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Application of geometric and geologic
Information for optimization In construction
projects

Focusing on parametric design and machine learning in
Engineering Geology

Tom F. Hansen



Outline

9 Introduction to parametric design in Rhino and
Grasshopper

9 Parametric model of rock support in rock slope
9 Parametric model of rock support in tunnelling

9 Parametric model for drilling geometry in rock grouting

9 Machine learning in engineering geology — example from
rockmass classification in advance
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Parametric 3D modelling

Using Rhino and Grasshopper

: PROGRAMMING

Rhinoceros’



The what?

J A combination of CAD software and
programming interface to create 3D
geometries.

|/ Rhino is used to visualize results (CAD)

&y

Rhinoceros’

Grasshopper is used to create the geometry, and muc
more...
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The what?

Y,
D

Rhinoceros

“J Geometries are parametric — we can
change the parameters to modify the
model seamlessly

7 Geometries are computational — we apply
math to create the design

“ Geometries can be generative— we can
iterate the process based on goals to obtain
the best solution
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The how?

9 We use Grasshopper - a visual
programming tool

7 It’s like scripting — but simply more intuitive

“ We can create complex geometries in
3D with little effort — fast and efficient

“J On this geometry we can perform
evaluations and analysis

“ We can then communicate our
design and results using BIM and VR,
or export to drawings.

7 Suitable for development of dicipline models
NG| DIGITALin rock support, rock grouting and
geotechnical constructions.
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Parametric model of rock support in rock slope

Snitt 3

+———Baksprekk

9 Example from E18 Rugtvedt-Dgrdahl
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Parametric model of rock support in rock slope

Bolt parameter input

DIGITAL

If not usinii set min. embedded length = 0 m.

Bolts on the edge will be eliminated

o2 )
A | B c | D | E | F | G ‘ H ‘ I | J
Bolt length (m) Number Bolt Number Bolt Length X Coord Y Coord Elevation Plunge Azimuth

0 1 2 21.769567 -5.198002 145.587504 -5 124
3 2 3 22.649115 -4.275823 145.587504 -5 124
2 3 2 22.27705 -5.436059 147.040024 -5 124
5 4 2.4 23.325751 -4.682682 147.040024 -5 124
4 3 4 23.267962 -3.466384 147.040024 -5 124
4 6 2.4 22.715908 -5.511941 148.452543 -5 124
2 7 3 23.386757 -4.53564 148.452543 -5 124
0 8 4 24.194884 -3.633321 148.452543 -5 124
o 9 5 25.149276 -2.800825 148.492543 -5 124
o 10 2 23.577395 -5.836122 1435.945063 -5 124
20 11 3 23.897317 -4.709063 149.945063 -5 124
12 4 24.729813 -3.791556 149.945063 -5 124

13 5 25.294281 -2.762885 149.945063 -5 124

14 3 24.708527 -4.80247 151.397583 -5 124

15 5 25.157685 -3.610079 151.397583 -5 124

16 6 25.504664 -2.507321 151.357583 -5 124

17 3 24.370203 -3.708706 152.850103 -5 124

18 4 25.128399 -4.718655 152.850103 -5 124

19 5 25.595238 -3.601407 152.850103 -5 124

20 6 26.031181 -2.432927 152.850103 -5 124



Parametric model of rock bolting in tunnel

Lumg Ememl@soystematicBoltifng |

Rev: X.X.X
Rev date: 2018-XX-XX

%,

Rhinoceros’

- Program description ! ! - - [r—
. 1.Designing systematic rock bolting for tunnel based on excel input.
2. Export to excel: number of bolts of the same length and total ber of bolts, find. of each bolt and orientaion.

. Alternative 1: Open excel tunnel design calculation sheet to feed input data

e

- Alternative 2: Manual input parameters

[T T TS |
- meessee] v}
[ —cr—
A 1] 3 -] 3 r & ] 1 i)
GRUNNLAG FOR BEREGNING AV TUNNELKGSTRADER | | A B [ [ E F G H 1 il
Fars e . INNDATA FOR gTﬂBI._ITETSSIKRING 0G INJEKSJON
s B nmn Frogeir I Tunnafpredt (]
Lesccgr e pag o Progeems.: (] Tunnalengoe om
e ot " i
il ==t = Lokabeer El Buskengoe (35): amm
= Gesny (] Al (As): o o
Dot Total brocde (By). om
Litfart a 1] Busbegoly (B om
|F-..... T LLE
Berg- Baoltes 88
masse | sred ok Type | Tykhetie | Cver shie]  yam
a 11
1030 B35 ET00 1
] 21[mas ET00 1
4 1.8{83 E1000] 1 1,
- i | (¥ 1.5]B3% 1000 1 1
Py  —1 [H 1438 21000 i
::-':- 3 C 0.010,1 125535 E1000) 1
- - — B B T e Bimokne
A | C | D | E F ] G | H
Row end 11 If not specified, same as on crc If not specified, same as on crown
Min. bolt length on crown Bolt spacing on crown (m) Min. Bolt length on wall (m)  Bolt spacing on wall {m)
4 collected from 'inndata sikring' Same as crown Same as crown
a8 2.5
Chainage_start Chainage_end Q-value
o 10 0.2 4 14 4 14
10 20 30 4 0.25 4 0.25
“91 DIGITAL 0 5 . 0r . 0r
30 55 20 4 0.25 4 0.25
55 100 50 4 0.25 4 0.25
100 200 100 4 4.938967136 4 4.938967136




Parametric model of drilling geometry for rock grouting

@nsket injisert omrade,

3-7 meter utenfor teoretisk
profil

Areal pavirket av
fiellbolter,

oppsprukket pga
sprenghing ———%
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Goals with scripts

1. Design grouting geometry in a parametric 3D way
«on the fly»

— New design process: tailormade grouting geometry for each
unique rock face (use data from engineering geology
mapping on face + automated mapping with plane detect
etc, MWD) >>> reduce drilling to achieve the leakage
requirement

— Reduce quantities in grouting (drilling time, grouting time,
grouting materials).
— Ensure optimal covering of the tunnel profile

2. Dicipline model for grouting in a parametric and
quick way

3. Tool for estimation of quantities for grouting
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Model
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Machine learning In
applied geosciences




Emerald - construction of bedrock topography

9 Geotechnical drillings:
* Expensive site investigation

e Time consuming

e Accurate, but very local
9 Geophysics:

e Less expensive

* \ery fast

e Covers large volume

 Greater uncertainty -]

1 10 100
NGl oicima Resistivty [Shmenl




Monitoring system of the Baijiabao landslide

(: Landalide Isundary | 7630 GPS mermirring pein:

—a Warm s prasfiz - 8X) |H)\.'dmln|__r_\' hole
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LSTM model for prediction of displacement

—e—actual training validation
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Rockmass classification from MWD-data

9 Holmestrandstunnelen: -

— 4 km of MWD-data — blasting holes P
— Mapped Q-value and rockmass class .

9 Goal: Predict rockmass class in front -]
of the face, in order to plan in IR e
advance:

o o G F E D [C| B A
— Wider profile for heavy rock support Geaptonahy| BT | Y8 | o || cocd | 324l Tt
- Spiling bolts =2 7
. . E 20 |+ il V o) ’:I;‘ Sf |y | Bl
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Measure while drilling (MWD)

0.4
0,454

0,505

Photos and figures: NFF Publication 28




Geology and rockmass classes
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Modelling process
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9

< d

Built on experience from:

— Eldert et. al (2019), Application of MWD technology to predict rock mass
qguality and rock support for tunneling

— Galende et. al (2018), MWD-based estimation of rock mass rating with
computational intelligence. The case of tunnel excavation front.

— Hayashi et. al (2019), Prediction of forward tunnel face score of rock
mass classification for stability by applying machine learning to drilling
data.

Combined 290 sections of blasting rounds
Preprocess, clean and scale data

Downscale 150-170 blast holes in each section to 3 summary-
parameter (mean, median, variance) for each MWD-
parameter, in total 18 parameters + blasting length and
mapped rockmass-class from last section



Challenge — downscaling (dimention reduction)
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ANN model

Deep neural network

3 hidden layers

consists of three layers

250|neurons each.

We use KERAS running on top of / Output
TensorFlow in Python to perform a -
supervised non-linear regression analysis.

9 The Artificial Neural Network (ANN) is a
Multilayer Perceptron (MLP) model and
ith a width of

\
:.‘. . '. W \’..’r f’! Wi
J'f-" N NI

(11 .
\!f}‘ i \\‘ ﬁﬁ f;""?

9 [ We have 20 Input parameters

)‘ ffi(‘?“:‘\\\\\ :Jf!:" ‘:
LOQN O
’iif‘@' W 773N

9 1 Output per depth

— | Rockmass class

o< o<
S T\ ¥
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Results

9 75/25 Train and Testset
(unseen data for the model)

9  Algorithms tested out:
— Logistic regression: 59%
— KNN:48%
— Random Forest: 72%
— Gradient Boosting: 81%

9 83+/- 8% accuracy on test set
with neural network

9 Further development:

— Increase accuracy close to 100%
based on clustering and principal
component analysis (PCA) —
before neural network.

— Build a more general model
based on data from many tunnel
projects. Need more data ©

—  Predict from drilling for grouting
10-15-20 m in advance
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Epoch 1/28

238/230 [=== == ] - 12s 54ms/step - loss: 1.8467 - acc: B.6696
Epoch 2/20

230/230 [=== == ] - 8s 913us/step - loss: B.5620 - acc: 8.8217
Epoch 3/28

230/230 [=== == ] - @s 875us/step - loss: 8.3977 - acc: 0.8609
Epoch 4/20

230/230 [=== == ] - 8s 1ms/step - loss: 8.3371 - acc: 8.8739
Epoch 5/20

230/230 [=== == ] - @s 64%us/step - loss: 0.2818 - acc: 0.8870
Epoch 6/20

230/230 [=== == ] - 8s 954us/step - loss: 8.2566 - acc: @.8957
Epoch 7/20

230/230 [=== == ] - 8s 865us/step - loss: B.2125 - acc: 98.9304
Epoch 8/28

238/230 [=== == ] - @s 873us/step - loss: B.1851 - acc: 0.9304
Epoch 9/20

230/230 [=== == ] - 8s 856us/step - loss: B.1683 - acc: ©.9435
Epoch 18/20

230/230 [=== == ] - @s 824us/step - loss: 0.1412 - acc: 9.9522
Epoch 11/28

230/230 [=== == ] - 8s 72dus/step - loss: B.1462 - acc: 98.9304
Epoch 12/28

230/230 [=== == ] - @s 878us/step - loss: 0.1283 - acc: 0.9435
Epoch 13/28

238/230 [=== == ] - @s 1ms/step - loss: 0.1001 - acc: 8.9652
Epoch 14/28

230/230 [=== == ] - 8s 71%us/step - loss: B.8845 - acc: 0.9783
Epoch 15/28

230/230 [=== == ] - s 1lms/step - loss: 8.8706 - acc: 8.9826
Epoch 16/20

230/230 [=== == ] - 05 994us/step - loss: 8.8713 - acc: 8.9783
Epoch 17/28

230/230 [=== == ] - s 866us/step - loss: B.8639 - acc: 0.9783
Epoch 18/28

230/230 [=== == ] - 8s 778us/step - loss: 8.8510 - acc: ©.9826
Epoch 13/20

230/230 [=== == ] - 8s 988us/step - loss: B.8412 - acc: 08.9957
Epoch 28/28

238/230 [=== == ] - @s 85Bus/step - loss: B.8387 - acc: 0.9870

<keras.callbacks.History at 0x17b16296968>

25

Predicted

acc: 86@.
acc: 83.
acc: 75.
acc: 93.
acc: 82.
acc: 89.
acc: 82.
acc: 93.
acc: 64.
acc: 84.
82.95% (+/- 8.13%)

ee%
33%
86%
18%
76%
66%
76%
18%
29%
62%

€

25

15
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Closing the circle - 3D/BIM In parametric design and
tools for machine learning

File Edit Wiew [Display Salution Help MetaHopper

FParams Maths Sets  Vactor .’.!.n:f. Surface = fersect  Transform (R Pufferfish  Kangaren?  MetaHepper

== — = o

8 ek ROl AR E L M RUeR dod|
.

Modules for
machine
learning in
Grasshopper
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