
Organization and Analysis of 
Measurement While Drilling 

(MWD) Data

Curtis Link Ph.D., Montana Technological University 

David Barrick P.E., Montana Technological University

Nick Jaynes P.E., Formerly Montana Department of Transportation

Dennis O’Meara, Drill Data Maps

February 26, 2025

Final Presentation



2February 26, 2025

Quick Summary



3

• What is MWD?
• Instrumented drill rig: 

• Job and measure time
• Depth
• Drilling rate
• Down pressure 
• Rotation speed 
• Rotation torque
• Tool acceleration
• Fluid flow rate
• Fluid injection pressure

• Why?
• Accurate geological profiling
• Geotechnical parameters
• Detection of voids, fissures, other 

anomalies
• Potential increase in productivity 

by reducing the number of time-
consuming Standard Penetration 
Test (SPT) profiles

• Overall control of the drilling 
process

Geostrata, Dec 23/Jan 24, Benoit & Souza
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• Who’s using it?

• More than a dozen agencies and 
organizations across the U.S. have 
instrumented drill rigs
• 11 state DOT’s
• 2 federal agencies

• Europe
• Longer history of MWD use
• Hollow stem auger (HSA) 

drilling more common in U.S. –
high torque, mechanically 
driven rigs

• Hydraulic drill rigs more 
common in Europe

Geostrata, Dec 23/Jan 24, Lindenbach et al.
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MWD in Montana
• Eastern Montana fine grained soils and 

IGM’s (Intermediate GeoMaterials)
• Sedimentary rocks - Fort Union 

Formation
• Unconfined compressive strength 

(UCS) less than 725 psi
• International Society for Rock 

Mechanics:
• Extremely weak rock 35 to 150 psi
• Very weak rock 150 to 725 psi

Montana Department of Transportation
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20 miles
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• MWD: 
• *HSA:  0 to  ~ 25 to 30 feet
• SPT over HSA interval
• Coring with fluid below HSA

• Data preparation
• SPT data parsing (see arrows)
• Analysis targets: 

• SPT blows per foot at HSA auger changes
• UCS/Unit weight from coring/lab data

*HSA – Hollow Stem Auger

HSA/SPT

Coring/Lab 
samples

Sandy silt

Silty sand

Siltstone

Coal

Claystone

Siltstone

9727-7
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Input data:
• Depth (ft)
• Peak down pressure (psi)
• Rotation torque (lb-ft)
• Rotation speed (rev/min)
• Moving speed (ft/h)
• *Specific energy (ft-lb/ft3)

Prediction targets:
• SPT blow counts/foot
• UCS
• Unit Weight

*compound parameter

Analysis data

February 26, 2025



11

 
P

Somerton index
V

=

 

 

 

 

F
P down pressure

A

N rotation rate

T torque

A area

V penetration rate

R rotation rate

= =

=

=

=

=

=

 
TN

Drilling energy
V

=

Compound parameters: specific/drilling energies and 
Somerton index

Source: Guidelines on Measurement While 
Drilling (MWD) for Geotechnical 
Investigations

2
  

F NT
Specific drilling energy

A AV


= +

Used by various 
researchers in varying 
situations

Used for our analysis

Matlab user interface

February 26, 2025



12

Analysis approaches

• Phase 1 – single parameter linear and 
exponential regression
• Four MWD parameters, specific energy 

and depth (6 inputs) vs. Blow count, UCS, 
Unit Weight

• Phase 2 – multiple parameter linear
regression (MLR)
• All possible combinations (63) of 6 inputs 

(above) to predict Blow count, UCS, Unit 
Weight

• Phase 3 – multiple parameter 
nonlinear analysis (artificial neural 
networks - ANN)
• All combinations (63) of 6 inputs (see 

previous) to predict Blow count, UCS, 
Unit Weight

February 26, 2025
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Phase 1 - Single parameter linear and exponential 
regression:  SPT N (Note: not showing depth or rotation speed correlations)

February 26, 2025
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Phase 1 - Single parameter linear and exponential 
regression:  UCS (Note: not showing depth or rotation speed correlations)
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Phase 1 - Single parameter linear and exponential 
regression:  Unit Weight (Note: not showing depth or rotation speed correlations)
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Phase 1 - Single parameter linear and exponential 
regression - Summary

SPT N
(n = 64)

UCS (psi)
(n = 117)

Unit weight (pcf)
(n = 117)

MWD input
Linear 

R2 Exponential R2

Linear 
R2

Exponential 
R2

Linear 
R2 Exponential R2

Depth 0.51 0.49 0.01 0.11 0.19 0.19

Down pressure 0.36 0.34 0.00 0.00 0.05 0.05

Rotation torque 0.25 0.24 0.13 0.17 0.03 0.02

Rotation speed 0.01 0.01 0.10 0.11 0.01 0.01

Rate of advance 0.02 0.02 0.05 0.06 0.00 0.00

Specific energy 0.37 0.34 0.08 0.09 0.12 0.11

• Low correlation 
coefficients 
(see previous 
plots)

• Poor predictive 
capability

February 26, 2025
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Phase 2 - multiple parameter linear regression (MLR) 
63 combinations

Following show MLR results in matrix form: 
• Columns show six possible inputs
• Rows show combination of inputs
• Regression coefficient value shown in each cell 

in rows
• Color scale is 0 to 1 representing regression 

coefficient
• Color scale ranges from blue (0) to yellow (1)
• See example at right

Note: inclusion of depth as a parameter

February 26, 2025
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Phase 2 - multiple parameter linear regression – SPT N

• SPT correlation 
coefficients 
significantly 
improved to 
approximately 
0.6 range (light 
green)

• Improved 
predictive 
capability

February 26, 2025
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Phase 2 - multiple parameter linear regression – UCS

• UCS correlation 
coefficients 
slightly 
improved to 
approximately 
0.2 range (light 
blue)

• Little 
improvement 
in predictive 
capability

February 26, 2025
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Phase 2 - multiple parameter linear regression – Unit weight

• Unit weight 
correlation 
coefficients 
slightly 
improved to 
approximately 
0.25 range 
(light blue)

• Not much 
improvement 
in predictive 
capability

February 26, 2025
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Now 
what?

• Linear (and exponential) 
fitting: 
• Poor results
• Low predictive power
• Lost cause? 

February 26, 2025
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6 possible inputs:
• Peak down pressure (psi)
• Rotation torque (lb-ft)
• Rotation speed (rev/min)
• Moving speed (ft/h)
• Depth (ft)
• Specific energy (ft bl/ft3

1 hidden layer:
• Vary number of neurons in

hidden layer:
2 3 5 7 9 10 11 15 20 25 30

1 output layer:
• Single neuron

Phase 3 – multiple parameter nonlinear analysis 
(fitting neural network - ANN)

tansig

linear

Input layer

Output layer

Hidden layer

Weights

Stochastic/iterative process:
• Each NN model initializes with random weights

and biases
• Each NN model uses a random partitioning of

data inputs into training, validation and testing
subsetsUseful reference: Neural Network Design, 

Hagan, Demuth, Beale, De Jesus, 2nd Edition

February 26, 2025
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Neural network results – SPT N

Mean R2 regression results over 100 trials Best R2 regression results over 100 trials

• Training target: 
• BlowsPerFoot
• Number of blow count values = 64

• Training subset – 70%
• Validation subset – 15%
• Testing subset – 15%
• All – 100%

• Possible training inputs: 
• 1 - Depth
• 2 - PeakDownPressurepsi
• 3 - RotationTorquelbft
• 4 - RotationSpeedrevmin
• 5 - MovingSpeedfth
• 6 - Specific energy

February 26, 2025
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Neural network results – UCS

Mean R2 regression results over 100 trials Best R2 regression results over 100 trials

• Training target: 
• UCSpsi
• Number of blow count values = 117

• Training subset – 70%
• Validation subset – 15%
• Testing subset – 15%
• All – 100%

• Possible training inputs: 
• 1 - Depth
• 2 - PeakDownPressurepsi
• 3 - RotationTorquelbft
• 4 - RotationSpeedrevmin
• 5 - MovingSpeedfth
• 6 - Specific energy

February 26, 2025
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Neural network results – Unit Weight

Mean R2 regression results over 100 trials Best R2 regression results over 100 trials

• Training target: 
• Unitweightpcf
• Number of blow count values = 117

• Training subset – 70%
• Validation subset – 15%
• Testing subset – 15%
• All – 100%

• Possible training inputs: 
• 1 - Depth
• 2 - PeakDownPressurepsi
• 3 - RotationTorquelbft
• 4 - RotationSpeedrevmin
• 5 - MovingSpeedfth
• 6 - Specific energy

February 26, 2025
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Best NN results – SPT N

Depth
Down 

pressure
Rotation 
torque

Rotation 
speed

Moving 
speed

Specific 
energy

HL no. Sum R2 Avg. R2

✓ ✓ ✓ ✓ 9 3.54 0.89

✓ ✓ ✓ ✓ 15 3.61 0.90

✓ ✓ ✓ ✓ ✓ 10 3.51 0.88

✓ ✓ ✓ ✓ ✓ 15 3.64 0.91

✓ ✓ ✓ ✓ ✓ 9 3.53 0.88

✓ ✓ ✓ ✓ ✓ 11 3.52 0.88

List of models with high R2 values for SPT NN modelling

February 26, 2025
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Best NN results – UCS

List of models with high R2 values for UCS NN modelling

Depth
Down 

pressure
Rotation 
torque

Rotation 
speed

Moving 
speed

Specific 
energy

HL no. Sum R2 Avg. R2

✓ ✓ 10 2.77 0.69

✓ ✓ 20 2.86 0.72

✓ ✓ ✓ ✓ 30 2.99 0.75

✓ ✓ ✓ ✓ 25 2.83 0.71

February 26, 2025
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Best NN results – Unit Weight

List of models with high R2 values for Unit Weight NN modelling

Depth
Down 

pressure
Rotation 
torque

Rotation 
speed

Moving 
speed

Specific 
energy

HL no. Sum R2 Avg. R2

✓ ✓ ✓ 25 3.43 0.86

✓ ✓ ✓ 25 3.32 0.83

✓ ✓ ✓ ✓ 5 3.35 0.84

✓ ✓ ✓ ✓ 7 3.31 0.83

✓ ✓ ✓ ✓ 20 3.35 0.84

✓ ✓ ✓ ✓ 9 3.35 0.84

✓ ✓ ✓ ✓ ✓ 9 3.32 0.83

February 26, 2025
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Conclusions and takeaways

• Problem appears to be nonlinear; at least for 
Montana IGMs

• Single  and multiple parameter linear correlations 
give poor results

• Using a compound parameter (a function of 4 
individual MWD parameters i.e. specific energy), 
gives somewhat better linear correlations

• Depth is an important predictive parameter
• A nonlinear approach (ANN) using combinations 

of individual parameters as inputs gives much 
improved prediction capability

• Ranked best predictive results: 
1. SPT blow counts
2. Unit weight
3. UCS

“MWD will improve the way we 

characterize materials, especially 

within harder materials like partially 

weathered rock where SPTs meet refusal 

and CPTs provide limited or no 

information, and high-quality rock cores 

may be difficult to obtain.”
Rivers & Rogers, Geostrata

Geostrata, Dec 23/Jan 24, Lindenbach et al.

February 26, 2025
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Example of fitting 
multiple parameter 
data

Prediction of measured data using 
parameter x. 

Analogous to predicting e.g. SPT blow 
count using MWD parameter 1.

February 26, 2025
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Example of fitting 
multiple parameter 
data cont.

Prediction of measured data using 
parameter y. 

Analogous to predicting e.g. SPT blow 
count using MWD parameter 2.

February 26, 2025
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Example of fitting 
multiple parameter 
data cont.

Prediction of measured data using 
multiple parameters x and y. 

Analogous to predicting e.g. SPT blow 
count using two MWD parameters.

February 26, 2025
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Example of fitting multiple parameter data concl.
Prediction of measured data 
using multiple parameters x 
and y. 

Analogous to predicting e.g. 
SPT blow count using two 
MWD parameters.

------- Linear regression parameter 1 ---------
rSq =

0.49263
------- Linear regression parameter 2 ---------
rSq =

0.31858
------- Multiple Linear Regression ---------

using fitting parameter 1 (y) and fitting 
parameter 2 (x)
x and y predicting z - R squared = 0.99979

Rotation of previous plot showing almost perfect fit. 

February 26, 2025



MWD Implementation Recommendations

MWD IMPLEMENTATION

Recommendation 1
Have the engineer/geologist actively involved with the MWD process 
from beginning to end
• Ideally, have the engineer/geologist do the actual drilling 
• Understand the MWD instrumentation
• Reduction of variables

• Continuous drilling versus sampling drilling
• Standardization of drilling styles/preferences

• Rotation speed
• Down pressure
• Moving speed 

• Different geologies impact these drilling styles

34February 26, 2025



MWD Implementation Recommendations

MWD IMPLEMENTATION

Recommendation 2
Update models as MDT collects additional MWD data
• May have to create different models based on:

• Geological setting
• Drill rig type
• Drilling depth
• Shallow vs. deep

• Similar to correction for blow counts

• Drilling operator
• Drilling method

• Currently have hollow-stem auger and HQ rock coring in clay overlying IGMs of 
Eastern Montana

35February 26, 2025



MWD Implementation Recommendations

MWD IMPLEMENTATION

Recommendation 3
• Correlations to direct measurement data
• Driven pile capacities

• Pile driving analysis (PDA) data
• Can MWD data accurately predict:

• Soil resistance at different depths
• Pile capacities

• Osterberg Cell
• Can MWD predict ultimate skin friction and end-bearing capacities 

obtained from Osterberg Cell tests – drilled shaft

36February 26, 2025


