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Intelligent design framework for low-carbon concrete mix proportion
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(1) Data normalization (2) Outlier detection (3) Correlation analysis
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Step III: Low-carbon concrete intelligent design ® RS
® PSO

(4) Model construction

@® SVR
® XGB —
@® BPNN

(5) Hyperparameter optimization

(7) Multi-objective optimization (8) Mix proportion evaluation ® TPE
@ Carbon emissions
® Cost Performance = TOPSIS « —_
; : constraints evaluation
@® Mechanical properties
® Durability " 4 r
Best mix p—fmnee
proportion

Note: SVR—support vector regression; XGBoost—eXtreme gradient boosting; BPNN—Backpropagation neural network; RS—Random search; PSO—Particle

swarm optimization; TPE—Tree-structured parzen estimator.
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Fig. 1 Intelligent design framework for low-carbon concrete mix proportion
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Table 1 Distribution of origin dataset
Data (CS) Data (Q)
Parameter type Variable Unit
Min Max Ave Med Min Max Ave Med
Input Cement kg/m3 57.6 765.4 3252 3335 175.5 485.0 335.4 316.1
Water kg/m3 96.3 281.0 177.1 175.0 96.3 225.0 170.2 170.0
NCA kg/m3 0.0 1366.0 554.4 578.0 0.0 1366.0 558.7 570.0
RCA kg/m3 0.0 1320.0 525.4 506.0 0.0 1170.0 512.8 506.0
Sand kg/m3 488.0 1170.0 730.4 709.0 480.0 1031.0 724.6 696.0
FA kg/m3 0.0 390.0 293 0.0 0.0 225.5 34.8 0.0
Slag kg/m3 0.0 214.5 21.0 0.0 0.0 214.5 15.1 0.0
SF kg/m3 0.0 200.0 6.7 0.0 0.0 140.0 11.0 0.0
SP kg/m’ 0.0 153 2.3 0.0 0.0 11.3 33 3.5
RA CI % 11.8 29.2 19.5 18.3 12.8 30.2 234 29.0
RA WA % 1.4 8.8 5.1 5.0 3.0 6.5 4.6 4.8
Age d 3.0 91.0 32.8 28.0 28.0 90.0 48.1 28.0
Output CS MPa 7.2 89.8 37.6 353
0 C 412.2 7773.0 19435 2908.0
F2 HFENP-UEIRRELZEASIER
Table 2 Ranges of concrete components before and after normalization
Data (CS) Data (Q)
Components
Original data/(kg-m) After normalization Original data/(kg-m™) After normalization
Cement 57.6-765.4 2.4-30.1 175.5-485.0 4.2-20.9
Water 96.3-281.0 4.2-11.5 96.3-225.0 6.9-10.3
NCA 0.0-1366.0 0.0-55.4 0.0-1366.0 0.0-53.5
RCA 0.0-1320.0 0.0-54.1 0.0-1170.0 0.0-49.4
Sand 488.0-1170.0 20.6-59.1 480.0-1031.0 19.6-44.7
FA 0.0-390.0 0.0-16.5 0.0-225.5 0.0-10.3
Slag 0.0-214.5 0.0-9.3 0.0-214.5 0.0-9.3
SF 0.0-200.0 0.0-8.7 0.0-140.0 0.0-6.1
Sp 0.0-15.3 0.0-0.6 0.0-11.3 0.0-0.5
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Table 3 Material transportation distance

Raw materials Cement FA Slag SF Sand NCA RCA SP
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Table 4 Volumetric carbon emission factors of various raw materials
Raw materials Cement Sand Water Sp NCA RCA FA Slag SF
F,-/(kg~m’3) 735.000 2.510 0.168 1 064.000 0.531 -1.725 21.000 191.000 218.000
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Table 5 Performance evaluation of different models in predicting concrete properties

CS metrics O metrics
Model
RMSE MAE R EV RMSE MAE R EV
RS-SVR 4.61 (6.02) 2.81 (4.30) 0.87 (0.78) 0.87 (0.77) 499.16 (654.25) 318.07 (484.80) 0.83 (0.81) 0.83 (0.81)
PSO-SVR 4.00(5.62)  230(3.98)  0.90 (0.80) 0.90 (0.81)  465.14 (632.48) 274.33 (438.28) 0.85(0.82)  0.85(0.82)
TPE-SVR 4.12 (5.66) 2.41 (4.01) 0.89 (0.80) 0.89 (0.80) 454.56 (654.01) 261.00 (454.20) 0.86 (0.81) 0.86 (0.81)
RS-XGB 0.73 (3.76)  0.49 (2.68) 1.00 (0.91) 1.00 (0.91) 51.08 (532.62) 29.12 (366.75) 1.00 (0.87) 1.00 (0.88)
PSO-XGB 0.94 (3.75) 0.69 (2.69) 0.99 (0.91) 0.99 (0.91) 50.10 (495.54) 32.65 (328.66) 1.00 (0.89) 1.00 (0.89)
TPE-XGB 0.71 3.81)  0.48 (2.67) 1.00 (0.91) 1.00 (0.91) 85.85 (523.92) 61.95 (353.42) 0.99 (0.88)  0.99 (0.88)
RS-BPNN 2.58 (4.60) 1.87 (3.39) 0.96 (0.87) 0.96 (0.87) 200.61 (585.91) 138.17 (418.29) 0.97 (0.82) 0.97 (0.82)
PSO-BPNN 221 (4.66) 156 (331)  0.97 (0.86) 0.97 (0.86)  225.69 (563.37) 164.07 (399.42) 0.97 (0.83)  0.97(0.83)
TPE-BPNN 2.89 (4.70) 2.14 (3.38) 0.95 (0.86) 0.95 (0.87) 279.90 (600.20) 212.05 (453.00) 0.95 (0.81) 0.95 (0.82)
Format: Training (Testing), e.g., 4.61 (6.02)=Training RMSE 4.61 (Testing RMSE 6.02).
%6 TRRERRE T BSIERO TS T
Table 6 Performance evaluation of different models in predicting concrete carbon-efficiency indices
C; metrics Qi metrics
Model
RMSE MAE R EV RMSE MAE R EV

RS-SVR 0.94(1.36)  0.43(0.90)  0.91(0.82)  0.91(0.82) 3.16 (5.88) 0.63 (4.19) 0.96 (0.90)  0.96 (0.90)
PSO-SVR 0.98 (1.34)  0.49(0.90)  0.90(0.83)  0.90 (0.83) 3.55 (5.69) 1.15 (4.37) 0.95(0.91)  0.95(0.91)
TPE-SVR 0.93(1.36)  0.45(0.89)  0.91(0.82)  0.91(0.82) 3.39 (5.69) 1.17 (4.20) 0.96 (0.91)  0.96 (0.91)
RS-XGB 0.32(1.10)  0.20(0.71)  0.99(0.89)  0.99 (0.89) 1.93 (5.74) 1.25 (4.45) 0.99 (0.90)  0.99 (0.91)
PSO-XGB 0.38(1.00)  0.24(0.68)  0.99(0.91)  0.99(0.91) 1.41 (4.89) 0.93 (3.75) 0.99 (0.93)  0.99 (0.93)
TPE-XGB 0.38(1.01)  025(0.67)  0.98(0.91)  0.98(0.91) 0.92 (5.74) 0.55 (4.46) 1.00(0.93)  1.00(0.91)
RS-BPNN 0.97(125)  0.71(0.91)  0.90(0.85)  0.91 (0.86) 5.29 (6.90) 3.85 (5.15) 0.90 (0.86)  0.90 (0.86)
PSO-BPNN  0.76(1.23)  0.59(0.89)  0.94(0.86)  0.96 (0.87) 3.91 (5.35) 2.80 (4.13) 0.94(0.92)  0.94(0.92)
TPE-BPNN  0.65(1.19)  0.47(0.85)  0.96(0.86)  0.96 (0.87) 4.98 (6.43) 3.77 (4.90) 0.91(0.88)  0.91(0.88)

Format: Training (Test), e.g., 4.61 (6.02)=Training RMSE 4.61/Test RMSE 6.02.
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Table 7 PSO-XGB Hyperparameter Optimization Results
Metric (PSO-XGB) n_estimators Learning rate Max_depth Subsample Colsample bytree Gamma Min_child_weight Reg_lambdaReg_alpha
Search scope (1, 300) 0.01,03)  (3,10) (0.5,1.0) (0.5, 1.0) (0, 10) (0, 10) (0, 1) (0, 1)
Compressive strength 292 0.0846 5 0.7911 0.7841 0.7820 3.2937 0.1972 0.8818
Electric charge passed 159 0.0852 6 0.7512 0.8612 4.4591 2.5298 0.9129 0.2449
Carbon intensity index 210 0.0513 6 0.8841 0.9558 0.0742 1.0106 0.1435 0.5058
Chloride penetration resistance 241 0.0807 9 0.6697 0.9122 2.7761 4.2313 0.5102 0.5787
carbon efficiency index
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Fig. 7 Scatter plots of PSO-XGB model predictions for concrete performance metrics
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Fig. 8 SHAP analysis based on the PSO-XGB model
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Fig. 9 SHAP analysis based on the PSO-XGB model
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Fig. 10  Pareto fronts and TOPSIS scores for target performance of low-carbon concrete
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Fig. 12 Parallel coordinate plots for the Pareto optimal solutions of the four-objective optimization
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Table 8 Intelligent design decision schemes for low-carbon concrete

Design  Cement/ Water/  NCA/ RCA/ Sand/ FA/ Slag/ SF/ SP/ CS/ Carbon/

strategy  (kg'm™) (kgm™) (kgm) (kgm) (kg'm™) (kgm™) (kgm™) (kg'm”) (kg'm™)  MPa O e i
Cy 310.41 14045 1114.17 0.00 684.15 105.91 0.00 34.42 7.70 57.71 1143.08 248.40 430 65.73
Cp 313.14 14033  1114.11 0.00 683.98 105.95 0.00 34.46 0.00 54.07 1417.83 242.23 4.48  70.03
Cis 315.95 150.02  1107.90 0.00 684.15 106.12 39.14 34.46 7.85 56.52 847.28 260.12 4.60 60.40
O 298.67 162.85 1061.10 0.00 712.35 100.96 59.72 31.68 8.33 52.69 386.10 251.20 477 4595
On 28524 162.84 1026.81 12436 712.35 72.79 59.82 31.68 8.28 36.04 468.89 240.46 6.67 4831
Oi 28524 162.85 1012.36 0.00 712.35 72.77 59.82 31.68 8.33 47.02 468.89 240.72 5.12 4833
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Intelligent Design of Low-Carbon Concrete Based on Multi-Objective Optimization
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Extended Abstract

Introduction With increasing global emphasis on sustainable development, the CO, emissions from concrete as the most widely
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used building material have attracted much attention. Statistics show that cement production accounts for approximately 8% of global
CO, emissions. Low-carbon concrete minimizes lifecycle CO, emissions through optimized cementitious materials, use of solid
waste, and low-carbon technique (e.g., carbon capture), while still meeting engineering performance standards. However,
incorporating recycled aggregates or mineral admixtures, although reducing CO, emissions, often leads to a deterioration in
mechanical properties and durability of concrete. Therefore, how to effectively balance reduced CO, emissions while maintaining the
engineering performance of concrete remains a challenge in low-carbon concrete mix designs.

The complex interactions among multiple components of concrete materials make mix proportion design highly complex.
Conventional trial-and-error methods show obvious deficiencies in efficiency, cost and precision. Previous research established some
performance prediction models based on machine learning methods, which often focused on single performance indicators. There is
little systematic research on multi-objective collaborative optimization of mechanical properties. This failure to adequately balance
environmental benefits with performance hinders the effective use of Al in designing low-carbon concrete. The result demonstrates
that optimizing the proportions of recycled aggregates and supplementary cementitious materials can effectively limit carbon
emissions to the range of 240-260 kg CO,/m® when the mechanical property requirements (i.e., compressive strength >50 MPa) and
chloride ion permeability resistance (i.e., electric flux <500 C) are satisfied. This study was to offer an approach for achieving a
balanced design between material performance and CO, emissions in low-carbon concrete, and to promote the application of
Artificial Intelligence (AI) technology in its mix proportion design.

Methods This study introduced an Al-based intelligent design optimization method for low-carbon concrete. The process started
with data preprocessing, including normalization and outlier treatment, to enhance dataset quality. Subsequently, various models,
optimized via different hyperparameter tuning methods, were benchmarked for high-precision prediction of key performance
indicators. The SHapley Additive Explanations (SHAP) analysis was employed to elucidate the impact of mix proportion parameters
on concrete performance. The The Non-dominated Sorting Genetic Algorithm III (NSGA-III) algorithm was then utilized for
multi-objective optimization of CO, emissions, cost, strength, and chloride ion penetration resistance. Two indices, C; (Carbon
intensity index) and Q; (Chloride ion penetration carbon efficiency index), were introduced to quantify the balance between
environmental impact and concrete performance. These indices were subsequently employed to evaluate the solutions from the
multi-objective optimization, guiding the decision-making process towards a comprehensive and synergistic optimization of material
properties and low-carbon characteristics.

Results and discussion During data preprocessing, normalization addresses dimensional inconsistencies among feature variables,
enhancing their comparability. Furthermore, the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm
effectively identifies specific outliers (i.e., 43 related to compressive strength and 4 concerning electric charge passed), leading to a
marked improvement in overall data quality. Comparison of machine learning models shows that eXtreme Gradient Boosting (XGB)
model exhibits a superior performance in all prediction tasks, with Particle Swarm Optimization (PSO) achieving R* of 0.91 for
compressive strength and 0.89 for electric charge passed on test sets. Interpretability through SHAP analysis reveals that cement
content and water content are the main factors affecting compressive strength, while superplasticizer dosage is a key factor affecting
electric charge passed. For carbon efficiency indices, fly ash replacement of cement is an important approach to reduce C; and 0,
while the negative impact of recycled aggregates on performance often exceeds their carbon reduction benefits. Multi-objective
optimization results indicate significant trade-offs among compressive strength, durability, CO, emissions, and cost. Decision
schemes based on carbon efficiency indices further confirm that CO, emissions can be effectively reduced, while ensuring concrete
performance via scientifically proportioning supplementary cementitious materials, and optimizing water-binder ratio and
superplasticizer content.

Conclusions This study highlighted a significant potential of an Al-driven approach for designing low-carbon concrete, effectively
balancing engineering performance with environmental impact. This study could provide valuable insights into achieving tailored
concrete properties via utilizing predictive modeling, parameter influence analysis with SHAP, and NSGA-III for multi-objective
optimization. The proposed intelligent design method incorporating carbon efficiency indices could offer a practical strategy for
developing low-carbon concrete, promoting sustainable practices in the construction industry.

Keywords low-carbon concrete; machine learning; multi-objective optimization, mechanical properties; chloride ion penetration
resistance



