for each data channel. The data files were

stored in the format shown in Table 4.4.
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Table 4.2: Test matrix data file names.

Course / Speed Brakes Test Run
Belgian Block / 15 mph Off Run010
On Run013
Perryman #3 / 15 mph Off Run055
On Run052

Table 4.3: Analog low-pass anti-aliasing cutoff frequencies.

Transducer Type

Filter Cutoff Frequency

Strain gauge

100 Hz

Accelerometer

200 Hz

Rate gyro

20 Hz

Linear position

20 Hz
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Table 4.4: Experimental data file format.

Col# | Description Units Col. # | Description Units
1 Time sec 3N Lunette Accel (T) g's
2 Btm Drwbr Cntr (T) strain pinch 32 Lunette Accel (L) g's
3 Btm Drwbr Cntr (45) strain uinch 33 Tongue Accel (V) g's
4 Btm Drwbr Cntr (L) strain pinch 34 Tongue Accel (T) g's
5 Btm Drwbr Cntr Aft (T) strain pinch 35 Tongue Accel (L) g's
6 Btm Drwbr Cntr Aft (45) strain winch 36 Trailer CG Accel (V) g's
7 Btm Drwbr Cntr Aft (L) strain pinch 37 Trailer CG Accel (T) g's
8 Btm Drwbr CS Edge (T) strain winch 38 Trailer CG Accel (L) g's
9 Btm Drwbr CS Edge (45) strain winch 39 CS Forward Accel (V) g's
10 Btm Drwbr CS Edge (L) strain winch 40 CS Forward Accel (T) g's
11 Btm Drwbr CS Edge Aft (T) strain uinch 41 CS Forward Accel (L) g's
12 Btm Drwbr CS Edge Aft (45) strain u inch 42 CS Aft Accel (V) g's
13 Btm Drwbr CS Edge Aft (L) strain p inch 43 CS Aft Accel (T) gs
14 Top Triang Plate Corner (T) strain pinch 44 CS Aft Accel (L) g's
15 Top Triang Plate Corner (45) strain u inch 45 RS Forward Accel (V) g's
16 Top Triang Plate Corner (L) strain uinch 46 RS Forward Accel (T) g's
il Btm Triang Plate Corner (T) strain pinch 47 RS Forward Accel (L) g's
18 Btm Triang Plate Corner (45) strain uinch 48 RS Aft Accel (V) g's
19 Btm Triang Plate Corner (L) strain uinch 49 RS AftAccel (T) g's
20 Left Angle Plate Lower (V) strain winch 50 RS Aft Accel (L) g's
21 Left Angle Plate Lower (45) strain p inch 51 Trailer CG Pitch Rate deg/sec
22 Left Angle Plate Lower (L) strain pinch 52 Trailer CG Roll Rate deg/sec
23 Left Angle Plate Upper (V) strain u inch 53 Trailer CG Yaw Rate deg/sec
24 Left Angle Plate Upper (45) strain pinch 54 CS Shock Absorber Disp Inches
25 Left Angle Plate Upper (L) strain u inch 55 RS Shock Absorber Disp inches
26 CS Axle Accel (V) g's 56 Surge Brake Pressure psi
27 CS Frame Accel (V) g's 57 CS Wheel Brake Pressure psi
28 RS Axle Accel (V) g's 58 RS Wheel Brake Pressure psi
29 RS Frame Accel (V) g's 59 Long. Ground Speed mph
30 Lunette Accel (V) g's

4.3 Data Reduction Results

Representative data reduction results are presented for data collected on the
Perryman cross-country #3 course at a nominal speed of 15 mph with the surge brakes
activated and deactivated, respectively. The data has been decimated to a sampling
frequency that is close to twice the cutoff frequencies listed in Table 4.3, for each sensor
type. Strain gauge data is only shown for the failure location, bottom drawbar center aft.
All other data channels are shown, except for ground speed. The statistics for the data

were then calculated, as requested by the U.S. Army. The statistics calculated included
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the average, standard deviation, root mean square (RMS), +peak, -peak, +99.9%, -99.9%,

+99%, -99%, +90%, and -90%.

4.3.2 Strain Data

The statistics for strain are shown in Table 4.5 and Figures 4.5 through 4.9. Table
4.6 shows the statistics for the principal strains. The experimental principal strain
statistics are shown, due to the fact that the NASTRAN analysis of the DADS simulation

returns principal strains. The principal strains will be used to validate the simulation.

From Table 4.5 and the figures, it can be seen that the longitudinal strain has a
much greater amplitude than the other strains. From the Tables 4.5 and 4.6, the peak and
percentile strains for the first principal strain, €, match the positive portions of the
transverse and longitudinal strains. The peak and percentile strains for the second
principal strain, €, match the negative portions of the transverse and longitudinal strains.
From Figure 4.10, it can be seen that the longitudinal strain amplitude is well above the
transverse strain amplitude. The longitudinal strain is also perpendicular to the direction
of crack growth, determined from the broken drawbar, at the failure point. The
longitudinal strain is the primary contributor to the positive and negative peaks in the
principal strains. From Table 4.6 and Figure 4.10, it can be seen that the first principal
strain only accounts for the positive strains in the longitudinal direction, and the second
the negative. Therefore, if the only one principal strain is used for calculation, either the
positive or negative portion of the strains will be ignored, and will reduce the peak to

valley strain values of the cycle. From this, it can be determined that the longitudinal
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Table 4.5: Strain amplitude distribution data.

Description Ave Std | RMS | +Peak - +99.9 | 999 [ +99 -99 +90 -90 | Brakes
Dev Peak
Btm Cntr Aft (T) | 0903 | 61.25 | 61.25 | 180 -189 176 -187 132 -167 80.5 -753 | ON
(45) | -32.6 | 59.48 | 67.82 | 136 -232 135 -225 120 -177 39.65 | -107
L) | -372 | 178.1 | 181.9 | 505 -648 495 -627 442 -473 176 -256
Btm Cntr Aft (T) | 0.692 | 65.27 | 65.27 | 233 -255 221 -240 155 -180 819 -81.5 | OFF
(45) | -16.3 | 66.48 | 68.44 | 235 =297 | 227 -283 154 -185 64.8 -973
@L) | 275 | 191 191 728 -770 704 -749 514 -477 238 -226
Table 4.6: Principal strain amplitude distribution data.
Description Ave Std RMS | +Peak - +99.9 | -99.9 +99 -99 +90 90 | Brakes
Dev Peak
Btm Cntr Aft (g)) | 79.6 86.59 | 118 506 -39.8 | 498 <276 | 443 -169 | 179 3.9 ON
(ez) | -116 104 156 -12.59 | -648 -13.5 | -627 -16.1 | -474 -25.5 | -258
(a) | 0019 | 0.253 | 0.253 | 0.783 | -0.78 | 0.77 -0.76 | 0.69 -0.68 | 0.33 -0.28
Btm Cntr Aft (g;) | 99.59 | 106 146 728 -39.2 | 705 <276 | 515 -8.36 | 241 11.89 | OFF
(s2) | -102 103 144 -0.66 =770 -4.54 | -749 -7.31 | -478 -17.2 | -232
(o) 0.023 | 0.258 | 0.259 | 0.783 | -0.79 | 0.781 | -0.78 | 0.721 | 0.7 0.313 | -0.27

Strain Average
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Figure 4.5: Longitudinal strain averages for each rosette direction.
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Figure 4.6: Longitudinal strain peaks for each rosette direction.
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Figure 4.7: Longitudinal strain RMS for each rosette direction.
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Figure 4.8: Long. strain percentiles for each rosette direction (brakes disabled).
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Figure 4.9: Long. strain percentiles for each rosette direction (brakes enabled).
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Figure 4.10: Comparing strain and principal strain.

strain or the combined first and second principal strains should be used for any fatigue

life predictions.

4.3.3 Accelerometer Data

Statistics about the accelerometer data amplitude distribution for the Perryman #3

test course at 15 mph are given in Tables 4.7 and 4.8 for the brakes disabled, and enabled

respectively. The statistics can be seen graphically in Figures 4.11 through 4.25. As

expected the mean acceleration are less than 0.25 g. The RMS values are greater for the

test data with the brakes enabled than the test data with the brakes disabled. The

minimum values are lower for all trailer locations for the test data with the brakes
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Table 4.7: Acceleration amplitude distribution data (brakes disabled).
Description Ave Std RMS | +Peak | -Peak +99.9 -99.9 +99 -99 +90 -90
Dev
Lunette (V) | 0.12168 | 0.4581 | 0.4332 | 9.5711 | -6.713 | 2.4536 | -3.396 | 0.9296 | -0.972 | 0.5233 | -0.271
(T) | 0075 | 03101 | 0319 | 12.632 | -8396 | 2.4542 | -2.975 | 0.5986 | -0.735 | 0.0754 | -0.231
(L) | -0.0889 | 0.1779 | 0.1989 | 4.0817 | -4.615 | 1.0331 | -1.193 | 0.3298 | -0.548 | 0.0693 | -0.256
Tongue (V) | -0.0525 | 0.4156 | 0.4189 | 13.57 | -6.954 | 1.996 | -3.129 | 0.7836 | -1.199 | 0.357 | -0.453
(T) | -0.185 | 0.1688 | 0.2504 | 2.5198 | -2.636 | 1.142 | -1.176 | 0.2237 | -0.629 | -0.032 | -0.34
(L) | -0.0053 | 0.1311 | 0.1312 | 1.9064 | -1.041 | 0.661 | -0.585 | 0.3064 | -0.352 | 0.138 | -0.161
CG (V) [ 0.1415 | 0.3706 | 0.3967 | 2.2667 | -2.208 | 1.6796 | -0.887 | 12249 | -0.666 | 0.6607 | -0.295
(T) | -0.0683 | 0.118 | 0.1363 | 0.7149 | -0.594 | 0.4068 | -0.467 | 0.2534 | -0.352 | 0.0749 | -0.209
(L) | 00299 | 0.121 | 0.1266 | 1.6047 | -0.479 ] 0.636 | -0.399 | 0.3406 | -0.269 | 0.1781 | -0.118
CSFor. (V) | 0.0317 | 0.3561 | 0.3575 | 4.3396 | -3.145 | 1.88 | -1.615 | 0.961 | -0.815 | 0.4544 | -0.371
(T) | 0.0499 | 0.1613 | 0.1689 | 1.5647 | -1.258 | 0.9982 | -0.728 | 0.4733 | -0.366 | 0.2247 | -0.128
(L) | 0.0808 | 0.2411 | 0.2543 | 1.8408 | -1.099 | 1.3538 | -0.716 | 0.7839 | -0.512 | 0.3503 | -0.2
CSAR (V) | -0.0208 | 0.662 | 0.6623 | 4.1594 | -2.302 | 3.2007 | -1.793 | 2.1049 | - 0.7118 | -0.779
(T) | 0.1244 | 03633 | 0.3834 | 56734 | -4.693 | 2.0413 | -1.754 | 1.1053 | 1.432- | 0.515 | -0.264
(L) | -0.1234 | 0.2317 | 0.2625 | 1.5709 | -1.232 | 1.0813 | -0.908 | 0.5811 | 0.799 | 0.1405 | -0.390
-0.639
RSFor (V) | 0.0553 | 0.4088 | 0.4125 | 6.2374 | -3.551 | 2.0098 | -2.037 | 1.0706 | -0.909 | 0.544 | -0.408
(T) | -0.0394 [ 0.1727 | 0.1171 | 1.5752 [ -1381 | 09449 | -0.84 | 04047 | -0478 | 0.15 | -0234
@) | -0.0745 | 0.2486 | 0.2596 | 1975 | -1.936 | 1.1045 | -0.863 | 0.6167 | -0.657 | 0.2317 | -0.365
RSAR (V) | 0.0075 | 0.6042 | 0.6042 | 3.1227 | -2.227 | 2.3379 | -1.563 | 1.7719 | -1.345 | 0.7346 | -0.699
(T) | 0.1265 | 0.3075 | 0.3325 | 4.2607 | -3.694 | 1.864 | -1.409 | 09809 | -0.642 | 0.4597 | -0.204
(L) | 00394 | 0.2106 | 0.2142 | 13207 | -0.732 | 1.0818 | -0.579 | 0.65451 | -0.432 | 0.3096 | -0.194
CSAxle (V) | 0.0852_| 0.4934 | 0.5007 | 43174 | -3.36__| 2.7369 | -1972 | 1.5695 | -1.07 | 0.6409 | -0.459
CS Frame (V) | -0.0525 | 0.4021 | 0.4055 | 1.8081 | -1.272 | 1.6858 | -1.094 | 1.2094 | -0.947 | 0.4166 | -0.523
RSAxle (V) | -0.0301 | 0.3931 | 0.3943 | 2.2952 | -2.017 | 1.7752_| -1.456_| 1.1079 | -0.908 | 0.4299 | -0.497
RS Frame (V) | -0.0261 | 0.3909 | 0.3917 | 1.6563 | -1.128 | 1.4053 | -1.035 | 1.1184 | -0.935 | 0.4417 | -0.481
Table 4.8: Acceleration amplitude distribution data (brakes enabled).
Description Ave Std RMS +Peak | -Peak | +99.9 -99.9 +99 -99 +90 -90
Dev
Lunetie (V) | 0.2202 | 0.6183 | 0.6521 | 21.071 | -13.44 | 4.802 | -5.761 | 1.5933 | -145 | 0.6616 | -0.202
(T) | -0.1545 | 0.5104 | 0.5332 | 15.779 | -20.02 | 4.5127 | -4.447 | 1.0028 | -1.346 | 0.0511 | -0.366
(L) | 00399 | 0.6974 | 0.6985 | 19.735 | -29.83 | 5.7253 | -7.924 | 1.5271 | -1.671 | 0.2877 | -0.217
Tongue (V) | 0.13324 | 0.6087 | 0.6231 | 10.218 | -12.37 | 4929 | -4901 | 1.5916 | -1.559 | 0.5915 | -0.306
(T) | 0.14123 | 02694 | 0.3041 | 6.8436 | -7.215 | 22118 | -1.804 | 0.8591 | -0.576 | 0.3469 | -0.069
(L) | 0.13663 | 0.2205 | 0.2594 | 3.4864 | -3.999 | 1.9519 | -1.549 | 0.7293 | -0.412 | 0.3091 | -0.05
CG (V) [-0.1242 | 0.4284 | 0.446 | 4.5005 | -7.643 | 2.5262 | -1976 | 1.1257 | -1.112 | 0.3346 | -0.578
(T) | -0.0395 | 0.1547 | 0.1597 | 0.9022 | -1.751 | 0.5993 | -0.930 | 0.3599 | -0.442 | 0.1384 | -0.207
(L) | 0.1465 | 0.1861 | 0.2368 | 3.447 | -3.808 | 1.7097 | -1.096 | 0.6771 | -0.255 | 0.311 | -0.019
CSFor. (V) | -0.1274 | 0.4411 | 0.4591 | 4.3337 | -7.979 | 2.3179 | -2.677 | 1.0904 | -129 | 0.3406 | -0.566
(T) | 0.021 | 02111 | 02121 | 3.1715 | -2.835 | 1.1754 | -1.185 | 0.6102 | -0.556 | 0.2416 | -0.192
(L) | 0.1736_| 03394 | 0.3812 | 5.0471 | -6.094 | 2.6709 | -2.045 | 1.1309 | -0.645 | 0.4848 | -0.148
CSAR (V) | 0.0349 | 0.7652 | 0.766 | 8.4154 | -6.358 | 5.4353 | -3.009 | 23397 | -1.709 | 0.834 | -0.771
(T) | -0.0232 | 0.5302 | 0.5307 | 6.2574 | -8.565 | 3.6121 | -3.545 | 1.3968 | -1.564 | 0.4568 | -0.484
(L) | -0.0918 | 03226 | 0.3354 | 4.8301 | -4944 | 2.3277 | -2.099 | 0.8744 | -0.817 | 0.2134 | -0.396
RSFor (V) | -0.0498 | 0.5111 | 0.5135 | 8202 | -9.584 | 2.807 | -2972 | 1.3539 | -1.406 | 0.4688 | -0.56
(T) | 0.1679 | 0.224 | 0.2799 | 3.7841 | -4.518 | 1.3926 | -1.066 | 0.7736 | -0.445 | 0.4001 | -0.057
(L) | -0.1321 | 03325 | 0.3485 | 4.3677 | -7.58 | 2.2229 | -2.075 | 0.7561 | -0.903 | 0.1827 | -0.439
RSAR (V) | -0.1377 | 0.6953 | 0.7088 | 10.413 | -3.875 | 5.4252 | -2643 | 1.8761 | -1.662 | 0.6125 | -0.876
(T) | 0139 | 04711 | 0.4912 | 9.1632 | -8.374 | 3.4472 | -3.448 | 1.4288 | -1.771 | 0.531 | -0.246
(L) | 0.1491 | 0.2769 | 0.3144 | 4.6166 | -3.07 | 2.1879 | -1.412 | 0.9581 | -0.446 | 0.434 | -0.111
CSAxle (V) | -0.0911 | 0.5322 | 0.534 | 4.1965 | -2.985 | 2.9817 | -2.303 | 1.5491 | -1.344 | 0.4993 | -0.669
CS Frame (V) | -0.0405 | 0.4357 | 0.4376 | 3.5915 | -2.647 | 2.5291 | -1.442 | 1.2945 | -1.021 | 0.4558 | -0.522
RS Axle (V) | -0.024 | 0.423 | 0.4236_| 4.7063 | -3.578 | 3.0029 | -1.643 | 1.2476 | -0.909 | 0.4925 | -0.446
RS Frame (V) | 0.0528 | 0.4271 | 0.4303 | 3.6333 | -2.039 | 2.6487 | -1.256 | 1.3515 | -0.878 | 0.5483 | -0.437
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Figure 4.11: Average vertical accelerations for several trailer locations.
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Figure 4.12 Average transverse accelerations for several trailer locations.
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Figure 4.13: Average longitudinal accelerations for several trailer locations.
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Figure 4.14: Vertical RMS accelerations for several trailer locations.
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Figure 4.15: Transverse RMS accelerations for several trailer locations.

Longitudinal RMS Accelerations

[oBrakeDisabled mBrake Gnabled |

o
3

o
L]

o
o

o
o

Acceleration [g°5)
4

02 ) ;
il i
i 3
i
0.1 ! ¥ i
4 :
4]
a ' . . : .
Lunette Tongue cG CSFor. CSAft RSFor RSAft

Trailer Location

Figure 4.16: Longitudinal RMS accelerations for several trailer locations.
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Peak Vertical Accelerations
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Figure 4.17: Peak vertical accelerations for several trailer locations.

Peak Transverse Accelerations

[ODisabled (+) WEnabled(y mDisabled () @ 0]

[ORSE, SRS SEN—— NS |

Acceleration (g°'s)

-25 =
Traller Location

Figure 4.18: Peak transverse accelerations for several trailer locations.
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Figure 4.19: Peak longitudinal accelerations for several trailer locations.
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Figure 4.20: Vertical accel. statistics for several trailer locations (brakes disabled).
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Figure 4.21: Vertical accel. statistics for several trailer locations (brakes enabled).
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Figure 4.22: Transverse accel. statistics for several trailer locations (brake disabled).
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Figure 4.23: Transverse accel. statistics for several trailer locations (brake enabled).
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Figure 4.24: Long. accel. statistics for several trailer locations (brake disabled).
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Figure 4.25: Long. accel. statistics for several trailer locations (brake enabled).

enabled and the maximum values are greater for all locations, except the tongue, for the

brakes enabled case.

4.3.4 Rate-gyro Data

Statistics about the rate-gyro data amplitude distribution for the Perryman #3 test
course at 15 mph are given in Tables 4.9 and 4.10 for the brakes disabled, and enabled
respectively. The statistics can be seen graphically in Figures 4.26 through 4.28. From
the tables and figures, it can be seen that the CG pitch rate was significantly higher than

the CG roll and yaw rates for the brakes both disabled and enabled.
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Table 4.9: Rate-gyro distribution data (brakes disabled).

-20

Description Ave Std RMS +Peak | -Peak +99.9 -99.9 +99 -99 +90 -90
Dev
CG Pitch 0.5326 | 19.625 | 19.626 | 75.409 ([ -74.89 | 73.886 | -74.23 53.694 | -47.98 | 25.099 | -20.37
Rate
CG Roll 0.2818 | 5.8499 | 5.852 28.269 | -21.98 | 27.15 -21.57 | 12.766 | -13.87 [ 7.5439 [ -7.346
Rate
CG Yaw -0.238 3.8906 | 3.8965 | 12.066 | -10.37 11.649 | -10.36 8.8219 | -8.525 4.9595 | -4.928
Rate
Table 4.10: Rate-gyro distribution data (brakes enabled).
Description | Ave Std RMS +Peak | -Peak | +99.9 -99.9 +99 -99 +90 -90
Dev
CG Pitch 0.5062 | 21.129 | 21.13 86.102 | -86.51 82994 | -83.46 | 65.056 | -55.19 | 24919 | -22.35
Rate
CGRoll 0.1854 | 6.816 6.817 26.256 | -28.47 | 25.406 | -26.22 16.541 | -16.64 | 8.6564 | -8.413
Rate
CG Yaw -0.033 4.5215 | 4.5206 | 16.61 -13.42 15.613 | -11.70 11.204 | -9.906 6.0071 | -5.589
Rate
Trailer CG Pitch Rate
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Figure 4.26: Trailer CG pitch rate statistics.
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Figure 4.27: Trailer CG roll rate statistics.
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Figure 4.28: Trailer CG yaw rate statistics.
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4.3.5 Linear Displacement Transducer Data

Statistics about the rate-gyro data amplitude distribution for the Perryman #3 test

course at 15 mph are given in Tables 4.11 and 4.12 for the brakes disabled, and enabled

respectively. The statistics can be seen graphically in Figures 4.29 and 4.30. From the

tables and figures, it can be seen that both the CS and RS shock displacements were

greater for the test data for the brakes enabled than for the brakes disabled test data.

Table 4.11: Linear displacement distribution data (brakes disabled).

Description Ave Std RMS | +Peak | -Peak +99.9 -99.9 +99 -99 +90 -90
Dev

CS Shock 0.0305 | 0.24631 | 0.2481 | 0.8698 | -0.703 | 0.86805 | -0.692 | 0.82091 | -0.618 | 0.3067 | -0.254

Displacement

RS Shock 0.0132 | 0.2217 | 0.222 | 0.7777 | -0.555 | 0.77536 | -0.552 | 0.70989 | -0.533 ([ 0.2702 | -0.25

Displacement

Table 4.12: Linear displacement distribution data (brakes enabled).

Description Ave Std RMS +Peak | -Peak | +99.9 -99.9 +99 -99 +90 -90
Dev

CS Shock 0.0538 | 0.2594 | 0.2649 | 1.1323 | -0.7 1.0674 | -0.691 | 0.845 -0.57 0.35244 | -0.246

Displacement

RS Shock 0.0258 | 0.2417 | 0.243 1.0241 | -0.571 | 09407 | -0.558 | 0.7497 | -0.542 | 0.33093 | -0.252

Displacement
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Figure 4.29: Trailer CS shock displacement statistics.
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Figure 4.30: Trailer RS shock displacement statistics.
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4.3.6 Pressure Transducer Data

Statistics about the rate-gyro data amplitude distribution for the Perryman #3 test

course at 15 mph are given in Tables 4.13 and 4.14 for the brakes disabled, and enabled

respectively. The statistics can be seen graphically in Figures 4.31 through 4.33. The

surge brake statistics will be discussed in Chapter 5.

Table 4.13: Brake pressure distribution data (brakes disabled).

Description Ave Std RMS +Peak | -Peak +99.9 -99.9 +99 -99 +90 -90
Dev

Master 9.4367 | 0.4364 | 9.4468 | 11.717 | 8.1985 | 11.372 | 8.3904 | 10.855 | 8.6425 9.9773 | 8.9646
Cylinder

Pressure

CS Wheel -1.495 | 0.5439 | 1.5905 | 3.8995 | -2.072 | 2.8229 | -1.951 1.7807 | -1.745 -1.562 | -1.62
Brake

Pressure

RS Wheel 1.1399 | 0.3615 | 1.1958 | 5.283 0.5786 | 4.6211 | 0.733 3.1368 | 0.91659 | 1.1409 | 1.048
Brake

Pressure

Table 4.14: Other amplitude distribution data (brakes enabled).

Description | Ave Std RMS +Peak | -Peak +99.9 -99.9 +99 -99 +90 -90

Dev

Master 6.1166 | 72.906 | 73.159 | 622.15 | -22.07 | 611.6 -21.71 41397 | -21.06 | 51.59 -20.49
Cylinder

Pressure

CS Wheel 23007 | 67.735 | 67.772 | 581.19 | -24.25 | 569.13 | -24.06 385.65 | -23.71 39.852 | -23.03
Brake

Pressure

RS Wheel 3.2322 | 71.075 | 71.145 | 609.93 | -24.41 598.56 | -24.23 404.17 | -23.78 | 41.719 | -23.1
Brake

Pressure
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Figure 4.33: Trailer RS wheel cylinder pressure statistics.

4.4 DADS Validation

Rigid and flexible body DADS simulations were made of the Perryman #3 course
at 15 mph. The loads from DADS were then used by NASTRAN to calculate the
principal strains at various locations on the trailer. One of the locations was at the failure
point on the drawbar. The statistics for 15 seconds of data for the experimental and
simulated strains, for both the rigid and flexible body models can be found in Table 4.15
and Figures 4.34 and 4.35. It is important to recognize that the experimental and
simulated data were not taken at the same point on the test course. From the table and

figures, it can be seen that the flexible body model more closely represents the
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Table 4.15: DADS validation statistics.

Principal Strain 1

Principal Strain 2

Statistics | Exp. Rigid Flexible | Exp. Rigid Flexible
Mean 94.7697 523.2 285.1 -99.6982 -68.72 -106
Standard | 102.3792 | 590.1 135 96.3041 65.94 42.18
Deviation
RMS 139.5106 | 788.4728 | 315.4487 | 138.6049 | 95.2253 114.0718
Maximum | 605.2628 | 2390 956 -5.186 89.46 55.78
Minimum | -39.1682 -018 -318 -770.1156 | -289.3 -306.9
Range 644.431 3308 1274 775.3016 | 378.76 362.68
Principal Strain 1 for Perryman#3 at 15 mph
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Figure 4.34: Principal strain 1 for experimental and simulated data.
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Principal Strain 2 for Perryman #3 at 15 mph
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Figure 4.35: Principal strain 2 for experimental and simulated data.

experimental data in the time domain. For principal strain 1, the flexible body model has
a magnitude that is double the experimental data, as reflected in all the statistics. The
data from the flexible body model more closely represents the experimental data for
principal strain 2, with a reduction in the standard deviation and range. The time data
from the model does not adequately represent the experimental data.

To further examine the models, the frequency content must be analyzed. From
Figures 4.36 and 4.37 it can bee seen that the PSDs of the rigid and flexible body models
have higher magnitudes, but the models do adequately represent the frequency content of
the experimental strain data, except for a peak at 30 Hz for the flexible body model. The
rolloff after 40 Hz for the simulated data is a function of the sampling frequency and not
the model.
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Figure 4.36: PSD of principal strain 1 for experimental and simulated data.
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Figure 4.37: PSD for principal strain 2 for experimental and simulated data.
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Chapter 5 PSD Conversion
5.1 Introduction

The PSD is a widely recognized means of representing random processes in the
frequency domain. For terrain monitoring, it compresses the spatial data of the
profilometer by representing it as a PSD magnitude vs. wavelength. The vertical axis of
the PSD has units of elevation cubed per cycle, while the horizontal axis has units of
cycles per unit length. For the PSD to be used by DADS, it will have to be converted
back to spatial data. This will give a normally distributed model for the course that was
used to collect data for the PSD. The conversion of the PSD to data in the spatial
domain, that has an equivalent frequency content to the original data set, is an initial step

in determining if stored terrain data can be used with the DADS program.

5.2 PSD

A PSD is the representation of the frequency, w, content of a time, t, signal W()
(Ljung and Glad, 1994). The Fourier transform of the signal, #(w), can be used to

calculate the PSD.
W(w)=[ W "ar (5.1)

The Fourier transform is a complex number having a magnitude and a phase. The
magnitude is the square root of the sum of the squares of the real and imaginary parts of

the transform.

W ()| = JRe(W (0))* + Im(W (@))? (5.2)

61



The phase angle, ¢(w), is the inverse tangent of the ratio of the imaginary and real parts
of the transform.

o Im(W (w))

p)=tn” 2w (@)

(5.3)

For signals with finite energy, the PSD can be defined as the square of the magnitude of

the Fourier transform.
(5.4)

This value is then usually divided by product of the sampling frequency, f£;, and signal

length L. Other denominators may be used, since they are scaling factors.

w(w)
0= —-| ( ] (5.5)
fiL
The energy of the signal, ®,, has dimensions of power/frequency and is measured
between ; and ®,.
PSD=[" o, (0)dow (5.6)

5.3 PSD Conversion Method

To return the PSD to a statistical equivalent of the original data, the PSD must

first be multiplied by the denominator that was originally used, which is f;*L.
) =1 Lo, (5.7)

The square root of the converted data can be taken and the Fourier transform inversed. If
the length of the signal, L, cannot be determined from the stored PSDs, the product of the
sampling frequency, f;, and the window size, T, will be used for L. This modifies the

denominator in equation 5.7.
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W) =f,-T o, (5.8)

Since only the magnitude of the Fourier transform is used when calculating the
PSD; the phase angles, ¢(w), for the data points are lost. Without the phase angles an
inverse Fourier transform cannot be used to return the data to its original form. To
eliminate this problem, a set of random phase angles, between zero and one, must be
created to reconstruct a statistical equivalent of the Fourier transform of the original data.

The phase angles are then applied to both the real and imaginary parts of the signal.

Re(W () =4/f, - T * ®(w) * cos(4()) (5.9)
Im(W (@) = =/ f, - T * ®(w) *sin(¢(w)) (5.10)
W (@) = Re(W (w)) + Im(W (w)) (5.11)

An inverse Fourier transform can then be performed to get a statistical equivalent of the

original data W(?). The inverse of the Fourier transform is calculated by:
1 _
WiH=— | W(w)"dw 5.12
= W@ (5.12)

The subroutines used by DADS must be written in Fortran. A subroutine, shown
in Figure 5.1, was created in Fortran to inverse the PSD, for later used in DADS. This
subroutine uses a window size of 2048 and a sampling frequency of 4 samples/ft. Since
the signal length is not known for the known ATC PSDs, the window value is also used
as the signal length.

The subroutine first reads in the PSD data. Each data point is then multiplied by
the denominator, f;*T, and the square root of the product is taken. A random number is

then created using the random number generator in Fortran. The random number is then
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SUBROUTINE IPSD(YPSD,X, Y.2)
J. ANDREW RIDNOUR
7-19-01
DECLARATIONS
INTEGER P
REAL X, Y, YPSD(2048), YMAGBK(2048), PHI, YIMAGRE(2048), PI, B, YIMAGPHI(4096)
PARAMETER(T=2048, PI=3.14159,fs=4)
EXTERNAL TIME
| Return to time domain
|
| Reconsrutuct magnitude using matrix of random phase angles

DO 10 P=1,T
YMAGBK(P)=SQRT(§*T*Y PSD(P))

B=RAND(0)
PHI=2*PI*B
YIMAGRE(P)=(YMAGBK(P))*COS (PHI)
A=YIMAGRE(P)
C=-YMAG BK(P)*SIN(PHI)
YIMAGPHI(2*P-1)=A
YIMAGPHI(2*P)=C

10 CONTINUE

| Inverse FFT

| From Numerical Recipies Second Edition

CALL FOURI(YIMAGPHI, 2048, -1)

YIMAGPHI=YIMAGPHI/2048

7=YIMAGPHI(1)

RETURN

END

Figure 5.1: PSD conversion Fortran subroutine.
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multiplied by 27, to generate the phase angle. The phase angle is then applied to the real
and imaginary parts of the signal using the cosine and sine functions, respectively, which
allow the Fourier transform to be inversed. The inverse FFT routine from the Numerical

Recipes Book (Press et al., 1992) is then used to inverse the Fourier transform.

5.4 PSD Conversion Results

PSDs of terrain data from both the Belgian Block and Perryman #3 test courses
were used to test the PSD inversion method and routine. The univariate statistics for the
reconstructed data are shown in Table 5.1. The reconstructed terrain data is shown in
Figures 5.2 and 5.3 for the Belgian Block and Perryman #3 test courses, respectively.

For the Belgian Block test course, the difference between the original and reconstructed
mean, standard deviation, and range, was 1.481E-5 ft (14.55 %), 0.00194 ft (3.20 %), and
0.3845 ft (73.97 %), respectively. For the Perryman #3 data, the difference between the
original and reconstructed mean, standard deviation, and range, was -0.0005 ft (38.46 %),
0.0766 ft (4.765 %), and 0.9029 ft (16.476 %), respectively. The difference in the mean
values was expected since the terrain data is randomly reconstructed. The small
differences in standard deviation were also expected since the standard deviation relates
to the variation in the data. The large differences in range are due to the fact the signal
length for the PSD was not known, and was assumed to be the window. This is
acceptable since the main goal is to represent the frequency content of the original data.
Once the PSD subroutine is implemented in DADS, simulation results will be available to

determine the effect of the reduction in range.
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Table 5.1: Univariate statistics for terrain data.

Perryman #3 Belgian Block
Original Reconstructed Original Reconstructed
Mean -0.0013 -0.0018 1.0181E-4 8.7E-5
Standard Dev. | 0.2358 0.3124 0.06284 0.0609
Range 1.6076 0.7047 0.5198 0.1353
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Figure 5.2: Belgian Block terrain data.
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Figure 5.3: Perryman #3 terrain data.

The frequency of the terrain that is transferred to the trailer is thought to be more
important in determining the durability. To check the frequency content of the re-created
signal, the FFT and PSD of the original and reconstructed signals were compared, as
shown in Figures 5.4 through 5.7. From the figures it can be seen that the terrain data can

be reconstructed with an equivalent of the frequency content of the original terrain data.
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Figure 5.4: Belgian Block FFT.
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Figure 5.5: Perryman #3 FFT.
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Chapter 6 Surge Brake Analysis

To optimize the current DADS model, it is important to determine which sensor
data variables are not relevant to the strains at the location of the drawbar failure. By
determining the non-relevant variables, they can be eliminated. Of particular interest, in
this case, are the surge brake pressures on the trailer. In the current study, it was
suspected that the hydraulic surge brake was contributing to fatigue failures of the trailer
drawbar. By determining ifthe brake pressure variables are relevant, having a significant
effect on the strains, we can determine if the brake activation has an effect on the life of
the trailer. If the brake pressure variables do not have an effect on the strains, a model of
the brake is not required in the simulation.

The trailer was instrumented and tested at the U.S. Army Aberdeen Test Center
(ATC). Testing was performed, both with a normally operational surge brake system,
and with the system physically disabled. Of interest in this chapter, are the statistical

effects of the braking system on the trailer drawbar strains in the region of failure.

6.1 Hydraulic Surge Brake Operation

Hydraulic surge brakes are actuated by a force acting on the trailer hitch between
the tow vehicle and trailer. Only negative forces, due to braking or deceleration of the
tow vehicle, or in some instances backing in reverse, can actuate the brake system. A
typical surge brake hitch assembly is shown in Figure 6.1. When actuated, the lunette
translates with respect to the housing and presses on the brake cylinder, causing hydraulic

pressure to be transmitted to the drum brakes. The damper controls the rate of actuation,
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Figure 6.1: Typical hydraulic surge brake hitch assembly

both engaging and disengaging, so that the brakes do not operate as a ‘bang-bang’

system.

6.2 Test Data
Both the Belgian Block and Perryman #3 for runs with the brakes both enabled

and disabled was used for this analysis. A listing of the instrumentation channels from
the test data appears in Table 6.1. For the purposes of this study, the data channels were
divided into three groups; input channels, output channels, and ignored channels. The
output channels consisted of the strain gauge rosette located closest to the predicted point
of failure. This is identified as the bottom drawbar center-aft rosette in the table. Other
strain gauge channels, as well as the tow vehicle speed were ignored. This left the
accelerometers, rate gyros, pressure transducers, and position transducers to represent the

input variables to the system.
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Table 6.1: Listing of Data Acquisition Channels and Grouping.

# | Description Group |# | Description Group

1 | Time Ignored | 31 | Lunette Trans. Accel. Input

2 | Btm Drwbr Cntr (T) Strain | Ignored | 32 | Lunette Long. Accel. Input

3 | Btm Drwbr Cntr (45) Strain | Ignored | 33 | Tongue Vert. Accel. Input

4 | Btm Drwbr Cntr (L) Strain | Ignored | 34 | Tongue Trans. Accel. Input

5 | Btm Drwbr Cntr Aft (T) | Output | 35 | Tongue Long. Accel. Input
Strain

6 | Btm Drwbr Cntr Aft (45) | Output | 36 | CG Vert. Accel. Input
Strain

7 | Btm Drwbr Cntr Aft (L) | Output | 37 | CG Trans. Accel. Input
Strain

8 | Btm Drwbr CS Edge (T) Ignored | 38 | CG Long. Accel. Input
Strain

9 | Btm Drwbr CS Edge (45) Ignored | 39 | Curbside Front Vert. Input
Strain Accel.

10 | Btm Drwbr CS Edge (L) Ignored | 40 | Curbside Front Trans. | Input
Strain Accel.

11 | Btm Drwbr CS Edge Aft Ignored | 41 | Curbside Front Long. Input
(T) Strain Accel.

12 | Btm Drwbr CS Edge Aft Ignored | 42 | Curbside Rear Vert. Input
(45) Strain Accel.

13 | Btm Drwbr CS Edge Aft Ignored | 43 | Curbside Rear Trans. Input
(L) Strain Accel.

14 | Top Triang Plate Corner (T) | Ignored | 44 | Curbside Rear Long. Input
Strain Accel.

15 | Top Triang Plate Corner Ignored | 45 | Roadside Front Vert. Input
(45) Strain Accel.

16 | Top Triang Plate Corner (L) | Ignored | 46 | Roadside Front Trans. | Input
Strain Accel.

17 | Btm Triang Plate Corner Ignored | 47 | Roadside Front Long. Input
(T) Strain Accel.

18 | Btm Triang Plate Corner Ignored | 48 | Roadside Rear Vert. Input
(45) Strain Accel.

19 | Btm Triang Plate Corner Ignored | 49 | Roadside Rear Trans. Input
(L) Strain Accel.

20 | Left Angle Plate Lower (V) | Ignored | 50 | Roadside Rear Long. Input
Strain Accel.

21 | Left Angle Plate Lower Ignored | 51 | Pitch Rate Input
(45) Strain Il )

22 | Left Angle Plate Lower (L) | Ignored | 52 | Roll Rate Input
Strain

73




Table 6.1: Continued.

23 | Left Angle Plate Upper (V) | Ignored | 53 | Yaw Rate Input
Strain

24 | Left Angle Plate Upper (45) | Ignored | 54 | Curbside Shock Length Input
Strain

25 | Left Angle Plate Upper (L) | Ignored | 55 | Roadside Shock Length | Input
Strain

26 | Curbside Axle Vert. Input | 56 | Master Cylinder Press. Input
Accel.

27 | Curbside Frame Vert Input | 57 | Curbside Brake Press. Input
Accel

28 | Roadside Axle Vert. Input | 58 | Roadside Brake Press. Input
Accel.

29 | Roadside Frame Vert. Input | 59 | Tow Vehicle Speed Ignored
Accel.

30 | Lunette Vert Accel Input

Four test runs were used for analysis of the surge brake. The test runs were on the
Belgian Block and Perryman #3 test courses with the tow vehicle/trailer speed at
nominally 15 mph. Two test runs were performed on each test course. On one of the test
runs for each course, the brake system was operating normally. On the second run, the
brake system was disabled by fixing the lunette, preventing the actuation of the brake
master cylinder.

The brakes pressure variables are for the master cylinder, RS wheel cylinder, and
CS wheel cylinder. The strains are the transverse, 45 degree, and longitudinal strains for
the center drawbar aft location. The brake pressure data from all four test runs, which
includes the runs with the brakes disabled, was analyzed to look for errors and potential

analysis problems.
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6.2.1 Belgian Block

Forthe test data from the Belgian Block test course at 15 mph with the brakes
enabled. Table 6.2 shows the brake pressures to be highly correlated. Although the CS
wheel cylinder pressure has lower mean and minimum values than the RS wheel cylinder,
indicating a possible bias in the system. Ideally, the losses between the master and wheel

cylinders should be equivalent.

As you can see from Table 6.3 and Figure 6.2, the brake pressures are highly
correlated and have the sar-ne changes in magnitude. Although the RS wheel cylinder
pressure is not as highly correlated with the master cylinder, also indicating a possible
bias in the system. The friction losses between the master and wheel cylinders should
only cause a pressure drop between the master and wheel cylinders, and the wheel

cylinders should have the same pressures.

For the test data from the Belgian Block at 15 mph with the brakes disabled, the
wheel cylinder pressures were not constant, as shown in Table 6.4 and Figure 6.3. This
was not expected since the surge brake was disabled and the brake pressures should
remain constant. The variations in the master cylinder and RS wheel cylinder pressures
were very small and can be contributed to the sensor noise in data collection. The CS
wheel cylinder pressure variation was enough to affect the regression model, but not
activate the brake. It cannot be determined if the variation in the CS wheel cylinder
pressure was from the sensor, noise, or the brake dragging slightly. The surge brake was
not activating since the master cylinder and RS wheel cylinder pressures remained

constant. There was also a calibration problem as seen in Belgian Block at 15 mph with
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Table 6.2: Statistics for brake pressures for Belgian Block at 15 mph with brakes

enabled.
Minimum (psi) Mean (psi) Maximum (psi)
Master Cylinder -3.6135 7.7645 91.7407
CS Wheel Cylinder | -10.4465 2.1369 76.6134
RS Wheel Cylinder | -4.9795 49117 75.3901

Table 6.3: Correlation coefficient between brake pressures for Belgian Block at 15

mph with brakes enabled.
Master Cylinder CS Wheel Cylinder | RS Wheel Cylinder
Master Cylinder 1.0000 0.9889 0.9639
CS Wheel Cylinder | 0.9889 1.0000 0.9857
RS Wheel Cylinder | 0.9639 0.9857 1.0000
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Brake Pressure for Belgian Block at 15 mph with Brakes Enable
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Figure 6.2: Surge brake response for Belgian Block at 15 mph with brakes enabled.

Table 6.4: Statistics for brake pressures for Belgian Block at 15 mph with brakes
disabled.

Minimum (psi) Mean (psi) Maximum (psi)
Master Cylinder 3.0166 3.5226 4.8359
CS Wheel Cylinder | -6.5763 -0.2867 4.5523
RS Wheel Cylinder | 0.1862 1.5529 1.7714
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Brake Pressure for Belgian Block at 15 mph with Brakes Disabled
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Figure 6.3: Surge brake response for Belgian Block at 15 mph with brakes disabled.

brakes enabled, as expected, since the runs with brakes disabled and enabled were
consecutive, and had the same calibration. Due to the effect of the CS wheel cylinder
pressure on the model, the brake pressure variables were then removed from the model.
The errors in brake pressures also explain some of the results from the analysis of
Belgian Block at 15 mph with brakes enabled, and validates the assumptions of errors in

the pressure data.
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6.2.2 Perryman #3

For the test data from the Perryman #3 test course at 15 mph with the brakes
enabled, an analysis of the data shows, in Table 6.5, that there was a pressure loss (as
would be expected) between the master and wheel cylinders, and there was also a
calibration problem. As you can see from Table 6.6 and Figure 6.4, the brake pressures
are well correlated and have the same changes in magnitude. The range for the wheel
cylinder pressures is 89.647 psi and 98.77 psi for the CS and RS wheel cylinders,
respectively. These values indicating a possible difference in actuation between the CS
and RS wheel cylinders. The range for thé master cylinder pressure was 110.122. The
friction losses between the master and wheel cylinders should only cause a pressure drop
between the master and wheel cylinders and the wheel cylinders should have the same

pressures.

Forthe test data from the Perryman #3 test course at 15 mph with the brakes
disabled, an analysis of the data shows, in Table 6.7, that the brake pressure did not
remain constant, and there was also a calibration problem. The calibration problem
would be expected since the Perryman #3 runs at 15 mph with the brakes both disabled

and enabled were consecutive and had the same calibration.

It cannot be determined if the variation in the brake pressures were from the
sensor, noise, or the brake dragging slightly. As you can see from Table 6.8 and Figure
6.5, the brake pressures are not very well correlated and do not have the same changes in

magnitude, which would indicate the pressure variations are probably due to noise in the

system and not partial actuation. These pressure variations could affect the regression
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Table 6.5: Statistics for brake pressures for Perryman #3 test course at 15 mph with

brakes enabled.

Minimum (psi) Mean (psi) Maximum (psi)
Master Cylinder -23.232 -13.1417 86.89
CS Wheel Cylinder | -21.9140 -16.1996 67.7330
RS Wheel Cylinder | -25.4010 -15.9754 73.3690

Table 6.6: Correlation coefficient between brake pressures for Perryman #3 test

course at 15 mph with brakes enabled.

Master Cylinder CS Wheel Cylinder | RS Wheel Cylinder
Master Cylinder 1.0000 0.9886 0.9804
CS Wheel Cylinder | 0.9886 1.0000 0.9963
RS Wheel Cylinder | 0.9804 0.9963 1.0000
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Brake Pressure for Perryman 3 with Brakes Enabled at 15 mph
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Figure 6.4: Surge brake response for Perryman #3 test course at 15 mph.

Table 6.7: Statistics for brake pressures for Perryman #3 at 15 mph with brakes
disabled.

Minimum (psi) Mean (psi) Maximum (psi)
Master Cylinder 6.6650 9.5471 12.146
CS Wheel Cylinder | -2.6010 -1.5177 4.19
RS Wheel Cylinder | 0.0550 1.1530 6.165
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Table 6.8: Correlation coefficient between brake pressures for Perryman #3 at 15
mph with brakes disabled.

Master Cylinder CS Wheel Cylinder | RS Wheel Cylinder
Master Cylinder 1.0000 0.346 0.242
CS Wheel Cylinder | 0.346 1.0000 0.0587
RS Wheel Cylinder | 0.242 0.0587 1.0000
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Figure 6.5: Surge brake response for Perryman #3 at 15 mph with brakes disabled.
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model and the variables should be removed from the model. The range for the wheel
cylinder pressures is 6.791 psi and 6.22 psi for the CS and RS wheel cylinders,

respectively. These values indicate no brake actuation for both wheel cylinders.

6.3 Analysis Method

The four test runs measured by ATC need to be evaluated to compare the effects
of the surge brake on the measured strain. Assuming that the brake torques, which are
generated by the brake pressure, have a direct relationship to the measured strain, a
regression model can be developed to represent this relationship. However, other
measured responses, such as longitudinal acceleration may also affect the relationship.
Given that 59 channels of data were measured for each run, and 33 of those were
considered as input variables, the task of determining which of the data channels was
relevant to the observed response (strain) and which were non-relevant was required to
reduce the size of the dataset.

The non-relevant variables were determined by using principal component analysis
and multivariate regression. Several regression models were created:

e Brakes enabled, brake pressure data included in regression.

e Brakes enabled, brake pressure data removed from regression.

e Brakes disabled, brake pressure data removed from regression.

e Concatenated dataset, combining both brakes enabled and disabled.
The regression models were developed using both the data as measured, and using the
principal component variables, which form an uncorrelated, orthogonal set of predictor

variables.
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6.3.1 Regression Analysis for Belgian Block (Brakes enabled)

The non-relevant variables were determined by using multivariate regression.
Regression analysis is used for description, control, and prediction of data. SAS and
Matlab were used to perform the statistical analyses. The data was stored in a matrix
form with one column for each data channel. To simplify the regression equations in

SAS the channels used the variable names shown in Table 6.9.

A multivariate regression that included pairwise interaction effects was created to
determine if there were any significant interactions between the input variables. The
models for transverse, 45 degree, and longitudinal strain had overall R? values of 0.8666,

0.8952, and 0.9086, respectively.

Three regression models, without interaction effects, were created to initially
determine which variables contained the least amount of significant information. The
first strain model created was for the transverse strain. The variable for ground speed
was eliminated before the models were created. Using a stepwise regression model we
can see that the R? value for the model using all 33 independent variables is 0.7879 and
with the brake pressure data eliminated the R? is 0.7832. It is interesting to note that if
ground speed is eliminated, the R* value does not change. If the RS longitudinal lunette
acceleration, CG pitch rate, CG roll rate, and CG yaw rate are also eliminated the R?
value is 0.7716. This pattern continues throughout the model, with the reduction in
variables not reducing R by a significant amount by each reduction, until only highly
correlated variables are left. Note that the R* value of the entire model decreased

significantly with the removal of the terms for interaction effects.
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Table 6.9: Column and variable numbers for data channels of reduced data sets.

Col | Var | Description Units | Col | Var | Description Units
1 F1 Btm Drwbr Cntr Afte (T) | pinch | 20 F20 | CS Aft Accel (V) g’s

& F2 Btm Drwbr Cntr Afte (45) | pinch | 21 F21 | CS Aft Accel (T) g’s

3 F3 Btm Drwbr Cntr Aft e (L) | pinch | 22 F22 | CS Aft Accel (L) g’s

4 F4 CS Axle Accel (V) g’s 23 F23 | RS Forward Accel (V) | g’s

5 F5 CS Frame Accel (V) g’s 24 F24 | RS Forward Accel (T) g’s

6 F6 RS Axle Accel (V) g’s 25 F25 | RS Forward Accel (L) | g’s

7 F7 RS Frame Accel (V) g’s 26 F26 | RS Aft Accel (V) g’s

8 F8 Lunette Accel (V) g’s 27 F27 | RS Aft Accel (T) g’s

9 F9 Lunette Accel (T) g’s 28 F28 | RS Aft Accel (L) g’'s

10 F10 | Lunette Accel (L) g’s 29 F29 | Trailer CG Pitch Rate deg/sec
11 F11 | Tongue Accel (V) g’s 30 F30 | Trailer CG Roll Rate deg/sec
12 F12 | Tongue Accel (T) g’s 31 F31 | Trailer CG Yaw Rate deg/sec
13 F13 | Tongue Accel (L) g’s 32 F32 | CS Shock Disp inches
14 F14 | Trailer CG Accel (V) g’s 33 F33 | RS Shock Disp inches
15 F15 | Trailer CG Accel (T) g’s 34 F34 | Surge Brake Press. psi

16 F16 | Trailer CG Accel (L) g’s 35 F35 | CS Wheel Brake Press. | psi

17 F17 | CS Forward Accel (V) g’s 36 F36 | RS Wheel Brake Press. | psi

18 F18 | CS Forward Accel (T) g’s 37 F37 | Long. Ground Speed mph

19 F19 | CS Forward Accel (L) g’s 38 off Added Class Variable n/a
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The second strain model created was for the 45 degree strain. Using a stepwise |
regression model we can see that the R* value for the model using all 33 independent
variables is 0.8016 and with the brake pressure data eliminated the R? is 0.7957. It is
interesting to note that if ground speed is eliminated, the R? value does not change. If
longitudinal lunette acceleration, transverse CS aft acceleration, CG pitch rate, CG roll

rate, and CG yaw rate are also eliminated the R? value drops to 0.7862.

The third strain model created was for the longitudinal strain. Using a stepwise
regression model we can see that the R? value for the model using all 33 independent
variables is 0.8143 and with the brake pressure data eliminated the R? is 0.8081. If the
CG roll and yaw rates are then eliminated, the R* drops to 0.8072. If longitudinal lunette
acceleration, and CG pitch rate are also eliminated the R? value drops to 0.7951. If
transverse lunette acceleration and longitudinal ground speed are eliminated, the R drops

to 0.7941.

A multivariate regression with interactions was again created with the brake
pressure variables eliminated. The model for transverse, 45 degree, and longitudinal
strains had overall R? values of 0.8577, 0.8818, and 0.8975, respectively. The fit of the
regression models was also analyzed by looking at the residuals. Since the regression
models for longitudinal strain are of particular interest in the prediction of fatigue life and

failure of the trailer they will be used for the analyses.

As shown in Figure 6.6, the linear regression model that included the brake
pressure data and interaction terms is an appropriate model. Comparing Figures 6.6 and

6.7, it can be seen that the removal of the brake pressure data had little effect on the fit
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Figure 6.6: Residual plot for Belgian Block at 15 mph with brakes enabled
longitudinal strain regression model, with interaction terms and brake pressure
data included.
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Figure 6.7: Residual plot for Belgian Block at 1S mph with brakes enabled
longitudinal strain regression model, with interaction terms and brake pressure
data removed.

87




of the regression model. From Figure 6.8 it can be seen that the linear model is also
appropriate with the interaction terms removed, but the fit is not as accurate. Comparing
Figure 6.8 and Figure 6.9, it can be seen that the removal of the brake pressure data also
had little effiect on the fit on the regression model with the interaction effects removed.

Some outliers could be seen in all the residual plots.

The equations for longitudinal strain regression models for Belgian Block at 15
mph with the brakes enabled, without interaction effects included, and the brake pressure

variables both included and removed are shown in Equations 6.1 and 6.2, respectively.

The predicted model is F3 =221.3 + 0.662*F10 -261.0*F11 + 61.27*F12

+ 1696*F14 + 1715*F13 -236.1*F19 + 152.3*F20 + 36.11*F21 + 527.8*F15

-1926*F16 + 175.2*F17 -359.4*F18 + 317.8*F22 -269.3*F23 -425.0*F24 (6.1)
-55.99*F25 + 323.4*F26 + 95.04*F27 -2.095*F29 -631.7*F28 + 0.746*F30

-0.419*F31 + 84.63*F32 + 0.399*F33 -3.240*F37 + 13.32*F4 - 861.0*F5 +

10.83*F6 + 18.71 *F8 -6.666*F9 -966.9*F7 + 0.895*F34 + 3.458*F35 -3.968*F36.

The predicted model is F3 = 232.4 + 3.034*F10 -250.9*F11 + 65.60*F12

+ 1711*F14 + 1662*F13 -301.9*F19 + 173.7*F20 + 15.64*F21 + 511.2*F15

-1918*F16 + 162.7*F17 -192.1*F18 + 356.5*F22 -252.4*F23 -548.0*F24 (6.2)
-46.33*F25 + 310.3*F26 + 90.16*F27 -2.021*F29 -575.0*F28 + 0.782*F30

-0.224*F31 + 95.16*F32 + 17.19*F33 -4.686*F37 + 14.48*F4 -888.7*F5 +
10.71*F6 + 19.24*F8 -6.318*F9 -976.4*F7.

From Equation 6.1, it can be seen that the brake pressure data parameters (F34, F35, F36)
are small in comparison to the other parameters. The other parameters with large values
do not drastically change when the brake pressure parameters are removed, as shown in

Equation 6.2. The equations for models with interaction effects are not useful for

comparison due to their length and complexity.
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Figure 6.8: Residual plot for Belgian Block at 15 mph with brakes enabled
longitudinal strain regression model, without interaction terms and brake pressure
data included.
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Figure 6.9: Residual plot for Belgian Block at 1S mph with brakes enabled
longitudinal strain regression model, without interaction terms and brake pressure
data removed.
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As shown in Table 6.10, the models with interaction effects had higher R? values

than the models without interaction terms. The R? values for the models with the brake

pressure data included had only slightly higher R? values than the models without the

brake pressure data. For the models with interaction terms, elimination of the brake

pressure data only reduced the R? value by an average of 0.00967. For the models

without interaction terms, elimination of the brake pressure data only reduced the R?

value by an average of 0.005567. Therefore, the brake pressure data can be eliminated

without having a significant effect on the model. This shows that the enabling or

disabling of the surge brake does not have a significant effect on the life of the trailer.

Table 6.10: R? values for all models for Belgian Block at 15 mph with brakes

enabled.
With Brake Pressures No Brake Pressures
Interaction No Interaction | Interaction No Interaction
Transverse 0.8666 0.7879 0.8577 0.7832
45 Degree 0.8926 0.8015 0.8818 0.7957
Longitudinal | 0.9068 0.8143 0.8975 0.8081
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6.3.2 Regression Analysis for Belgian Block (Brakes disabled)

A second analysis was performed to help explain and validate the findings from
the analysis of Belgian Block at 15 mph with brakes enabled. For this analysis the data
taken from the Belgian Block course with the surge brake disabled at 15 mph was used.
This run was selected due to the fact it corresponds to Belgian Block at 15 mph with

brakes enabled.

The initial analysis was performed using a multivariate regression without
interactions for Belgian Block at 15 mph with brakes disabled. The results of the
regression models for Belgian Block at 15 mph with brakes disabled are shown in Table
6.11. The results that are labeled 'with brake pressures' are only for showing the effect of
the sensor error, since the brake pressures should have been constant and would have no
effect on the regression model. Table 6.11 shows the R? values for the regression models
for Belgian Block at 15 mph with brakes disabled, and the benefit of adding interaction
terms to the models. The overall R? values for Belgian Block at 15 mph with brakes
disabled were lower than the R? values for Belgian Block at 15 mph with brakes enabled,
shown in table 6.10. The models for Belgian Block at 15 mph with brakes disabled that
included interaction terms and no brake pressure data had overall R? values of 0.8049,
0.8133, and 0.8269, for transverse, 45 degree, and longitudinal strains, respectively.
Without interaction terms the models for transverse, 45 degree, and longitudinal strains,
had R? values of 0.7280, 0.7259, and 0.7373, respectively. The same models with
interaction terms and brake pressure variables eliminated for Belgian Block at 15 mph

with brakes enabled had overall R? values of 0.8577, 0.8818, and 0.8975, for transverse,
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Table 6.11: R? values for all Belgian Block at 15 mph with brakes disabled
regression models.

With Brake Pressures

No Brake Pressures

Interaction No Interaction | Interaction No Interaction
Transverse 0.8121 0.7283 0.8049 0.7280
45 Degree 0.8206 0.7264 0.8133 0.7259
Longitudinal | 0.8338 0.7383 0.8269 0.7373

45 degree, and longitudinal strains, respectively. Without interaction terms and brake

pressure variables the models for Belgian Block at 15 mph with brakes enabled

transverse, 45 degree, and longitudinal strains, had R? values of 0.7879, 0.7957, and

0.8081, respectively. The average difference in the overall R? value for the models with

interaction terms and brake pressure variables removed between Belgian Block at 15 mph

with brakes disabled and 13 was 0.06397 and 0.0668 for the models with no interaction

terms and brake pressure variables removed. The equation for the longitudinal strain

regression model for Belgian Block at 15 mph with brakes disabled, without interaction

effects included, and the brake pressures removed is shown in Equation 6.3.

The predicted model is: F3 =221.0 + 34.90*F10 -329.2*F11 +

2410*F13 +1840*F14 + 522.9*F15 -4163*F16 + 48.82*F12 + 222.2*F17 -

598.7*F18 + 48.15*F19 + 14.13*F20 + 113.3*F21 + 596.0*F22 -229.2*F23 — (6.3)
128.0*F24 +59.68*F25 + 55.26*F26 —107.1*F27 + 116.0*F28 -2.521*F29 +

0.434*F30 +0.0979*F31 + 113.6*F32 + 43.28*F33 -2.712*F37 + 12.18*F4 —

828.0*F5 +12.36*F6 -760.9*F7 + 20.62*F8 -10.34*F9.
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The fit of the regression models for the Belgian Block test data at 15 mph, with
the brakes disabled, was also analyzed by looking at the residuals. Since the regression
models for longitudinal strain are of particular interest in the prediction of fatigue life and
failure of the trailer they again will be used for the analyses. Since the brake pressure
should have been constant, containing no information, and the pressures would not have
actuated the brake; the fit of the regression model was only analyzed for the models
without brake pressure data. As shown in Figure 6.10, the linear regression model that
included the interaction terms is an appropriate model. Comparing Figure 6.10 and
Figure 6.11, it can be seen that the removal of the brake pressure data had little effiect on

the fit of the regression model. Some outliers could be seen in both models.
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Figure 6.10: Residual plot for Belgian Block at 15 mph with brakes disabled
longitudinal strain regression model, with interaction terms included and brake
pressure data removed.
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Figure 6.11: Residual plot for Belgian Block at 1S mph with brakes disabled
longitudinal strain regression model, without interaction terms and brake pressure
data removed.

6.3.4 Regression with Concatenated Data for Belgian Block

To determine if the reduced R? values were due to information lost with the surge
brake disabled and if the disabling of the surge brake had a significant effiect on the
strains, a third data set was analyzed. The third data set was created by combining the
data from both the Belgian Block tests at 15 mph, with brakes enabled and disabled. The
brake pressures in Belgian Block at 15 mph with brakes disabled were all set to zero to
minimize the effect of the error from the brake pressure data. The runs were also

separated into classes based on whether the surge brake was enabled or disabled. By
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adding classes, the effect of the surge brake being enabled or disabled can be directly

analyzed.

A multivariate regression with interactions was created for the third data set using
all 33 independent variables and 1 classification variable. The models for transverse, 45
degree, and longitudinal strains had R? values of 0.8194, 0.8351, and 0.8512,
respectively. The models showed significant interaction effects between the class
variable and several other independent variables. With these interaction effects, the main

effiect of the classification variable could not be determined.

To determine the effiect of the classification variable on the model, the
classification variable was removed and another multivariate regression with interactions
was created using all 33 independent variables. The models for transverse, 45 degree,
and longitudinal strains had overall R? values of 0.8119, 0.8260, and 0.8430,

respectively.

To determine the effect of the brake pressures on the model, the brake pressure
variables were then removed from the model, leaving 30 independent variables. This
yielded models for transverse, 45 degree, and longitudinal strains with overall R? values

of 0.8106, 0.8243,and 0.8413, respectively.

The effect of the classification variable without the brake pressure variables was
also studied by creating a multivariate regression and with interactions using the 30
independent variables left after the brake pressure variables were removed and the 1
classification variable. The models for transverse, 45 degree, and longitudinal strains had

R? values of 0.8130, 0.8271,and 0.8442, respectively.
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The equations for longitudinal strain regression models for Belgian Block at 15
mph with brakes disabled and enabled data without interaction effects that included the
classification variable and the brake pressures both included and removed are shown in

Equation 6.4 and Equation 6.5, respectively.

The predicted model is F3 = 211.0 =311.3*F11 + 29,36%F12 + 2104*F13

=119.1*F19 -405.1*F18 -3116*F16 + 190.2*F15 + 1809*F14 + 123.5*F17 +

95.51%F20 + 83.03*F21 + 445.3*F22 -155.7*F23 -55.40*%F24 + 1.197*F25 + (6.4)
213.9%F26 + 44.57*F27 -128.1%F28 -2.625*%F29 + 0.752*F30 -0.433*F31 +

99.08*F32 + 36.42*F33 -1.683*F37 + 15.63*F4 -882.8*F5 + 11.75*F6

-930.4%F7 + 25.53*F8 -5.679*F9 + 7.530*F10 -61.15*(off="off"') +

0.527*F34 + 3.781*F35 -3.706*F36 .

The predicted model is F3 = 203.2 -303.5*F11 + 30.98*F12 + 2055*F13

=185.3*F19 -306.5*F18 -3077*F16 + 138.8*F15 + 1820*F14 + 102.4*F17 +- (6.5)
105.7*%F20 + 80.42*F21 + 486.8*%F22 -138.5%F23 -95.27*F24 + 17.91*F25 + '
208.6%F26 + 44.67*F27 -104.5%F28 -2.571*F29 + 0.782*F30 ~0.363*F31 +

106.4*F32 + 46.60%F33 -2.085%F37 + 16.26*F4 -892.3*FS + 11.64*F6

=940.1*F7 + 26.72*F8 -5.184%F9 + 10.66*F10 -52.68*(off="off") .

From Equation 6.4 you can see the brake pressure data parameters (F34, F35, F36) are
small in comparison to the other parameters. The other parameters with large values do
not drastically change when the brake pressure parameters are removed, as shown in
Equation 6.5. The equations for longitudinal strain regression models for Belgian Block
at 15 mph with brakes disabled and enabled data for Belgian Block at 15 mph, with
brakes disabled and enabled data, without interaction effiects or the classification variable
and the brake pressures both included and removed are shown in Equation 6.6 and

Equation 6.7, respectively.

The predicted model is F3 = 163.8 -309.0*%F11 + 32.70*F12 + 2090*F13
=159.0%F19 -394.3*F18 -2935*F16 + 225.4*F15 + 1851*%F14 + 116.9*F17 +

114.7*F20 + 76.95*F21 + 430.8*F22 -180.8*%F23 -105.5%F24 -194.7*F25 + (6.6)
250.2%F26 + 60.10%F27 -4.951*%F28 -2.610%F29 + 0.707*F30 -0.519*%F31 + :
96.20%F32 + 37.81*F33 =1.952*F37 + 15.72*%F4 -912.8*FS + 12.77*F6

-gﬁgég*ggs+ 25.70%F8 -6.095%F9 + 6.964*F10 + 0.879*F34 + 2.993*F35

=3.282% .
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The predicted model is F3 = 162.4 -301.3*F11 + 33.47*F12 + 2039*F13

-226.0*F19 -292.7*F18 -2903*F16 + 169.9*F15 + 1855*F14 + 95.62*F17 + (6.7)
123.6%F20 + 74.90*F21 + 474.6%F22 -161.2*F23 -143.5*F24 -161.0*F25 + L
242 .0%F26 + 58.99*F27 + 5.354*F28 -2.561*F29 + 0.739*F30 -0.389*F31 +
104.1*F32 + 47.79*F33 -2.310*%F37 + 16.28*F4 -918.0*F5 + 12.58*F6

=974.1*%F7 + 27.01*F8 -5.460*%F9 + 10.35*F10 .

From Equation 6.6 it can be seen that the brake pressure data parameters (F34, F35, F36)
are small in comparison to the other parameters. The other parameters with large valu-es
do not drastically change when the brake pressure parameters are removed, as shown in
Equation 6.7. By comparing Equation 6.4 with Equation 6.6 and Equation 6.5 with
Equation 6.7 it can be seen that the removal of the classification variable had little effect
on the other model parameters. The equations for models with interaction effects are

again not useful for comparison due to their length and complexity.

The fit of the regression models was also analyzed by looking at the residuals.
Since the regression models for longitudinal strain are of particular interest in the
prediction of fatigue life and failure of the trailer, they will be used for the analyses. As
shown in Figure 6.12, the linear regression model with interaction terms that included the
brake pressure data and the classification variable is an appropriate model. Comparing
Figure 6.12 and Figure 6.13, it can be seen that the removal of the brake pressure data
had little effect on the fit of the regression model. From Figure 6.14 it can be seen that
the linear model is also appropriate with the classification term removed. Comparing
Figure 6.14 and Figure 6.15, it can be seen that the removal of the brake pressure data
also had little effect on the fit on the regression model with classification variable

removed. Some outliers could be seen in all the residual plots.
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Run 010 and 013

BRAKE DATA AND CLASS INCLUDED
MAN EFFECTS AND INTERACTION TERMS
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Figure 6.12: Residual plot for Belgian Block at 15 mph with brakes disabled and
enabled longitudinal strain regression model with interaction terms, brake pressure
data and class included.

Run 010 and 013

BRAKE DATA REMOVED AND CLASS INCLUDED
MAN EFFECTS AND INTERACTION TERMS

Residual of F3

—400

Predicted F3

Figure 6.13: Residual plot for Belgian Block at 15 mph with brakes disabled and
enabled longitudinal strain regression model with interaction terms, brake pressure
data removed and class included.
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Run 010 and 013

BRAKE DATTA INCLUDED AND CLASS REMOVED
MAIN EFFECTS AND INTERACTION TERMS

Residual of F3

~—400

Figure 6.14: Residual plot for Belgian Block at 1S mph with brakes disabled and
enabled longitudinal strain regression model with interaction terms, brake pressure
data included and class removed.
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Figure 6.15: Residual plot for Belgian Block at 15 mph with brakes disabled and
enabled longitudinal strain regression model with interaction terms, brake pressure
data and class removed.
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As shown in Table 6.12 and Table 6.13, the models with interaction effects that
included the brake pressure data and classification variable had the highest R? values.
For the models with interaction terms, the removal of the brake pressure variables
decreased the overall R? value of the models with the classification variable by an
average of 0.0072, and an average of 0.0015 for the models without the classification
variable. Therefore, the brake pressure variables can also be eliminated without having a
significant effect on the model. The removal of the classification variable from the
models with interaction terms decreased the R? value by an average of 0.0083 for the
models with all 33 independent variables and 0.0027 for the models with the brake
pressure data eliminated. Therefore the classification variable can be eliminated without
having a significant effect on the model. The average R? value for the model with
interaction terms and all 33 independent variables and 1 classification variable was
0.8353, with the brake pressure variables and classification variable removed, the R?
value drops to 0.8269. The difference between the values is only 0.0083. This means
that the enabling or disabling the surge brake has very little effect on the strains.

Therefore, modeling of the surge brake is not necessary for an analysis of the trailer.

Table 6.12: R? values for all Belgian Block at 15 mph with brakes disabled and
enabled regression model, with brake pressure variables included.

Class No Class
Interactions | No interactions | Interactions | No interactions
Transverse 0.8194 0.7427 0.8119 0.7427
45 Degree 0.8351 0.7462 0.8260 0.7464
Longitudinal | 0.8513 0.7660 0.8430 0.7655
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Table 6.13: R? values for all Belgian Block at 15 mph with brakes disabled and
enabled regression models, with brake pressure variables removed.

Class No Class
Interactions | No Interactions | Interactions | No Interactions
Transverse 0.8130 0.7394 0.8106 0.7394
45 Degree 0.8271 0.7424 0.8243 0.7424
Longitudinal | 0.8442 0.7615 0.8413 0.7611

6.3.5 Principal Component Analysis for Belgian Block (Brakes Enabled)

To further look at the surge brake data, a principal component analysis (PCA) was
used to determine the relevance of the pressure transducer data. PCA is a method used to
reduce the size of the input data without losing a significant amount of variability, which
contains the information in the data. PCA also makes the transformed vectors
uncorrelated and orthogonal, which can be used in regressions without collinearity
problems.

The given data, Belgian Block at 15 mph with brakes enabled, was used train and
test a regression model using the PC scores determined by a singular value
decomposition of the data to predict strain from the input variables. The PC scores
provide an uncorrelated and orthogonal data set for the predictor variables, which
eliminates collinearity and can be dimensionally reduced. The longitudinal strain was
again the predicted variable and the predictor (input) variables were the same as for the
multivariate regression, except the ground speed variable was removed yielding 33 input

variables.
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The singular value decomposition was performed on a standardized input training
set to determine the principal components that are relevant for analysis. The relationship
between the principal components and the longitudinal strain will be analyzed later. The
percentage of data explained by each principal component is shown in Figure 6.16. From
the figure, we can see that the first 26 principal components explain over 99.2 % of the
information.

From the PC scores, shown in Tables 6.14 and 6.15 we can see that principal
comments 2, 31, and 33 are weighted toward the brake data. From Figure 6.16 it can be
seen that principal component 2 explains 9.7328 % of the information in the input data
while principal components 31 and 33 explain only 0.0906% and 0.0201% of the
information in the input data, respectively.

A plot of the first 2 Principal Components, Figure 6.17, was made to check for
nonlinearites in the training data. The points corresponding to the brake pressures are
labeled: 31, 32, and 33which correspond to the surge brake, CS wheel cylinder, and RS
wheel cylinder pressures. From the figure it can be seen that the training data was linear.

To determine the relationship between the input data, and corresponding principal
components, with longitudinal strain; a regression analysis was performed. The first
regression was performed using the singular value decomposition and the y training set.
The error in the training model was calculated to be 68.2306 pinch/inch. The regression
model was then used to predict the y test set from the x test set. The error was the
calculated to be 54.8989 pinch/inch. With the PCs that are weighted toward the brake

data: 2, 31 and 33, removed the error drops to 54.3704 pinch/inch.
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Figure 6.16: Percent of information explained by each PC for Belgian Block at 15
mph.

Table 6.14: PC scores for Belgian Block at 15 mph brake pressure variables.

PC SCORES PC SCORES

PC Master Cyl. ggLWheel g?l.Wheel PC Master Cyl. g;Wheel gsLWheel
1 -0.1036 | -0.1273 |-0.1528 |18 -0.0042 | 0.0030 0.0139

2 -0.3804 |[-0.3742 |-0.3454 |19 0.0050 0.0057 0.0092

3 -0.2724 | -0.2644 |-0.2524 |20 0.0019 -0.0040 | -0.0084
4 0.1977 0.1963 0.2023 21 -0.0431 | 0.0182 0.0656

5 -0.2124 |-0.2166 | -0.2229 |22 -0.0061 | 0.0004 0.0028

6 0.0076 -0.0012 | -0.0069 | 23 -0.0043 | -0.0060 | 0.0080

7 0.0014 0.0079 0.0199 24 0.0206 0.0073 -0.0302
8 -0.0309 | -0.0200 |-0.0236 | 25 -0.0175 |0.0025 0.0164

9 0.0182 0.0187 0.0280 26 0.0123 -0.0112 | -0.0005
10 0.0354 0.0559 0.0892 27 0.0090 -0.0033 | -0.0189
11 -0.0884 |-0.1245 |-0.1618 | 28 0.0167 -0.0060 | -0.0104
12 0.0116 0.0156 0.0176 29 0.0130 -0.0055 | -0.0025
13 0.0387 0.0529 0.0837 30 -0.2788 |-0.0012 | -0.2749
14 0.0180 0.0290 0.0430 31 -0.6526 |-0.0024 | 0.6334

15 -0.0211 | -0.0297 | 0.0509 32 -0.0304 | 0.0155 0.0160

16 0.0049 0.0135 0.0155 33 0.4508 -0.8142 | 0.4137

17 -0.0256 | -0.0058 | 0.0240
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Table 6.15: Input measurement components to PCs 2, 31, and 33, for Belgian Block

at 15 mph with brakes enabled.

VAR. PC2 PC 31 PC 33 VAR. PC2 PC31 PC 33

1 0.0875 0.0065 0.0027 ] 18 -0.017 | 0.0342 | 0.0044
2 0.0919 | -0.0117 | -0.0001 | 19 -0.1116 | 0.2339 | -0.0054
3 -0.116 | 0.0021 | -0.0028 | 20 -0.122 |  0.0398 0.0148
4 -0.0687 | -0.0045 0.0084 | 21 -0.1174 | -0.0225 0.0103
5 -0.0176 |  0.0042 0.0005 | 22 0.2106 | -0.1182 | -0.0009
6 -0.1182 | 0.0077 | 0.0002 | 23 -0.0571 | -0.0599 | -0.0057
7 0.0149| 0.0161 | -0.0017 | 24 -0.0068 | -0.0101 | -0.0033
8 0.0352 0.024 -0.002 | 25 0.2242 0.2046 0.0013
9 -0.2508 | -0.0045 0.0028 | 26 -0.1617 | -0.0032 0.0059
10 0.1111 ] -0.0703 | -0.0025 | 27 -0.2535 | -0.0037 0.0042
11 0.0467 |  0.0452 0.0038 | 28 -0.0788 0.0135 0.004
12 -0.2735 0.0065 | -0.0109 | 29 -0.052 0.059 | -0.0012
13 0.1462 | -0.0765 | -0.0032 | 30 -0.2543 0.0964 0.0087
14 0.1954| 0.0338 | -0.0058 | 31 -0.3804 | -0.6526 0.4058
15 -0.1446 0.0217 0.0048 | 32 -0.3742 | -0.0024 | -0.8142
16 -0.0968 | -0.1636 0.0026 | 33 -0.3454 | 0.6334 0.4137
17 0.0223 | -0.0095 | -0.0158
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Figure 6.17: PC 1 vs. PC2 for Belgian Block at 1S mph with brakes enabled.

The error when individual principal components are removed, starting with the
last principal component (PC) was then determined, and is shown in Figure 6.18. From
the figure it can be seen that there is decrease in the average error to a minimum of
54.3424 pinch/inch when the last 4 principal components are removed which includes
both principal components 31 and 33.

A correlation coefficient matrix of the Z scores and y training data was made to
determine which principal components are most useful in predicting acceleration. The
absolute values of the correlation coefficients are shown in Figure 6.19. From the figure
it can be seen that principal components 2, 4, 8, 18, 20, 22, 24, 27, 28, 29, 30, and 32 are

the least correlated, below 0.05, with the data. With these PC's removed the error only
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increased to 55.3605 pinch/inch. Additional principal components: 6, 13, 14, 16, 19, 25,
and 33 were removed and the error increased to 58.7066 pinch/inch. Principal

components 3, 5, and 31 were then removed and yielded an error of 58.5525 pinch/inch.

The principal component analysis and regression also show that the brakes do not
correlate to the longitudinal strain. The second, thirty-first and thirty-third principal
components were weighted toward the brake pressure data. The second principal
component did explain a large percentage of the input data relative to the other principal
components, but it did not correlate to the strain data. The thirty-first and thirty-third
principal components were slightly correlated to the strain data, but explained a
negligible percentage of information from the input data. The removal of these three
principal components reduced the average error by 0.5205 pinch/inch reinforcing the

conclusion that the activation of the surge brake does not affect the life of the trailer.

6.3.6 Regression Analysis for Perryman #3 (Brakes Enabled)

To validate the regression results obtained during the Belgian Block data analysis;
a second analysis was preformed using data from another test course. Since this is
intended only to be a validation, all of the original detailed analysis was not performed.
The data selected was from the Perryman #3 test course at 15 mph with the brakes
enabled

Three regression models, without interaction effects, were created to initially.
The first strain model created was for the transverse strain. Using a stepwise regression
model we can see that the R* value for the model with the brake pressure data included is

0.8044 and with the brake pressure data eliminated the R is 0.8035.
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The second strain model created was for the 45 degree strain. Using a stepwise
regression model we can see that the R? value for the model with the brake pressure data

included is 0.8305 and with the brake pressure data eliminated the R* is 0.8295.

The third strain model created was for the longitudinal strain. Using a stepwise
regression model we can see that the R? value for the model with the brake pressure data

included is 0.8382 and with the brake pressure data eliminated the R is 0.8372.

A multivariate regression that included pairwise interaction effects was created to
improve the fit of the model by accounting for interactions between the main effects in
the model. The model for transverse, 45 degree, and longitudinal strains had overall R?

values of 0.8858, 0.9002, and 0.9079, respectively.

A multivariate regression with main effects and pairwise interactions was then
created with the brake pressure variables eliminated. The model for transverse, 45
degree, and longitudinal strains had overall R? values of 0.8854, 0.8996, and 0.9075,

respectively.

As shown in Table 6.16, the models with interaction terms included had higher R?
values than the models without interaction terms. The R? values for the models with the
brake pressure data included had only slightly higher R? values than the models without
the brake pressure data. For the models with interaction terms, elimination of the brake
pressure data only reduced the R? value by an average of 0.000467. For the models
without interaction terms, elimination of the brake pressure data only reduced the R?

value by an average of 0.000967. Therefore, the brake pressure data can be eliminated
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Table 6.16: R? values for all models for Perryman #3 test course at 15 mph with

brakes enabled.

With Brake Pressures

No Brake Pressures

Interaction No Interaction | Interaction No Interaction
Transverse 0.8858 0.8044 0.8854 0.8035
45 Degree 0.9002 0.8305 0.8996 0.8295
Longitudinal | 0.9079 0.8382 0.9075 0.8372

without having a significant effect on the model. This shows that the enabling or

disabling of the surge brake does not have a significant effect on the life of the trailer.

6.3.7 Regression Analysis for Perryman #3 (Brakes Disabled)

A second analysis was performed to help explain and validate the findings from

the analysis of Perryman #3 at 15 mph with brakes enabled. For this analysis the data

from Perryman #3 at 15 mph with brakes disabled was used, since it corresponds to

Perryman #3 at 15 mph with brakes enabled.

The results of the regression models with and without interaction terms for the

data from the Perryman #3 test course taken at 15 mph with the brakes disabled are

shown in Table 6.17. The results that are labeled ‘with brake pressures' are only for

showing the effect of the sensor error, since the brake pressures should have been

constant and would have no effect on the regression model. The overall R? values for

Perryman #3 at 15 mph with brakes disabled were higher than the R? values for Perryman

#3 at 15 mph with brakes enabled, shown in Table 6.16.

The benefits of adding interaction terms can also be seen in Table 6.17. The
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Table 6.17: R? values for all Perryman #3 at 15 mph with brakes disabled regression

models.
With Brake Pressures No Brake Pressures
Interaction No Interaction | Interaction No Interaction
Transverse 0.9043 0.8441 0.9007 0.8435
45 Degree 0.9106 0.862 0.9067 0.8611
Longitudinal | 0.9216 0.8712 0.9185 0.8711

models for Perryman #3 at 15 mph with brakes disabled that included interaction terms
and no brake pressure data had overall R? values of 0.9007, 0.9067, and 0.9815, for
transverse, 45 degree, and longitudinal strains, respectively. Without interaction terms
and no brake pressure variables the models for transverse, 45 degree, and longitudinal
strains, had R? values of 0.8841, 0.862, and 0.8712, respectively. The same models with
interaction terms and brake pressure variables eliminated for Perryman #3 at 15 mph with
brakes enabled had overall R? values of 0.8435, 0.8611, and 0.8711, for transverse, 45
degree, and longitudinal strains, respectively. Without interaction terms and brake
pressure variables the models for Perryman #3 at 15 mph with brakes enabled transverse,
45 degree, and longitudinal strains, had R? values of 0.8435,0.8611, and 0.8711,
respectively. The average difference in the overall R? value for the models with
interaction terms and brake pressure variables removed between Perryman #3 at 15 mph
with brakes disabled and enabled was 0.0111 and 0.0352 for the models with no

interaction terms and brake pressure variables removed.
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6.3.8 Regression with Concatenated Data for Perryman #3

As shown in Tables 6.18 and 6.19, the models with interaction effects that
included the brake pressure data and classification variable had the highest R? values.
For the models with interaction terms, the removal of the brake pressure variables
decreased the overall R? value of the models with the classification variable by an
average of 0.0015, and increased the overall R* value an average of 0.0001 for the models
without the classification variable. Therefore the brake pressure variables can also be
eliminated without having a significant effect on the model. The removal of the
classification variable from the models with interaction terms increased the R? value by
an average of 0.00003 for the models with all 33 independent variables and 0.0017 for

the models with the brake pressure data eliminated. Therefore the classification variable

can be eliminated without having a significant effect on the model. The average R? value
for the model with interaction terms and all 33 independent variables and 1 classification
variable was 0.8958, with the brake pressure variables and classification variable

removed, the R? value drops to 0.8974. The difference between the values is only

Table 6.18: R* values for Perryman #3 at 15 mph with brakes disabled and enabled
regression model, with brake pressure variables included.

Class No Class
Interactions | No interactions | Interactions | No interactions
Transverse 0.8854 0.8323 0.8854 0.8320
4S5 Degree 0.8960 0.8540 0.8959 0.8540
Longitudinal | 0.9061 0.8619 0.9061 0.8616
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Table 6.19: R? values for Perryman #3 at 15 mph with brakes disabled and enabled
regression model, with brake pressure variables removed.

Class No Class
Interactions | No interactions | Interactions | No interactions
Transverse 0.8871 0.8317 0.8852 0.8312
45 Degree 0.8976 0.8537 0.8959 0.8537
Longitudinal | 0.9074 0.8616 0.9060 0.8613

0.0016. This means that the enabling or disabling the surge brake has very little effiect on
the strains. Therefore, modeling of the surge brake is not necessary for an analysis of the

trailer.

6.3.9 Principal Component Analysis for Perryman #3 (Brakes Enabled)

To verify the analysis of the surge brake data from the Belgian Block test course
at 15 mph, a principal component analysis (PCA) was again performed using another data
set. For verification, the data set was from a different test course than the original
analysis. The verification data set was from the Perryman #3 test course at 15mph with
the brakes enabled.

The singular value decomposition was again performed on a standardized input
training set in order to determine the principal components that are relevant for analysis.
As before, the relationship between the principal components and the longitudinal strain
will be analyzed later. The percentage of data explained by each principal component is
shown in Figure 6.20. From the figure, we can see that the first 25 principal components

explain over 99.1 % of the information.
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Percent Explained by Each Principal Component for Perryman 3 at 15mph with Brakes Enabled
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Figure 6.20: Percent of information explained by each PC for Perryman #3 at 15
mph with brakes enabled.

From the PC scores, shown in Tables 6.20 and 6.21 we can see that principal
components 5, 22, and 33, are weighted toward the brake data. From Figure 6.20 it can
be seen that principal components 5, 32, and 33, explain 6.9329 %, 0.035 %, and 0.0066
%, of the information in the input data, respectively. The total amount of information
explained by these 3 principal components is only 6.9745 %.

A plot of the first 2 Principal Components, Figure 6.21, was made to check for
nonlinearites in the training data. From the figure it can be seen that the training data was
linear. To determine the relationship between the Perryman #3 input data, and
corresponding principal components, with longitudinal strain; a regression analysis was
performed. The first regression was performed using the singular value decomposition
and the y training set. The error in the training model was calculated to be 51.8350

pinch/inch. The regression model was then used to predict the y test set from the x test
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Table 6.20: PC scores for Perryman #3 at 1S mph with brakes enabled pressure

variables.

PC SCORES PC SCORES
PC Master Cyl. gsLWheel gsl.Wheel PC Master Cyl. (Cisl)Nheel léil'Wheel
1 -0.1412 | -0.1564 | -0.1631]18 0.0079 0.012 0.0018
2 -0.2879 | -0.2812 | -0.2784 | 19 -0.0191 | -0.0201 | -0.0148
3 0.1367 0.1388 0.134 | 20 0.0276 0.0206 | -0.0004
4 -0.1215 | -0.1233 -0.124 | 21 0.0123 | -0.0011 | -0.0123
5 0.3981 0.3872 0.3816 | 22 -0.0355 | -0.0089 0.025
6 -0.0177 | -0.0351 | -0.0374 | 23 -0.0079 0.0063 0.0141
7 0.0526 0.0487 0.0425 | 24 0.0026 | -0.0083 | -0.0134
8 -0.1458 | -0.1563 | -0.1605 | 25 0.0079 0.0092 0.0119
9 -0.0537 | -0.0572 | -0.0544 | 26 0.0091 | -0.0006 | -0.0091
10 0.0605 0.0667 0.0712 | 27 -0.0205 0.0223 0.0482
11 0.0014 | -0.0029 | -0.0016 | 28 -0.0085 -0.005 0.0045
12 -0.05 -0.058 | -0.0671 | 29 0.0324 | -0.0182 | -0.0432
D -0.0027 0.0057 0.0126 | 30 -0.017 0.0001 0.011
14 0.0472 0.0632 0.0665 | 31 -0.1155 0.0259 0.091
15 -0.041 | -0.0406 | -0.0452 | 32 0.763 | -0.1605| -0.5997
16 0.0227 0.0251 0.025 | 33 0.2594 | -0.7988 0.5425
17 0.0072 0.0075 0.006
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Table 6.21: Input measurement components to PCs 5, 32, and 33, for Perryman #3

at 1S mph with brakes enabled.

VAR. PCS PC 32 PC 33 VAR. PCS PC 32 PC 33
1 -0.0549 | -0.0094 0.0038 | 18 -0.0359 | -0.0112 0.0008
2 -0.1327 0.0349 | -0.0061 | 19 0.1416 | -0.1019 | -0.0013
3 -0.1328 0.0024 | -0.0028 | 20 -0.1385 0.0631 0.0016
4 -0.2003 | -0.0047 0.0031 | 21 -0.1343 0.0458 0.001
5 -0.1858 | -0.0002 | -0.0022 | 22 0.0939 0.0162 | -0.0017
6 -0.1144 0.0003 0.0002 | 23 -0.1422 | -0.0036 | -0.0011
7 0.0535 | -0.0032 | -0.0003 | 24 0.0212 0.0013 0.0015
8 -0.1761 | -0.0056 | -0.0008 | 25 0.1264 0.0247 0.0017
) -0.1631 | -0.0054 0.0014 | 26 0.0031 | -0.0247 0.0049
10 0.0772 0.0236 | -0.0019 | 27 -0.13 0.0369 -0.005
11 -0.2164 0.0019 | -0.0014 | 28 -0.1152 | -0.0189 0.0105
12 -0.1545 | -0.0567 0.0078 | 29 0.1836 | -0.0165 -0.001
13 0.1418 0.002 0.0021 | 30 0.0565 | -0.0085 | -0.0039
14 -0.2161 | -0.0449 | -0.0037 | 31 0.3981 0.763 0.2594
15 -0.1746 0.0384 0.0026 | 32 0.3872 | -0.1605 | -0.7988
16 0.1109 0.0573 | -0.0015 | 33 0.3816 | -0.5997 0.5425
17 -0.0485 0.0161 | -0.0044
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Figure 6.21: PC 1 vs. PC2 for Perryman #3 at 15 mph with brakes enabled.
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set. The error was the calculated to be 55.9815 pinch/inch. With the PCs that are
weighted toward the brake data: 5, 32, and 33, removed the error increases to 75.5955
pinch/inch, and with only PCs 32 and 33 removed the error is 56.2774 pinch/inch. With
only PC 5 removed the error is 74.9775 pinch/inch. The error when principal
components are removed, starting with the last principal component (PC) was then
determined, and is shown in Figure 6.22. From the figure it can be seen that there is
increase in the average error of only 2.2109 pinch/inch to a value 58.1924 pinch/inch
when the last 21 principal components are removed, which includes PCs 32 and 33,
which are weighted toward the brake data.

A correlation coefficient matrix of the Z scores and y training data was made to
determine which principal components are most useful in predicting acceleration. The
absolute values of the correlation coefficients are shown in Figure 6.23. From the figure
it can be seen that the principal components that are weighted toward the brake data (5,
32, and 33) are not correlated to the strain training data with correlation coefficients
0.2243, 0.0091, and 0.0097, respectively.

The principal component analysis and regression show for this data set that the
brakes do not correlate to the longitudinal strain. The fifth, thirty-second, and thirty-third
principal components were weighted toward the brake pressure data. These three
principal components had an average correlation coefficient of 0.0810 between the Z
scores and the longitudinal strain training data. The removal of these three principal
components increased the average error by 19.614 pinch/inch to 75.5955 pinch/inch.
From these results it cannot be determined if the activation of the surge brake effects the
life of the trailer. This difference in the average error from the regression was not and
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Error from Reducing The Number of PCs for Perryman 3 at 15§ mph with Brakes Enabled
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Figure 6.22: Average strain prediction error for Perryman #3 at 15 mph with
brakes enabled.
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Figure 6.23: Correlation coefficient between Z scores and training data for
Perryman #3 at 15 mph with brakes enabled.
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expected result and indicates an error in the model.

This regression error can be explained by looking at the brake pressure data. As
can be seen from Figure 6.4, the surge brake was not activated (pressure increased above
0 psi) during the training data and was activated four times during the testing data. This
can easily affect the regression model, since the brake pressure change would not be
accounted for. This does not mean the brake pressure affects the strain, it means the
model is effected by the variables used and the must be properly accounted for. Only
removing the variable can determine if it affects the regression results.

To determine the effect of the brake activation on the data sets, the analysis was
again preformed with the data set starting at 10.4061 seconds (data point 13140), which is
slightly more than the second half of the data. The new training and testing data sets will
be taken from this reduced data set that only accounts for a little over half of the original
data.

As in the previous analyses, the relationship between the principal components
and the longitudinal strain will be analyzed later. The percentage of data explained by
each principal component is shown in Figure 6.24. From the figure, we can see that the
first 25 principal components explain over 99.21 % of the information.

From the PC scores, shown in Tables 6.22 and 6.23 we can see that principal
components 32 and 33, are now weighted toward the brake data. From Figure 6.24 it can
be seen that principal components 32 and 33, explain 0.0054 %, and 0.0313 %, of the
information in the input data, respectively. The total amount of information explained by
these 2 principal components is only 0.0367 %. A plot of the first 2 principal
components, Figure 6.25, was made to check for nonlinearites in the training data used.
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Figure 6.24: Percent of information explained by each PC for Perryman #3 at 15
mph with brakes enabled, half of data.

Table 6.22: PC scores for Perryman #3 at 15 mph with brakes enabled pressure

variables, half of data.

PC SCORES PC SCORES

PC Master Cyl. g;'Wheel gysl.Wheel PC Master Cyl. g;.Wheel gzLWheel

1 0.1169 | -0.1399 | -0.1481 | 18 0.0039 | -0.0205 | -0.0329
2 0.3388 0.318 0.3104 | 19 0.0411 0.0338 0.0418
3 0.0595 0.0493 0.0423 | 20 -0.0122 | 0.0346 | 0.0273
4 -0.1109 | -0.1091 | -0.1108 | 21 0.0216 | 0.0448 | 0.0675
5 -0.2431 | -0.2843 | -0.2889 | 22 0.0271 0.0262 0.0238
6 0.245 0.2347 | 0.2326 | 23 -0.0116 | -0.0151 | -0.0074
1 0.0541 0.0369 0.0301 | 24 -0.0048 0.081 0.129
8 -0.0024 | -0.0096 | -0.0097 | 25 0.0566 0.0364 | -0.0199
9 0.0117 0.0212 0.0216 | 26 0.0114 | -0.0019 0.0038
10 0.1488 0.1415 01359297 0.0119 | -0.0046 0.0014
11 -0.0464 | -0.0422 | -0.0396 | 28 -0.0316 0.03 0.0475
12 -0.0145 0.008 0.018 | 29 -0.0119 | 0.0126 | 0.0315
18 -0.1108 | -0.1217 | -0.1232 | 30 -0.0357 0.0119 0.0215
14 0.0695 0.0692 | 0.0683 | 31 -0.1595 0.03 0.1264
15 -0.0594 | -0.0553 | -0.0563 | 32 0.7443 | -0.1083 [ -0.6067
16 -0.096 | -0.0872 | -0.0847 | 33 -0.2983 0.8039 | -0.5132
17 -0.0405 | -0.0373 | -0.0372
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Table 6.23: Input measurement components to PCs 32 and 33 for Perryman #3 at 15
mph with brakes enabled, half of data.

VAR. PC 32 PC 33 VAR. PC 32 PC 33
1 -0.0151 0.0024 | 18 -0.0177 -0.0021
2 0.0371 0.001 | 19 -0.163 0.008
3 0.0006 0.0007 | 20 0.073 -0.0071
4 -0.0031 -0.0057 | 21 0.0471 -0.0037
5 -0.0076 0.0023 | 22 0.0214 -0.0064
6 0.0056 -0.0018 | 23 -0.0385 0.0016
7 0.0054 -0.0011 | 24 -0.0059 0.0023
8 -0.002 -0.0001 | 25 0.0593 0.0021
9 -0.0127 0.0013 | 26 -0.0005 -0.0039
10 0.0281 -0.0038 | 27 0.0522 0.0103
11 -0.0171 -0.0006 | 28 0.0048 -0.0219
12 -0.0512 0.0051 | 29 0.006 0.0161
13 0.0457 -0.0021 | 30 -0.0634 0
14 -0.0702 0.0061 | 31 0.7443 -0.2983
15 0.0371 -0.0017 | 32 -0.1083 0.8039
16 0.0664 -0.0039 | 33 -0.6067 -0.5132
17 0.0346 0.0137

- PC 1 vs. PC 2 for Second Half of Run 52 Data
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Figure 6.25: PC 1 vs. PC2 for Perryman #3 at 15 mph, brakes enabled, half of data.
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From Figure 6.25, it can be seen that the training data was linear.

To determine the relationship between the Perryman #3 input data, and
corresponding principal components, with longitudinal strain; a regression analysis was
performed. The first regression was performed using the singular value decomposition
and the y training set. The error in the training model was calculated to be 50.9988
pinch/inch. The regression model was then used to predict the y test set from the x test
set. The error was the calculated to be 58.8997 pinch/inch. With the PCs that are
weighted toward the brake data, 32 and 33, removed the error increases the error
increases by 0.9099 pinch/inch (1.54 %), to 59.8096 pinch/inch.

The error when principal components are removed, starting with the last principal
component (PC) was then determined, and is shown in Figure 6.26. From the figure it
can be seen that there is a decrease in the average error of only 0.0864 pinch/inchto a
value 58.8133 pinch/inch when the last 22 principal components are removed. These 22
principal components include both PCs 32 and 33, which are weighted toward the brake
data.

A correlation coefficient matrix of the Z score and y training data was made to
determine which principal components are most useful in predicting acceleration. The
absolute values of the correlation coefficients are shown in Figure 6.27. From the figure,
it can be seen that the principal components that are weighted toward the brake data (32
and 33) are not correlated to the strain training data with correlation coefficients of
0.0234 and 0.0143, respectively.

The principal component analysis and regression of the shows that the brakes do
not correlate to the longitudinal strain. The thirty-second and thirty-third principal
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Error from Reducing The Number of PCs for Perryman 3 at 15 mph with Brakes Enabled
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Figure 6.26: Average strain prediction error for Perryman #3 at 15 mph with
brakes enabled, half of data.
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Figure 6.27: Correlation coefficient between Z scores and training data for
Perryman #3 at 15 mph with brakes enabled, half of data.
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components were weighted toward the brake pressure data. These two principal

components had an average correlation coefficient of 0.0189 between the Z score and
longitudinal strain training data. The removal of these three principal components
increase the average error by only 1.9099 pinch/inch, or 1.54 %, reinforcing the
conclusion of the analysis on the Belgian Block data taken at 12 mph with the brake

enabled that the activation of the surge brake does not affect the life of the trailer.

6.3.10 Principal Component Analysis for Perryman #3 (Brakes
Disabled)

To compare the PCA results from a data set with the brakes disabled another
analysis was performed. The data set used for the analysis was from the Perryman #3 test
course at 15mph with the brakes disabled, which corresponds to the Perryman #3 data set
taken at 15 mph with the brakes enabled.

The singular value decomposition was again performed on a standardized input
training set in order to determine the principal components that are relevant for analysis.
As before, the relationship between the principal components and the longitudinal strain
will be analyzed later. The percentage of data explained by each principal component is
shown in Figure 6.28. From the figure, we can see that the first 27 principal components
explain over 99.3 % of the information.

From the PC scores, shown in Tables 6.24 and 6.25 we can see that principal
components 11, 12, 13, and 14, are weighted toward the brake data. From Figure 6.28 it
can be seen that principal components 11, 12, 13, and 14, explain 2.9078 %, 2.8487 %,

2.6314 %, and 2.3851 %, of the information in the input data, respectively. The total
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Figure 6.28: Percent of information explained by each PC for Perryman #3 at 15
mph with brakes disabled.

Table 6.24: PC scores for Perryman #3 at 15 mph with brakes disabled pressure
variables.

PC SCORES PC SCORES

PC Master Cyl (ijl.Wheel gil'Wheel PC Master Cyl ggl'Wheel gil.Wheel

1 0.0541 -0.037 | -0.0158 | 18 -0.0037 | -0.0367 | -0.0639
2 -0.0334 0.0124 0.0377 | 19 0.0204 0.0057 0.0142
3 0.0335 0.0379 | -0.0175 | 20 0.0149 0.0274 | -0.0133
4 -0.0841 -0.092 0.0023 | 21 0.0121 | -0.0026 | -0.0095
5 -0.1532 | -0.1841 0.0302 | 22 -0.0137 0.0435 | -0.0043
6 0.1266 0.1578 0.0317 | 23 -0.004 | -0.0013 0.0004
7 0.0003 [ -0.1014 0.0008 | 24 -0.0076 -0.043 0.0133
8 0.1022 0.3506 | -0.0102 | 25 0.0036 | -0.0006 0.0011
9 -0.0885 | -0.2053 0.1231 | 26 -0.0013 | -0.0031 0.0026
10 -0.1691 0.1959 -0.925 | 27 -0.0181 0.0022 | -0.0018
11 0.617 0.1311| -0.0732| 28 0.0063 | -0.0032 | -0.0067
12 0.5417 0.3229 0.0642 | 29 -0.0058 0.0049 0.0023
13 0.4101 | -0.5909 | -0.3268 | 30 0.0005 0.0073 0.0019
14 0.124 | -0.1343 0.0564 | 31 0.0022 0.0006 -0.002
15 -0.2049 0.3312 0.0166 | 32 0.0033 0.0086 | -0.0016
16 0.0141 | -0.3261| -0.0171 | 33 -0.004 | -0.0024 0.0002
17 0.0034 | -0.0727 | -0.0187
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Table 6.25: Input measurement components to PCs 11, 12, 13, and 14 for Perryman
#3 at 15 mph with brakes disabled.

VAR. |[PC11 [PC12 [PC13 |PC14 | VAR. |[PC11 PC12 [PC13 [PC14
1 0.0944 | -0.0218 | 0.3149 | -0.1061 | 18 0.1169 | -0.2614 | 0.0701 | -0.0432
2 0.0764 | -0.0638 | 0.0484 | -0.019 | 19 -0.0025 | -0.0448 | 0.0766 -0.24
3 -0.3583 | 0.1991 | 0.0275 | -0.1398 | 20 -0.0076 | -0.0704 [ 0.0098 | 0.1616
4 -0.0528 0.039 | -0.0359 | 0.0564 | 21 -0.0293 | -0.0325 | 0.0121 | -0.1746
5 0.0467 | 0.0015 | -0.0234 | -0.0558 | 22 0.0106 | 0.2246 | -0.0833 | 0.0982
6 -0.0206 | 0.0383 | -0.0272 | 0.2642 | 23 -0.1745 | 0.1848 | -0.0243 | 0.1896
7 -0.0781 | -0.1099 0.178 | 0.3999 | 24 0.3286 | -0.1952 | -0.1047 | -0.1487
8 0.1166 | 0.1157 | -0.1406 | -0.4393 | 25 -0.0222 | 0.2321 | -0.0748 | 0.1152
9 -0.1387 | -0.0438 | 0.0589 | 0.2438 | 26 -0.3088 | 0.2686 | 0.2463 | -0.194
10 0.0384 | 0.1022 | -0.0178 | -0.0292 | 27 -0.2011 | 0.0309 | 0.1148 | -0.0856
11 0.0476 | 0.0188 | -0.0296 | -0.0222 | 28 -0.0107 | -0.1291 | 0.1353 | -0.2456
12 -0.0383 | -0.0499 | -0.0251 | 0.1222 | 29 -0.2014 0.275 | 0.1077 | -0.0968
13 0.0361 | 0.0929 | -0.0207 | -0.062 | 30 -0.2289 | 0.1395 | 0.2338 | -0.2009
14 0.0317 0.006 | -0.0184 | 0.0889 | 31 0.617 | 0.5417 | 0.4101 0.124
15 -0.0579 | -0.0737 | 0.0256 | -0.0456 | 32 0.1311 | 0.3229 | -0.5909 | -0.1343
16 0.032 | -0.0899 0.094 | -0.205 | 33 -0.0732 | 0.0642 | -0.3268 | 0.0564
17 0.1222 | -0.2245 | 0.1023 | -0.1401

amount of information explained by these 4 principal components is only 10.763 %. A

plot of the first 2 Principal Components, Figure 6.29, was made to check for nonlinearites

in the training data. From the figure it can be seen that the training data was linear.

To determine the relationship between the input data, and corresponding principal

components, with longitudinal strain; a regression analysis was performed. The first

regression was performed using the singular value decomposition and the y training set.

The error in the training model was calculated to be 48.7864 pinch/inch. The regression

model was then used to predict the y test set from the x test set. The error was the

calculated to be 51.2092 pinch/inch. With the PCs that are weighted toward the brake

data: 11, 12, 13, and 14, removed the error increases by 0.2987 pinch/inch (0.58 %), to
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for Perryman 3 at 15 mph with Brakes Disabled
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Figure 6.29: PC 1 vs. PC2 for Perryman #3 at 15 mph with brakes disabled.

51.5079 pinch/inch.

The error when principal components are removed, starting with the last principal
component (PC) was then determined, and is shown in Figure 6.30. From the figure it
can be seen that there is increase in the average error of only 1.9026 pinch/inch to a value
53.1118 pinch/inch when the last 25 principal components are removed, which includes
PCs 11, 12, 13, and 14, which are weighted toward the brake data.

A correlation coefficient matrix of the z and y training data was made to
determine which principal components are most useful in predicting acceleration. The

absolute values of the correlation coefficients are shown in Figure 6.31. From the figure
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Error from Reducing The Number of PCs for Perryman 3 at 16 mph with Brakes Disabled
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Figure 6.30: Average strain prediction error for Perryman #3 at 1S mph with
brakes disabled.
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Figure 6.31: Correlation coefficient between Z scores and training data for
Perryman #3 at 1S mph with brakes enabled, half of data.
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it can be seen that the principal components that are weighted toward the brake data (11,
12, 13, and 14) are not correlated to the strain training data with correlation coefficients
0f0.0119, 0.0115, 0.0001, and 0.0005, respectively.

A correlation coefficient matrix of the z and y training data was made to
determine which principal components are most useful in predicting acceleration. The
absolute values of the correlation coefficients are shown in Figure 6.31. From the figure
it can be seen that the principal components that are weighted toward the brake data (11,
612, 13, and 14) are not correlated to the strain training data with correlation coefficients
0f0.0119, 0.0115, 0.0001, and 0.0005, respectively.

The principal component analysis and regression also show for this data set that
the brakes do not correlate to the longitudinal strain. The tenth, eleventh, twelfth, and
thirteenth principal components were weighted toward the brake pressure data. These
four principal components had an average correlation coefficient of 0.0008 between the Z
score and longitudinal strain training data. The removal of these four principal
components increase the average error by only 0.2987 pinch/inch, or 0.58 %, reinforcing
the conclusion that the activation of the surge brake does not affect the life of the trailer.

This was expected since the brakes were disabled for this test run.
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Chapter 7 Regression Analysis

The regression models were initially created using the data from Belgian Block
test runs at 15 mph decimated by 6 with the brakes both disabled and enabled, which are
at 15 mph with the surge brake both disabled and enabled. By initially decimating by 6,
this filtered the data to 84.175 Hz and re-sampled at 210.438 Hz. This decimation was
purposely made lower than the strain gage cutoff frequency of 100 Hz. The data was also
divided into independent and dependent data sets. The dependent data was the calibrated
aft longitudinal strain and the independent was from the non-strain data channels from
the data collected. The channel for ground speed was eliminated since it was not a sensor
located on the trailer. The dependent variables were numbered 1 through 33, as shown in
Table 7.1, to simplify the analysis and graphs.

Once the data was selected and filtered, an initial regression model using all the
possible input variables was created, as shown in Figures 7.1 and 7.2, to determine the
least possible error that can be obtained with the current filtering of the data. The

regressions using all the input variables had average errors of 53.9564 pinch/inch and

51.3792 pinch/inch for the Belgian Block test runs at 15 mph decimated by 6 with the
brakes both disabled and enabled, respectively. This error is still higher than what is
desirable.

Regressions using one predictor variable for each input channel, channels other
than strain, were then created. The average error for each variable was plotted as shown
in Figure 7.3. From the figure it can be easily seen that for the Belgian Block test runs at

15 mph decimated by 6 with the brakes both disabled and enabled, the channel for the CS
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Table 7.1: Input variables.

Var # | Channel Description Unit | Var # | Channel Description Unit
| CS Axle Accel (V) g’s 18 | CS Aft Accel (T) g’s
2 CS Frame Accel (V) g’s 19 | CS Aft Accel (L) g’s
3 RS Axle Accel (V) g’s 20 | RS Forward Accel (V) g’s
4 | RS Frame Accel (V) g’s 21 | RS Forward Accel (T) g’s
5 Lunette Accel (V) g’s 22 | RS Forward Accel (L) g’s
6 | Lunette Accel (T) g’s 23 | RS Aft Accel (V) g’s
7 | Lunette Accel (L) g’s 24 | RS Aft Accel (T) g’s
8 Tongue Accel (V) g’s 25 | RS Aft Accel (L) g’s
9 | Tongue Accel (T) g’s 26 | Trailer CG Pitch Rate deg/sec
10 | Tongue Accel (L) g’s 27 | Trailer CG Roll Rate deg/sec
11 | Trailer CG Accel (V) g’s 28 | Trailer CG Yaw Rate deg/sec
12 | Trailer CG Accel (T) g’s 29 | CS Shock Disp inches
13 | Trailer CG Accel (L) g’s 30 | RS Shock Disp inches
14 | CS Forward Accel (V) g’s 31 Surge Brake Press. psi
15 | CS Forward Accel (T) g’s 32 | CS Wheel Cyl. Press. psi
16 | CS Forward Accel (L) g’s 33 RS Wheel Cyl. Press. psi
17 | CS Aft Accel (V) g’s
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Figure 7.1: Regression output for Belgian Block at 15 mph with brakes disabled,
decimated by 6 using all variables.
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Figure 7.2: Regression output for Belgian Block at 15 mph with brakes enabled,
decimated by 6 using all variables.
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Figure 7.3: Error in single variable prediction for Belgian Block decimated by 6.

131



shock absorber displacement had the lowest average errors of 75.2983 and 77.5264
pinch/inch, respectively, and the average errors have a consistent pattern between the two
runs. For the Belgian Block test run at 15 mph decimated by 6 with the brakes disabled,
the next two singles variables with the lowest average errors were the RS shock absorber
displacement and the tongue vertical acceleration with errors of 75.4988 and 75.7006
pinch/inch, respectively. For the Belgian Block test run at 15 mph decimated by 6 with
the brakes enabled, the next two singles variables with the lowest average errors were the
RS forward and the tongue vertical accelerations with errors of 77.6032 and 78.4245
pinch/inch, respectively. It is interesting to note that the best average error for a single
brake pressure variable was 81.2297 pinch/inch, for the surge brake pressure, 4.78 %
higher than the lowest average error. These average errors are still higher than what is
desirable. From this result, it can be seen that a better value for the decimation of the
data needs to be found.

Since the errors are so high, the current filtering of the data allows too much
'noise’ to be left in the data. To reduce the error, the 'noise' in the data needs to be
eliminated. To determine a better frequency range for filtering, a PSD of the strain data
decimated by 6 was calculated for both runs, as shown in Figure 7.4. The PSD plot
shows most of the energy to be in the 0 to 20 Hz range and then it begins to drops off.
The data was then decimated by 25, this gave a filtered frequency of 20.202 Hz and a
sampling frequency of 50.505 Hz.

Once the data was filtered and re-sampled again, another set of initial regression
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Figure 7.4: PSD for longitudinal strain for Belgian Block at 15 mph.

models using all the predictor, input, variables were created and are shown in Figures 7.5
and 7.6 . The new models had errors of 31.5985 pinch/inch and 16.1643 pinch/inch for
Belgian Block test runs at 15 mph decimated by 25 with the brakes both disabled and
enabled, respectively. These errors are much improved from the initial regressions. To
determine which variables can be eliminated and still yield a good model, regressions
with one predictor variable for each input channel, channels other than strain, were again
created with the data now decimated by 25. The average error was plotted for each
variable as shown in Figure 7.7. From the figures it can be easily seen that for Belgian
Block test runs at 15 mph decimated by 25 with the brakes both disabled and enabled, the
channel for the tongue vertical acceleration had the lowest average errors of 71.0913 and
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Output for Run 010 Decimated by 25
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Figure 7.5: Regression output for Belgian Block at 15 mph with the brakes disabled
and decimated by 25, using all variables.
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Figure 7.6: Regression output for Belgian Block at 15 mph with the brakes enabled
and decimated by 25, using all variables.
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8l::lrror in Single Variable Prediction for Belgian Block at 15 mph Decimated by 25
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Figure 7.7: Error in single variable prediction for Belgian Block at 15 mph data
decimated by 2S.

72.3969 pinch/inch, respectively and the average errors again have a consistent pattern
between the two runs. For the Belgian Block test run at 15 mph decimated by 25 with the
brakes disabled, the next single variables with the lowest average errors were the RS aft
longitudinal and RS forward longitudinal, lunette vertical, and RS aft vertical
accelerations with errors of 74.5518, 74.8586, 74.9232, and 74.9433 pinch/inch,
respectively. For the Belgian Block test run at 15 mph decimated by 25 with the brakes
enabled, the next single variables with the lowest average errors were the RS forward
vertical, CS aft vertical, lunette vertical, and CS forward longitudinal accelerations with
average errors of 75.2096, 76.0370, 76.1395, and 76.7431 pinch/inch, respectively. It is

interesting to note that the best average error for a single brake pressure variable was
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81.5349 pinch/inch, for the surge brake pressure, 12.623 % higher than the lowest
average error.

The data from the Perryman #3 test runs at 15 mph with the brakes both disabled
and enabled was then analyzed. The analysis was conducted with the data decimated by
25, due to the results found from the Belgian Block data. The initial regression model
using all the possible input variables was created, as shown in Figures 7.8 and 7.9, to
determine the least possible error that can be obtained with the current filtering of the
data. The regressions using all the input variables had average errors of 21.8781
pinch/inch and 33.3067 pinch/inch for Perryman #3 test runs at 15 mph decimated by 25
with the brakes both disabled and enabled, respectively. The data range of the strain
Perryman #3 test runs at 15 mph decimated by 25 with the brakes both disabled and
enabled was 1494.4 pinch/inch and 1242.7 pinch/inch, respectively. This error is
1.464 % and 2.68 % of the data range for Perryman #3 test runs at 15 mph decimated by
25 with the brakes both disabled and enabled, respectively, which can still be improved.

To determine which variables can be eliminated and still yield a good model,
regressions with one predictor variable for each input channel, channels other than strain,
were created. The average error was plotted for each variable as shown in Figure 7.10.
From the figures, it can be easily seen that for Perryman #3 test runs at 15 mph decimated
by 25 with the brakes both disabled and enabled the channel for the RS forward
longitudinal acceleration had the lowest average errors of 76.895 and 72.4 pinch/inch,
respectively, and the average errors again have a consistent pattern between the two runs.

For Perryman #3 test run at 15 mph decimated by 25 with the brakes disabled, the
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Figure 7.8: Regression output for Perryman #3 at 1Smph with brakes disabled and
decimated by 285, using all variables.

Output for Run 052 Decimated by 25

o0 ‘ , — Test E)ata
f Predicted Data
400 { Pl -
200 |- 8] ‘ W
= ‘l | | ( i i ":‘ I
5 | A M “ ]
s ] W u oy i 11 }
KB FIHEC e
2 AWAREE '\t v \\A Iy
< -200} : "‘%" \? | h‘ ;: Wy i T
; b | !
-400 | { ' .
" .
600 |- ‘ -
8005 12 14 16 18 20 92

Time (seconds)

Figure 7.9: Regression output for Perryman #3 at 1Smph with brakes enabled and
decimated by 25, using all variables.
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Single Variable Strain Prediction for Perryman 3 at 15 mph Decimated by 25
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Figure 7.10: Error in single variable prediction for Perryman #3 at 1Smph,
decimated by 25.

next single variables with the lowest average errors were the RS aft longitudinal, CS
forward longitudinal, CS aft longitudinal, lunette vertical, tongue vertical, and CG
longitudinal accelerations, with errors of 77.658, 77.991, 87.74, 90.909, 97.279, and
107.14 pinch/inch, respectively. For Perryman #3 test run at 15 mph decimated by 25
with the brakes enabled, the next single variables with the lowest average errors were the
with the lowest average errors were the RS aft longitudinal, CS forward longitudinal,
lunette vertical, CS aft longitudinal, tongue vertical, and CG longitudinal accelerations,

with errors of 72.583, 86.594, 88.591, 91.099, 97.36, and 99.765 pinch/inch,
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respectively. It is interesting to note that the best average error for a single brake
pressure variable was 135.41 pinch/inch, for the surge brake pressure, 53.47 % higher
than the lowest average error.

The individual variables with the lowest errors from both the Belgian Block and
Perryman #3 data with brakes enabled and disabled decimated by 25 are shown in Table
7.2. From the table, it can be seen that the lunette and tongue vertical accelerations have
low prediction average prediction errors among all 4 test runs. CS forward longitudinal,
RS forward, and RS aft accelerations have low prediction errors among 3 test runs. From

this we can determine that these sensors should be used in any model created.

7.1 Data Filtering

From the regression analysis we can see that the increased decimation of the data
decreases the average error of the model. Increased decimation lowers the frequency
range of the input data, but information is lost as the data is re-sampled. To minimize
this adverse effect of re-sampling and determine the effect of reducing the frequency
range on the error, the data decimated by 25 was increasingly filtered using an 8-pole
Butterworth filter.

The effect of filtering the data at lower cutoff frequencies can be seen in Figures
7.11 through 7.14. From Figures 7.11 and 7.12, it can be seen that the average error, for
the test data from the Belgian Block course at 15mph with the brakes disabled and
enabled, decreases continuously to minimums of 4.4989 pinch/inch and 9.6450

pinch/inch at frequencies of 3.5354 Hz and 6.5657 Hz, respectively, and then sharply

rises.
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Table 7.2: Lowest average prediction errors for Belgian Block and Perryman #3 test
runs.

Average Prediction Error

Belgian Block Perryman #3
NAME No Brakes Brakes No Brakes Brakes
Lunette Accel. (V) 74.9232 76.0370 90.909 88.591
Tongue Accel. (V) 71.0913 72.3967 97.279 97.36
CG Accel. (L) =758 =Fiky 107.14 99.765
CS Forward Accel. (L) | >730 76.7431 77.991 86.594
CS Aft Accel. (V) el 76.0370 ] Y
CS Aft Accel. (L) i ad 54 87.74 91.099
RS Forward Accel. (V) | >730 75.2096 PLOL® AF5
RS Forward Accel. (L) | 74.8586 kil 76.895 72.4
RS Aft Accel. (V) 74.9433 ) e s
RS Aft Accel. (L) 74.5518 >77.0 77.658 72.583
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Figure 7.11: Effects of filter cutoff frequency on average error from Belgian Block

at 15 mph with brakes disabled and decimated by 25.
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Effects of Cutoff Frequency on Average Error for Strain Prediction Run 013
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Figure 7.12: Effects of filter cutoff frequency on average error from Belgian Block
at 15 mph with brakes enabled and decimated by 25.
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Figure 7.13: Effects of filter cutoff frequency on average error from Perryman #3 at
15 mph with brakes disabled and decimated by 2S5.
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2 Effects of Cutoff Frequency on Average Error for Strain Prediction Run 052
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Figure 7.14: Effects of filter cutoff frequency on average error from Perryman #3 at
15 mph with brakes enabled and decimated by 25.

From Figures 7.13 and 7.14 it can be seen that the average error, for the test data
from the Perryman #3 test course at 15 mph with the brakes disabled, decreases
continuously to a minimum of 11.6794 pinch/inch at 3.5354 Hz, and then sharply rises
and decreases once again. For the Perryman #3 test course at 15 mph with the brakes
enabled, the error decreases continuously to a minimum of 8.8758 pinch/inch at 4.5455
Hz and then sharply rises, as seen with the Belgian Block test data. Also, from the
figures it can be seen that the minimum average errors of 9.6450 pinch/inch and 8.8758
pinch/inch for predicting the test data from Belgian Block at 15mph and Perryman #3 at
15 mph with the bakes enabled occur at filtered frequencies of 6.5657 Hz and 4.5455 Hz,
respectively.
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To determine the effects of filtering to lower frequencies on the strain data, the
strains for several cutoff frequencies were compared, as shown in Figures 7.15 and 7.16.
From the figures, it can be seen that effect of the filtering, to the cutoff frequency
corresponding to the minimum average error, on the data is minimal.

Once it was determined that the cutoff frequency corresponding to the minimum
average error was acceptable, the most appropriate model could be chosen. The most
appropriate model was chosen using forward selection for the filtered data sets for
Belgian Block at 15 mph and Perryman #3 at 15 mph with the brakes enabled that were
decimated by 25. The cutoff frequency used for the Perryman #3 data at 15 mph with the
brakes disabled and enabled was 3.5354 Hz and 4.5455 Hz, respectively. The cutoff
frequency used for the Belgian Block data at 15 mph with the brakes enabled and
disabled was 6.5657 Hz and 4.0404 Hz, respectively.

The forward selection R, component and total, values for the Perryman #3 and
Belgian Block test runs at 15 mph, respectively, are shown in Table 7.3. As can be seen
from the table, the first four variables hold most of the R? value. Therefore, an
appropriate model can be created using a combination of only these four variables.

Variable 22 (RS forward longitudinal acceleration) appears as the first variable
for both Perryman #3 test runs at 15 mph while variable 25 (RS aft longitudinal
acceleration) appears as the first variable for both Belgian Block test runs at 15 mph. The
acceleration values in the longitudinal direction should be the same for both sensors on
the ends of a rigid structure. Therefore, the longitudinal acceleration on the RS appears

as the first variables for all four test runs.
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Effect of Filter Cutoff Frequency on strain Data from Run 055 Decimated by 25
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Figure 7.15: Effects of filter cutoff frequency on strain data from Perryman #3 at 15
mph with brakes disabled and decimated by 25.
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Figure 7.16: Effects of filter cutoff frequency on strain data from Perryman #3 at 15
mph with brakes enabled and decimated by 25.
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Table 7.3: Forward selection R? values for Belgian Block and Perryman #3.

Perryman #3 15Smph Perryman #3 15Smph Belgian Block 15mph Belgian Block 15Smph
Brakes E_nabled Brakes D_isabled ] Brakes Enabled ) Brakes Disabled
Var. | R? R? Var. | R? R’ Var. | R? R? Var. | R? R’
Comp. | Total Comp. | Total Comp. | Total Comp. | Total
22 0.9335 | 0.9335 | 22 0.9063 | 0.9063 | 25 0.7119 | 0.7119 | 25 0.6058 | 0.6058
19 0.037 09705 | 5 0.0651 | 0.9714 | 19 0.216 0.9279 | 19 0.2417 | 0.8475
8 0.0239 | 0.9944 | 19 0.0212 | 0.9926 | 5 0.0537 | 0.9816 | 5 0.1353 | 0.9828
17 0.0025 | 0.9969 | 10 0.0035 | 0.9961 | 22 0.0116 | 0.9932 | 16 0.0064 | 0.9892
29 0.0004 | 0.9973 | 29 0.0008 | 0.9969 | 13 0.0019 | 0.9951 | 8 0.0019 | 0.9911
2 0.0003 | 0.9976 | 8 0.0004 | 0.9973 | 26 0.0008 | 0.9959 | 2 0.0026 | 0.9937
25 0.0002 | 0.9978 |1 0.0003 | 0.9976 | 21 0.0003 | 0.9962 | 22 0.0003 | 0.994
3 0.0004 | 0.9982 | 11 0.0002 | 0.9978 | 15 0.0004 | 0.9966 | 17 0.0003 | 0.9943
5 0.0001 | 0.9983 | 16 0.0004 | 0.9982 | 30 0.0001 | 09967 | 13 0.0004 | 0.9947
9 0.0001 | 0.9984 | 33 0.0002 | 0.9984 | 8 0.0001 | 0.9968 | 11 0.0003 | 0.995
15 0.0001 | 0.9985 | 25 0.0002 | 0.9986 | 11 0.0002 | 0.997 |3 0.0003 | 0.9953

From the Table 7.3, it can be seen variable 19 (CS aft longitudinal acceleration)

appears within the first four variables of all four runs. The CS aft longitudinal

acceleration contributes the second highest amount to the R value for the Perryman #3 at

15 mph and Belgian Block test runs at 15 mph with the brakes disabled. The CS aft

longitudinal acceleration also contributes the second highest amount to the R* value for

the Belgian Block test run at 15 mph with the brakes enabled, and the third highest

amount to the R?value for the Perryman #3 test run at 15 mph with the brakes enabled.

Variable 5 (lunette vertical acceleration) contributes the third highest amount to

the R*value for the Belgian Block test runs at 15 mph with the brakes both enabled and

disabled. The lunette vertical acceleration contributes the second highest amount to the

R? value for the Perryman #3 test run at 15 mph with the brakes enabled.
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Variable 8 (tongue vertical acceleration) contribute the third highest amount to the
R? value for the Perryman #3 test run at 15 mph with the brakes disabled. The fourth
highest contributor to the R? value for the Perryman #3 test runs at 15 mph with the
brakes both enabled and disabled were variables 10 (tongue vertical acceleration) and 17
(CS aft vertical acceleration), respectively. The fourth highest contributors to the R?
value for the Belgian Block test runs at 15 mph with the brakes disabled and enabled
were 22 (RS forward longitudinal acceleration), and 16 (CS forward longitudinal
acceleration), respectively.

From this analysis, it can determined that the RS forward longitudinal, CS aft
longitudinal, and lunette vertical accelerations should be used for any further models. To
determine if a fourth variable should be used, a series of regressions were made. The
regressions were created for Perryman #3 at 15 mph and Belgian Block at 15 mph test
runs with the brakes enabled. As shown in Table 7.4, the regressions compared
combinations of the first 4 variables that contributed the highest amount to the R? value.

From Table 7.4, it can be seen that a fourth variable should be used. The models
with the lowest average error for both test runs include the variables: 5, 10, 19, and 22.
These are for lunette vertical, tongue vertical, CS aft longitudinal, and RS forward
longitudinal accelerations, respectively. These four sensors can be used to accurately

predict the longitudinal strain at the drawbar failure location.
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Table 7.4: Average regression error for selected variables using test data from
Belgian Block and Perryman #3 at 15 mph with brakes enabled.

AVERAGE ERROR (pinch/inch)

VARIABLES USED PERRYMAN #3 BELGIAN BLOCK
ALL 8.8758 9.6450

3,22 24.632 22.8946

5. 19, 22 11.7328 5.5161

5,10, 19,22 8.916 5.0092

5,10, 16, 19, 22 9.1131 4.9749

5, 8,16,22. 25 14.7574 9.2955

5,16, 19, 25 19.2532 7.3962
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Chapter 8 Fatigue Life

One of the primary goals of this research is to show that the fatigue damage, at the
drawbar location on the trailer, can be determine accurately from predicted strain data.
This will allow the use of a group of accelerometers to be used to monitor the fatigue
damage to the part. This allows the direct monitoring of the changes in the fatigue life of
the part.

In order to determine the accuracy of the strain predicted from the model; the
predicted fatigue life was calculated and compared to the life calculated from the original
data. The effect of filtering on the fatigue life calculation was also analyzed to determine
if filtering has a significant effiect on the results. From this the frequency range that the
damage occurs can also be analyzed.

To calculate fatigue life, the Matlab toolbox Wave Analysis for Fatigue and
Oceanography (WAFO) was used. WAFO uses routines based on extreme value and
crossing analysis to analyze random waves and loads. To calculate fatigue, WAFO
calculates the rainflow cycles from a series of tumming points calculated from the load
data. The Stress-Life (S-N) curve is then used to calculate the material specific
parameters used in the damage calculation, based on the Wohler curve and the Palmgren-

Miner rule.

The material used in the trailer was 6061-T6 aluminum. The S-N curve data for
the trailer material was created from fatigue data taken from the Structural Alloys
Handbook edited by Holt, Mindlin, and Ho (1996). The S-N curve was then plotted and

fitted for use in WAFO, as shown in Figure 8.1.
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SN-data with Estimated N(s) for 6061-T6 Aluminum
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Figure 8.1: S-N curve fitted for WAFO.

The maximum stress was well below the yield stress, therefore, a linear
relationship between stress and strain was used. The strain, €, data was converted to
stress, 0, data by relating the stress and strain by the elastic modulus, E, for aluminum of
10*10°ksi.

c=¢*E (8.1)
The rainflow cycles were then calculated by WAFO for both Belgian Block and
Perryman #3 test courses at 15 mph, with the brakes both enabled and disabled, as shown
in Figures 8.2 and 8.3. For Figures 8.2 and 8.3, only the first 1100 data points were used
so that comparisons could be made. Figure 8.2, it can be seen that the cycle count

distribution is very similar for all four test runs, with the cycles being over a wider range
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Rainflow Cycle Count Distribution for Perryman 3 and Belgian Block
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Figure 8.2: Rainflow cycle count.
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for the Perryman #3 test data. Figure 8.3 shows the rainflow amplitude distribution to
decrease in cycle count as stress increases, for Belgian Block. The figure also shows the
cycle count to drastically decrease with an increase in stress above 1 ksi for the Perryman
#3 test course. This would be expected since the Perryman #3 test course is more
randomly distributed than the more normally distributed Belgian Block test course. The
brakes do not seem to have a definite effect on the cycle count for either test course. The
fatigue life was then calculated in both hours and distance, as shown in Tables 8.1 and
8.2, respectively. As can be seen from both Tables, the fatigue life estimates for all four
test runs indicated infinite life. The fatigue life value increased for the data sets that had
been filtered to their optimum frequency. The percent differences between the test and
predicted life improved, as can be seen from Table 8.1 for the optimized frequencies. As
expected the use of only the four variables: lunette vertical acceleration, tongue vertical
acceleration, curbside aft longitudinal, and roadside aft longitudinal acceleration, did not
significantly change the predicted life results.

The calculated fatigue life predictions are close, but need to be closer for
improved accuracy for on-line prediction. The data filter needs to be set at a value that
not only produces accurate strain prediction, but also produces accurate life prediction.
From Figure 8.4, it can be seen that the fatigue life prediction value stays fairly constant
and then rises sharply at a low cutoff frequency for both the predicted and given strains.
This shows that the fatigue damage occurs below a given frequency. This frequency can
be used as the cutoff frequency for filtering. From Figure 8.5, it can also be seen that the

fatigue life prediction is very close between the predicted and given strains. This
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Table 8.1: Fatigue life estimates in hours.

Decimated by 25 Optimum Filtering Optimum Filtering with
Selected Variables
Life (hours) Life (hours) Life (hours)
Run Data |Test Pred. % Diff. |Test Pred. % Diff. Test Pred. % Diff.
BB w/o 3.52E+10| 6.36E+10 80.80| 1.37E+13 1.12E+13 18.33] 1.37E+13| 1.13E+13 17.39
Brakes
BB with 2.49E+10| 2.57E+10 3.19| 1.81E+12| 1.86E+12 2.54| 1.81E+12| 1.96E+12 8.48
Brakes
Perry 3 1.04E+08( 1.10E+08 5.45| 1.51EH09| 1.74E+H09 15.03| 1.51EH09| 1.64E+H09 8.11
w/o Brakes
Perry 3 7.35E+08| 3.43E+08 53.33| 4.66E+09| 6.17E+09 32.51| 4.66EH09| 6.29E+09| 35.05
with
Brakes
Table 8.2: Fatigue life estimates in miles.
Decimated by 25 Optimum Filtering Optimum Filtering with
Selected Variables
Life (miles) Life (miles) Life (miles)
Run Data Test Predicted Test Predicted Test Predicted
BB w/o Brakes 5.28E+11 9.54E+11 2.05E+14 1.68E+14 2.05E+14 1.69E+14
BB with Brakes 3.74E+11 3.86E+11 2.71E+13 2.78E+13 2.71E+13 2.94E+13
Perry 3 w/o 1.56E+09 1.65E+09 2.27E+10 2.61E+10 2.27E+10 2.45E+10
Brakes
Perry 3 with 1.10E+10 5.14E+09 6.99E+10 9.26E+10 6.99E+10 9.43E+10
Brakes
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Effects of Cutoff Frequency on Fatigue Life Prediction from Original Data
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Figure 8.4: Effects of cutoff frequency on fatigue life prediction.
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Figure 8.5: Effects of cutoff frequency on fatigue life prediction, given and predicted
strains.

154



supports the use of the regression model previously found, and allows the determination
to be made that the filtering should be based upon the predicted fatigue life and not the
predicted strain. The errors in strain prediction are lowest at a frequency below which the
fatigue life prediction errors are at a minimum.

To determine the frequency that allows the lowest fatigue life prediction, the
fatigue life of the data set after filtering was compared to the predicted fatigue life after
filtering. As can be seen from Figure 8.6, the frequency that allows the most accurate
prediction of the fatigue life yielding average error of 6.58 %, from filtered test data is
6.5657 Hz, as would be expected from the low frequency results of the regression
analysis. The percent errors at this frequency are 9.955 %, 3.420 %, 9.202 %, and
3.724 %, for the Belgian Block test runs at 15 mph with the brakes both disabled and
enabled and the Perryman #3 test runs at 15 mph, with the brakes both disabled and
enabled, respectively. The minimum error and corresponding frequencies can be found
in Table 8.3.

With the results of the life prediction errors using filtered data showing adequate
results for prediction and decreasing errors corresponding to low frequencies, a final
determination of the appropriate cutoff frequency was made. The determination was
based upon the error in life prediction as it relates to the life estimate from the data that
was only decimated by a factor of 25. As can be seen from Figure 8.7, the most
appropriate filter cutoff frequency for all 4 test runs was found to be 17.172 Hz. This
shows that the data can be filtered to this level and the filtering has not significantly

changed the estimated life from the original data without further filtering from the initial
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Effects of Cutoff Frequency on Fatigue Life Prediction Emor
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Percent Error (%)
=

Cutoff Frequency (Hz)

Figure 8.6: Fatigue life of the data set after filtering compared to the predicted
fatigue life after filtering.

Table 8.3: Minimum error and from original life prediction and corresponding
cutoff frequencies.

Run Data Minimum Error (%) Cutoff Freq. (Hz)
BB w/o Brakes 0.672 15.152
BB with Brakes 1.33 8.5859
Perry 3 w/o Brakes 1.334 12.121
Perry 3 with Brakes 3.084 1.0101
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lziufrects of Cutoff Frequency on Fatigue Life Prediction Error from Qriginal Estimate
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Figure 8.7: Effects of cutoff frequency on fatigue life prediction error from original
estimate using filtered training data.

decimation by 25. This accounts for both the error in prediction and the effiect of filtering
on the life estimate due to lost peaks in the strain. As shown in Table 8.4, For 2 test runs:
Belgian Block at 15 mph, with the brakes both disabled and enabled the error is at a
minimum error at 17.172 Hz, and the minimum error for the Perryman #3 test course at
15 mph with the brakes both disabled and enabled was 20.707 Hz and 14.141 Hz,
respectively. With these frequencies corresponding to the minimum errors, it can be

concluded that the fatigue damage takes place at or below these frequencies.
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Table 8.4: Minimum error and corresponding cutoff frequencies.

Run Data Minimum Error (%) Cutoff Freq. (Hz)
BB w/o Brakes 22.29 17.172
BB with Brakes 6.277 17.172
Perry 3 w/o Brakes 3.658 20.707
Perry 3 with Brakes 1.437 14.141

From the fatigue life estimates and prediction errors, the cutoff frequency should
be set at a value close to 17.172 Hz. As shown in Table 8.5, this frequency accounts for
majority of the fatigue damage and yields an average prediction error of 18.21 % of the
original life estimate; with errors of 22.29 %, 6.277 %, 16.844 %, and 27.444 %, for
Belgian Block at 15 mph with the brakes both disabled and enabled and Perryman #3 at
15 mph with the brakes both disabled and enabled, respectively. The estimated fatigue
life predicted from the data filtered at 17.172 Hz, and the original life estimate from the
data decimated by 25 can also be found in Table 8.5.

The model based upon the error in life prediction, as it relates to the life estimate
from the data that was only decimated by a factor of 25, was trained using both filtered
acceleration and strain data. A final analysis of the life prediction from the data that was
only decimated by a factor of 25, using a model trained with filtered acceleration and
strain data that was decimated by a factor of 25. With the results of the life prediction
errors based upon the error in life prediction as it relates to the life estimate from the data
that was only decimated by a factor of 25, a final determination of the appropriate cutoff
frequency and model training data can be made.

As before, the determination was based upon the error in life prediction as it

relates to the life estimate from the data that was only decimated by a factor of 25. As
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Table 8.5: Fatigue life estimates and prediction errors at a cutoff frequency of

17.172 Hz.
Life (hours)
Run Data Predicted Original % Difference
BB w/o Brakes 4.2988E10 3.5153E10 22.29
BB with Brakes 2.6494E10 2.4929E10 6.277
Perry 3 w/o Brakes |[1.2156E8 1.0404E8 16.844
Perry 3 with Brakes |5.3312E8 7.3477E8 27.444

can be seen from Figure 8.8, the most appropriate filter cutoff frequency for the
acceleration data for all 4 test runs was found to be 16.667 Hz which is only one data
point away, with a resolution of 0.0505 Hz, from the prior result of 17.172 Hz. This
supports the result that the data can be filtered to this level and the filtering has not
significantly changed the estimated life from the original data without further filtering
from the initial decimation by 25. This again accounts for both the error in prediction
and the effect of filtering on the life estimate due to lost peaks in the strain. As shown in
Table 8.6, for 2 test runs: Belgian Block at 15 mph, with the brakes both disabled and
enabled the error is at a minimum error at 16.667 Hz, and for the Perryman #3 test course
at 15 mph with the brakes disabled and enabled was 20.707 Hz and 14.646 Hz,
respectively. These minimum frequencies are all within 1 data point of the minimums
found with the model trained from filtered data. With these frequencies corresponding to
the minimum errors, it can be concluded that the fatigue damage takes place at or below
these frequencies.

From the fatigue life estimates and prediction errors from this model, filtered
acceleration and strain decimated by 25, the cutoff frequency should be set at a value

close to 16.667 Hz. As shown in Table 8.7, this frequency accounts for majority of the
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Effects of Cutoff Frequency on Fatigue Life Prediction Error from Original Estimate
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Figure 8.8: Effects of cutoff frequency on fatigue life prediction error from original
estimate using filtered accelerations and unfiltered strain training data.

Table 8.6: Minimum error and corresponding cutoff frequencies for model using
unfiltered strain data for model training.

Run Data Minimum Error (%) Cutoff Freq. (Hz)
BB w/o Brakes 10.647 16.667
BB with Brakes 1.076 16.667
Perry 3 w/o Brakes 2.092 20.707
Perry 3 with Brakes 1.535 14.646

Table 8.7: Fatigue life estimates and prediction errors from model trained with

unfiltered strain data, at a cutoff frequency of 16.667 Hz.

Life (hours)
Run Data Predicted Original % Difference
BB w/o Brakes 3.8896E10 3.5153E10 10.647
BB with Brakes 3.0054E19 2.4929E10 1.076
Perry 3 w/o Brakes |[1.243E8 1.0404E8 19.476
Perry 3 with Brakes [5.6903E8 7.3477E8 16.667
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fatigue damage and yields an average prediction error of 13.44 % of the original life
estimate; with errors of 10.647 %, 1.076 %, 19.476 %, and 22.557 %, for Belgian Block
at 15 mph with the brakes both disabled and enabled and Perryman #3 at 15 mph with the
brakes both disabled and enabled, respectively.

The estimated fatigue life predicted from the acceleration data filtered at
16.667 Hz, and the training strain and original life estimate from the data decimated by
25 can also be found in Table 8.7. The estimated fatigue life predicted from the strain
and acceleration data filtered at 17.172 Hz, and the original life estimate from the data
decimated by 25 can be found in Table 8.8. This cutoff frequency yields an average
prediction error of 13.98 %, which is only 0.53% above the error for a cutoff frequency
of 16.667 Hz. Therefore, the more conservative cutoff frequency of 17.172 Hz should be
used.

The error for the life prediction using filtered acceleration and strain decimated by
25 decreased by 4.23 % from the model that used filtered strain for model training. From
this result it can be concluded that the model should be created using acceleration data
filtered at 17.127 Hz and strain data decimated by 25. The data used for fatigue life
calculation, stress, should also be filtered at 17.127 Hz. Since the failure criteria of a
2mm crack is assumed to be 70% of the total fatigue life, the average error of 13.98 %

can be an acceptable error level to determine the useful life the drawbar.
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Table 8.8: Fatigue life estimates and prediction errors from model trained with
unfiltered strain data, at a cutoff frequency of 17.172 Hz.

Life (hours)
Run Data Predicted Original % Difference
BB w/0 Brakes 3.9358E10 3.5153E10 11.961
BB with Brakes ~ |2.9516E10 2.4929E10 1.208
Perry 3w/o Brakes ~ |1.2075E8 1.0404E8 16.061
Perry 3 with Brakes 5.3865E8 7.3477E8 26.691
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Chapter 9 Dynamic Model

Using the input variables determined in Chapter 7 and the filtering determined in
Chapter 8, the appropriate dynamic model will be determined. The strain and
acceleration data for the Belgian Block and Perryman #3 courses at 15 mph with the
brakes both disabled and enabled was decimated by 25, and filtered with a cutoff
frequency of 17.172 Hz. A concatenated data set was also created by combining equal
amounts of data for all 4 test runs. The concatenated data set was created so that all 4
data sets would appear in both the training and test data, allowing different terrains to be
predicted (simulated) by the model. The order of the test sets was: Perryman #3 without
brakes, Belgian Block with brakes, Perryman #3 with brakes, and Belgian Block without
brakes, all at 15 mph.

A general model for a time discrete data with a noise-free input u(t), a noise

source e(t), and an output y(t) can be written as:

y(t) = G(q,8)u(t) + H(q,0)e(t) .1
where

G(q,8) = B(q) / F(q) 92)
and

H(q,8) =C(q)/ D(q) 9-3)

Equation 9.1 is the Box-Jenkins (BJ) model. If the disturbance signal is not modeled,
then H(q,0) = 1 and equation 9.1 becomes:

y(t) = G(q,8)u(t) + e(t) 94)
which is the output error (OE) model. If the same denominator is used for G and H:
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F(q) = D(q) = A(q) 9.5)
From 9.1 we obtain the auto-regression moving average with exogenous inputs
(ARMAX) model:

A(qQ)y(t) = B(q)u(t) + C(q)e(t) (9.6)
For the case C = 1, we have the auto-regression with exogenous inputs (ARX) model:

A(Q)y(t) = B(q)u(t) + e(t) (5.7)
Another type of model is the state-space (SS) model:

x(t+ 1) = Ax(t) + Bu(t) + Ke(t) (9.9)

y(t) = Cx(t) + Du(t) +e(t) 9.10)
where x(t) is a state vector and A, B, C, D, and K, are matrices of parameters.

Using the Matlab ident toolbox, several models were created and analyzed to
determine the most appropriate model to be used: ARX, ARMAX, Box-Jenkins (BJ),
output error (OE), and state-space (SS). The state-space model was created using a
prediction error/maximum (PEM) model with K=0, this removes the disturbance term
and creates an OE model that can easily be used and transformed into a transfer function
for use in a control system. The data was mean centered, detrended, and divided into
training and test sets of equal length. The training (model) data was used to create the
model, and the test set was used to validate the model.

The appropriate model will be determined by using the best fit of the model. The
fit of the model is determined by the equation:

i _ L= NORM(Y ~ Yhat)
NORM(Y - Mean(Y))

-100% 9.11)
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where Y is the measured output and Yhat is the predicted model output. The fit is the
percent of the output variations reproduced by the model.

From Table 9.1 and Figures 9.1 through 9.5, it can be seen that the state-space
model has the best fit for the Belgian Block, Perryman #3, and concatenated data sets.
The model best fits were then determined for each state-space model created and
validated, using each data set. From Table 9.2 and Figure 9.6, it can be seen that the best
state-space model fits were for the Perryman #3 test data. It can also be seen that the
state-space models created using the Belgian Block and Perryman #3 model data fit the
concatenated test data very poorly. This shows that a model created from training data
from a single terrain cannot be used to effectively predict the response from a continuous
signal with varying terrain, although the model may predict the response from separate
signals effectively.

Using the concatenated model to predict individual fatigue lives had mixed
results, as shown in Table 9.3. The model created using concatenated data performed
effectively for some test data sets, but not others. The data sets that had the lowest
fatigue life errors were for the training data in the middle of the concatenated data set,
these were not the lowest average errors for strain prediction. The life and strain
prediction errors were not correlated to each other. The data sets were from different test
courses, but the brakes were enabled in both sets with the lowest fatigue life prediction
errors. From the results in Chapter 4, it can be seen that the acceleration data for the
brakes enabled tests were greater in amplitude. These results show that an optimized
iteration process needs to be used in creating the model and/or separate models need to be
used, and an algorithm would determine the model to use based on the amplitude of the
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Table 9.1: Best fit for each model type and data set.

Best Fit (%) for Test Data
Perryman #3 Belgian Block
Model No Brakes | Brakes No Brakes | Brakes Concatenated
ARMAX 82.166 70.376 58.936 53.219 52.010
ARX 71.823 68.897 -7.532 -18330 58.944
BJ 47.133 79.420 65.353 68.520 43.285
OE 86.752 81.307 72.745 76.761 64.473
SS 88.697 82.718 77.631 78.034 72.754
Y. Measured and Simulated Model Output for Perryman #3 without Brakes
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Figure 9.1: Model output for Perryman #3 at 15 mph without brakes.
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Measured and Simulated Model

Output for Perryman #3 with Brakes

600 ; ; :
400 6 -
#
200} . | A g
5 ' o ] 1
2 Or ‘ W W ; q | ]
o N 4 Fop| b
o
E 200} | { 1
£
= :
=
73]
-400 — 1
— ARX
— BJ
-600 | — OE -
— DATA
ARMAX
X 0 i i 1 i i
800 12 14 16 18 20

Time {seconds)

Figure 9.2: Model output for Perryman #3 at 1S mph with brakes.
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Figure 9.3: Model output for Belgian Block at 1S mph without brakes.
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Measured and Simulated Model Output for Belgian Block with Brakes
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Figure 9.4: Model output for Belgian Block at 15 mph with brakes.
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Figure 9.5: Model output for concatenated data set.
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Table 9.2: Best fit for SS model for each training (model) and test data set.
Best Fit (%) for Test Data

‘Perryman #3 Belgian Block
Model Data No Brakes | Brakes No Brakes | Brakes Concatenated
Perryman #3 | 88.697 79.965 74.730 74.730 46.468
No Brakes
Perryman #3 | 83.963 82.718 62.437 62.437 37.759
Brakes
Belgian Block | 83.049 76.730 77.631 65.879 46.933
No Brakes
Belgian Block | 86.072 79.676 69.429 69.429 48.794
Brakes
Concatenated | 82.448 77.65 Ak ral 72.314 72.754

Measured and Simulated Output for Various SS Models and Concatenated Test Data
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Figure 9.6: Simulated output for concatenated data set for various SS models.
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Table 9.3: Error and life prediction for SS model of concatenated data for various
test data sets.

Life Estimate Errors
Test Data Original Predicted Life (%) Average Strain
(hours) (hours) (pinch/inch)
Perryman #3 1.040ES8 2.947E8 170 25.205
No Brakes
Perryman #3 7.354E8 8.408E8 14.33 27923
Brakes
Belgian Block 3.517E10 8.808E10 141 21.490
No Brakes
Belgian Block 2.498E10 3.895E10 56.46 22.030
Brakes
Concatenated 1.612E9 1.993E10 23.06 31.166

signal. If one model is to be used, the model (training) data should include as many
possible sets of data from separate terrains as possible.

Figure 9.7 shows the original and simulated model output for the concatenated
model and concatenated test data. This model has an average absolute prediction error of
31.1655 pinch/inch for strain. From the predicted strain we get a life estimation of
1.9934*10° hours, which is 23 % different than the life estimate from the test data of
1.6199*10° hours. This error is acceptable for the failure prediction criteria of a 2mm
crack, which is assumed to be 70% of the life until failure.

From this analysis, it has been shown that a dynamic model can be used to predict
the strain of a concatenated data set, and therefore the fatigue life from a continuous
signal of varying terrain data. The dynamic model is currently not as accurate as the
regression model, and should be improved by optimizing the iteration and selection

techniques.
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Measured and Simulated Model Output for Concatenated SS Model
1 000 (4 [ 4 4 [ 1

1 1
—— Original Data
800 — - Simulation Data |

600 5

400

200

-200 |

Strain (microinchfinch)
o
e

400 F

-600 + 4

-800 .

_1 000 i i i i 1 I i
40 45 50 55 60 65 70 75 80
Time (seconds)

Figure 9.7: Simulated and measured SS model output for concatenated data set.
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Chapter 10 Results and Conclusions

This research will advance the area of life consumption monitoring and is relevant

to the Army and commercial companies. The use of models will allow for the vehicle to

be tested for reliability during the design process and before a prototype is built. The

model can be used in place of destructive testing to predict future failures and to test

design improvements, decreasing production and maintenance costs. This modeling

process could also be used to determine the useable life of the vehicle during the initial

design process. Specific results detailed in this dissertation are:

A procedure to re-create spatial terrain data from a PSD of stored terrain data was
created. The frequency content of the data was re-created adequately, but the range
was not correct.

Statistics for the experimental data were determined and used to validate the DADS
simulation and NASTRAN strain results. The DADS validation showed that the
principal strains calculation by NASTRAN, using dynamic data from DADS, had
incorrect magnitudes and ranges for both the rigid and flexible body models. PSDs of
the experimental and simulation data showed that the frequency content was
adequately determined, although the magnitude was higher for both of the simulation
models.

Data reduction of the experimental data showed that the surge brake had no effect on
the strains at the failure location on the drawbar.

A methodology was developed to predict strain from acceleration data.
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Further data reduction showed that that the appropriate acceleration sensors to use for
strain prediction at the failure point are the lunette vertical, tongue longitudinal, CS
aft longitudinal, and RS forward longitudinal accelerations.

Filtering and analysis of the data showed that the majority of the fatigue damage to
the trailer takes place at or below 17.172 Hz. This value is very close to the
frequency of 18.92 Hz estimated, by FEA, for the first non-rigid body vibration
mode.

Fatigue life prediction using the S-N curve and rainflow counting, for the data filtered
at 17.172 Hz, was calculated to within an average of 13.98 % for the test data, using a
regression model.

Dynamic models were analyzed and a state-space model was determined to have the
best fit. A state-space model was then created that calculates fatigue life to within 23
%, for a continuous signal of 4 sets of test data. The errors for fatigue prediction for

individual sets of test data for the same model had an average error of 95.4 %.

From these results, several conclusions can be made:

Spatial terrain data can be re-created effectively from a PSD if the length of the
original data signal is known or standardized, or another denominator is used to
calculate the PSD.

The validation of the DADS simulation showed that the simulation needs to be
improved, and the flexible body model was more accurate than the rigid body model.
A model of the surge brake is not required for the DADS simulation.

The results of the filtering of the data, support the fatigue calculation and FEA results.
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o The fatigue life calculated using the regression model and filtered data proved to be
adequate.

e The dynamic model needs to be improved for predicting strain.
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Chapter 11 Future Work

Future models will need to be made for various sets of terrain data. The data will
then be taken over a given period of time and be processed by either a regression or
dynamic model. For increased accuracy, an algorithm should be used that determines
one of several possible model types based on terrain statistics for the given period. The
model types used in this dissertation were parameter based models other model types
should also be examined, such as physics based model types and neural networks.

The fatigue calculation used in this dissertation was a stress based approach,
strain based approaches should also be examined. Stress concentration factors should
also be used in future models. Von Mises stress can also be used for a multi-axial state of
stress. By later combining a regression or dynamic model with an appropriate fatigue
model, the fatigue life of the HMT can be determined on-line from a set of 4 sensors
placed on the vehicle with the data recorded at 34.344 Hz. This will allow for life
consumption monitoring of the vehicle.

By combining this technique with modeling and simulations, the fatigue life of
the vehicle can also be determined during the design phase of a project, before a

prototype is built. This analysis method can be applied to vehicles other than the HMT.
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