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Abstract

Predicting the ROP (rate of penetration) before drilling is essential to improve the overall drilling
efficiency and thereby reduce the non-productive time and costs. For this, good ROP model is required.
Several ROP models are available in the industry which is derived based on both mechanistic and

empirical methods. However, each model has its strengths and shortcomings.

In this thesis, five ROP modelling workflows are used to model field data. These are the methods of
multiple regression, least squares, MSE, D-exponent and the Warren model. The applicability and the
limitations of the models are tested on nearby, distant and very distant field data in the North Sea. Six
wells are used for the analysis located in the Alvheim, Kvitebjgrn and Valhall fields.

During modelling, two hypotheses were tested. One common observation from the result is that the
model application is limited within the same block, where the lateral geology expected to be similar.
Based on the assessment of the results, applicability and limitations of the five modelling techniques are

summarized. In addition to the overall study, an optimization procedure is also developed.



Acknowledgments

I would like to thank my supervisor Dr Mesfin Belayneh for supervision and guidance, who has been
continuously available for support and feedback. | would also like to thank the Norwegian Petroleum
Directorate for the valuable provided well data. | would also thank the University of Stavanger for giving
me this golden opportunity to do this thesis and fulfil my master’s degree. Last but not least, | would
like to thank my family and friends who supported me and led me to complete my thesis within a limited

time frame.

Stavanger, June 2017

Malik Alsenwar



Table of Contents

ADSEFACT ... bbbttt I
ACKNOWIEAGMENTS. ...ttt n e I
TabIE OF CONTENTS ...t i
LEST OF FIQUIES ...ttt bbbttt b n e \Y
LIST OF TADIES. ...t VII
NOMENCIATUIE ...ttt sb bbbt IX
LiSt OF ADDIEVIATIONS. ....c.eiiiiiitiiteeie et X
Chapter 1 INErOAUCTION ......c.oiiiiiiie bbb 1
1.1 Background and MOTIVALION .........c.oiiiiiiieiiie e 1
1.2 Problem FOrMUIALION .........coiiiiiiie e 2
1.3 ODJECLIVE ...ttt bbbttt bbb bbbttt 3
1.4 Hypotheses and Research Methodology ...........ccoeuieiriiiiiiesisee e 4
Chapter 2 Literature STUAY ........ooviiiice e ane s 5
2.1 DI BIES ..t bbbttt b 5
2.1.1  ROIEI CONE BItS ...ttt 5
2.1.2  FiXEA CULET BIS ...uiiiiiiciiieciei et 6
2.1.3 Bit OPLIMIZALION .....ccviiiiiiiccece et be e e sbeere et ane s 7

2.2 ROCK STIENGEN. ...t 8
2.3 Factors ATFECTING ROP .........ooiiiiiii et 9
2.4 ROP MOUEIS. ...ttt bbbttt b et 10
24.1 MSE - Mechanical SPeCifiC ENEIQY ........ccviiiiiiiiiiiiies s 11
24.2 Bourgoyne and Young MOGEL ..........coocoiiiiiiiiiiiii e 12
2.4.3  WAITEN IMOUEL. ......ooiiiiii et 12
244  Modified Warren MOGEL............cooiiiiiiie e 14
2.4.5 Real-Time Bit Wear Model ... 15
2.4.6 Hareland and Rampersad Model ...........coooo o 15
24.7 O =T 1Y oo L] SR 15
2438 BiNgam MO ..o 15

2.5 Drillability D-EXPONENT .....cvoiiiiiiiiiiisie st 16
Chapter 3 Modelling Implementation and Workflow ..., 18
3.1 Wells Used fOr MOGEITING.......cc.oiiiiiiiiesie e 18
3.2 Multiple Regression WOrKFIOW. ..o 20



3.3 The Method of Least Squares WOrkflIOW ...........ccoooeiiiiiniie e 23

3.4 MSE - Mechanical Specific Energy WOorkflow ............cccoovviiiiiniiineicccc e 25
3.5 Drillability D-EXponent WOIrKFIOW ..........ccccoviiiiiiieie e 26
3.6 Warren Model WOTrKFIOW. ..o e 27
Chapter4  ROP Modelling and Testing ReSUILS............cccovveiiiieiiececc e 29
4.1 Stratigraphic COITEIALION. .........coci i e sre e 30
4.2 MUIIPIE REQIESSION ...ttt sttt te e e te e et e taeaesteereenaenres 32
4.2.1 L 1Y 00] (0 TST N ST 32
422 HYPOTNESIS T ..o 41

4.3 The Method OF LEASt SQUATES ......c.eeveiiiiiiiiisie e 44
4.4 MSE - Mechanical SPeCIfiC ENEIQY ........cocuiiiiiiiiieieieesese st 51
4.5 Drillability D-EXPONENT .....c.ooviieiieiiiisieiese e 58
4.6 WAITEN IMOGEL ...t e 64
Chapter5  Modelling ANAIYSIS .......ccoviiiiiiceceece e 69
5.1 TIME ANGIYSIS ..ot et e e e e et e e s a et e e st s beereenbeeaeeneenrens 69
5.2 Parametric SENSITIVILY ANAIYSIS .....ccviiiiiiiiicie e 72
Chapter 6  Summary and DISCUSSION..........c.cciveiiiiiieiieie e e sae e sre e 77
6.1 Model Prediction and LImMitations...........ccureiriiiiiiieieiesese e 77
6.2 Modelling Limitation SUMMAIY.........cccovoiiiiiiiiiie ettt sttt sre s 78
6.3 ROP OptimIZation PrOCESS .....cvoiiiiiitiiiieiic ittt ste sttt te et te e s be et be e b sbeenesreens 80
6.4 MOEliNG UNCEITAINTIES. ......c.veteieieiieiietesie bbb 80
Chapter 7 CONCIUSIONS ...t bbb 81
RETEIEINCES ...t b et b et e et b bbbt et nr s 82
N o] o 1< Lo Lo SRRSO A-1
AppendiX | Literature REVIEWE........ccvoiiiiiic ettt st sne e A-1
Appendix Il Modelling Implementation ..o e A-4



List of Figures

Fig. 1. Rotary drilling is described as a combination of two actions: indentation and cutting [3]................ 1
Fig. 2. Structure and methodology Of the theSiS. ..o 4
Fig. 3. Roller cone (insert) bit with the major components of the bit including the cutters/teeth, cones, legs,
(007224 [o1S3R= a0 N o 1IN 1 PR 6
Fig. 4. Polycrystalline diamond compact (PDC) bit face. Major components of the bit face include the fluid
courses, junk slots, blades, cutters and NOZZIES [17]......cvooveereiieiiriere e 7
Fig. 5. A plot of ROP versus WOB. A bit is in its efficient range if linear relation between ROP and WOB is
achieved. The performance of the bit is enhanced by extending the founder point [44]........cccccooeiviiiinnnne. 9
Fig. 6. Plot of % Mechanical efficiency versus depth of cut. Bits are usually 30-40% efficient at peak
PEIFOIMANCE [A4]. oottt bbbt bbb e Rt b e s bt s b b e st e be s b e s b e b enesbenbenbe e 10
Fig. 7. Overpressure effect on D-exponent and ROP [62]..........ccccovveiriieiiiniierc s 17
Fig. 8. Basemap of the three fields [66].......cccoviiriiiieiereie e nre s 20
Fig. 9. Multiple Regression process flowchart [10].........ccoveieriiiiiieeie e 22
Fig. 10. Least squares process fIOWChart [10].......ccccveriiiiireieriri et 24
Fig. 11. MSE model process flowchart [10]. .....ccccoviieiiiiiiieeese st e 25
Fig. 12. D-exponent process flIowchart [10]. ......cccooeoiiiiiiiese e e 26
Fig. 13. Warren model process flowchart (this thesis WOIK)..........cccoveiriiriiiniiiiie s 28
Fig. 14. Stratigraphic Correlation between the WEllS. ..o 31
Fig. 15. Sketch of the reference well 24/6-B-4 from the Alvheim field (not-to-scale)..........cccccevvvvivvvernennnne 32
Fig. 16. Multiple regression method applied on well 24/6-B-4 AY2H based on hypothesis | (i.e. method
applied only to the FESEIrVOIT SECHION). .....cuiiiiiieeceie e ettt b et sae b 33

Fig. 17. Multiple regression - 24/6-B-4 AY1H (reservoir section) with coefficients from 24/6-B-4 AY2H. .33
Fig. 18. Multiple regression - 24/6-B-4 H (overburden section) with coefficients from 24/6-B-4 AY2H. .... 33
Fig. 19. Sketch of well 24/6-B-1 from the Alvheim field (N0t t0 SCalE)........coocvreiirciiiiie e 34
Fig. 20. Multiple regression - 24/6-B-1 AH (reservoir section) with coefficients from 24/6-B-4 AY2H....... 35
Fig. 21. Multiple regression - 24/6-B-1 BH (reservoir section) with coefficients from 24/6-B-4 AY2H....... 35
Fig. 22. Multiple regression - 24/6-B-1 CH (reservoir section) with coefficients from 24/6-B-4 AY2H. .....35
Fig. 23. Multiple regression - 24/6-B-1 H (overburden section) with coefficients from 24/6-B-4 AY2H. .... 35
Fig. 24. Sketch of well 24/6-B-5 from the Alvheim field (N0t t0 SCale)........cocvveiriiiiiic e 36
Fig. 25. Multiple regression - 24/6-B-5 AY1H (reservoir section) with coefficients from 24/6-B-4 AY2H. .37
Fig. 26. Multiple regression - 24/6-B-5 AY2H (reservoir section) with coefficients from 24/6-B-4 AY2H. .37
Fig. 27. Multiple regression - 24/6-B-5 AY3H (reservoir section) with coefficients from 24/6-B-4 AY2H. .37
Fig. 28. Multiple regression - 24/6-B-5 H (overburden section) with coefficients from 24/6-B-4 AY2H. ....37

Fig. 29. Sketch of well 34/11-A-4 from the Kvitebjgrn field (not to scale).........ccccocviniiiiiiiiie 38
Fig. 30. Multiple regression - 34/11-A-4 with coefficients from 24/6-B-4 AY2H. .......ccocoovvvviiiencicinieen, 38
Fig. 31. Sketch of well 34/11-A-5 from the Kvitebjgrn field (ot to scale).........ccccovvviiiciiicinieiicccee 39
Fig. 32. Multiple regression - 34/11-A-5 with coefficients from 24/6-B-4 AY2H. ... 39
Fig. 33. Sketch of well 2/11-S-10 from the Valhall field (not to scale). .......ccccoeviiiiiieiiiinc e 40
Fig. 34. Multiple regression - 2/11-S-10 with coefficients from 24/6-B-4 AY2H...........ccccccoveveiiviivinennnnenn, 40
Fig. 35. Multiple regression method applied on well 24/6-B-4 based on hypothesis Il (i.e. method applied on
both reservoir and OVerburden SECHIONS).........ccuiiiiiiiieieie ettt sre e saenre s 41
Fig. 36. Multiple regression - 24/6-B-1 with coefficients from 24/6-B-4.............cccocoreiniiniiineiniees 42
Fig. 37. Multiple regression - 24/6-B-5 with coefficients from 24/6-B-4............ccccocoveiniinniineinienns 42
Fig. 38. Multiple regression - 34/11-A-4 with coefficients from 24/6-B-4............cccccvvveiiiniiinnieniennns 43
Fig. 39. Multiple regression - 34/11-A-5 with coefficients from 24/6-B-4...........cccevviiiiieiii i 43
Fig. 40. Multiple regression - 2/11-S-10 with coefficients from 24/6-B-4. ..........ccccovevieiiviivevesie i 43

\Y



Fig. 41. Method of least squares applied on well 24/6-B-4 (the pilot well H and the first lateral well AY2H).

....................................................................................................................................................................... 45
Fig. 42. Method of least squares - 24/6-B-4 AY1H (the second lateral section) with coefficients from 24/6-B-
=TT I N A o TSRS 45
Fig. 43. Method of least squares applied on well 24/6-B-1 (the pilot well H and the lateral well BH)........ 46
Fig. 44. Method of least squares applied on well 24/6-B-5 (the pilot well H and the lateral well AY3H)....46
Fig. 45. Method of least squares applied on Well 34/11-A-4. ... 47
Fig. 46. Method of least squares applied on Well 34/11-A-5. ... 47
Fig. 47. Method of least squares applied on Well 2/11-S-10. ........ccccveveiiiieiiiere e 47
Fig. 48. Method of least squares - 24/6-B-1 (the pilot well H and the lateral well BH) with coefficients from
2416-B-4 (H QNG AYZH).....eoiieieeeee ettt bbbt bbbttt bbbt n e ee 48
Fig. 49. Method of least squares - 24/6-B-1 (the lateral well AH) with coefficients from 24/6-B-4 (H and
N 71 o TSR 48
Fig. 50. Method of least squares - 24/6-B-1 (the lateral well CH) with coefficients from 24/6-B-4 (H and
N 71 o T TR 48
Fig. 51. Method of least squares - 24/6-B-5 (the pilot well H and the lateral well AY3H) with coefficients
LT T R (o = o 1N 2 S 49
Fig. 52. Method of least squares - 24/6-B-5 (the lateral well AY1H) with coefficients from 24/6-B-4 (H and
N 71 o TSR 49
Fig. 53. Method of least squares - 24/6-B-5 (the lateral well AY2H) with coefficients from 24/6-B-4 (H and
N 71 o T TR 49
Fig. 54. Method of least squares - 34/11-A-4 with coefficients from 24/6-B-4 (H and AY2H). .................... 50
Fig. 55. Method of least squares - 34/11-A-5 with coefficients from 24/6-B-4 (H and AY2H). ........c.ccoc...... 50
Fig. 56. Method of least squares — 2/11-S-10 with coefficients from 24/6-B-4 (H and AY2H)..................... 50
Fig. 57. MSE values calculated from i) the actual ROP and ii) the modelled ROP are compared for the
Feference WEIl 24/6-B-4 AYZH. ...t bbb b bbb 51
Fig. 58. 24/6-B-1 and 24/6-B-4 MSE compared versus the true vertical depth (TVD)......cccccoevrvriivrrriennn 53
Fig. 59. MSE - 24/6-B-1 (H and BH) with MSE from 24/6-B-4. ...........cccccviiiiieiie e 53
Fig. 60. MSE - 24/6-B-1 AH with MSE from 24/6-B-4. .........ccccceieriiiiiiieiesiee st 53
Fig. 61. MSE - 24/6-B-1 CH with MSE from 24/6-B-4. ..........ccoooiiiiiee ettt 53
Fig. 62. 24/6-B-5 and 24/6-B-4 MSE compared versus the true vertical depth (TVD)........cccccvvvvivvverierennn 54
Fig. 63. MSE - 24/6-B-5 (H and AY3H) with MSE from 24/6-B-4............ccceoiiiiiiieieiee e 54
Fig. 64. MSE - 24/6-B-5 AY1H with MSE from 24/6-B-4. ........c..cccoiiiiiiieeiee ettt 54
Fig. 65. MSE - 24/6-B-5 AY2H with MSE from 24/6-B-4. .........coooiiiieeece it 54
Fig. 66. 34/11-A-4 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).......ccocovvvvecvrnriennn. 55
Fig. 67. MSE - 34/11-A-4 With MSE from 24/6-B-4...........ccccoeitieeriiiii e see et 55
Fig. 68. 34/11-A-5 and 24/6-B-4 MSE compared versus the true vertical depth (TVD)......cccccecvvivvverinnnne 56
Fig. 69. MSE - 34/11-A-5 With MSE from 24/6-B-4...........ccoiiit ittt 56
Fig. 70. 2/11-S-10 and 24/6-B-4 MSE compared versus the true vertical depth (TVD). .....cccccevvvvvvveriernne 57
Fig. 71. MSE - 2/11-S-10 with MSE from 24/6-B-4. ..........ccccectieeriieiieie et 57
Fig. 72. Actual D-exponent values and D-exponent values calculated using modelled ROP are compared for
the reference WEII 24/6-B-4 AYZH..........cv ittt sttt sbe e re st neens 58
Fig. 73. 24/6-B-1 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD). ......cc.ccceeneee 59
Fig. 74. D-exponent - 24/6-B-1 (H and BH) with D-exponents from 24/6-B-4..........c.ccccoocvvveviiiivinenesnnnn, 59
Fig. 75. D-exponent - 24/6-B-1 AH with D-exponents from 24/6-B-4. .........c.ccccocevveieiieiieieeic e 59
Fig. 76. D-exponent - 24/6-B-1 CH with D-exponents from 24/6-B-4. .........c.ccccccvvviveieiieseeie e 59
Fig. 77. 24/6-B-5 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD). ......c.ccceenee. 60
Fig. 78. D-exponent -24/6-B-5 (H and AY3H) with D-exponents from 24/6-B-4............cccocooviiinciniiennnns 60
Fig. 79. D-exponent - 24/6-B-5 AY1H with D-exponents from 24/6-B-4. ...........ccccoceorviiniinncineieneeens 60
Fig. 80. D-exponent - 24/6-B-5 AY2H with D-exponents from 24/6-B-4. ...........ccccoceoreiiniinneineeneenenns 60

VI



Fig. 81. 34/11-A-4 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD). ................ 61

Fig. 82. D-exponent - 34/11-A-4 with D-exponents from 24/6-B-4...........cccccoceveiniiiiiinniie e 61
Fig. 83. 34/11-A-5 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD). ................. 62
Fig. 84. D-exponent — 34/11-A-5 with D-exponents from 24/6-B-4...........cccccevviieiiviienie i 62
Fig. 85. 2/11-S-10 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).......c.cc.c...... 63
Fig. 86. D-exponent - 2/11-S-10 with D-exponents from 24/6-B-4. ...........ccccoceveiriiiiiinniiie e 63
Fig. 87. Warren model applied on well 24/6-B-4 (H and AYLIH).......cccooiiiiiiiniirie e 64
Fig. 88. Warren model - 24/6-B-4 AY1H with Warren constants from 24/6-B-4..........ccccccoonviiiiiiinnennn 64
Fig. 89. Warren model - 24/6-B-1 (H and BH) with Warren constants from 24/6-B-4. .............cccceevevvrunnn. 65
Fig. 90. Warren model - 24/6-B-1 AH with Warren constants from 24/6-B-4. .......c..cccccoeveveviiiininencnnns 65
Fig. 91. Warren model - 24/6-B-1 CH with Warren constants from 24/6-B-4........c..c.ccccoovvvevviinnivninennsnns 65
Fig. 92. Warren model - 24/6-B-5 (H and AY3H) with Warren constants from 24/6-B-4. ............cc.ccecevun.e. 66
Fig. 93. Warren model - 24/6-B-5 AY1H with Warren constants from 24/6-B-4...........ccccccooniiinicinnennnn. 66
Fig. 94. Warren model - 24/6-B-5 AY2H with Warren constants from 24/6-B-4...........cccccooviiiniiicnennn 66
Fig. 95. Warren model - 34/11-A-4 with Warren constants from 24/6-B-4. ...........ccccovereiiinininnniennnenens 67
Fig. 96. Warren model applied on 34/11-A-4 with the new calculated Warren constants. ...........cc.cccceeve.e. 67
Fig. 97. Warren model - 34/11-A-5 with Warren constants from 24/6-B-4. ...........cccccoiviviveiesinninsnene e 68
Fig. 98. Warren model - 34/11-A-5 with the new calculated Warren constants from 34/11-A-4. ................ 68
Fig. 99. Warren model - 2/11-S-10 with Warren constants from 24/6-B-4..........c..cccccvivivieeveiinninscnere e 68
Fig. 100. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing WOB VAlUES DY 10%0.........ccoceieiiiierieieisie sttt s st 72
Fig. 101. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing torque Values DY 1090. ........ocveieieieieee sttt sne e sre s 73
Fig. 102. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing RPM ValUES DY 10%0. ........cocvieeieieieseeie s sieeee sttt sre s nee s 73
Fig. 103. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing Fj1m Values DY 1000. ..o e 73
Fig. 104. Sensitivity analysis - Predicted average ROP for increasing/decreasing the different drilling
PAFAMELETS DY 100, cveeerieieeiesieeee ettt st e et e st e s be b e e e sesbesbe b ese et e sbesbesbe st e beebenbe st eneebenrenee e 74
Fig. 105. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and
the actual modelled ROP are compared for Well 24/6-B-1 H. ........c.ccccccvviiiieiiie i 74
Fig. 106. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and
the actual modelled ROP are compared for Well 24/6-B-5. ..........cccccceiiiiiiieeie e 74
Fig. 107. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and
the actual modelled ROP are compared for Well 34/11-A-4. ........cccooeieiiiiiieieeese s 75
Fig. 108. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and
the actual modelled ROP are compared for Well 34/11-A-5. ... s 75
Fig. 109. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and
the actual modelled ROP are compared for Well 2/11-S-10. .......ccccveveriiieriieie e 75
Fig. 110. Average ROP for all plots in Figs. 105 t0 109........cccccoiiiiiieiieiiese e 76
Fig. 111. Amount of time saved after the WOB and the RPM increase by 10%. .........ccccovveiiinninicicennnn. 76
Fig. 112. Amount of money saved after the WOB and the RPM increase by 10%........ccccocoerreienniennenenns 76
Fig. 113. Eq. (3.3) applied (MiCroSOft EXCEI). .......cceoirieiriiiierieiriee e A-4
Fig. 114. The 1st term of Eq. (3.8) calculated (Microsoft EXCel).........ccooverreiirniniiiiic e A-5
Fig. 115. The 2nd term of Eq. (3.8) calculated (Microsoft EXCEI). ......cccvvveveeiiiiiiee e A-5
Fig. 116. The 3rd term of Eq. (3.8) calculated (Microsoft EXCel).........ccccvvvvveriiiiiiieic e A-5
Fig. 117. ROP calculated using Warren model and the constants (a. b and ). ........cccocevvevevevinvneiennne, A-5

Vil



List of Tables

Table 1. WEIL AL [B5]. . .veoveeeerieiieieieere e bbb et b e bbbt b e bt b et b e 19
Table 2. Calculated regression coefficients based on hypothesis L. ... 32
Table 3. Calculated regression coefficients based on hypothesis ..o, 41
Table 4. Well 24/6-B-4 least SqUAres COBTIICIENTS. ......c.oiviiveiereii st ens 44
Table 5. Well 24/6-B-1 least SqUAres COBTIICIENTS. ........ciiviiviieieiiseeie et nas 44
Table 6. Well 24/6-B-5 least SqUAres COBTIICIENTS. ........oiiviveiere et ees 44
Table 7. Well 34/11-A-4 least squares COBTICIENTS. .......ccccveveririiieie e 44
Table 8. Well 34/11-A-5 least squares COETICIENTS. .......ccuiiiiiiiiiie s 44
Table 9. Well 2/11-S-10 least squares COBfICIENTS. ........cccoiiiiiiiii it 44
Table 10. Calculated Warren constants from the reference well 24/6-B-4............cccccooeieoiiiiiniiniiinneene, 64
Table 11. New calculated Warren constants from Well 34/11-A-4..........ccccviiiiiiiiiiieie s 67
Table 12. Time comparison for the different Methods. ..........cooviiiieiei e 70
Table 13. The modelling limitation summary for the different methods. Colour coding is used to evaluate the
ROP prediction of each method (where green is good, orange is moderate, and red is poor).........c.cccc...... 79

Vi



Nomenclature

3

Fmm T m o

«Q
E‘Q_J_cb

—_ =~
o S w3

Ibf
kpsi/ksi
log

N
Norm

psi

N OO R

o~
[

Density

Mud weight

Fluid specific gravity

Bit specific coefficient of sliding friction / Apparent viscosity
Porosity

Sonic travel time

Area

Rock matrix strength constant
Ratio of jet velocity to return velocity
cost of bit

Drilling cost per foot drilled
Downhole motor cost

Rig cost

Depth

Penetration rate

Bit diameter

Corrected D-exponent
D-exponent

Bit nozzle diameter
Specific energy

Rotary speed exponent
Thrust

Jet impact force

Modified jet impact force
feet

Pore pressure gradient
Gallon

Fractional tooth height worn
Hour

Point load index

Inch

Pound

Pound-force

Kilo-pound per square inch
Logarithm

Rotational speed (RPM)
Normalized

Pounds per square inch
Flowrate

Least squares sum

Rock Strength

Torque

Non-rotating time



tr — Bitrotating time

te — Trip time

173 — Return fluid velocity

Up — Nozzle velocity

List of Abbreviations

BitD — Bitdiameter

CCs — Confined compressive strength
D-Exp — D-exponent

DG — Dull bit grade

DOC  — Depthof cut

ECD — Equivalent circulating density
Eq. — Equation

Fig. — Figure

FM — Formation

FP — Formation pressure

GP — Group

HYP — Hypothesis

IADC - International Association of Drilling Contractors
EFFM — Mechanical efficiency factor

MD — Measured depth

MSE — Mechanical specific energy
MSE.;; — Adjusted mechanical specific energy
MSL — Mean sea level

NCS — Norwegian continental shelf
NPD — Norwegian Petroleum Directorate
NPP — Normal pore pressure

PDC — Polycrystalline diamond compact
RKB — Rotary Kelly bushing

ROP — Rate of penetration

RPM — Revolutions per minute

TVD — True vertical depth

UCS — Unconfined compressive strength
usb — U.S. dollar

WOB - Weight on bit



Chapter 1

Introduction

This thesis presents NCS (Norwegian Continental Shelf) field data based ROP model development and
testing with near and far field wells. Five different modelling approaches have been implemented, and
their application and limitations have been tested. ROP optimisation procedure is also developed with
the objective of increasing ROP, reduced drilling time and hence reduces drilling cost.

1.1 Background and Motivation

In rotary drilling methods, the rotational and axial load applied on the bit shatter, crush and scrap the
fragments out of the rock surface to drill deeper through the rock layers. Drilling is the operation of
making a hole to connect the surface with the reservoir. The drilling performance is evaluated by the
rate of process, which is measured by the distance penetrated by the drill bit in a unit length of time (e.qg.
feet drilled per hour) [1].

According to Teale [2], rotary drilling can be regarded as a combination of two different mechanisms
under rotational, axial loading as illustrated in Fig. 1: ‘indentation’, by which the teeth of the bit are
continuously pushed into the rock forcing them into the formation by the applied WOB (weight on bit);
and ‘cutting’, by which the bit is given lateral movements to scrape the surface and break out fragments
of the formation. However, these two loadings are in practice acting simultaneously. The energy
required to drill a unit volume of rock was introduced by Teale as the MSE (mechanical specific energy)

concept [2].
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Fig. 1. Rotary drilling is described as a combination of two actions: indentation and cutting [3].



Drilling is a costly factor for the petroleum industry. During the planning phase, drilling optimization
simulation study is common practice in the industry. This can be characterized by the higher rate of
penetration, which indirectly reduces drilling time and also lower bit wear, which indirectly reduces
undesired tripping operations. The overall effect is reflected in reducing costs. For this, it is important
to have good ROP predictive model.

Scientist started looking for optimized ways for efficient and reduced costs of drilling since the late
1960s. The basic idea of optimization in drilling industry relies on using old data of existing wells. Data
of similar wells, in similar geological characteristics, are collected to operate a process of well drilling
at minimum costs, minimum operational risks and maximum efficient results. ROP is one of the

parameters that can be analyzed to achieve this goal [4].

In literature, there are several ROP models available. These models are a function of different drilling
mechanical and operational parameters. Depending on their simplicity and complexity nature of the
models, their prediction also varies. In other words, every model has its own shortcomings and its own
strong sides. For instance, Galle and Woods [5] have developed a model for drilling of soft-formations.
However, Estes and Randall [6] explains that the model breaks an assumption that was used to derive
the model when applied in real conditions. There is also Maurer’s [7] “perfect cleaning” model that was
found not applicable for drilling most soft-formations. Cunningham’s [8] model also fails to match the

experimental data [9].

The motivation of this thesis is the ROP modelling work presented by Morten Adamsen Husvag (2015)
[10]. He developed field data based modelling and tested them on the same block data. The author’s
modelling approach was based on the whole well data and was applied on nearby well data. The results
look promising. However, in some cases, the modelling approach doesn’t capture the true ROP well,

and limitations of the application are not documented.

1.2 Problem Formulation

Well-to-well correlation is widely used despite its inaccuracy. This method is based on the use of
collected survey data is exploration wells or adjacent drilled wells in the planning of other nearby wells.
It can be used because in most cases the formation properties and pressures vary only with depth within
an area, not horizontally [10-12]. This method may be beneficial in saving time and effort when drilling
a new well based on data from a close-by well that most likely went through the same formation deposits
and pressure regimes in roughly the same depth. Moreover, this method helps in avoiding many risks

and reduce possible incidents and mistakes [13].



Even though the Husvaeg’s method is promising, the limitations of the application are not documented.
Unlike Husvaeg’s (2015) modelling approach, this thesis work’s attempts to develop and describe the
modelling results based on the geological features and spatial distribution.

During drilling phase, drilling operational data, well logs and cuttings of the drilled formations are
available. For efficient drilling operation, as mentioned earlier, a good ROP model is needed to predict

the drilling performance when planning in a nearby well.
In this thesis, the ROP modelling, and optimization procedure developments are the main focus.
The research issues to be addressed are:

e A model derived based on a part of the well (e.g. reservoir section), what is the limit of
application of the model on its well, nearby and far wells? Is it applicable to the whole wellbore
section?

e A model derived based on the whole section of the well, what is the spatial limit of application
(i.e. near and away from the originating well)?

o Whether there is a relationship between the model predictions and the geological well-to-well
correlations.

e Developing an ROP optimization method based on a parametric sensitivity study.

1.3 Objective

The main objective of this thesis is to develop ROP model and test it on the NCS. Based on the modelling

results, this thesis aims to answer and interpret the research questions addressed in the previous section.
The activities are:

e Review literature models.

e Sort out field drilling data obtained from the considered block wells and develop an empirical
model.

e Test the application of the models on nearby, far and very far field wells.
e Perform sensitivity study, analyze time and analyse ROP.

e Finally, generate ROP optimization procedure.



1.4 Hypotheses and Research Methodology

The research is based on modelling and testing as illustrated in Fig. 2. For this, five techniques are
examined on six wells; three of them (24/6-B-1, 24/6-B-4 and 24/6-B-5) are located next to each other
in the Alvheim field. Two of them (34/11-A-4 and 34/11-A-5) are located in the far field Kvitebjarn,
which is about 173 km away from the Alvheim field. And one well called 2/11-S-10 is located at the
very far distant field, in Valhall, which is about 376 km away from the Alvheim filed. A map showing
the location of the three fields is provided later in Chapter 3.

Well 24/6-B-4 is chosen to be as the reference well in this research methodology. By using modelling

method, an ROP model is developed from the reference well data based on two hypotheses:

o For hypothesis I, the ROP model is developed based on reservoir section of the reference well,
which is well 24/6-B-4 AY2H.

e For hypothesis Il, the ROP model is developed based on data of the whole wellbore section of

the reference well.

For verification, the models are tested on very nearby, far and very far wells. They are first tested locally
on two nearby wells in the same block (i.e. wells 24/6-B-1 and 24/6-B-5) and on two remote wells in
another block (i.e. wells 34/11-A-4 and 34/11-A-5). The models are then examined on a far distant well
(i.e. well 2/11-S-10).

Methodology
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Fig. 2. Structure and methodology of the thesis.



Chapter 2

Literature Study

This chapter presents literature documented ROP models, which some of them to be implemented in
this thesis work. The main elements and factors of the drilling process (such as drilling bits and
formation strength) and the factors that may affect the ROP are presented. In addition to some of the
models which were not used in this thesis work, these are briefly mentioned in this chapter. The details
of the unused models are provided in Appendix |.

2.1 Drill Bits

A drill bit is a boring tool which is located at the end of the drill string. Its main function is to cut rocks
at the bottom of the hole. It consists of a cutting component (cutters) and a fluid circulation component
(nozzles). The combination of the indentation action (i.e. WOB) and the cutting action (i.e. rotation) of
the drill bit results in crushing and penetration of rocks (see Fig. 1). The broken rock fragments are
removed from the wellbore by circulating drilling fluid down the drill string passes through the bit pin
bore and bit nozzles. Drilling fluid applies a hydraulic force known as the jet impact force, which

improves the rate of penetration [14].

Drilling bits varies, there are many different types and designs of drilling bits that suit different purposes.
All incidents of early bit failures, gauge wear and tooth dulling should be noted to determine the proper
bit type [15]. Rotary drilling bits are usually categorized according to their design as either rolling cutter
bits or fixed cutter bits [16].

2.1.1 Roller Cone Bits

Roller cones bits are usually made up of three equal-sized cones attached to three identical legs with a
pin connection. The three cones rotate about the axis of the cone as the bit is rotated at the bottom of the
hole. The three cones are mounted on each of their bearing pins which extend from the bit body. The
pin connection is welded to the legs providing means of attachment to drill string. Each leg is provided

with a nozzle to obtain high jetting velocities necessary to efficiently clean the hole and the bit [14, 15].

Roller cone bits is the most common used bit worldwide. It is designed to break the rock in compression
and can be classified into two types depending on the structure of the cutting surface of the cones:
‘milled tooth bits’, having the cutting structure of teeth milled out of the cone; ‘insert bits’, having the

cutting structure as a series of inserts pressed into the cones [15]. Fig. 3 [17] represents a typical tricone
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roller cone insert bit. Insert bits are used in medium to hard formations, while milled-tooth bits are used
in both soft and hard formations where longer teeth suit harder formations [14].

Pin
Lubricant
reservoir
Nozzle
Leg
Ball hole
Journal
bearing
Cone
Seal
Tungsten carbide Ball
insert cutter bearings

Fig. 3. Roller cone (insert) bit with the major components of the bit including the cutters/teeth, cones, legs,
nozzles and pin [17].

The steel design of the roller cones makes these tools require specific working conditions, e.g. an
appropriate degree of hardness and strength, heat toleration and impact resistance. Again, the best design
is always influenced by the type of rock to be drilled and the desired size of the hole. ROP also plays a
pivotal role when evaluating the performance of a roller cone bit [18]. Therefore, designers focus on
several points when designing bits. They focus on the hydraulic requirements, materials used, operation
mechanical requirements, planned hole deviation, desired rotary speed and not least the geometry part

and the required cutting shape [15].

2.1.2 Fixed Cutter Bits

A fixed cutter bit is also called a drag bit, this type of bits employs no moving part (i.e. there are no
bearings). The cutters are permanently mounted onto blades, which are integral to the body of the bit.
Unlike the roller cone bit, this bit is designed to break the rock in shear, which requires significantly less
energy than compression, hence less WOB is required resulting in less wear and tear on the drill string
and rig. The shearing action of fixed cutter bits makes the cutting more dynamic than the crushing of

the inserts or teeth on the cones of the roller-cone bit [14, 17, 19, 20].



Polycrystalline diamond compact (PDC) bit dominates this category. Its body is made either from steel
or a matrix composed of an alloy and a tungsten carbide substrate. There are different types of PDC drill
bits depending on the type of formation to be drilled. These bits are flexible when it comes to shape
since it has no moving parts. However, the use of diamond bits has its limitations. The performance of
a diamond bit in a soft formation is way better than it is in hard formation. Diamond bits are provided
with synthetic diamond cutters on the surface. They are also provided with junk slots and fluid courses
to keep the flow path away from the bit face to help in cuttings removal. PDC bits are particularly

suitable for drilling in shales and other soft formations [17, 20-22].

PDC cutter

‘ 1 - Junk slot
Conical diamond = ' ')
element . ‘ A

Fluid course

Interchangeable
nozzle

Fig. 4. Polycrystalline diamond compact (PDC) bit face. Major components of the bit face include the fluid
courses, junk slots, blades, cutters and nozzles [17].

2.1.3 Bit Optimization

Over the years and inventions in the drilling industry, the drill bits have been continuously developed
and improved. This master piece is founded and improved throughout the time to obtain best results in

drilling with lowest costs and with most efficient and safe operations with long last bits.

The overall drilling cost is represented in the cost Eg. (2.1), it is included in the drill bit configuration
[23, 24].

(et + )0+ .C + G (2.1)
- AD

Where Cy, C,., Crand C,, are the drilling cost, the rig cost, the downhole motor cost and the cost of the

bit in [USD/ft]. AD is the depth drilled in [ft] and t,., t; and ¢, are the drilling time, the trip time and the

connection time in [hrs].

The selection of the drilling bit plays a very important role in the drilling process and the resulted drilling
rate [25]. Choosing the right bit depends on the formation being drilled, its characteristics, rule of thumb
and some mathematical models [26, 27]. Choosing the right bit depends on several elements like its

diameter, weight, wear and its hydraulics [28].



Also, many operating factors affecting the performance of the drill bit, like the WOB, RPM, formation
properties, hydraulic efficiency and mud properties [27].

As mentioned before, the two main types of drilling bits are roller cone bits and diamond bits.
Geometrically, the design of roller-cone bits is more complicated than diamond bits. Moreover, the
diamond bits have a wider selection and wider designs [29]. Therefore, and as a result of experiences,

diamond bits have shown better performance in many different conditions [30].

2.2 Rock Strength

Determination of rock strength is considered to have a significant role in the analysis of drilling and
when selecting the optimal completion solution [31-33]. Rock strength usually refers to rock’s uniaxial
compressive strength (UCS). Rock’s tensile strength is about 10% of its compressive strength where it
is more likely to fail under tension [34]. The strength of rock is commonly determined by laboratory
core experiments. Several strength experiments exist, but the most common experiment and the simplest

is the unconfined compressive strength (UCS) [35].

UCS is the maximum axial compressive stress that a cylindrical specimen of rock can withstand before
failure under unconfined pressure (i.e. atmospheric pressure) [32]. It can determine indirectly using
empirical mathematical relationships or directly measured experimentally [36].

Another used parameter to characterize the strength of rocks is the confined compressive strength (CCS).

It represents the rock’s maximum resistance value on a specified confined load condition [32].

Using stress-loading tests, UCS is determined in the laboratory by analyzing the compressive behaviour
of rock samples. The strength value obtained from UCS is usually lower than CCS. Testing the strength
of the rock in laboratory is costlier but more accurate than the indirect methods. Indirect methods are
more favourable because they are simpler and more cost and time efficient. This is because no sample

preparation is required [32, 36].

Regression techniques are used in indirect methods of relating some physical properties of the rock
material and simple index parameters to UCS. P-wave velocity, ultrasonic velocity, Schmidt hammer

rebound number and point load index (/) are examples of such parameters [36].

Kahraman [37] proposed an equation using least-squares regression by correlating Is values to the

corresponding UCS. The resultant equation is given by:

UCS = 10.91I; + 27.41 (2.2)

Where UCS and Is are in Mpa.



Amani [36] proposed an equation using multiple regression that correlates porosity (@) and sonic travel
time (At) to UCS. This relies on the idea that rock strength is a result of contribution of several rock

properties, such as porosity, degree of compaction, fluid content and grains texture.

UCS = 194.4 — 0.6072At — 646.10 — 0.01644At? + 8.792(@ * At) (2.3)

2.3 Factors Affecting ROP

Drilling conditions and factors that influence drilling are many, some of them are controllable, and some
of them are not [38]. Some of these factors should be controlled in order to obtain the required speed
during drilling that is sufficient to break the rock formation, in addition to avoiding problems that may
arise during the drilling process [39]. Some of the controllable operational factors that may affect the
rate of penetration are the weight on bit (WOB), rotations per minute (RPM), the type of bit used, jet
impact force and bit hydraulics. A parametric sensitivity analysis is performed later in this thesis to
investigate which controllable operational parameter(s) that affect the developed ROP model most.

The Permeability and the strength of the formation affect the rate of penetration. In addition to the
drilling fluid properties like fluid density, rheology, viscosity, chemical composition, solid content and
filtration characteristics [39]. ROP tends to decrease by increasing fluid viscosity, fluid density, solids
and lubricants content and increase by increasing filtration rate [40, 41]. Other factors such as torque,
cuttings transport and the equivalent circulating density (ECD) influence also the rate of penetration.
ROP tends to increase as ECD decreases [42].

In order to maximize rates of penetration and minimize the drilling costs, a quantitative and qualitative
measurements is needed for the drilling process efficiency [43]. The classic drilling curve (from Dupriest

[44]) is used for this purpose. The curve is divided into three regions as shown in Fig. 5.
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Fig. 5. A plot of ROP versus WOB. A bit is in its efficient range if linear relation between ROP and WOB is
achieved. The performance of the bit is enhanced by extending the founder point [44].



In region I, the relationship between ROP and WOB is non-linear, and the performance is constrained
by the loss of energy due to inadequate depth of cut (DOC) due to low WOB. Region |1 starts when the
DOC becomes adequate for the bit’s performance to stabilize. A Linear relationship between ROP and
WOB is obtained in this region, and bit is efficient and tends to transfer the maximum amount of energy.
As shown in Fig. 6 [44], the maximum amount of energy is only in the order of 30-40%. In region 11
the transfer of energy from bit to rock is inefficient, and ROP decreases by increasing WOB; this occurs
when reaching the founder point. The founder point could occur due to bit balling, poor hole cleaning
and vibrations [44].
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{Theoretical Energy/Energy Required)

Depth of Cut (~WOB)

Fig. 6. Plot of % Mechanical efficiency versus depth of cut. Bits are usually 30-40% efficient at peak
performance [44].

2.4 ROP Models

The process of optimization is not as simple as we think. Many factors and parameters may stand as
obstacles to increase the ROP and reduce the non-productive time and costs of the drilling operations.
Parameters are just like the weight on bit (WOB), rotary speed of drill string (RPM), bit type and
vibrations. In addition to other properties, like mud and the mechanical conditions of each formation.
However, these parameters may be controllable, which may make the common challenges vanish. Pump
flow rate and its pressure, weight on bit, mud weight and rotary speed of drill string are examples of
such controllable parameters. Many mathematical models have been proposed in an effort to describe
the relationship of several drilling variables to the penetration rate. According to previous studies, many
mathematical models are suggested in order to analyze the parameters, describe their relationship to the
rate of penetration and find solutions to have control over them. In order to clarify it, various known
models are described in this thesis [45].
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2.4.1 MSE - Mechanical Specific Energy

In 1965, Teale [2] has proposed the concept of mechanical specific energy (MSE). By definition, it’s
defined as input energy to the output ROP [46].

Input Energy (2.4)
Output ROP

MSE =
MSE is a quantitative measurement that predicts the power (i.e. torque and RPM) required to drill a
given formation type for a certain bit type [1, 47]. In non-percussive rotary drilling, work is done by the
thrust (F) and the torque (T). The total work performed within one minute is (Fu + 2zNT), where (N),
(A4) and (u) are the rotation speed, the area of excavation and the penetration rate respectively. Dividing
the work done in one minute by the volume excavated in one minute (Au) gives the specific energy (e).

The resultant equation for (e) is given by [2]:
_ (F\ . (2m\ (NT (2.5)
e_(A)+<A>(u)
Eqg. (2.5) can also be written as:

480+T+N 4WOB 26
MSE = — + == (2.6)
db * ROP T[db

In order to achieve the highest possible ROP, the MSE should be monitored and kept as low as possible.
Maintaining the MSE value as close as possible to the formation’s compressive strength ensures a more

technical and economical efficient drilling process [1].

Teale’s formula for computing MSE value assumes that its value would equal the rock compressive
strength at perfect efficiency. However, as shown in Fig. 6 [44], the efficiency of drill bits at peak
performance (before reaching founder point) is usually only in the order of 30-40%. Dupriest proposed
an adjusted MSE, (MSE,;) value that includes a mechanical efficiency factor, EFFw, in order to make

it more useful for drilling operations [1, 2, 44].

MSEqq; = EFFy x MSE (2.7)
480«T*N 4WOB (2.8)

MSE,q; = EFFy (— +—5 :
db * ROP T[db

Teale’s formula requires torque (T) as an important parameter. However, the common field data is in
the form of WOB, RPM and ROP. A bit-specific coefficient of sliding friction (u) was therefore
introduced by Pessier and Fear [48] to express torque (T') and as a function of WOB [47]. The resulting

equation for torque (T) is as follows:
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d,WOB (2.9)
36
Substituting (T') in the adjusted MSE, and solving Eq. (2.8) for ROP gives:

T=u

ROP — 13.33uN )10
; MSE.q; 4 (2.10)
b\EFFyWOB ~ 7d2

2.4.2 Bourgoyne and Young Model

Bourgoyne and young [28] developed a model in 1974 that simplifies the rotary drilling process into
one single model. This model depends on statistical past drilling data and is done by multiple regression
analysis for the past drilling data. It is considered as the most suitable model for real-time drilling
optimization [28, 42]. Bourgoyne and Young introduced the penetration rate as a function of various
drilling variables that are considered to have an effect on the ROP which are: formation strength,
formation depth, formation compaction, the pressure differential across the hole bottom, bit diameter,
bit weight, rotary speed, bit wear and bit hydraulics. The selected penetration rate model to predict the
effect of the above-mentioned drilling parameters is available in Appendix I.

This model relies on eight different parameters, which makes it difficult when it comes to modelling
because all of the parameters should be in place. Unfortunately, this thesis doesn’t analyze the

application of this model due to lack of some data required for analysis.

2.4.3 Warren Model

Many drilling models were presented in the literature that relates the different drilling mechanical factors
to ROP. Many of these models are inadequate. Galle and Woods [5] had at that time the most popular
and most commonly used model for drilling of soft-formations. However, Estes and Randall [6] explains
that the model breaks an assumption that was used to derive the model when applied in real conditions.
There is also Maurer’s [7] “perfect cleaning” model that was found not applicable to the drilling of most

soft-formations. Cunningham’s [8] model also fails to match the experimental data.

In 1981, Warren [9] has therefore presented an adequate model for tricone bits that predicts ROP for
soft-formation bits. The model was derived with experimental data that were obtained from laboratory
test. The test was performed using large-scale rig under conditions similar to that experienced in the
field. The model accounts for various drilling parameters, something that makes it very useful for
understanding the effect of these parameters on ROP.

The model relates the ROP to various drilling parameters, something that makes it very useful for
understanding the effect of these parameters on ROP. The model relates ROP to the rock strength, WOB,
rotary speed, bit type and bit size [9, 24, 40].
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Perfect-Cleaning Model

Warren’s initial model assumes perfect cleaning conditions and is reviewed as a starting point for the
development of an imperfect-cleaning model [49, 50]. The two-term perfect-cleaning basic model was
developed in 1981 [9] using generalized response curves and dimensional analysis. This dimensionless
model is a result of modified model presented earlier by Wardlaw [51]. It was modified to give a better
fit with the laboratory obtained experimental data. The model that complied best and found to be the
best fit of the experimental data is given as:

as?d,® ¢ )'1 (2.11)

NPWOB? | Nd,

ROP=<

Here the constants (a and c¢) are the bit constants in penetration model. The first term of the model
(aS2d,> /NPWOB?) expresses the maximum rate at which the rock is crushed into cuttings by the bit.
The second term (c/Nd,,) of the model adjusts the model to consider the distribution of the applied
WOB to more teeth as the WOB is increased and the teeth penetrates deeper into the rock [24, 40]. At
low WOB values for a given rock, ROP increases at an increasing rate as WOB is increased. ROP passes
an inflection point and begins to increase at a decreasing rate [40]. This happens due to the fact that the
first term of the model (aS2d,3/NPWOB2) is predominant at low ROP values and the second term

(c/Ndp) is predominant at higher ROP values.

Imperfect-Cleaning Model
Warren developed the initial perfect-cleaning model to simplify the complex modelling that is required
to develop a good predictable ROP model. The initial “perfect-cleaning” model has then been modified

in 1987 by Warren [40] to account for more realistic, imperfect-cleaning drilling conditions.

The idea is that under steady-state drilling conditions, the rate of cutting removal from the bit is equal
to the rate at which new cuttings are formed. This infers that the rate of penetration is affected by the
cutting generation process, the cutting removal process, or a combination of both [40]. Warren used
dimensional analysis to isolate variables consisting of the modified impact force (Fj,,) and mud
properties. These were incorporated into the perfect-cleaning model in Eq. (2.11) to account for cutting

removal [24]. This results in the following imperfect-cleaning model:

as?d,? N b cdpysu (2.12)
NWOB? " Nd, ' F,

ROP=<

Here the constants (a, b and c) are the bit constants in penetration model. The modified impact force

(Fjm) is given as:

ij _ (1 _ Av_o,1zz)F}' (2.13)
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Where the ratio of jet velocity to return velocity (4,) and (F;) are given in field units as:

2.14
F, = 0.000516pqv, (2.14)

_ Va _ 0.15d° (2.15)
Ty 3d,’

v

2.4.4 Modified Warren Model

There are many processes and actions that occur during the drilling operation with a significant impact
on the penetration rate. It’s difficult to completely model the ROP with all the factors and conditions
affecting the penetration process. However, an attempt was made to improve the model presented by
Warren by addressing more quantifiable conditions and effects in the model.

Addressing chip hold down effect

“Chip hold down effect” was not addressed in the ROP model presented by Warren (1987) in spite of
its importance and impact on the ROP [52, 53]. In 1993, Hareland and Hoberock [52] modified Warren’s
model by addressing chip hold down effects. This was done using data from laboratory full-scale drilling
tests. The tests were performed by varying the bottom-hole pressure while other conditions remained
constant. The resultant “chip hold down function” (f,(P,)) is given by:

fe(P) = c. + a.(P, — 120)Pe (2.16)

Where (a., b, and c.) are lithology dependent constants and (P,) is the differential pressure. Units on
(ac, b and c.) where chosen such that (f,(P,)) is dimensionless [24]. The resultant modified equation

including “chip hold down effect” is given by:

as?d,’? b > Cdbyf,u] ! (2.17)

NWOBZ " Na,) T F,

ROP = [fc(Pe) <

Addressing bit wear effect
Hareland and Hoberock [52] also included bit wear effect to strengthen Warren’s model. Bit wear has a
negative impact on drilling process by reducing the rate of penetration. Hareland and Hoberock modified

Warren’s ROP model to account for bit wear effect by introducing a wear function (W) into the model
[24]:

as?d,® b >+cdbyfu] ! (2.18)

NwoBz " Na,) T TF,

ROP = Wy [ﬁ(&)(

The wear function (W) is given by:
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ABG (2.19)
Wrp=1-—%"

Where (ABG) represents the change in bit tooth wear and is given as: (ABG = W, Y2, WOB; * RPM,; *
Argpy, * S;). Here (S) is the rock compressive strength which is a function of rock lithology and

confining pressure, given by: (S = S,(1 + agP,)) [54].

2.45 Real-Time Bit Wear Model

In 2008, Rashidi, Hareland and Nygaard [46] developed a new real-time bit wear model based on two
approaches for drilling optimization, which are: Bourgoyne and Young [28] ROP model and Teale’s [2]
Mechanical specific energy concept. The eight functions in Bourgoyne and Young model (from
Appendix I) can be inverted to obtain the formation drillability function (f;). Details of the model are
available in Appendix |.

2.4.6 Hareland and Rampersad Model

The Hareland and Rampersad developed a model that predicts the ROP for drag bits for full efficient bit
cleaning. This model takes into account the bit geometry, blade geometry and bit wear which in turn
takes into account the applied WOB, RPM and rock strength at a depth of drilling [30, 55]. More details
are presented in Appendix .

2.4.7 Maurer Model

In 1962, Maurer [7] has developed a theoretical model for roller-cone bits that relates ROP to WOB,
rotational speed (RPM) rock strength and bit size. This model was derived assuming a perfect
bottomhole cleaning condition with an incomplete bit tooth. The model was developed based on
observations made in single-insert impact experiments, which are [45, 56]:
- The crater volume produced (V) in rock is proportional to the square of the depth of penetration
(X) (i.e. V. < X?).
- With constant force on the tooth, the depth of penetration (X) is inversely proportional to the
rock strength (S) (i.e. X «< 1/S5).

More details are available in Appendix .

2.4.8 Bingham Model

The Bingham model is a simple modified version of Maurer model which is applicable for low WOB

and rotational speed (N) [45, 57]. More details of the model are available in Appendix I.
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2.5 Drillability D-Exponent

Detection of over-pressured zones using the ROP is difficult to apply in practice. This is due to the
influence of several other factors on ROP apart from formation pressure, such as WOB, bit properties,
rotary speed, mud properties, pump rate and many others. In order to improve interpretation of drilling
rate and improve its detection of formation pressure and over-pressured zones, a direct relationship
between ROP and formation pressure should be established. This was achieved by normalizing ROP for
the variations in drilling parameters. The D-exponent is an example of such normalized ROP [58, 59].

In 1964, Bingham developed a model for D-exponent to improve drilling rate’s detection of over-

pressured zones. This model is formulated in the following generalized equation [60]:

ROP = Ay NE (“;ZB)"’ (2.20)
Here (4,,) is the rock matrix strength constant and (E) is the rotary speed exponent.

Jorden and Shirley [61] simplified Bingham’s model in 1966 by assuming that the rock matrix strength
constant remained unchanged to be equal to one (i.e. A,; = 1) and the rotary speed exponent was equal
to one (i.e. E = 1). Based on these assumptions, Eq. (2.20) is reorganized for the D-exponent resulting

in the following modified equation [58]:

108 (50)

dexp = — 2 WOBY (2.21)
log\ 054,

The D-exponent is proportional to rock strength and increases linearly with depth for normally pressured
formations. However, it decreases with depth for abnormally pressurized formations (shales), while
ROP tends to increase in this interval if all other drilling parameters remain unchanged. Fig. 7 [62]
shows a plot of ROP and the D-exponent as a function of depth and the effect of overpressure on them.
This is because as the bit drills through the over-pressured zone, the rock becomes less dense and more
porous, resulting in increased Drillability of the formation. ROP also increases due to reduced pressure

differential between the drilling fluid and formation pressure [59, 62, 63].
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Fig. 7. Overpressure effect on D-exponent and ROP [62].

The D-exponent in Eq. (2.21) corrects the ROP to changes in WOB, RPM and hole-size. In 1971, Rehm

et al. [63] developed an equation that corrects the D-exponent for the changes in mud weight given by:

NPP 2.22
de = dexp (ECD) (22

Where (d.) is the corrected D-exponent, NPP is the normal pore pressure gradient and ECD is the
equivalent circulating density. The corrected D-exponent is more sensitive to changes in both pore
pressure and mud weight. The correction equation has no theoretical derivation. Nevertheless, it is
globally used due to the conservative calculations it provides for mud weight changes (overbalance
drilling process) [59].

Every method has its advantages and limitations. The same thing applies for the D-exponent. It is an
efficient way to calculate the pressure in clean shells pore or clean argillaceous. Limitations of using the
method of D-exponent is that it only can be used for this purpose. In addition, in a situation of an
increase in mud weight, the value of (d.) can be reduced because of large increase in mud weigh that
may take a place during calculations. This method is also affected by other factors that can narrow its
functions, just like the lithology, poor hydraulics, bit type, bit wear, motor or turbine runs and

unconformities in the formation [59].
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Chapter 3

Modelling Implementation and Workflow

Having an existing drilled well information, helps a lot when planning to drill a new well next to it. In
this thesis, predicting the rate of penetration is the main tool in order to accomplish a successful drilling
operation. Using the well data of pre-drilled wells helps in obtaining the drilling optimization by
reducing costs and time of the drilling operation. The process of analyzing the drilling parameters and
factors from previous experiences makes the drilling process faster and efficient when drilling in the
same geology.

ROP modelling is the main focus of this thesis work. The methods to be implemented by estimating
model fitting parameters from old well and apply these parameters for other wells to predict their ROP.
These predicted ROP profiles will then be compared with the actual collected profiles. The ROP model
is based on applying the techniques of multiple regression and other methods on the collected drilling
data. It is worth mentioning that some of the methods applied in this thesis have been applied before by
Morten Adamsen Husvag on other fields on the NCS [10].

3.1 Wells Used for Modelling

By e-mail communication with the Norwegian Petroleum Directorate, particularly Svein Finnestad [64],
the required data was collected from the North Sea. These data are in the form of well reports and mud
log reports. Three different fields were used for modelling and testing; Alvheim, Kvitebjgrn and Valhall.
A basemap of the three fields is provided in Fig. 8. The data used are logged for every 5-meter depth

and have been converted to Microsoft Excel format.

The more data we model, compare and test, the more reliable models we can provide. Six wells are
therefore modelled and tested in this thesis to verify the applicability of the models both locally and on
a distant; three of them (24/6-B-1, 24/6-B-4 and 24/6-B-5) are located next to each other in Alvheim
field, two of them (34/11-A-4 and 34/11-A-5) are located in the nearby field Kvitebjgrn and one well is
called 2/11-S-10 and located in the remote field Valhall. The last mentioned well is used to verify the

model on a distant well. Further information about wells is provided in Table 1.

Several methods are tested and discussed in this chapter in order to obtain best predicted rate of
penetration. These methods are progressed by the Warren model and the methods of multiple regression,

least squares, MSE and D-exponent.
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Table 1. Well data [65].
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Fig. 8. Basemap of the three fields [66].

3.2 Multiple Regression Workflow

Regression analysis is used to estimate the relationships among one dependent and two or more
independent variables [17]. This method of data analysis is useful when examining a quantitative
variable in relation to other factors. The Multivariate analysis describes an observation factor by having
several variables, taking into consideration all changes of properties that may happen simultaneously.

l.e. the multiple regression equation of (Y) factor on variables (X3, X5, ..., X,,) is given by [67-69]:

3.1
Y = Bo+ B1Xy + B2Xy + B3 Xz + -+ B Xy (31
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Where Y is the dependet variable, S, is the intercept term and the regression coefficients (81, S, -.-,

B,) are the analogues to the slope in linear regression equation.

The rate of penetration is based on several different variables. Based on Eq. (3.1), the ROP would be
referred to it as the factor of observation (Y) in this thesis. The (Y) value is based in its turn on several
properties simultaneously, in addition to the drilling operational factors. Relevant drilling parameters
make up the regression variables (X;_5s). By having these values in a Microsoft Excel sheet and by
processing the regression data analysis, we will end up with the values of the coefficients (by_s). Now,

by having the values of the coefficients, we will be able to estimate the (Y) value.

This analysis is done for the reservoir section (e.g. the 8.5 hole section) of well 24/6-B-4. The data used
in multiple regression analysis are in the form of WOB, torque, RPM, modified jet impact force (Fj;,)

and formation pressure, together with the observation factor ROP.

A parametric sensitivity analysis is preformed later in this thesis to find out which parameters have a
greater impact on the ROP model. The modified jet impact force (Fj,,) given in Eq. (2.13) was therefore
chosen to replace the Flowrate and the stand pipe pressure (SPP) in the model. This is due to the ability

to control this parameter if it is proven to affect the ROP.

The implementation of this method in Microsoft Excel software is presented in Appendix Il to give a
better explanation. The regression data analysis is first performed. As described above, the (Y) range
represents the ROP, while (X) range is the remaining data. The depth on the other hand, is only included
as a reference and is not included in the analysis. The coefficients, which is the area of interest, are then
provided by the analysis. The intercept value is represented by the initial value of coefficients (by). The
other coefficients (b;_s) are then multiplied according to their order with the regression variables
(X1-5). Eq. (3.2) is used to model the ROP and is given by:

Y == bo + b1X1 + bzXz + b3X3 + b4_X4_ + b5X5 (32)
This equation can also be written in terms of ROP and the other drilling parameters as:
Modelled ROP = by + byWOB + b,Torque + byRPM + byFy, + bsFP (33)

The multiple regression procedure shown in Fig. 9 is applied on both the first and second hypothesis. In
the first hypothesis, the multiple regression procedure is applied on the reservoir section of the reference
well 24/6-B-4, providing the six coefficients (by_s5). By using Eq. (3.3), the coefficients are then
implemented to the overburden section of well 24/6-B-4 in order to predict the ROP. The coefficients
are then implemented to both overburden and reservoir sections of the other nearby wells. In the second
hypothesis, the multiple regression procedure is applied on the whole wellbore section of the reference
well 24/6-B-4, providing six other coefficients (b,_5). By using Eq. (3.3), the coefficients are then
implemented to the other nearby wells.
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Fig. 9. Multiple Regression process flowchart [10].



3.3 The Method of Least Squares Workflow

The method of least squares is the relevant used approach in regression analysis, which reduces the
residual sum between predicted and observed values [70]. This method can be mathematically expressed
by the following equation:

R? = ) [V, = F(Xs, B, B e B P (3.)

Where (R?) is the sum of the error squared of a set of n data points from a function f [71]. (Y;) is the
observed output, (X;) are the coefficients values, and the function f (X;, 81, B2, ---, Bn) is the predicted
output [70].

This method is applied to model ROP. The coefficients predicted from the analysis will be applied to
the nearby/remote wells. The observed factor (Y;) and the factor to be predicted are the penetration rate

in this case. Eq. (3.4) can be expressed as:

2 3.5
Sum of error squared = 2?:1[R0Ppredicted — ROPobser,,ed] (3.5)

Where (ROPpregicteq) is the modelled ROP shown in Eq. (3.3).

The same collected well data is used again. The error squared is first calculated by squaring the
difference between the predicted ROP and the actual ROP. This is done for each depth point. These are
then summed up using Eqg. (3.5) to give the sum of error squared. The Microsoft Excel’s solver add-in

is then used to minimize the sum of error squared resulting in newly computed coefficients (by_s).

The newly computed coefficients can now be used in Eqg. (3.3) to model the ROP with minimized error.
The workflow of this method is presented in Fig. 10 [10].
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3.4 MSE - Mechanical Specific Energy Workflow

The MSE model is one of the methods used in this thesis. It quantifies the amount of energy required to

drill a given volume of rock.

As mentioned before, the MSE of existing nearby wells can be used to calculate the ROP. The technique
developed in this thesis assumes that the amount of energy necessary to drill a certain volume of rock is

correlative within nearby wells.

The MSE values are first calculated for a well using Eq. (2.6). These values are then implemented to the
nearby wells. Eq. (3.6) is derived from Eqg. (2.6) below to calculate the ROP values in the neighbouring
wells. The MSE based workflow modelling process is presented in Fig. 11 [10].

2 _ 480*TxN 4WOB
Eq. (2.6) > 1000 MSE d,,° = 2OP + -
#T# 2_4 WOB
> 480+T+N _ 1000 MSE db2 _ 4WOB N _1 _ 1000MSEdy -
ROP ROP 480+T*N

rop — 1000 MSE dy’ - 4woB/ 1™
K = 280+ T+ N (3.6)

MSE Model Process

Compute MSE

!

Implement computed MSE
on nearby well

|

Use established model to
predict ROP

Fig. 11. MSE model process flowchart [10].

25



3.5 Drillability D-Exponent Workflow

The drillability D-exponent is one of the methods used to calculate the ROP. It normalizes the ROP for
the variations in drilling parameters. The drillability D-exponent is given in Eq. (2.21). A corrected
equation that corrects the D-exponent for the changes in mud weight was later developed by Rehm et

al. [63]. This corrected D-exponent requires ECD values as shown in Eq. (2.22).

However, The ECD values are not available in the data, Eq. (2.21) is used therefore in this thesis. The
D-exponent modelling technique assumes that the drillability of a well is correlative within nearby wells.

The D-exponent values are first calculated for a well using Eq. (2.21). These values are then
implemented to the nearby wells. Eq. (3.7) is used to predict the ROP profiled in the adjacent wells. The
D-exponent modelling workflow process is illustrated in Fig. 12 [10].

Eqg. (2.21) >  log (Z,L;) = dexp * log (150?;:)

12 WOB
106dy,

> 10gROP = dey, * log ( ) +1log60 N

dexp* log(%)ﬂog 60 N

>  ROP=10 (3.7)

D-Exponent Model Process

Compute D-Exponents

}

Implement computed D-
Exponents on nearby well

}

Use established model to
predict ROP

Fig. 12. D-exponent process flowchart [10].
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3.6 Warren Model Workflow

Warren’s model introduced in chapter 2.4.2 relates ROP to:
- Rock strength
- WOB
- Rotary speed (N)
- Bittype
- Bitsize (dp)
- Modified jet impact force (Fj,)

Rock strength has first to be calculated. In order to do this, the following assumption is made. Based on
Teale’s formula introduced in chapter 2.4.1, it was mentioned that the formula assumes that MSE equals
the rock compressive strength at perfect efficiency. However, as shown in Fig. 6 [44], the efficiency of
drill bits at peak performance usually occurs in order of 30-40%. The rock compressive strength (UCS)
is therefore assumed to equal 35% of the MSE value.

Warren model introduced in Eq. (2.12) can be expressed as:

$2d,3 1 dpYrit
ROP ——ROP )b ROP |c =1
<NW0B2 )a * (Ndb ) * < Fim )C (38)
2 3
The first term (I\deObBZ ROP), the second term (ﬁ ROP) and the third term (df;ﬂ ROP) of Eqg. (3.8)
b jm

are calculated in Microsoft Excel software. The implementation of this method in Microsoft Excel
software is available in Appendix Il, which gives a better explanation. Eq. (3.8) can be expressed in

matrix form as:

or
X1 Y1 Z1] g 1
X2 Y2 22 [b]: 1 (3.10)
I e

Where x, y and z are the first, the second and the third terms respectively.

Eqg. (3.10) is then solved for vector X in MATLAB software to compute Warren constants a, b and c.

Warren ROP can then be calculated using the following equation:
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ROP

s2d,? 1 dpYrit 3.11

Warren ROP =

Warren model process flowchart is presented in Fig. 13.
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constants

OQutput:
Warren a, b
& c constants

Implement constants on
nearby well

}

Use established model to
predict ROP

Fig. 13. Warren model process flowchart (this thesis work).
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Chapter 4

ROP Modelling and Testing Results

The details of ROP modelling and analysis results are presented in this chapter. The stratigraphic
correlation of the wells is first constructed to clarify the geological similarities of the sedimentary facies.
The implementation results of the five methods discussed in chapter 3 are then presented. Moreover, the
predicted ROP profiles of the drilling section are compared with their corresponding ROP field data.
The actual ROP is always plotted in grey in this chapter.

The Alvheim well 24/6-B-4 is chosen to be the reference well. By using the multiple regression analysis,
a single-well based model is developed from the reference well data based on two hypotheses. In the
first hypothesis, the ROP model is developed based on the data of the reservoir section of the reference
well. While the ROP model is developed based on the data of the whole wellbore section of the reference
well in the second hypothesis. In order to obtain the ROP and implement the developed model, well-to-

well correlation procedure and the drilling data of the new well to-be-drilled will facilitate the mission.

The model will then be tested on three different fields to verify it. It will first be tested locally on the
remaining Alvheim wells (i.e. wells 24/6-B-1 and 24/6-B-5) and the Kvitebjarn wells (i.e. wells 34/11-
A-4 and 34/11-A-5). The model will then be tested on a remote well located in the Valhall field (i.e.
well 2/11-S-10).

Having variety of data of three different fields with several wells will support the results of testing out

the ROP models. This variety of data leads to greater accuracy in results-based conclusions.
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4.1 Stratigraphic Correlation

To study the lateral geological features among the considered wells in this thesis work, a stratigraphic
correlation is performed to compare rock sequences which cross through the wells used in this thesis.
This process attempts to establish a stratigraphic correlation between different wells from different areas

based on either the type of deposited material or the depositional time of material [72, 73].

Petrel software is used to establish the stratigraphic relationships between the Alvheim, Kvitebjgrn and
Valhall fields. This will help in general understanding how the geology varies locally and regionally. In
return, this can be used to analyze the performance of the ROP whether or not it is well modelled as well

as to investigate the limitations of the model application.

The three fields are located in the Deep Cretaceous basin, but part of the Valhall field is located in the
Cretaceous High stratigraphy. Unfortunately, only five of the wells are included in this analysis due to
lack of lithology data of well 34/11-A-5. The generated stratigraphic correlation is displayed in Fig. 14.

The main observations obtained from Fig. 14 are summarized as:

o List of stratigraphic sequences that cross through all five wells:

- Hordaland group: the depth of this group varies significantly across the five wells between
2150 and 5600 ft.

- Balder formation: this formation is located at approximately the same depth for the four
wells from Alvheim and Kvitebjern fields at about 6300 ft, while located at 2200 ft deeper
in the Valhall well 2/11-S-10.

- Sele formation: this formation is located at approximately the same depth for the four wells
from Alvheim field and Kvitebjgrn field at about 6500 ft, while located at 2000 ft deeper in
the Valhall well 2/11-S-10.

- Lista formation: this formation is located at approximately the same depth for the four
wells from Alvheim field and Kvitebjgrn field at about 6700 ft of depth, while located at
1800 ft deeper in the Valhall well 2/11-S-10.

e The Grid, Balder, Balder Tuff, Sele, Lista and Heimdal formations cross through all three
Alvheim wells (i.e. 24/6-B-4, 24/6-B-1 and 24/6-B-5) at approximately the same depth. While
the depth of the Hordaland formation varies significantly across these three wells between 2150
and 4070 ft.

e The Utsira formation, Lower Hordaland group, Base Grid formation, Shetland group, Tor and

Hod formations show discontinuity and appear to cross through only one or two wells.

e The Nordland formation crosses through all wells expect the Alvheim well 24/6-B-5 at a depth
of 720 — 5100 ft.
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Fig. 14. Stratigraphic Correlation between the wells.
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4.2 Multiple Regression

This section presents the multiple regression modelling and application. Fig. 9 shows the details of the
modelling workflow. Fig. 15 illustrates a sketch the well 24/6-B-4 (not to the scale), which provides
perception about the position/shape of the well. As shown on Fig. 15, the mother pilot well in the
Alvheim field is named 24/6-B-4H. This well consists of two branched out wells drilled in the reservoir
section one on the top (AY2H), which is considered as the reference well. The second wellbore is right
below the reference well in the reservoir section and is called AY1H.

4.2.1 Hypothesis I

According to Hypothesis 1, the reservoir section of the reference well (i.e. AY2H) is modelled by
multiple regression technique. The computed curve fitting correlation coefficients are provided in Table
2.

Table 2. Calculated regression coefficients based on hypothesis I.

Well 24/6-B-4 AY2H Coefficients
Intercept (b0) - 540.55
X1 (WOB) 0.0041
X2 (Torque) -0.0011
X3 (RPM) 0.8399
X4 (Fjm) -3207.86
X5 (FP) 49.33

24/6-B-4
| Pilot

24/6-B-4 H
2
2
(@]
1 \
\

4 \
o N Reference well
s
(]
g
\

Fig. 15. Sketch of the reference well 24/6-B-4 from the Alvheim field (not-to-scale).
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Testing of hypothesis I model on its reference well

Fig. 16 shows the modelled ROP profiles generated by implementing the coefficients from Table 2 on
the well where they have been extracted from (i.e. AY2H) and compares with to the actual ROP field
data. The result shows excellent match, since the model coefficients are implemented on its original
well. The reservoir section model coefficients were then applied on both the branched reservoir (AY1H)
and overburden (H) sections of well 24/6-B-4. The modelled ROP and the actual ROP data from the
respective wells are presented in Figs. 17 and 18. The results show that the AY2H based model predicts
the lower section of the reservoir AY1H data quite good. On the other hand, the most impressive results
are those obtained in the overburden section H, where the reservoir based model seems to predict the

overburden section data very well.

24/6-B-4 AY2H - HYP I: Only reservoir section modelled

300
150
0
9000 11000 13000 15000 17000 19000
———ROP Modelled ROP Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 16. Multiple regression method applied on well 24/6-B-4 AY2H based on hypothesis I (i.e. method
applied only to the reservoir section).

24/6-B-4 AY 1H - Using coefficients from 24/6-B-4 AY2H

400
200
0
9000 10000 11000 12000 13000 14000 15000 16000 17000 18000 19000
———ROP Modelled ROP Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 17. Multiple regression - 24/6-B-4 AY1H (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-4 H - Using coefficients from 24/6-B-4 AY2H

400
200
0
2000 3000 4000 5000 6000 7000 8000 9000 10000 11000
———ROP Modelled ROP Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 18. Multiple regression - 24/6-B-4 H (overburden section) with coefficients from 24/6-B-4 AY2H.
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Testing of hypothesis I model on nearby well sections

The coefficients provided in Table 2 are implemented on both reservoirs and overburden sections of the
nearby wells. Fig. 19 illustrates the well 24/6-B-1, which is located in the Alvheim field and nearby the
reference well 24/6-B-4-AY2H. The well consists of three laterally branched out wells, which are drilled

in the reservoir sections.

24/6-B-1

Pilot
24/6-B-1M

AH

CH BH

<= Resernvoir = g QOverburden

Fig. 19. Sketch of well 24/6-B-1 from the Alvheim field (not to scale).

Fig. 20 shows the reservoir section ROP model prediction and compares it with the measured ROP data
of the well 24/6-B-1 AH. Similarly, the other reservoir section wells 24/6-B-1- BH and -CH are
displayed on Figs. 21 and 22 respectively. Fig. 23 shows the prediction in the overburden section of the
well (i.e well 24/6-B-1 H).

The predicted ROP seems to fit relatively well with the actual ROP, although it deviates in some
sections. This well is located on the same block as the reference well, and it is expected to give a good
prediction of ROP due to similarities in geological facies. ROP of the reservoir sections AH, BH and
CH seems to be poorly modelled in the depth interval [6500, 8300] ftMD.

This could be due to the changes in the geological facies between the well and the reference well shown
in Fig. 14 on page 31. The depth of the Hordaland group varies significantly across the wells. However,

the overburden section H seems to be well modelled except for the shallower part above 3000 ftMD.
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24/6-B-1 AH - Using coefficients from 24/6-B-4 AY2H
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Fig. 20. Multiple regression - 24/6-B-1 AH (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-1 BH - Using coefficients from 24/6-B-4 AY2H
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Fig. 21. Multiple regression - 24/6-B-1 BH (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-1 CH - Using coefficients from 24/6-B-4 AY2H
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Fig. 22. Multiple regression - 24/6-B-1 CH (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-1 H - Using coefficients from 24/6-B-4 AY2H

500
250
0
2000 3000 4000 5000 6000 7000 8000 9000 10000
———ROP  ——ROP Modeled Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 23. Multiple regression - 24/6-B-1 H (overburden section) with coefficients from 24/6-B-4 AY2H.



Within Alvheim field, another well, 24/6-B-5 is selected for verification evaluation. The well setup is
similar to Fig. 19, which contains three reservoir sections (AY1H, AY2H and AY3H) and an overburden
section (H). Fig. 24 illustrates the sketch of the wells. For model prediction, the reference correlation

coefficients provided in Table 2 are used here also.

24/6-B-5

Pilot
24/6-B-5M

AY1H

AY3H AY2H

<= RESENVOIl o G Qverburden

Fig. 24. Sketch of well 24/6-B-5 from the Alvheim field (not to scale).

The comparisons of the predicted ROP and the measured field ROP data of well 24/6-B-5 are displayed
in Figs. 25 to 28. Figs. 25 to 27 show the plots of the reservoir sections AY1H, AY2H and AY3H, while

Fig. 28 shows the plot for the overburden section H.

The predicted ROP appears to correlate very well with the actual one, although it deviates in some
sections. The modelled ROP of the reservoir sections AH, BH and CH seems to correlate quite well with
the actual ROP. However, the modelled ROP in the overburden section H deviates from the actual ROP
in the depth interval [5500, 10 000] ftMD. This could again be due to the changes in the geological

facies between the well and the reference well.
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24/6-B-5 AY 1H - Using coefficients from 24/6-B-4 AY2H
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Fig. 25. Multiple regression - 24/6-B-5 AY1H (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-5 AY2H - Using coefficients from 24/6-B-4 AY2H
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Fig. 26. Multiple regression - 24/6-B-5 AY2H (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-5 AY3H - Using coefficients from 24/6-B-4 AY2H
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Fig. 27. Multiple regression - 24/6-B-5 AY3H (reservoir section) with coefficients from 24/6-B-4 AY2H.

24/6-B-5 H - Using coefficients from 24/6-B-4 AY2H
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Fig. 28. Multiple regression - 24/6-B-5 H (overburden section) with coefficients from 24/6-B-4 AY2H.
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Testing of hypothesis | model on far field wells

The following section presents the modelling results of well 34/11-A-4 in Kvitebjgrn field. A sketch of

the well is illustrated in Fig. 29.

34/11-A-4

< ReSENVOIl wp g Overburden =————

Fig. 29. Sketch of well 34/11-A-4 from the Kvitebjgrn field (not to scale).

The modelled ROP results obtained by implementing the reference well coefficients on both reservoir
and overburden sections of well 34/11-A-4 are presented in Fig. 30. This Kvitebjgrn well is located

about 173 km away from the Alvheim reference well as shown in Fig. 8 on page 20. Some changes in

the geological facies between the wells can be observed in Fig. 14 on page 31. This explains the reason
for the big deviation between the predicted and the actual ROP plots. Another possible reason for the
bad results is that the model was established based on the reservoir section of well 24/6-B-4 only. The

validity of this reason is confirmed later in this subchapter from hypothesis 11, where both of the reservoir

and the overburden sections of the reference well are modelled.

34/11-A-4 - Using coefficients from 24/6-B-4 AY2H
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Fig. 30. Multiple regression - 34/11-A-4 with coefficients from 24/6-B-4 AY2H.
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Fig. 31 illustrates a sketch of well 34/11-A-5 located in the Kvitebjarn field.

34/11-A-5
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Fig. 31. Sketch of well 34/11-A-5 from the Kvitebjarn field (not to scale).

Fig. 32 shows the predicted ROP of well 34/11-A-5 by applying the coefficients on both the reservoir
and the overburden sections. This well is also located in Kvitebjgrn field which is located about 173 km
away from the Alvheim reference well as shown in Fig. 8 on page 20. The ROP also seems to be poorly
modelled at some depth-points. The long distance and remarkable changes in the geological facies

between this well and the reference well are the reasons for this inaccuracy of the model

34/11-A-5 - Using coefficients from 24/6-B-4 AY2H

500
250
0
1000 3000 5000 7000 9000 11000 13000 15000
——ROP  ——ROP Modelled Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 32. Multiple regression - 34/11-A-5 with coefficients from 24/6-B-4 AY2H.
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Testing of hypothesis I model on very far field wells
As mentioned earlier, the reference well (24/6-B-4 AY?2H) is located far away from the Valhall field
well (2/11-S-10) on which the reference derived model to be applied. Fig. 33 illustrates the sketch of the

well.

2/11-S-10

<« Resernvoir =p g Qyerburden =———

Fig. 33. Sketch of well 2/11-S-10 from the Valhall field (not to scale).

The resulting ROP of applying the coefficients on both reservoirs and overburden sections of well 2/11-
S-10 are shown in Fig. 34. This Valhall well is located about 376 km away from the Alvheim reference
well as shown in Fig. 8 on page 20. The ROP plot shows fairly good results up to 11 000 ftMD (this
corresponds to 8 700 ftTVD). As shown in Fig. 14 on page 31, similarities in geological facies are found
in the shallower part of the well which is above 8 700 ftTVVD. However, the model appears to predict
very poor ROP values after this depth point. This is due to the long distance between the well and the

reference.

2/11-S-10 - Using coefficients from 24/6-B-4 AY2H
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Fig. 34. Multiple regression - 2/11-S-10 with coefficients from 24/6-B-4 AY2H.
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4.2.2 Hypothesis Il

Hypothesis Il modelling approache is based on modelling of the whole wellbore data and application of
the model on nearby wells. This has been applied by Morten Adamsen Husveeg (2015) [10].

In Alvheim field, the reference well in this case consists of the overburden and the reservoir section (i.e.,

24/6-B-4 H & AY2H). (See Fig. 35). Applying multiple regression technique, the calculated coefficients
obtained from the well are provided in Table 3.

Table 3. Calculated regression coefficients based on hypothesis I1.

Well 24/6-B-4 Coefficients
Intercept (b0) -471.71
X1 (WOB) 0.0038
X2 (Torgue) -0.0010
X3 (RPM) 0.5684
X4 (Fjm) -1787.17
X5 (FP) 44.80

Testing of hypothesis Il model on its reference well

Fig. 35 shows the resulting ROP values of implementing the coefficients on the well where they were
produced (i.e. H and AY2H) and compares it with the actual ROP field data. Comparing with the results
obtained in hypothesis I, hypothesis Il modelling approach shows quite similar in the depth interval
[9000, 19000] ftMD.

24/6-B-4 (H & AY2H) - HYP II: Overburden & reservoir modelled
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Fig. 35. Multiple regression method applied on well 24/6-B-4 based on hypothesis 11 (i.e. method applied on
both reservoir and overburden sections).
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Testing of hypothesis 11 model on nearby wells

The resulting ROP values of implementing the coefficients provided in Table 3 on the remaining
Alvheim wells are plotted in Figs. 36 and 37. Wells 24/6-B-1 and 24/6-B-5 seem to give similar results

to those obtained in hypothesis I.

24/6-B-1 (H & BH) - Using coefficients from 24/6-B-4
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Fig. 36. Multiple regression - 24/6-B-1 with coefficients from 24/6-B-4.
24/6-B-5 (H & AY3H) - Using coefficients from 24/6-B-4
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Fig. 37. Multiple regression - 24/6-B-5 with coefficients from 24/6-B-4.
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Testing of hypothesis Il model on very far and very far field wells

The ROP model derived from the Alvheim field, (i.e., using coefficients fromTable 3) are applied to the
far field data (i.e. Kvitebjgrn and Valhall) prediction. The comparison between the field data and the
model prediction are displayed on Figs. 38 to 40. As shown, well 34/11-A-4 shows some improvement
at the deepest part of the well and appears to give better results than those obtained in hypothesis
I. However, wells 34/11-A-4, 34/11-A-5 and 2/11-S-10 seem to give similar results to those obtained
in hypothesis I. Knowing that the deviation between the actual and the modelled ROP is somehow

reduced when using hypothesis Il. This is shown in the time analysis performed in chapter 5.1.

34/11-A-4 - Using coefficients from 24/6-B-4
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Fig. 38. Multiple regression - 34/11-A-4 with coefficients from 24/6-B-4.
34/11-A-5 - Using coefficients from 24/6-B-4
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Fig. 39. Multiple regression - 34/11-A-5 with coefficients from 24/6-B-4.
2/11-S-10 Using coefficients from 24/6-B-4
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Fig. 40. Multiple regression - 2/11-S-10 with coefficients from 24/6-B-4.
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4.3 The Method of Least Squares

This section presents the method of least squares modelling results. Fig. 10 shows the details of the
modelling workflow. As shown in the previous section, the multiple regression based hypothesis Il
modelling has shown better results than hypothesis I. Therefore; this section chose hypothesis I1-based
ROP modelling by using the least squares coefficients method. The calculated least squares coefficients

obtained from the six wells are provided in Tables 4 to 9.

Table 4. Well 24/6-B-4 least squares coefficients. Table 5. Well 24/6-B-1 least squares coefficients.
Coefficients Coefficients
Intercept (b0) 0.0000 Intercept (b0) 0.0000
X1 (WOB) 0.0000 X1 (WOB) 0.0016
X2 (Torque) 0.0000 X2 (Torque) 0.0000
X3 (RPM) 0.0000 X3 (RPM) 1.0243
X4 (Fjm) 0.0000 X4 (Fjm) 0.0000
X5 (FP) 9.7819 X5 (FP) 0.0000
Table 6. Well 24/6-B-5 least squares coefficients. Table 7. Well 34/11-A-4 least squares coefficients.
Coefficients Coefficients
Intercept (b0) 0.0000 Intercept (b0) 79.866
X1 (WOB) 0.0016 X1 (WOB) 0.0003
X2 (Torque) 0.0007 X2 (Torque) 0.0000
X3 (RPM) 0.5809 X3 (RPM) 0.0000
X4 (Fjm) 0.0000 X4 (Fjm) 0.0108
X5 (FP) 2.8029 X5 (FP) 0.0000
Table 8. Well 34/11-A-5 least squares coefficients. Table 9. Well 2/11-S-10 least squares coefficients.
Coefficients Coefficients
Intercept (b0) 0.0000 Intercept (b0) 49.206
X1 (WOB) 0.0000 X1 (WOB) 0.0000
X2 (Torque) 0.0000 X2 (Torque) 0.0008
X3 (RPM) 0.2800 X3 (RPM) 0.5160
X4 (Fjm) 7096.3 X4 (Fjm) 0.0000
X5 (FP) 0.0000 X5 (FP) 0.0035

Note that the model is given in Eq. 3.3 as:

4.1
Modelled ROP = by + byWOB + b,Torque + b3RPM + b,Fjy, + bsFP “.1)
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Testing of hypothesis Il model on the reference well

The first analysis was performed on Alvheim field wells. Fig. 41 shows the comparison between the
reference ROP of 24/6-B-4 (H and AY2H) well data with the least squares based ROP model. The least
squares coefficients were derived from the reference well and the coefficients are shown in Table 4. As
shown, the model is entirely dominated by the FP (formation pressure) corresponding coefficient. The
predicted ROP appears to fit well with the actual one. The method of least squares attempts to reduce

the differences between the predicted and the actual values of the ROP.

24/6-B-4 (H & AY2H)
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Fig. 41. Method of least squares applied on well 24/6-B-4 (the pilot well H and the first lateral well AY2H).

The same coefficients were implemented on the second lateral section AY1H of the Alvheim well (see
Fig. 15). The resulting ROP model prediction and field data are plotted in Fig. 42. The model prediction
seems to be nearly constant throughout the whole drilling depth. These coefficients will be applied on
the other five wells in the next section. This is to be done to analyze the applicability and limitations of
these coefficients both on close-by and remote wells.

24/6-B-4 AY 1H - Using coefficients from 24/6-B-4
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Fig. 42. Method of least squares - 24/6-B-4 AY1H (the second lateral section) with coefficients from 24/6-B-4
(H and AY2H).
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Testing of hypothesis Il model on nearby wells

Figs. 43 to 47 show the resulting ROP model obtained by implementing the least squares coefficients
on the well which they were extracted from. The model is also applied to the remaining Alvheim wells
(24/6-B-1 and 24/6-B-5), and the results are plotted in the Figs. 43 and 44. Some deviating results can
be observed in both wells. However, these coefficients seem to correlate better with the actual ROP than
those obtained by multiple regression method.

24/6-B-1 (H & BH)
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Fig. 43. Method of least squares applied on well 24/6-B-1 (the pilot well H and the lateral well BH).
24/6-B-5 (H & AY3H)
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Fig. 44. Method of least squares applied on well 24/6-B-5 (the pilot well H and the lateral well AY3H).
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Testing of hypothesis Il model on far and very far wells

Figs. 45 to 47 show the modelled ROP plots of the Kvitebjern and Valhall wells. The results are fairly
good but less predictive than the previously obtained results in Alvheim field. This is due to the distance
between the Kvitebjgrnd field and the Alvheim field where the reference well is located. However, wells
34/11-A-4 and 34/11-A-5 have better results compared to well 2/11-S-10. Fig. 47 shows the results of
the Valhall well 2/11-S-10 and appear to be the worst among all wells. This is expected, due to the
remoteness of this well from the reference well. Moreover, this well had the worst results in advance
when the multiple regression method was applied. However, it shows better results than those acquired

in the multiple regression method.

34/11-A-4
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Fig. 45. Method of least squares applied on well 34/11-A-4.
34/11-A-5
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Fig. 46. Method of least squares applied on well 34/11-A-5.
2/11-S-10
400
200
0
1000 3000 5000 7000 9000 11000 13000 15000 17000
——ROP  ——ROP Modeled Total Depth
[ft/hr] [ft/hr] [ftmMD]

Fig. 47. Method of least squares applied on well 2/11-S-10.
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Testing of hypothesis Il model on nearby wells

The ROP model profiles obtained by implementing the reference well coefficients (i.e. well 24/6-B-4)
on the other five wells are presented in this section. The coefficients are tested on all lateral sections of
the wells in case of multiple lateral sections. At first, the analysis of the Alvheim wells is presented.
The ROP modelling and comparison results on well 24/6-B-1 are displayed in Figs. 48 to 50. This well
shows fairly good results. The predicted ROP deviates from the actual one in the depth interval [6500,
8 300] ftMD. As discussed before, this is due to the depth change of the Hordaland group between this

well and the reference (see Fig. 14 on page 31).

24/6-B-1 (H & BH) - Using coefficients from 24/6-B-4
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Fig. 48. Method of least squares - 24/6-B-1 (the pilot well H and the lateral well BH) with coefficients from
24/6-B-4 (H and AY2H).

24/6-B-1 AH - Using coefficients from 24/6-B-4
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Fig. 49. Method of least squares - 24/6-B-1 (the lateral well AH) with coefficients from 24/6-B-4 (H and
AY2H).

24/6-B-1 CH - Using coefficients from 24/6-B-4
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Fig. 50. Method of least squares - 24/6-B-1 (the lateral well CH) with coefficients from 24/6-B-4 (H and
AY2H).
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Similarly, the ROP analysis in Alvheim well 24/6-B-5 is plotted in Figs. 51 to 53. The results also seem
to correlate very well with the actual ROP. Both of the Alvheim wells 24/6-B-4 and 24/6-B-5 have good
results due to their proximity to the reference well 24/6-B-4.

24/6-B-5 (H & AY3H) - Using coefficients from 24/6-B-4
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Fig. 51. Method of least squares - 24/6-B-5 (the pilot well H and the lateral well AY3H) with coefficients from
24/6-B-4 (H and AY2H).

24/6-B-5 AY 1H - Using coefficients from 24/6-B-4

300

150

5000 6000 7000 8000 9000 10000 11000 12000 13000 14000 15000

———ROP ——ROP Modelled Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 52. Method of least squares - 24/6-B-5 (the lateral well AY1H) with coefficients from 24/6-B-4 (H and
AY2H).

24/6-B-5 AY2H - Using coefficients from 24/6-B-4

300
150
0
9000 10000 11000 12000 13000 14000 15000 16000 17000 18000
~———ROP  ——ROP Modelled Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 53. Method of least squares - 24/6-B-5 (the lateral well AY2H) with coefficients from 24/6-B-4 (H and
AY2H).
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Testing of hypothesis Il model on far and very far wells

The reference well coefficients are also applied for modelling the far field data, which are the Kvitebjarn
and the Valhall wells 34/11-A-4, 34/11-A-5 and 2/11-S-10. The analysis results are shown in Figs. 54
to 56. As shown, these wells appear to correlate fairly good with the actual ROP despite its great distance
from the reference well.

However, the ROP appears also to be poorly modelled at some depth points in wells 34/11-A-4 and
2/11-S-10. These wells are located away from the Alvheim reference well as shown in Fig. 8 on page

20, indicating the existence of differences in geological facies.

34/11-A-4 - Using coefficients from 24/6-B-4
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Fig. 54. Method of least squares - 34/11-A-4 with coefficients from 24/6-B-4 (H and AY2H).
34/11-A-5 - Using coefficients from 24/6-B-4
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Fig. 55. Method of least squares - 34/11-A-5 with coefficients from 24/6-B-4 (H and AY2H).
2/11-8-10 Using coefficients from 24/6-B-4
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Fig. 56. Method of least squares — 2/11-S-10 with coefficients from 24/6-B-4 (H and AY2H).
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4.4 MSE - Mechanical Specific Energy

The workflow of the MSE based ROP model presented in Fig. 11 is applied to field data in a similar
way as presented in section 4.2 and 4.3. Unlike the previous modelling approach, MSE, as proposed by
Teale [2], has been derived based on the concept of mechanical specific energy. The model is a function
of drilling operational parameters such as torque, WOB and RPM. The modelling assumes that the
amount of energy that is required to drill a certain volume of rock is correlative within nearby wells.
This assumption creates high inaccuracy when applying this method, especially when the method is
implemented on remote wells. This is due to the MSE dependence on both the compressive strength and
the pressure of rocks, which can vary significantly between wells.

Testing of MSE on the reference well
The MSE profile of the drilling section has been first calculated using both the actual ROP and the

modelled ROP. Both MSE results are compared Fig. 57. The result shows very good match.

MSE compared - 24/6-B-4
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Fig. 57. MSE values calculated from i) the actual ROP and ii) the modelled ROP are compared for the
reference well 24/6-B-4 AY2H.
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Testing of MSE on nearby wells

The MSE somewhat estimates the uniaxial compressive strength by considering a certain efficiency
factor (30-40% [44]). If wells are correlated laterally, there is a chance of the mechanical and elastic
properties to be nearly comparable. To investigate the validity of the assumption, whether or not the
wells are correlating laterally, one can compare uniaxial compressive strengths. This indirectly assumes
that the formation requires a comparable amount of energy (MSE) to crush the rock. This is the
commonly used approach when using ROP optimization software (such as the DROPS software). Here
also the MSE of the reference well (i.e. well 24/6-B-4) were compared with the nearby and far field

wells. The results are presented in the following section.
The Alvheim wells, which are considered as nearby wells from the reference well, are first analyzed.

Fig. 58 shows the comparison of the MSE between wells 24/6-B-1 and 24/6-B-4. As indicated earlier,
the MSE profile was computed from the measured drilling parameters of the wells. The result shows a
deviation, but generally quite good. To investigate the effect of the predicted MSE on the ROP
prediction, nearby wells drilling data were used along with the reference well MSE values. Based on
these, and the workflow presented in Fig. 11, ROP was predicted, and the results are compared with the
measured ROP of nearby/far wells data. The application of this method is illustrated in Figs. 59 to 61.
The model prediction results correlate fairly good with the actual ROP. The predicted ROP deviates
from the actual one in the same depth intervals as in previous methods. As mentioned before,
this happens due to the depth change of the Hordaland group between this well and the reference (see

Fig. 14 on page 31).
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24/6-B-1 and 24/6-B-4 MSE compared
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Fig. 58. 24/6-B-1 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).
24/6-B-1 (H & BH) - Using MSE from 24/6-B-4
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Fig. 59. MSE - 24/6-B-1 (H and BH) with MSE from 24/6-B-4.
24/6-B-1 AH - Using MSE from 24/6-B-4
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Fig. 60. MSE - 24/6-B-1 AH with MSE from 24/6-B-4.
24/6-B-1 CH - Using MSE from 24/6-B-4
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Fig. 61. MSE - 24/6-B-1 CH with MSE from 24/6-B-4.
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Well 24/6-B-5 results are shown in Figs. 62 to 65. Fig. 62 compares the MSE values of the reference
well with their corresponding values in well 24/6-B-5. The results of this Alvheim well also seem to
correlate very well with the actual ROP. Both of the Alvheim wells 24/6-B-4 and 24/6-B-5 have good
results due to their proximity to the reference well 24/6-B-4.

24/6-B-5 and 24/6-B-4 MSE compared
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Fig. 62. 24/6-B-5 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).
24/6-B-5 (H & AY3H) - Using coefficients from 24/6-B-4
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Fig. 63. MSE - 24/6-B-5 (H and AY3H) with MSE from 24/6-B-4.
24/6-B-5 AY 1H - Using coefficients from 24/6-B-4
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Fig. 64. MSE - 24/6-B-5 AY1H with MSE from 24/6-B-4.
24/6-B-5 AY2H - Using coefficients from 24/6-B-4
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Fig. 65. MSE - 24/6-B-5 AY2H with MSE from 24/6-B-4.
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Testing of MSE on far field wells

As shown in Table 1, the wells of Alvheim and Kvitebjgrn fields have TVDs that exceed the TVD of
the reference well, which is 7 076 ftTVD. Therefore, the MSE method is applied only on well-sections
that are above 7 076 ftTVD.

Well 34/11-A-4 results are shown in Figs. 66 and 67. Fig. 66 compares the MSE values of the reference
well with their corresponding values in well 34/11-A-4. As discussed, the Kvitebjgrn well is located
about 173 km away from the Alvheim reference well; this is shown in Fig. 8 on page 20. Some
geological differences can be observed between the wells in Fig. 14 on page 31, especially on the top of
the overburden. The Utsira formation depth varies between this well and the reference well. In addition
to the disappearance of the Nordland group in the reference well. This explains the reason for the big
deviation between the predicted and the actual ROP plots in the overburden section.

34/11-A-4 and 24/6-B-4 MSE compared
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Fig. 66. 34/11-A-4 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).
34/11-A-4 - Using MSE from 24/6-B-4
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Fig. 67. MSE - 34/11-A-4 with MSE from 24/6-B-4.
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Well 34/11-A-5 modelling results are presented in Figs. 68 and 69. Fig. 68 compares the MSE profile
of the reference well with their corresponding values in well 34/11-A-5. The results show that the ROP
seems to be poorly modelled at most depth points. Again, the long distance and the geological

differences between this well and the reference well are the reasons for inaccuracy in results.

34/11-A-5 and 24/6-B-4 MSE compared
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Fig. 68. 34/11-A-5 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).
34/11-A-5 - Using MSE from 24/6-B-4
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Fig. 69. MSE - 34/11-A-5 with MSE from 24/6-B-4.
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Testing of MSE on very far field wells

Well 2/11-S-10 results are presented in Figs. 70 and 71. Fig. 70 compares the MSE values of the
reference well with their corresponding values in well 2/11-S-10. This Valhall well is located about 376
km away from the Alvheim reference well as shown in Fig. 8 on page 20. The ROP seems to be very
poorly modelled due to the long distance between the two wells. However, the part above 11 000 ftMD
(corresponds to 8 700 ftTVD) shows slightly better results. This is due to the existence of similarities in
the geological facies above the 8 700 ftTVD as shown in Fig. 14 on page 31.

2/11-S-10 and 24/6-B-4 MSE comapred
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Fig. 70. 2/11-S-10 and 24/6-B-4 MSE compared versus the true vertical depth (TVD).
2/11-S-10 - Using MSE from 24/6-B-4
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Fig. 71. MSE - 2/11-S-10 with MSE from 24/6-B-4.
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4.5 Drillability D-Exponent

The D-exponent based derived-ROP model is shown in Eq. (3.7) and in the workflow illustrated in Fig.
12. The model clearly shows that it is a function of the main operational parameters. This technique
assumes that the drillability of a well is correlative within nearby wells provided that the lateral geology
features are quite similar. The areal limitation for the applicability will need to investigate through
modelling as has been done in the previous sections. The D-exponent depends on both the strength and
the pressure of rocks, which can differ significantly between wells. The D-exponent is proportional to
rock strength and increases linearly with depth for normally pressured formations. While it decreases
with depth for abnormally pressurized formations (shales).

The modelling and results analysis performed on the field wells are presented in this section.
Testing of D-exponent on the reference well
During modelling, the D-exponents profile of the well has been first calculated using the modelled ROP.

Then both actual and calculated D-exponents are compared as shown in Fig. 72. As shown the calculated

profiles run in parallel with minor deviation gap.

D-Exponent compared - 24/6-B-4
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1000 3000 5000 7000 9000 11000 13000 15000 17000 19000
Actual Caculated D-Exp Total Depth [ftMD]
D-Exp (modelled ROP)

Fig. 72. Actual D-exponent values and D-exponent values calculated using modelled ROP are compared for
the reference well 24/6-B-4 AY2H.

Testing of D-exponent on nearby wells
Similarly, the D-exponent method is tested by comparing the reference well (i.e. well 24/6-B-4) with

the other five wells.

The method is applied on all lateral sections of the wells in case of multiple lateral sections. The Alvheim
wells results were first considered for the analysis. Well 24/6-B-1 results are presented in Figs. 73 to 76.
Fig. 73 compares the D-exponents of the reference well (24/6-B-4) with the D-exponents of the nearby
well 24/6-B-1. As shown, the results here correlate very well. The predicted ROP deviates from the
actual one in the same depth intervals as in previous methods. Again, this is due to the depth change of

the Hordaland group between this well and the reference (see Fig. 14 on page 31).
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24/6-B-1 and 24/6-B-4 D-Exp compared
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Fig. 73. 24/6-B-1 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).
24/6-B-1 (H & BH) - Using d-Exp from 24/6-B-4
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Fig. 74. D-exponent - 24/6-B-1 (H and BH) with D-exponents from 24/6-B-4.
24/6-B-1 AH - Using D-Exp from 24/6-B-4 AY2H
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Fig. 75. D-exponent - 24/6-B-1 AH with D-exponents from 24/6-B-4.
24/6-B-1 CH - Using D-Exp from 24/6-B-4 AY2H
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Fig. 76. D-exponent - 24/6-B-1 CH with D-exponents from 24/6-B-4.
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Figs. 77 to 80 display the modelling results of well 24/6-B-5. Fig. 77 compares the D-exponents of the
reference well with their corresponding values in well 24/6-B-5. The results of this Alvheim well also
seem to correlate very well with the actual ROP due to its proximity to the reference well 24/6-B-4.

24/6-B-5 and 24/6-B-4 D-Exp compared
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Fig. 77. 24/6-B-5 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).
24/6-B-5 (H & AY3H) - Using D-Exp from 24/6-B-4
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Fig. 78. D-exponent -24/6-B-5 (H and AY3H) with D-exponents from 24/6-B-4.
24/6-B-5 AY 1H - Using D-Exp from 24/6-B-4
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Fig. 79. D-exponent - 24/6-B-5 AY1H with D-exponents from 24/6-B-4.
24/6-B-5 AY2H - Using D-Exp from 24/6-B-4
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Fig. 80. D-exponent - 24/6-B-5 AY2H with D-exponents from 24/6-B-4.
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Testing of D-exponent on far field wells

As mentioned, the wells of Alvheim and Kvitebjarn fields have TVDs that exceed the TVD of the

reference well, which is 7 076 ftTVD. Therefore, the D-exponent method is applied only on well-

sections that are above 7 076 ftTVD.

Well 34/11-A-4 results are plotted in Figs. 81 and 82. Fig. 81 compares the D-exponents of the reference

well with their corresponding values in well 34/11-A-4. The predicted ROP correlates well except for

the overburden section. As mentioned, this is due to the depth variations of the Utsira formation between

this well and the reference well, in addition to the disappearance of the Nordland group in the reference

well (see Fig. 14 on page 31).

34/11-A-4 and 24/6-B-4 D-Exp compared
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Fig. 81. 34/11-A-4 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).
34/11-A-4 - Using D-Exp from 24/6-B-4
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Fig. 82. D-exponent - 34/11-A-4 with D-exponents from 24/6-B-4.
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Well 34/11-A-5 results are shown in Figs. 83 and 84. Fig. 83 compares the D-exponents of the reference
well with their corresponding values in well 34/11-A-5.

34/11-A-5 and 24/6-B-4 D-Exp compared
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Fig. 83. 34/11-A-5 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).
34/11-A-5 - Using D-Exp from 24/6-B-4
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Fig. 84. D-exponent — 34/11-A-5 with D-exponents from 24/6-B-4.
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Testing of D-exponent on very far field wells

Well 2/11-S-10 results are presented in Figs. 85 and 86. Fig. 85 compares the MSE values of the
reference well with their corresponding values in well 2/11-S-10. The ROP seems to be very poorly
modelled due to the remoteness of the well from the reference well (see Fig. 8 on page 20).

2/11-S-10 and 24/6-B-4 D-Exp comapred
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Fig. 85. 2/11-S-10 and 24/6-B-4 D-exponents compared versus the true vertical depth (TVD).
2/11-8-10 - Using D-Exp from 24/6-B-4
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Fig. 86. D-exponent - 2/11-S-10 with D-exponents from 24/6-B-4.

63



4.6 Warren Model

The Warren ROP model is a function of several parameters as shown in Eq. (2.12). Based on the Warren
model, a new workflow has been designed and implemented on the considered field data (see Fig. 13).
The model is applied to both reservoirs and overburden sections of the reference well 24/6-B-4. The

calculated constants of this well are provided in Table 10.

Table 10. Calculated Warren constants from the reference well 24/6-B-4.

Constants
a 3.995 x 10-05
b 6.8471
b 3.4834 x 10-09

The resulting ROP values of implementing the constants on the well where they were generated (i.e. 24/6-
B-4 H and AY2H) are presented in Fig. 87. The predicted ROP appears to fit well with the field data.

Testing of Warren model on the reference well

The same constants are also implemented on the second lateral section AY1H of the Alvheim well. Fig.
88 shows the model prediction along with the field data. The results show that the model almost nearly
captures the measured data. Comparing the position of the reference well with the section lateral
reservoir section, they are positioned at different depths and don’t seem to have common geological
features. To further investigate the applicability and limitation, theses constants will be applied to the

other five wells.

24/6-B-4 (H & AY2H)
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Fig. 87. Warren model applied on well 24/6-B-4 (H and AY1H).
24/6-B-4 AY 1H - Using Warren constants from 24/6-B-4
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Fig. 88. Warren model - 24/6-B-4 AY1H with Warren constants from 24/6-B-4.
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Testing of Warren model on nearby wells

The following Figs. in this section show the results of implementing the Warren constants produced
from well 24/6-B-4 on the other five wells. The method is applied on all lateral sections of the wells in
case of multiple lateral sections.

Well 24/6-B-1 results are presented in Figs. 89 to 91. The predicted ROP seems to fit relatively well
with the actual ROP. However, the predicted ROP deviates from the actual one in the same depth
intervals as in previous methods. This is due to the depth change of the Hordaland group between this

well and the reference well. (see Fig. 14 on page 31).

24/6-B-1 (H & BH) - Using Warren constants from 24/6-B-4
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Fig. 89. Warren model - 24/6-B-1 (H and BH) with Warren constants from 24/6-B-4.
24/6-B-1 AH - Using Warren constants from 24/6-B-4
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Fig. 90. Warren model - 24/6-B-1 AH with Warren constants from 24/6-B-4.
24/6-B-1 CH - Using Warren constants from 24/6-B-4
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Fig. 91. Warren model - 24/6-B-1 CH with Warren constants from 24/6-B-4.
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Well 24/6-B-5 results are presented in Figs. 92 to 94. The predicted ROP seems to fit relatively well
with the actual ROP. Both of the Alvheim wells 24/6-B-4 and 24/6-B-5 have good results due to their
proximity to the reference well 24/6-B-4.

24/6-B-5 (H & AY3H) - Using Warren constants from 24/6-B-4
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Fig. 92. Warren model - 24/6-B-5 (H and AY3H) with Warren constants from 24/6-B-4.
24/6-B-5 AY 1H - Using Warren constants from 24/6-B-4
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Fig. 93. Warren model - 24/6-B-5 AY1H with Warren constants from 24/6-B-4.

24/6-B-5 AY2H - Using Warren constants from 24/6-B-4
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Fig. 94. Warren model - 24/6-B-5 AY2H with Warren constants from 24/6-B-4.
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Testing of Warren model on far field wells

The resulting ROP of implementing the constants generated from well 24/6-B-4 on well 34/11-A-4 are
presented in Fig. 95. This Kvitebjgrn well is located about 173 km away from the Alvheim reference
well as shown in Fig. 8 on page 20. The observed and discussed geological differences between the
wells are the reason behind the big deviation between the predicted and the actual ROP (see Fig. 14 on

page 31).
34/11-A-4 - Using Warren constants from 24/6-B-4
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Fig. 95. Warren model - 34/11-A-4 with Warren constants from 24/6-B-4.

New Warren constants were calculated for this well to see how the results improve. The constants are
shown in Table 11. The resulting ROP of implementing these constants on the well where they were
produced is plotted in Fig. 96. There is a noticeable improvement in results. However, there are still
some deviations between the predicted and the actual ROP.

Table 11. New calculated Warren constants from well 34/11-A-4.

Constants
a 7.1772 x 10-08
b 24.3549
b -7.2483 x 10-05

34/11-A-4 - Using the new calculated Warren constants

400
200
0 t
1000 3000 5000 7000 9000 11000 13000 15000
——ROP Warren ROP Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 96. Warren model applied on 34/11-A-4 with the new calculated Warren constants.
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The resulting ROP of implementing the Warren constants generated from well 24/6-B-4 on well 34/11-
A-5 are presented in Fig. 97. The ROP seems to be very poorly modelled. The ROP is then modelled
using the newly calculated warren constants from the nearby well 34/11-A-4. The results are presented
in Fig. 98 and seem to be much better than previous results. This indicates that the constants are valid
only within the same region (i.e. locally).

34/11-A-5 - Using Warren constants from 24/6-B-4
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Fig. 97. Warren model - 34/11-A-5 with Warren constants from 24/6-B-4.

34/11-A-5 - Using Warren constants from 34/11-A-4
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Fig. 98. Warren model - 34/11-A-5 with the new calculated Warren constants from 34/11-A-4.

Testing of Warren model on very far field wells

The Valhall well 2/11-S-10 ROP plot is shown in Fig. 99. The results appear to correlate fairly good
with the actual ROP despite its great distance from the reference well. However, the ROP appears also
to be poorly modelled at depths above 5 200 ftMD. Again, this is due to the remoteness of the wells
from the Alvheim reference well as shown in Fig. 8 on page 20, which indicates the existence of

differences in geological facies.

2/11-S-10 - Using Warren constants from 24/6-B-4
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Fig. 99. Warren model - 2/11-S-10 with Warren constants from 24/6-B-4.
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Chapter 5

Modelling Analysis

Different analysis methods are presented in this chapter seeking better evaluation of the ROP modelling.
The purpose of this analysis is to determine how well the modelling of ROP matches the actual ROP. It
also aims to analyze the performance of the ROP, whether or not it is well modelled. Two techniques
are developed and discussed in this chapter to analyze the ROP modelling.

5.1 Time Analysis

Analysis of time differentiation aims to examine the difference between fulfilling the drilling process
by using the time calculated out of the predicted ROP and the real time of the actual ROP. By having
the variation between the two times, a better insight of the required time to fulfil the drilling process is
determined. This method helps us evaluate the accuracy of the different used methods by assessing the
time spent to complete the drilling operation. This is done by calculating the averaged value of the ROP.
This method improves the attitude of the methods that might not have a good ROP prediction, but still
have a good overall drilling time estimation [10].

In order to predict the drilling time used, the value of depth together with the ROP value can be applied
in Eq. (5.1) where ROP is calculated by feet per hour. By applying the values in Eg. (5.1), pragmatic
results are available in order to compare and differentiate the actual time and the estimated drilling time

of each method.

. _ deptharivea (5.1)
r ROP

Here t,. is the drilling time in hours.

By finding a time deviation that every method has of actual drilling time, we can determine the

consistency of each method.

The actual drilling time of each well is first calculated using Eq. (5.1). This is done by dividing the total
depth of each well by the average ROP. The same thing is done for each well in each method in order
to estimate the drilling time out of the predicted ROP values. The time deviation that each method has

from the actual drilling time is calculated using Eq. (5.2).
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Estimated ROF,,,qy — Actual ROP,

% Deviation = el FOD 9 100% (5.2)
avg

The results of time comparison analysis are presented in terms of positive and negative percentage
values in Table 12. Positive values mean that the predicted drilling time for a certain method is longer

than the actual drilling time, and vice versa for negative values.

Table 12. Time comparison for the different methods.

Method
= ) ) Least
> Well Multiple Regression Warren
i squares D-exp MSE
Model
HYP I HYP 1l HYP 1l
24/6-B-4 m +0.00 +0.00 -2.95 - - +9.69
E
_°§’ 24/6-B-1 +44.49 +34.75 -3.76 -24.65 +63.44 -8.08
<
24/6-B-5 -5.28 -5.13 -1.13 +44.84 +51.45 +111.20
34/11-A-4 -56.55 -49.76 +22.52 -0.24 +63.60 -46.49
34/11-A-4
with the new
- - - - - 7.11
Warren
(=
=) constants
o
2
< 34/11-A-5 +3.31 +7.15 +2.47 +8.71 +99.59 -76.70
34/11-A-5
with the new
- - - - - -20.90
Warren
constants
E" 2/11-S-10 -25.56 -16.85 +30.41 -3.18 -6.27 -37.16
(]
>

70



It has been preciously observed that all wells gave approximately the same ROP plots in both hypothesis
I and 11. However, hypothesis 11 is more accurate and shows less deviation from the actual ROP in most
of the wells. The method of least squares attempts to reduce the difference between the predicted and
the actual values of the ROP. This is clearly observed by both of the ROP plots and the time analysis.

The D-exponent method shows much better results than those obtained by the MSE method, although
both depend on the strength and properties of the rocks. The MSE values may vary by thousands of psi
while the D-exponent may vary only by a few decimal fractions. This makes the implementation of MSE

method more challenging and less accurate than the other methods.

Well 24/6-B-5 shows some high values of time deviation, precisely in Warren model, although it has
good results when considering its ROP plots. Well 2/11-S-10 has a similar situation, where it shows low
values of time deviation despite its poor results when its ROP plots. This is due to the fact that the
analysis may improve the attitude of the methods that might not have a good ROP prediction, but still

have a good overall drilling time estimation and vice versa.

Well 24/6-B-1 shows higher deviation values in the multiple regression analysis than those obtained by
the other Alvheim well 24/6-B-5. This is due to the geological differences discussed before between the

well 24/6-B-1 and the reference well.
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5.2 Parametric Sensitivity Analysis

A parametric sensitivity analysis is applied to determine the most influential drilling operational
parameters on the developed ROP model. This is intended to predict which parameters can have a
noticeable effect on the penetration rate in order to be aware of these parameters when drilling a new
nearby well. The idea is to advice operators when planning to drill branched wells in the same formation
with the objective of drilling with higher speed to reduce the non-productive time and thereby reduce
the costs.

All the operational drilling parameters used in the ROP model (i.e. WOB, torque, RPM and Fj,,) are
increased and reduced by 10% separately for the reference well 24/6-B-4. The results of increasing and
reducing the parameters are plotted against the actual modelled ROP in order to see if any improvement

is obtained. This can show us the parameters with the greatest impact on the ROP.

After finding these influential parameters, they are adjusted by 10% in the other five wells to see how
the ROP values vary. ROP averages are then calculated in order to calculate the saved time and costs of
the adjustments.

The analysis is performed on the model which was developed using the multiple regression analysis and
the second hypothesis presented in chapter 4.2.2 (i.e. using coefficients in Table 3). The results of
increasing and reducing the operational drilling parameters (WOB, torque, RPM and Fj,,)) for the

reference well are presented in Figs. 100 to 103 respectively.

WOB effect on modelled ROP

200
100
0
9000 11000 13000 15000 17000 19000
——ROP ——ROP Simulated (+10% WOB) ~ ——ROP Simulated (-10% WOB)  Total Depth [ftMD]
[ft/hr] [ft/hr] [ft/hr]

Fig. 100. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing WOB values by 10%.
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Torque effect on modelled ROP

200
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0
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——ROP ——ROP Simulated (+10% Torque) ~ —— ROP Simulated (-10% Torque) 10tal Depth [ftMD]

[ft/hr] [ft/hr] [ft/hr]

Fig. 101. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing torque values by 10%.

RPM effect on modelled ROP

200
100
0
9000 11000 13000 15000 17000 19000
——ROP =—ROP Simulated (+10% RPM) ~ ——ROP Simulated (-10% RPM) Total Depth [ftMD]
[ft/hr] [ft/hr] [ft/hr]

Fig. 102. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing RPM values by 10%.

Fjm effect on modelled ROP
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9000 11000 13000 15000 17000 19000
——ROP —ROP Simulated (+10% Fjm)  ——ROP Simulated (-10% Fjm) Total Depth [ftMD]
[ft/hr] [ft/hr] [ft/hr]

Fig. 103. Sensitivity analysis - Actual ROP values are compared with the ROP values modelled with
increasing/decreasing F,, values by 10%.
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Drilling parameter's effect on Modelled ROP

150
) . I I l . I I l
100
Torque
M Average Modeled ROP (-10% of the parameter) B Average Modeled ROP (+10% of the parameter)
[ft/hr] [ft/hr]

Fig. 104. Sensitivity analysis - Predicted average ROP for increasing/decreasing the different drilling
parameters by 10%.

The average ROP of the results are shown in Fig. 104 in order to make it easier to determine the
parameters that affect the model most. The WOB and the RPM are obviously the parameters with the
greatest impact on the ROP model in the reference well. This is expected since the corresponding
coefficients for these two parameters have the highest positive values as shown in Table 3 on page 41.
Note that the FP (formation pressure) corresponding coefficient is not used in this analysis because it is

not an operational parameter.

The WOB and the RPM are then increased by 10% for the other wells. The results of this increasing are
presented in Figs. 105 to 109. The ROP averages of these results are shown in Fig. 110. This analysis
aims to advice drillers when planning to drill branched wells in the same formation to optimize the
drilling operation.

24/6-B-1 (H & BH) - ROP Modelled (+10% WOB +10% RPM)

300
150
0
2000 3000 4000 5000 6000 7000 8000 9000 10000
——ROP Modelled ——ROP Modelled (+10% WOB +10% RPM)
[ft/hr] [ft/hr] Total Depth [ftMD]

Fig. 105. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and the
actual modelled ROP are compared for well 24/6-B-1 H.

24/6-B-5 (H & AY3H) - ROP Modelled (+10% WOB +10% RPM)

300
150 A .
/4
0
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
———ROP Modelled ——ROP Modelled (+10% WOB +10% RPM)
[ft/hr] [ft/hr] Total Depth [ftM D]

Fig. 106. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and the
actual modelled ROP are compared for well 24/6-B-5.
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34/11-A-4 - ROP Modelled (+10% WOB +10% RPM)

400
200
0
1000 3000 5000 7000 9000 11000 13000 15000
———ROP Modelled ROP Modelled (+10% WOB +10% RPM)
[ft/hr] [ft/hr] Total Depth [ftMD]

Fig. 107. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and the
actual modelled ROP are compared for well 34/11-A-4.

34/11-A-5 - ROP Modelled (+10% WOB +10% RPM)

400
200
o
1000 3000 5000 7000 9000 11000 13000 15000
———ROP Modelled ROP Modelled (+10% WOB +10% RPM) Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 108. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and the
actual modelled ROP are compared for well 34/11-A-5.

2/11-S-10 - ROP Modelled (+10% WOB +10% RPM)

500
250
0
1000 3000 5000 7000 9000 11000 13000 15000 17000
———ROP Modeled ——ROP Modelled (+10% WOB +10% RPM) Total Depth [ftMD]
[ft/hr] [ft/hr]

Fig. 109. Sensitivity analysis — The modelled ROP with an increase of the WOB and the RPM by 10% and the
actual modelled ROP are compared for well 2/11-S-10.
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Average ROP before and after the increase of WOB & RPM for all wells

24/6-B-1 24/6-B-5 34/11-A-4 34/11-A-5 2/11-5-10

'fﬁ:a}' Modelled ROP ® \jodeled ROP (+10% WOB +10% RPM)...
t/hr

200

15

o

10

(=]

50

Fig. 110. Average ROP for all plots in Figs. 105 to 109.

The saved time of increasing the WOB and RPM by 10% for the five wells is calculated using Eq. (5.1).
The saved time varies between 8 - 16 hours. This corresponds to 81 - 165 thousand USD. The assumed
average rig rate for semisubmersibles is 250 thousand dollars per day; this assumption is based on data
from last year [74]. Figs. 111 and 112 introduce the time and the expenditures saved in the form of

histograms for each well.

24/6-B-1 24/6-B-5 34/11-A-4 34/11-A-5 2/11-5-10
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15

Saved time
[hrs]
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5
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Fig. 111. Amount of time saved after the WOB and the RPM increase by 10%.
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Fig. 112. Amount of money saved after the WOB and the RPM increase by 10%.
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Chapter 6

Summary and Discussion

For better ROP modelling and prediction, it is important to evaluate different modelling approaches and
test the models for laboratory and field data. This section presents the summary and analysis of the
results presented in Chapters 4 and 5 regarding the model prediction and limitations of application. In
addition, the developed ROP optimization procedure will be presented step by step.

6.1 Model Prediction and Limitations

Some relationships in the trends were obtained by the different methods, especially in the Alvheim wells
where the reference well is located. It was expected of the different methods to give similar good results
in the Alvheim wells. This is due to the small changes in geology between the Alvheim wells.

According to previous studies and experiments, we can conclude that there is good agreement with the
work done by Morten Adamsen Husvag [10].

Multiple Regression Analysis
The major pattern in the observations is that the developed model (using multiple regression analysis)

is only applicable for nearby wells. The model is developed based on two hypotheses that models i) the
reservoir section and ii) the whole borehole of the reference well. However, hypothesis Il is more

accurate and shows less deviation from the actual ROP in most of the wells.

Method of Least Squares
This method was applied on the hypothesis 11-based ROP model since it has shown better results in the

multiple regression analysis. This method improved the developed model by multiple regression
analysis and reduced the differences between the predicted and the actual values of the ROP. It has also
shown good results when the reference well coefficients were implemented on the other five wells.
However, this seems to have some weaknesses when considering the values of these coefficients, where
all the coefficients equal to zero except the FP (formation pressure) corresponding coefficient (see Table
4). This is not physical true because the main parameters making the drilling operation are not included

in the model.
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Warren Based Modelling
Similar to Warren model, the calculated constants from one well may only be applicable for close-by

wells. This is clearly observed by both of the ROP plots and the time analysis. The Kvitebjarn wells
have shown very poor results when using the reference-well-based Warren constants. These results were
significantly improved when we recalculated the Warren constant based on one of the Kvitebjarn wells.
This indicates that the constants are valid only within the same region and may be applicable to
neighbouring wells. However, by using the new calculated Warren constant, this model seems to
produce the best ROP predictions among the used methods, particularly in the distant wells.

D-exponent Method
Moreover, the D-exponent method has shown the very good results in both time analysis and predicted

ROP plots shown chapter 4. However, Warren model is considered to be best methods model in this
thesis when it comes to the application on both nearby and remote wells.

MSE Based Method
The D-MSE method has shown very poor results compared to those obtained by the D-exponent method.

As mentioned before, this is due to the fact that the MSE values may vary by thousands of psi while the
D-exponent may vary only by a few decimal fractions.

Time Analysis and Sensitivity Study
The parametric sensitivity analysis has also shown that the WOB and the RPM are the most influential

parameters on the developed ROP model. By increasing each with 10%, the drilling time was reduced
by 8 - 16 hours. This corresponds to 81 - 165 thousand dollars if the rig rate is 250 thousand dollars per
day [74].

6.2 Modelling Limitation Summary

ROP prediction is evaluated for the different used methods in this section. A summary of the main
limitations of the different methods assessed against the area of application is shown in Table 13. Colour
coding is used to evaluate better the overall ROP prediction of the different methods (green is good,

yellow is moderate, and red is poor).
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Table 13. The modelling limitation summary for the different methods. Colour coding is used to evaluate the
ROP prediction of each method (where green is good, orange is moderate, and red is poor).

Area of application

Method
On the originating well Nearby Faraway
Excellent prediction of Very good prediction = e  Poor ROP prediction
) ROP of both HYP | of ROP of both HYP of both hypotheses.
Multiple
] and I1. l'and I1. e Very good overall
Regression S
. 100% correct overall Pretty good overall drilling-time
(section 4.2) S T -
drilling-time drilling-time estimation.
estimation. estimation

Least Squares
(section 4.3)

Warren Model
(section 4.6)

D-Exponent
(section 4.5)

MSE
(section 4.4)

Reasonable prediction
of ROP.

Very good overall
drilling-time
estimation, due to
reduced differences
between the predicted
and the actual ROP.
Poor reliability.
Excellent prediction of
ROP.

Slightly good overall
drilling-time
estimation.

Some deviation
between actual and
calculated D-EXP
values.

Good ROP prediction
Some deviation
between actual and
calculated MSE
values.

Good ROP prediction

Reasonable ROP
prediction of
HYP II.
Very good overall
drilling-time
estimation.

Poor reliability

Good ROP
prediction.

Pretty good overall
drilling-time
estimation

Good ROP
prediction.

Very good overall
drilling-time
estimation.

Good ROP
estimation.

Bad overall drilling-

time estimation.

Reasonable ROP
prediction of
HYP II.
Very good overall
drilling-time
estimation.

Poor reliability.

Pretty good ROP
prediction when
applying recalculating

the constants.

Slightly good ROP
prediction.

Very good overall
drilling-time
estimation.

Poor ROP estimation.
Good overall drilling-

time estimation.
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The results variations of the different methods show why the ROP modelling may be challenging. The

results have shown how applicable the different methods are, and have defined their area of application.

These have also helped in developing an optimization process to reduce time and expenditures of the

drilling process. This process is summarized in the next section.

6.3 ROP Optimization Process

In this thesis, new methods of ROP optimization have been developed and tested in chapters 4 and 5.

The process of optimization is summarized as follows.

If a well to-be-drilled near a pre-drilled well, or if a well to be sidetracked:

1.
2.

6.4

Stratigraphic and well-to-well correlations are performed.

Multiple regression analysis and the modified Warren model are applied to generate the model
coefficients (see sections 3.2 and 3.6). Data outliers are removed when applying these
techniques.

Step 2 is applied to the desired section, depending on the purpose of the model. For example, if
the purpose of the model is to predict ROP for a branched lateral well, the model coefficients
can be developed based on data from the previous lateral well.

The model can be verified on pre-drilled nearby wells.

The average ROP and time are computed for the pre-drilled well and used as a reference. These
are then compared with the predicted average of the well to-be-drilled.

The drilling parameters with the greatest impact on the model are defined. These parameters
correspond to the highest positive coefficients developed in step 2. A sensitivity analysis in
then performed by increasing these parameters. The average ROP and time are then computed
and compared with the reference results specified in step 3.

More sensitivity analysis can be performed by combing higher and smaller coefficients. Finally,

the best and most realistic combination can be selected and applied to the new well to-be-drilled.

Modelling Uncertainties

The modelling approaches are based on one single well, this may reduce the reliability and the
predictability of the models.

Data quality and data outliers.

MWD-tools failures and measurements uncertainties.

The geological differences between the wells and the modelling assumptions made (e.g. the

assumptions made on the MSE and the D-Exp workflows in sections 4.4 and 4.5).
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Chapter 7

Conclusions

In the industry, there are software, practices and methods used to optimize drilling operation. Among
others, ROP is one of the optimization consideration. The primary objective of this thesis work was to
model ROP based on existing well data, and test its application to a nearby well to-be-drilled. However,
this type of modelling and application needs to be tested to investigate the extent of the limitation.

To answer the research question addressed, a methodology has been designed to model and test their
limits of application. For this, two hypothesis and five modelling approaches have been tested on six
wells in the NCS. The wells are located in the Alvheim, Kvitebjgrn, and Valhall fields. Of these, in
Alvheim field, 24/6-B-4 well was considered as a reference and used for modelling. The reference model

was then tested on several nearby, far and very far field well data.

Based on considered field data, wells, and the modelling strategies, the results are summarized as

follows:

In terms of modelling
In general, the predictive power of the different models varies. Except for the least square method, the

modelling methods show quite good match with the field data.

In terms of limitation
The models seem to work well when applying within the same block on nearby wells. Analysis of the

well-to-well correlation chart indicates the similar lateral geological features between the wells. When
applying on far fields, some of the modelling technics work well. However, the degree of the prediction

is not as good as on the nearby wells.

ROP optimization
The reservoir-section-based model has shown excellent results when it was applied on the other

branched lateral sections of the well. Based on this observation, ROP optimization procedure has been
developed. The method is designed to be applied when planning to drill a new well within the same
reservoir section. Based on the positive and high-value coefficient, one can increase the associated
operational parameter during drilling a new well to increase the ROP. In this thesis, the method is
illustrated with a simple example showing that the drilling time saved ranges between 8 - 16 hours by
increasing the WOB and the RPM by 10%.
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Appendix |

Literature Reviewed

Bourgoyne and Young Model

As mentioned before, Bourgoyne and young [28] developed a model that simplifies the rotary drilling
process into one single model. Bourgoyne and young introduced in this model the penetration rate as a
function of several drilling variables that are considered to have an effect on the ROP which are:
formation strength, depth and compaction, bit hydraulics, rotary speed, pore pressure, bit weight, teeth
wear and bit diameter.

The following penetration rate (dD /dt) model was selected to predict the effect of the above-mentioned
drilling parameters (x;):

8

dD

P exp| a; + ZZ a;x; (A1)
]:

The constants (al - a8) are selected to model the ROP and the drilling behaviour in a given formation
type. Eq. (A.1) is linear, and the constants can therefore be determined using multiple regression analysis
[28].

The model can also be expressed as [4]:

ROP = fi* foxfaxfoxfsxfoxf7%fg (A2)

Where the functions (f;-fg) express the various normalized effects on ROP and the constants (al - a8)
are experimental model constants [46].

The first term (f;) expresses the effect of rock drillability (proportional with the formation strength) and
is given by:

fi= e2:303a; (A3)
The second term (f,) models the compaction effect and is given by:
f, = 2:303a2(10,000-D) (A.4)

Where (D) is the depth in feet. The third term models (f3) the under-compaction due to differential
pressure and is given as:

fi = 2:303a3D%%°(g,—9.0) (A.5)

Where (g,,) is the pore pressure gradient in pounds per gallon equivalent. The fourth term (f,) is the
effect of differential pressure,
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f, = 22:303a3D(gp—Pc) (A.6)

Where (p.) is the mud weight in pound per gallon. The fifth term (f5) model the effect on ROP caused
by changing WOB,

(WOB) _ (WOB) as
db db t

WOB
v0- (22F)
dp /,

(A7)

fs =

The threshold bit weight (WOB/d,,), is estimated using drill-off tests. And the bit weight exponent
values are reported to vary between 0.6 and 2.0 [28].

The sixth term (fi) models the effect of rotary speed (RPM) on the ROP and is given by:

fo=(2)" (A9

The seventh term (f,) models the effect of bit wear on the ROP. It depends on bit type and formation
type and is given by:

f7 = e~ a7h (Ag)
Where (h) is the fractional tooth height worn away given as:

_ % " (Depthcurrent - Depthin)

= (A.10)
8 (Depthyy: — Depthyy,)

Where (DG) is the IADC dull bit grade reported when the bit is pulled out and has a value that varies
between 0 and 8 [46]. The last term (fg) is the effect of bit hydraulics on the ROP given as:

a
Fj ) ° (A.11)
1000

=

Where (F;) is the hydraulic jet impact force beneath the bit [Ibf]. Eckel [75] discovered that ROP was
proportional to square root of Reynolds number group (pq/ud,). Where (p), (q), (w) and (d,,) are the
mud density [Ib/gal], the flowrate [gal/min], the apparent viscosity [cp] and the bit nozzle diameter [in]
respectively.

Pq
F. =
) 0.35ud,,

(A.12)

Real-Time Bit Wear Model

The eight functions in Bourgoyne and Young model can be inverted in order to obtain the formation
drillability function (f;) shown in the following equation:

A-2



fi= ROP (A.13)

fixfaxfaxfa*xfs*fexfr+*fs

The new suggested model fins the relationship between MSE value and rock drillability and is proposed
in the power form as:

K>

MSE = K, (%) (A.14)

Where (K; and K,) constants are obtained from the offset wells data. The (K;) constant is used for real
time application to estimate of the wear function when bit is in the hole. This constant has been
normalized in order to adjust the trends of (K;) and bit wear grade against depth. The normalized
inversion of (K;) is given by:

1
Nwm(—)zl—A*W (A.15)
K;

Where (h) is the fractional bit tooth dullness given in Eqg. (A.10). The most accurate value of the (B)
constant was obtained using typical regressive software and is given as: (B = 5.6392 h + 0.4212). The
correlation coefficient for this fit is very good, and the proposed model showed positive results with
data [76].

Hareland and Rampersad Model
The general ROP model form for a full efficient bit cleaning is given by [55]:

(A.16)

G.RPMY.WOB®
ROP = W;

d,.UCS

Where (y) and (a) are the ROP model RPM and WOB exponents respectively. (W) is the wear function,

this function calibrates ROP values for a worn bit. (G) is the ROP model constant determined by the
blade and bit geometry.

Maurer Model

The Maurer ROP model was developed assuming incomplete bit tooth and perfect bottomhole cleaning
condition. This model is given by [56]:

(A.17)

rOP — K [WOB (WOB) z
- 52| q, dp /,

Where K is the constant of proportionality, (WO0b/d}); is the threshold bit weight. Bingham

Bingham Model

The Bingham model is a simple experimental model which is a modification of the Maurer model. The
threshold bit weight (WOb/d},), is assumed to be negligible in this equation and the bit weight exponent
(ag) is to be determined experimentally. This model has less reliability as it neglects depth of drilling
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[57]. Bingham suggested the following laboratory derived equation which is applicable for low WOB
and rotational speed (N) [45, 57]:

WOB\% (A.18)
) W
dp

Where (K) is the constant of proportionality that includes the effect of rock strength and (as) is the
bit weight exponent.

ROP:K(

Appendix 11

Modelling Implementation

Multiple Regression

The regression data analysis is first performed. The intercept value is represented by the initial value of
coefficients (by). The other coefficients (b;_5) are then multiplied according to their order with the
regression variables (X;_s) as shown in Fig. 113.

Eqg. (3.3) is used to model the ROP in this part. Fig. 113 shows how Eq. (3.3) is used in Microsoft Excel
software to calculate the modelled ROP listed in column H for each depth point. Cell columns B, C, D,
E and F, contain the regression variables (WOB, Torque, RPM, Fj,;,, and FP) respectively. The

coefficients are listed in cells K18 to K23 and donated by a $ sign to keep their values constant during
the whole process.

Modelled ROP = K$18 + K$19 * B2 + K$20 * C2 + K$21 * D2 4+ K$22 + E2

(A.19)
+ K$23 * F2
10G A1 X o fe =KS184KS19%B24K$20*C24KS21 *D2+KS22%E2+KS23%F2
A B c D E F G H ] K
i
TotDepth WOB TORQUE ~ Bt .o FPEaton  ROP M°:;P9d
I i Ib/gal
1 [ft] [Ibf] [ft-Ibf] [rpm] [Ib/gal] [ft/hr] (ft/hr)
2| 9s96]  8se6|  19368| 61/ 0.0100] 35| 7ag[ks23 2 | SUMMARY OUTPUT
3 9613 7167 18646 62 0.0098 12.6 848 1111
4 9620 5403 17598 62 00101 127 670 1083 Regression Statistics
17 9843 9704 15098 88 00101 108 52.1 59.7 Coefficients
18 9850 11269 16234 118 00107 1.1 917 1002 Intercept -540.5473377
19 9875 11137 16381 118 00107 108 80.7 87.2 X Variable 1 0.00406349
20 9892 10123 15865 118 0.0107 102 497 50.8 XVariable2 | -0.001055771
21 9908 13739 16212 120 00108 10.8 97.1 95.5 XVariable3 | 0.839940302
22 9925 12438 15961 120 00107 103 714 69.9 X Variable 4 -3207.857749
23 9941 13497 14891 150  0.0106 100 83.9 84.4 X Variable 5 49.32506944

Fig. 113. Eq. (3.3) applied (Microsoft Excel).

Warren Model

Rock strength (UCS) is first calculated as a function of MSE in Microsoft Excel software. The 1st term

(szdf ROP), the 2nd term (N%,,ROP) and the 3rd term (T—”ROP) of Eq. (3.8) are then calculated in
jm

NWOB?

Microsoft Excel software. The procedure is shown in Figs. 114, 115 and 116 respectively.
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A

Pl v X fx =GZ*2A2*A243/(D2*B2°2)

A B C fida i F G H | ]
BitD WOB TORQUE Bit Fjm EaFtF;n ROP ca':;“’d ucs P
i Ibf]  [ft-lb Ib h '
LIl U0 feml b 0 M 0 (e
2 [ 5| s866] 19368] 6100100 135] 74.8] 84.1] 29445]=G2*12A2*A2A3/(D2*B2A2) |
3 0.5 7167 18646 62 0.0098 12.6 848 72.6 25419 14745

Fig. 114. The 1st term of Eq. (3.8) calculated (Microsoft Excel).

Pl Y% v fx =G2/(D2*A2)
A B c D | E F G H | J K
BitD WOB TORQUE Bit Fjm E:Dn ROP ca'::;te" ucs st o
i Ibf]  [ft-Ib Ib h i  TERM
2 [in] . [Ibf]  [ft-Ibf] .Irpm]. [Ibf] lIb/gal] [ft/hr] ~ [kpsi] [psi]
2 [ 95| 8866 19368 61/0.0100 135 74.8] 84.1 29445 11598[=G2/(D2*A2) |

3 9.5 7167 18646 62 0.0098 12.6 84.8 72.6 25419 14745 0.14393
Fig. 115. The 2nd term of Eq. (3.8) calculated (Microsoft Excel).

Pl S X v fc =D2*A2*K$5°B2/C2
A B c D E ; G H [ I
BitD MWIN Fm  ROP Ca';‘;te" ucs 1t 2nd S e
[in] [lbm/gal] [Ibf] [ft/hr] [kpsi] [psi] TERM TERM
2| 95 1.0/0.0100|  74.8| 84.1 29445 11598 0.1291|=D2*A2*K$5*B2/C2 |  [cp]
3 9.5 83 0.0098  84.8 726 25419 14745 0.1439 10276712 | 15 |

Fig. 116. The 3rd term of Eq. (3.8) calculated (Microsoft Excel).

Cell column J in Fig. 114 calculates the 1st term for n * depth-points. The 1st term column can be
written as an (n x 1) x-vector. Cell column K in Fig. 115 calculates the 2nd term for n = depth-points.
The 2nd term column can be written as an (n x 1) y-vector. Cell column | in Fig. 116 calculates the 3rd
term for n = depth-points. The same is done for the 3rd term column, it is written as an (n x 1) z-vector.

Eqg. (3.10) is then solved for Warren constants a, b and ¢ in MATLAB software. Warren ROP can then
be calculated using Eq. (3.11) as shown in Fig. 117. The used a, b and ¢ constants in Fig. 117 equal to
3.995e-05, 6.8471 and 3.4834e-09 respectively.

Pl % o fx =A2/{3.9955e-05*C2 +6.8471*D2 + 3.4834e-05%E2)
A B & D E F
ROP ucs 1st 2nd 3rd Warren ROP
1 | [ft/hr] i} [psi] TERM  TERM TERM [ft/hr]
2 [ 74.8_| 29445| 11598| 0.1291] 1069703|=A2/(3.9955e-05*C2 + 6.8471*D2 + 3.4834e-09*E2) |
3 84.8 25419 14745 0.1439 10276712 52.6

Fig. 117. ROP calculated using Warren model and the constants (a. b and c).
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