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BACKGROUND

RESULTS AND

METHODOLOGY DISCUSSION

Cement soil stabilization

> Cement stabilization

Cement
Soil

stabilization

> General observation about
the strength controlling
factors in cement stabilized
compacted soils (CSS).
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Parameter General observation

M /N Higher strength >
@ I Higher strength >
@ I Higher strength >

Soil porosity J/ Lower strength
W \l/ Lower streng:ﬂ)

Organic content \l/ Lower strength

Enhance
engineering
properties of
the soill

Dry density I Higher strength
More strength on the dry
side of the optimum than on

Qoisture content
the wet side
Require more dosage for
< i FGS than for CGS
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RESULTS AND

DISCUSSION

iri i —-3.6
Emplrlcal modellng qu (KPa) = [5.45 x 107(w) — 5.37 x 108 x %_35] (Consoli, et al. 2011) 4000
Civ 5000
. —-3.32 4000 A
I Mapping the strength SRR - qu (kPa) = [5.03 x 107] x | 1] )

iv 3000 -
controlling factors . :
with the UCS of CSS e qu (kPa) = [377121 x t°3] x [—6_2_45]
through laboratory 2 1000-

. —3.585 0
testing e qu (MPa) = [3.4 x 10°| x [ﬁ i
—-4.296
e qu (kPa) = [4 X 109] X [%] 6000
5000 -
Applicability - 4000
1 1 : %‘, 3000 A
> Limitations ? S
2000 -
1000 -
0
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oYg = 14kN/m*  q,=339.7 [C] - 513.6 R?®= 0.97

BYg=15kN/m* g, =3684[C]+259.2 R°=0.95
1| aYg=16kNm> q,=5510[C]+ 0.4 R?=098 4
L A
4 6 8 10
C (%)
Consoli, et al. 2011
¢ C=3%:q,=3000000e '™ (R?=0.88)

® C=5%:q,= 1746037 """ (R?=0.88)
A C=7%:q,=522543e7"" (R?=0.98)
X C=9%:q,=236208e? %" (R?=0.96)
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RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

To develop predictive models for strength development in CSS
considering a wide range of soil types and cement types
To ldentify the most important features and their
contribution to the strength
To provide designh charts by optimizing the strength of CSS
based on compaction parameters.
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RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

Data compilation and preparation

Methodology ]

-

Compiled dataset on cement-stabilized compacted soils l
Baldovino, et al. (2020) High plastic silt (MH) Type-Ill r/ TR \"‘\
Abdallah, A. et al. (2023) Lean Clay (CL) CEM-II 120 Data complla.tlon &
Beckett, C. (2014) Crushed limestone OPC 18 \ preparation /
Dong, Xinxin, et al. (2022) Silty sand (SM) CEM-II 20 l
Mengue, et al. (2017) High plastic silt (MH) CEM-II 36
Chamling, P. K., et al. (2021) Silty sand (SM) OPC Grade-53 30 [ Data-preprocessing ]
Minh-Duc, et al. (2020) High plastic silt (MH) PC-40 20 l
Total 280
ML modeling ]

Liquid Fine Cement Norm. Initial Norm. Initial Cement | Curing Porosity- [\ /
limit contents type dry density water content dosage time cement ratio

pnorm norm n/CIV

(%) (%) - - - (%) (daVS) - (KPa)
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BACKGROUND

Data preprocessing

> Accessing the correlation

between
UCS

features and
LL

FC
pnorm

wnorm

I Multi  collinearity

check !

L Laboratoire Energies &
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n/Civ

qu
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METHODOLOGY

Pearson correlation
- > (xi—%) (yi—y)
\/Z (xi—x)%(yi—y)?
LL

1.0
FC

1.0
pnorm

037 -066 1.0
wnorm

1.0

C
1.0
T
1.0 _
n/Civ
-0.61 1.0
049 0.55 14 0.20 -0.51

VIF value
— — N w
(- N e N (\®) N ('S N

RESULTS AND
DISCUSSION

Variance inflation factor

LL FC

1
VIF = -
1 — R?
pnorm onorm  C T n/Civ
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RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

Machine learning modeling .
b .\ - Logistic Regression
. - o Decision Trees

ope . E i .“‘ - K-Nearest Neighbors
I Interpretability and complexity 2 ¥ W (https:/imedium. com/@analytica/understan
. I_ d I . @ ~ < _ Random Forest ding-shap-xai-through-leaps-e648c77310e8)
n M modaell ng g TS Support Vector Machine
E LR - Meural Networks
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Complexity

> What is a black box model ?

BLACK BOX ()
Explaneja/tion Q

MODEL o

xplainer >

" ] S $ 0000000000 | e oo )
Explainable Al g (https://spectra.mathpix.com/article/2021.09
. ijser .00007/demystify-post-hoc-explainability)
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RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

Actual value of the output

eXtreme Gradient Boost (XGBoost) \

LI
i Obj,

I XGBoost: A boosting ensemble Bagging Boosting ,\ -
learning technique e |
ole s

> A series of weak learners try to \
fit the residuals in the
predictions made by previous

I
v — Fs(X

' value from initial weak learner f,(X;)

weak learners. Parallel Sequential
Hyperparameter Function Defined grid Optimal
space values
https://medium.com/@roshmitadey/bagging-v-s-boosting-be765¢c970fd1 :
max_depth Controls maximum depth 2.3,4,5,6,7 5
learning rate Controls the step at each iteration toreduce 0.1, 0.2, 0.3, 0.4 0.2
" Grid-search algorithm was used loss
to O bt a | n Optl m aI V a | u es Of n_estimators Controls the number of trees to be 50, 100, 150, 150
generated 200
hype r pa ram ete rs min_child weight Defines the minimum sum of weights of 7 7

all observations required in a child

subsample Specifies the fraction of observations to be 0.7, 0.8 0.8
randomly sampled for each tree

colsample bytree  Specifies the fraction of features to be 0.5,0.6,0.7, 0.8 0.6

14 JANUARY 2025 randomly sampled for each tree.

reg lambda Penalizes the loss function and prevents 0.3, 0.4, 0.5, 0.6 0.6

overfittino
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Train Data
(70%)

Explanation

(el

@m ta

Laboratoire Energies &
Mécanigue Théorique et Appliquée

(/

-

Test data
(30%)

‘\\

)

< Global )
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METHODOLOGY

Training set

RESULTS AND

DISCUSSION

Testing set

60004 Training data
Linear perfect fit line
90% prediction band
90% confidence band
Equation y=a+b* | ,
Intercept 11.23925 + 10.198| o 4 °
Slope 0.99366 + 0.00485 8
4000 Residual Sum of Squa | 1468450.86819 o
/(-U\ 7| [Pearson'st 0.99769
(a R-Square (COD) 0.99539
=< Adj. R-Square 0.99537 .
0
O
= |
©
£ 2000 -
<
0 -
T T T T
0 2000 4000 6000
Predicted UCS (kPa)
Initial conditions for lab testing
19 *  Molding points
= = = Modified proctor curve
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18.5 < 125,185 S~
-~
- T
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16 /
/
* 11, 15.8
15.5
12 14 16 18 20 22

Water content (%)

® Testing data
Linear perfect fit line
90% Prediction band
90% confidence band o..
Equation y=a+b*x
Intercept 53.30559 + 41.5 e
Slope 0.97861 £ 0.017
Residual Sum of Sq | 4414337.73477 °
— 4000 A pearson's r 0.98737 &7 o
0“3 R-Square (COD) 0.9749
2 Adj. R-Square 0.9746 ® @
7)) °
O
=J
©
>
© 2000 -
<
0 4
| I | |
0 2000 4000 6000
Predicted UCS (kPa)
Experimental validation
# Experimental validation data
—— Linear perfect fit line
3000 ~ 90% prediction band
90% confidence band
Equation y=a+b*x
|| Intercept 58.64032 + 59.2
- Slope 1.05243 + 0.050
© Residual Sum of Sq | 2034393.55973 *
o Pearson's r 0.95138
< 5000 | [R-Savare (o) 090513 "
(0))] Adj. R-Square 0.90307 * *
) S
)
©
QL
Q
©
L
g 1000 -

3 |
0 1000

20I00
Actual UCS (kPa)




RESULTS AND
DISCUSSION

BACKGROUND METHODOLOGY

Price Money

WL 4§

Shapley additive explanations (SHAP)

> SHAP is based on game
theory and interprets

the predictions of black- Marginal contributions
box models A o
Coalitions
Cap — C = 500 Cap — Ca = 250
I SHAP value of a feature is 3 O AB — “A
the marginal contribution Cap = 1000 e .
of that feature to the Co= 750 a— Lo = (g — Cp =500
output A~
C. =500
500 + 750 250 4+ 500
i(f) = Tocmn = SV - £(S)] Co=0 5 = 625€ > = 375€
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RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

Shapley additive explanations (SHAP) SHAP explanation of a single observation

fix) =1171.006 | =) | Predicted UCS of a particular observation

90 =T
B SHAP local interpretations |

23.961 = n/Civ
0.904 = pnorm

3=C

99.2 = FC

" Local interpretations help
evaluating the individual
predictions.

—60.65 .
o010
’ +31.54

0 = CEM |
1 = wnhorm

28.5 = LL

1 = CEM_II 0.7
0 = CEM Il +0.6
300 1000 1200 1400 16001800
E[fiX)] =1697.441

Actual values of the input features

I

@m tCI IEARSARE0ES Average predicted UCS




RESULTS AND

BACKGROUND METHODOLOGY DISCUSSION

Shapley additive explanations (SHAP)

SHAP feature importance SHAP summary plot
. High
B SHAP global Interpretations T U IRV TP
r]fciv n/Civ ‘m codphat s s s olifad me = o
Prorm pnorm wreba T peepale oy s
mnnrm - o= oo mole @ .-

I Global interpretations . e a4 E
evaluate the  overall - b - o
behavior of the model G FC Py oommee 2
across the entire dataset CEM- CEM | ¢ — }

LL LL --..+..
CEM-I] CEM I

> T has the highest CEMAII CEM_II
;:nﬂl\“dudal h /C |mpac(’jc 0 50 100 150 200 250 300 350 1500 -1000  -500 0 500 1000 o

oliowe y N W dn Mean |[SHAP| value (Average impact on model output magnitude) SHAP value (impact on model output)

compaction parameters.
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} BACKGROUND ‘ METHODOLOGY

Design charts

(l.emtq
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Feature values

LL (%)

FC (%)

pnorm

wnarm

C (%)

T (days)

0, 30, 54
1, 50, 99
0.9, 0.95, 1.0, 1.05, 1.1
0.9,0.95,1.0, 1.05, 1.1
3,6

28

Possible combinations

3x3 x5 x5 x2 x1 =450

Reduced datapoints

saturation check = 396

Assumptions for 7/C;, calculation

Specific gravity of the soil = 2.7
Specific gravity of the cement = 3.11
Soil’s MDD = 17 kN/m?

Soil’s OMC =17 %

U

Saturation Check

Reduced datapoints after <:|

Saturation check and filtering out the
initial conditions leading to full
saturation of the soil.

U

Assuming cement type

CEM-I
396

CEM-II
396

CEM-III
396

(Total 1188 datapoints)

J

Using XGB model for prediction

Using the optimized XGB model
to make predictions for the 1188
datapoints

Design Charts

Plotting the XGB predictions as
contour maps

RESULTS AND
DISCUSSION

1.10
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2000
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1800
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BACKGROUND METHODOLOGY

Estimation of the UCS of cement-treated

User interface soils using XGBoost model

" Streamlit library in Step 1: Initial conditions and consistency check
Pyt h O n Wa S u S e d to Initial dry density of the soil (pi) [g/cm?] Specific gravity of the soil grains (pss)
develop a user interface 150 -+ e -+

fo r t h e m O d e | . Maximum dry density of the soil (pmax) [g/cm?] Specific gravity of the cement (psc) The predicted UCS value at T=28 days is: 1392.8 kPa

The predicted UCS value at T=90 days is: 1499.7 kPa

1.80 - + 3.16 - +

Initial water content of the soil (wi) [%] Cement dosage (%) - Range [1-10] Predicted UCS vs Curing Time (T)

I The app asks for the 2400 v e -+
input values within the optimom water content ofthe sl wopt) 4]
given range and predicts - £
the UCS Saturation is: 81.23% g

Calculated n/Civ value: 16.34

Calculated Normalized dry density: 0.83 [0.82, 1.06]

> To access the
model, can the QR
code.

Calculated Normalized water content: 0.86 [0.32, 1.82]

Step 2: Additional parameters

Liquid Limit (%) - Range [0-60] Select Cement Type

40.00 - + CEM-I v

Fine Contents (%) - Range [0-99]

14 JANUARY 2025 000
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RESULTS AND
DISCUSSION

BACKGROUND METHODOLOGY

> A grid-search-based XGB model was developed to evaluate the strength of cement-treated
compacted soils (CSS).

> The XGB model showed high predictive performance during model training, testing and
experimental validation phases.

> SHAP revealed T, n/C. and w to be the most important features contributing to the

1\v? pnorm' norm

strength development in CSS

= Design charts are presented offering the possible combination of dry density and water contents
to obtain the target UCS.

B This research, with the help of explainable Al, was able to offer valuable insights into the strength
development in CSS and provided a model can conveniently be applied in diverse conditions
pertaining to soil type, and cement type.

N 14 JANUARY 2025 | 16
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BACKGROUND METHODOLOGY
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’ RESULTS AND
BACKGROUND METHODOLOGY DISCUSSION

THANK YOU FOR YOUR ATTENTION !
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