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Source: Mordor Intelligence

Volume of Cement Consumed by End Use Sector, Tons, Global, 2018-2030

Concrete emits CO2, but alternatives are not scalable

Cement industry: a 

major CO₂ contributor.

Wood a sustainable 

solution? 

Requires new 

forests 1.5 times 

the size of India.

Source: Energy Transition 

Commission
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https://www.mordorintelligence.com/industry-reports/cement-market
https://www.energy-transitions.org/wp-content/uploads/2020/08/ETC-sectoral-focus-Cement_final.pdf
https://www.energy-transitions.org/wp-content/uploads/2020/08/ETC-sectoral-focus-Cement_final.pdf


• Less CO2 in clinker (e.g., energy efficient kilns powered by 

renewable electricity)

• Less clinker in cement (e.g., high SCM, geopolymers)

• Improve concrete (e.g., lean mixtures, avoid over design, 

recycled aggregates, seawater)

• Improve construction and maintenance (e.g., durability)

• Carbon capture and mineralization

PCA roadmap to carbon neutrality
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Demand for sustainability and performance has turned concrete 

into a complex mixture with high SCMs and recycled materials

Need for mix design optimization to meet 

performance while reducing CO2/cost.
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Ingredients, 

Concrete 

Performance

Mixture 

proportions

Mixture 

Optimization

Process → 

Performance

Cement, SCM, Agg 

properties; 

w/cm, SCM/cm, 

Agg/cm, …

Workability, 

Strength,

Durability, …

Concrete 

Performance

Ingredients

Mix proportions

Input Output

Solution: AI-assisted concrete proportioning?
Machine Learning + Bayesian Optimization
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1. Database:
of concrete mix designs vs 

strength from literature data, in-

house test data, and industry 

contacts.

Table – Example mix design input 

Distribution of 450 binary mix designs by SCM type 

in the database

Research objectives are to develop: 
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Mix design for R3 paste, gr

SCM Ca(OH)2 CaCO3

Alkaline 

solution

10 30 5 54

Mix for 2 mins and sealed cure at 40oC.

Measure bound water or cumulative 

heat of rxn at 7 days.

Source: Li et al. 2018

Unique model feature: Incorporating R3 SCM Reactivity Test 

(ASTM C1897) that shows high correlation with concrete strength
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https://link.springer.com/article/10.1617/s11527-018-1269-x


2. Strength Model: 
A machine learning model based 

on Gaussian process statistics to 

predict compressive strength 

from concrete ingredients + mix 

design.

3. Mix Design Model: 
Given available cement and 

SCM properties, Bayesian 

Optimization offers optimum mix 

design meeting target strength at 

min. CO2 and cost

Research objectives are to develop:
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Density plots showing the distribution of input 

parameters and their impact on the measured strength



Random 

Forest Model

Bayesian 

optimization 

for Hyper-

parameter 

Tuning

10-Fold Cross 

Validation

Feature 

Importance 

Score

Sequential 

model 

building 

and 

evaluation
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Feature Selection for Strength Prediction Model
Most significant strength predictors: w/cm, SCM/cm, SCM R3.

Training of the strength predictor ML model:



Model Training and Validation
Mean absolute errorRoot mean squared error

Coefficient of determination

K-fold Cross Validation

(80/20)

Optimized hyperparameters for Random 

Forest Prediction Model

Max Depth: 15, 

Max Features: 0.8, 

Min samples leaf: 1.84, 

Min samples split: 2, 

Min weight fraction leaf: 0.002, 

n estimators: 50

Cross-Validated 

Error Metrics:

Mean MAE: 4.1

Mean RMSE: 5.62

Mean R2 Score: 0.85
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Strength model training and validation



Test the prediction accuracy of the model 

using 20% of data that the model was 

never trained on.
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Strength model’s prediction accuracy



Calculate Mix 

Composition

Bayesian 

Search on 

Mix Ratios

Predict 

Strength

Yes

No

With in 

Envelop

Meets 

Perform-

ance?

Validated 

Prediction 

Model

No

Yes

Calculate 

CO2/Cost

Minimized 

CO2/Cost

No

Yes

Optimized Mix Design with 

Minimum CO2 and Cost

Reject Mix 

Proportion

B
a

y
e

s
ia

n
 O

p
ti

m
iz

a
ti

o
n

Penalty 

Feedback

No

Database

Generate 

Convex 

Hull 

Envelope

(GWP from Miller et al. 2018, cost from industry)
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Framework for the mix design Bayesian Optimization 

model

Inputs: 

Cement, SCM properties,

 Target performance

Parameters with highest 

impact on strength



Achieves 33% CO2 

reduction and 12% cost 

reduction compared to 

first Valid Mix

Achieves 47% CO2 

reduction compared to 

NRMCA baseline concrete 

mix at the same 28-d f’c.
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Example: optimized mix design containing fly ash for 

45±5 MPa 28-day strength 



Achieves 22% CO2 

reduction and 9% cost 

reduction compared to 

first Valid Mix

Achieves 37% CO2 

reduction compared to 

NRMCA baseline concrete 

mix at the same 28-d f’c.
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Example: optimized mix design containing calcined clay 

for 45±5 MPa 28-day strength 



• Database, Strength model, and Mix design optimization model 

developed.

• Strength Model predicts 28-d f’c (mean absolute error = 4.36 

MPa) based on concrete mix design and properties of cement 

and SCM. 

• Mix Design Model offers an optimum mix design of min. CO2 

and cost while meeting target strength.

• Models can be expanded to include ternary mixtures and 

durability performance metrics.
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Conclusions





Answers to Questions shared in email

• How is this work novel and different than other ML models that exist for 

predicting concrete strength?

• The novelty lies in integrating the R³ test data, a recent ASTM 

standard (ASTM C1897), for SCM reactivity, and using the strength 

prediction model for dual optimization of low CO₂ and cost. Existing 

ML models, often focus on strength prediction using mix proportions, 

curing age, or non-destructive testing parameters like resistivity, but 

may not incorporate R³ test data or optimize for environmental and 

cost metrics. And Most of the models do not include the variability in 

SCM type in concrete mixes while R3 data make this model robust to 

include different SCM types in one model.



Answers to Questions shared in email

• Why is air% not considered as a high priority feature?

• Air content has a large impact on compressive strength of 

concrete. However, due to limited variability of air content 

among mixtures available in our database, ML did not 

identify air content as a significant predictor of strength. 



Answers to Questions shared in email

• How to make a ML model publicly available? What kind of interface 

needs to be build?

• Options include open-source code on GitHub, pre-trained 

model files, or web apps. 
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