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Article 
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Shenyang 110044, China 
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Abstract: Based on an in-depth analysis of the factors influencing the compressive strength of ultra-
high performance concrete (UHPC), this study examined the impact of both single factors and 
combined factors on UHPC performance using experimental data. The correlation analysis indicates 
that cement content, water content, steel fiber, and fly ash significantly affect the strength of UHPC, 
whereas silica fume, superplasticizers, and slag powder have a relatively smaller influence. This 
analysis provides a scientific basis for model development. Furthermore, the support vector 
regression (SVR) model was optimized using the arithmetic optimization algorithm (AOA). The 
superior performance and computational efficiency of the AOA-SVR model in predicting UHPC 
compressive strength were validated. Compared to SVR, support vector machine（SVM）, and other 
single models, the AOA-SVR model achieves the highest R2 value and the lowest error rates. The 
results demonstrate that the optimized AOA-SVR model possesses excellent generalization ability 
and can more accurately predict the compressive strength of UHPC. 

Keywords: UHPC; compressive strength; predictive research; SVR; AOA 
 

1. Introduction 

In the increasingly specialized field of construction materials science, ultra-high performance 
concrete (UHPC) represents a significant advancement. Renowned for its exceptional strength and 
durability, UHPC offers substantial advantages over conventional concrete, making it a preferred 
choice for contemporary engineering projects where performance and longevity are critical [1]. 
However, accurately predicting the mechanical properties of UHPC, particularly its compressive 
strength, remains a significant challenge Error! Reference source not found.. This challenge is crucial not only for 
ensuring the design and structural integrity of buildings and infrastructure but also for reducing costs 
and enhancing the sustainability of construction practices Error! Reference source not found.. Shi et al. [4] believed 
that the amount of fiber could improve its mechanical properties and reduce the autologous 
contraction of UHPC. 

The pursuit to develop accurate predictive models for the compressive strength of UHPC has 
driven the investigation of diverse computational approaches Error! Reference source not found.Error! Reference source not 

found.. Among these, artificial neural networks (ANNs) have gained prominence for their capacity to 
mimic human learning mechanisms Error! Reference source not found.. In materials science, ANNs have proven 
highly effective in simulating complex behaviors, owing to their self-learning, self-organizing, and 
adaptive properties. These capabilities allow ANNs to capture complex patterns and model nonlinear 
relationships within large datasets, surpassing the capabilities of traditional statistical methods. 
Nonetheless, ANNs fjunace challenges such as overfitting, opacity in their decision-making 
processes, and the requirement for extensive training data, which can compromise their stability and 
accuracyError! Reference source not found.. 
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To address these limitations, increasing attention has been directed towards support vector 
regression (SVR). SVR utilizes the principles of machine learning rooted in statistical learning theory, 
aiming to minimize error, enhance predictive accuracy, and ensure model robustness, even when 
working with limited datasetsError! Reference source not found.. By constructing a regression surface within a 
high-dimensional space, SVR effectively manages nonlinear relationships, making it particularly 
well-suited for forecasting complex properties such as the compressive strength of UHPCError! Reference 

source not found.. 
The incorporation of SVR into predictive modeling marks a substantial advancement in 

materials scienceError! Reference source not found.Error! Reference source not found.. Its utilization extends beyond theoretical 
research, offering significant practical benefits for construction projects. Improved predictive models 
facilitate more effective planning and quality control, optimize material formulations, and ensure 
that structural components adhere to safety and performance standards without excessive material 
use. This study aims to investigate and validate the efficacy of an optimized SVR model, enhanced 
through advanced algorithmic refinements, to predict the compressive strength of UHPC with 
greater accuracy and dependability than existing models. By bridging the divide between theoretical 
research and practical implementation, this research enhances predictability and, consequently, the 
feasibility of employing UHPC in future construction projects. 

Predicting the strength of UHPC is a complex task that involves multiple variables and intricate 
nonlinear relationshipsError! Reference source not found.. Traditional predictive approaches, such as linear 
regression and empirical equations, often rely on simplified assumptions and linear processes, 
making them inadequate for accurately capturing and describing the dynamic interactions within 
these complex nonlinear systemsError! Reference source not found.. The complexity further increases when 
considering projections of carbon emissionsError! Reference source not found.. To address these limitations and 
enhance overall accuracy, the arithmetic optimization algorithm (AOA) was introduced. AOA is a 
novel optimization technique that improves both global and local search capabilities of the solution 
space through straightforward yet effective arithmetic operationsError! Reference source not found.. This method 
is inspired by basic arithmetic principles in nature, employing multiplication and division operations 
to explore various regions of the solution space and refining the search direction and step size using 
addition and subtraction operations. This approach aims to identify hyperparameter configurations 
that minimize network errors. 

By integrating AOA into the hyperparameter optimization process, the search for optimal 
hyperparameters can be both automated and expedited. This approach enhances the likelihood of 
identifying superior hyperparameter combinations, as AOA effectively balances exploration (global 
search) and development (local search). This balance ensures that the algorithm avoids local optima 
and progresses towards a global optimal solutionError! Reference source not found.. Furthermore, employing 
AOA reduces the dependence on manual expertise, thereby making the model training process more 
efficient and automatedError! Reference source not found.. 

In summary, this study aims to construct an optimal prediction model, systematically analyze 
the correlation between key factors and prediction results, and promote the application of optimized 
renewable concrete in the building environment. In this paper, the support vector regression (SVR) 
model is optimized by arithmetic optimization algorithm (AOA). The superior performance and 
computational efficiency of the AOA-SVR model in predicting the compressive strength of UHPC 
were verified, and the prediction results were compared and comprehensively analyzed. 

2. The Feasibility Analysis of the SVR Model Optimized by the AOA Algorithm 

UHPC involves multiple variables and complex nonlinear relationships. It requires considering 
not only the composition of the concrete but also the interactions between these components and their 
combined effects on the final strength, making UHPC strength prediction challenging. Traditional 
prediction methods, such as linear regression and empirical formulas, are based on simplified 
assumptions and struggle to accurately describe complex nonlinear relationships. Additionally, 
predicting carbon emissions further complicates the process, as it involves considering the energy 
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consumption of raw material production, environmental impacts during production, and the lifespan 
of the materials, encompassing multiple dimensions. 

To address these challenges, methods capable of handling highly nonlinear problems, such as 
ANN and SVM, are needed. These methods improve prediction accuracy by learning complex 
patterns and relationships within data and can self-optimize as new data becomes available. 
Particularly support vector regression (SVR), has been widely used to solve complex nonlinear 
problems due to its unique design, which effectively captures and models nonlinear relationships in 
data. However, the performance of ANN is heavily influenced by hyperparameter settings, which 
must be determined before training, making the process complex and subjective. 

To overcome these limitations and improve hyperparameter optimization efficiency and model 
accuracy, the Arithmetic Optimization Algorithm (AOA) is introduced. AOA explores different 
regions of the solution space through multiplication and division operations and fine-tunes the search 
direction and step size using addition and subtraction operations to find hyperparameter 
configurations that minimize network error. The application of AOA not only automates and 
accelerates the hyperparameter search process but also increases the likelihood of finding optimal 
hyperparameter combinations. This is because AOA effectively balances exploration (global search) 
and exploitation (local search), ensuring the algorithm can escape local optima and progress toward 
a global optimal solution. 

In summary, applying AOA for hyperparameter optimization, combined with the nonlinear 
modeling capabilities of the SVR model, provides an efficient and accurate solution for complex 
problems. This integration is expected to enhance the performance of AI models across various fields. 
In this study, we propose the AOA-SVR model by combining AOA’s parameter optimization with 
the SVR model’s ability to extract nonlinear information to capture the relationships between factors 
affecting mechanical performance and to predict trends in mechanical properties.The process 
flowchart is illustrated in Figure 1. 

 

Figure 1. Working program for the establishment of the Machine learning optimization model. 

3. Selection of Input Variables for Influencing Factors of Mechanical Properties of UHPC  

3.1. Analysis of the Influence of Single Factors on the Compressive Strength of UHPC 

This section employs the heatmap method in Python to analyze the correlation between various 
input variables and the compressive strength of concrete, as illustrated in Figure 2. This technique 
visually represents the degree of correlation between variables using an intuitive heatmap. The 
heatmap visually represents the correlation matrix, where each cell’s color intensity signifies the 
strength and direction of the correlation between two variables. A darker shade indicates a stronger 
correlation. This graphical representation aids in identifying key predictors and understanding their 
relationships, thus enhancing the predictive modeling process for UHPC compressive 
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strength.Through detailed heatmap analysis, seven key variables were identified as having the most 
significant impact on the predictive model for concrete compressive strength: water content, cement 
content, steel fiber content, superplasticizers content, fly ash content, silica fume content, and slag 
powder content. This identification allows for the optimization of the predictive model and 
significantly enhances its accuracy. 

The use of color in the heatmap clearly shows the correlation values between different variables. 
The correlation between water and cement usage is the most significant (R = 0.5), which is consistent 
with previous research findings. Additionally, there is a notable strong correlation between the fly 
ash content and the cement content, as the fly ash content directly affects the compressive strength of 
UHPC. Regarding the correlation between the input and output variables, the amount of cement 
exhibits the strongest correlation with compressive strength, the fibers usually has a greater effect on 
the increase of tensile strength and toughness, and its effect on the increase of compressive strength 
is less. And, the composition of the cementitious material on the compressive strength of UHPC is 
more obvious, if the cementitious material system with the composition of cement, silica fume, fly 
ash and slag, then the content of each kind of cementitious material changes will greatly affect the 
compressive strength of UHPC. 

 

Figure 2. Heatmap of variable correlations. 

Moreover, considering the significant differences in the measurement standards and numerical 
ranges of various variables in the original dataset, such discrepancies could adversely affect the 
model’s performance. To mitigate this issue, we applied normalization preprocessing to both the 
training and testing sets before establishing the regression model. The normalization equation is as 
follows: 

( )
( ) ( )xx

xxx
minmax

min
−

−=  (1) 

where  represents the normalized data value; x denotes the data value before normalization; and 
max(x) and min(x) signify the upper and lower limits of the sample data values, respectively. 

After inputting the normalized values into the neural network, the output values generated by 
the model must also undergo inverse normalization to restore them to their original scale. The 
calculation method for inverse normalization is as follows: 
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( ) minminmax xxxyy +−=  (2) 

where y represents the output value of the neural network; x denotes the numerical value after 
denormalization reduction. This step eliminates the effect of range differences by scaling the data so 
that the values of different variables fall within the same range.  

In order to study the correlation trend between various influencing factors and uhpc. We carried 
out related experiments with different ratios as shown in Tables 1–4.  

Table 1. Effect of water-binder ratio on the compressive strength of UHPC.1. 

Water-binder ratio(%) 
Experimental results(MPa) 

7d 14d 28d 

0.14 288.97 324.15 335.85 

0.15 294.82 328.15 338.51 

0.16 299.17 333.88 342.61 

0.17 307.42 337.15 351.31 

0.18 311.61 341.01 355.15 

0.19 317.46 347.16 359.14 

0.2 321.93 352.33 363.12 

0.21 315.61 341.05 355.15 

0.22 310.17 335.15 348.25 

0.23 302.15 331.95 340.91 

0.24 299.23 328.08 333.15 

 
1 As illustrated in Table 1, the unique properties of UHPC are partly attributed to its extremely low 

water/binder ratio, which significantly enhances the compactness and strength of the concrete. 

Moderately increasing the water/binder ratio can mitigate internal defects and initially improve the 

strength of UHPC. However, an excessively high water/binder ratio reduces the efficiency of the 

hydration reaction, leading to a decrease in concrete strength. Therefore, identifying an optimal 

water/binder ratio range is crucial. This finding holds significant guiding implications for the 

design and application of UHPC, indicating that performance optimization can be achieved by 

adjusting the water/binder ratio appropriately. 

 

Table 2. Effect of steel fiber content on the compressive strength of UHPC.2. 

Steel fiber (%) 
Experimental results(MPa) 

7d 14d 28d 

0 280.14 302.01 327.51 

0.2 283.82 308.21 333.51 

0.4 287.09 312.87 338.64 

0.6 292.77 316.31 343.85 

0.8 294.64 320.98 347.02 

1 297.31 323.05 352.78 

1.2 304.12 327.04 358.15 
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1.4 307.22 331.61 362.71 

1.6 309.42 337.02 365.56 

1.8 311.61 340.45 367.61 

2 312.42 342.21 368.17 
2 As illustrated in Table 2, steel fiber plays a crucial role in reinforcing UHPC, and an appropriate 

amount of steel fiber can significantly enhance its structural properties. However, as the steel fiber 

content increases, there are potential drawbacks. In addition to the rise in material costs, excessive 

steel fiber content can lead to fiber agglomeration within the concrete matrix, which adversely 

affects the uniformity and overall strength of the concrete. Therefore, to optimize cost-effectiveness 

and ensure the uniform and reliable performance of UHPC, the steel fiber content must be 

maintained within a reasonable range to avoid the negative effects associated with overuse. 

 

Table 3. Effect of water reducing agent content on the compressive strength of UHPC.3. 

Water reducing agent(%) 
Experimental results(MPa) 

7d 14d 28d 

1.4 301.01 326.46 362.13 

1.5 307.23 330.58 368.14 

1.6 312.01 335.21 373.74 

1.7 315.21 340.25 377.58 

1.8 321.46 342.65 381.14 

1.9 326.47 348.25 385.14 

2 324.14 343.65 378.85 

2.1 317.04 337.01 371.13 

2.2 311.78 332.69 367.18 

2.3 307.14 329.05 362.19 

2.4 300.12 326.02 357.32 

2.5 297.31 323.05 352.78 

2.6 292.47 317.15 349.68 

2.7 286.56 314.15 345.82 

2.8 283.16 310.14 340.65 

2.9 279.81 306.25 336.15 

3 273.67 302.12 331.13 

 
3 As shown in Table 3, the strength of UHPC reaches a peak when the dosage of superplasticizers is 

optimized. However, an excessive amount of superplasticizers can increase the fluidity of the 

cement slurry excessively, leading to the introduction of air bubbles and segregation of the cement 

slurry, which ultimately reduces the overall strength of the concrete. Therefore, while water 

reducing agents are crucial for enhancing the performance of UHPC, their dosage must be carefully 

and precisely controlled. 
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Table 4. Effect of mineral admixtures content on the compressive strength of UHPC.4. 

Mineral admixtures(%) 
Experimental results(MPa) 

7d 14d 28d 

0 299.17 322.04 349.36 

10 302.16 327.66 351.21 

20 307.28 335.46 355.03 

30 313.14 338.74 358.14 

40 316.21 341.05 362.31 

50 320.18 344.15 357.17 

60 318.19 340.05 354.31 

70 315.24 336.91 345.48 

80 311.05 332.15 341.59 

90 308.82 324.51 338.21 

 
4 As demonstrated in Table 4, the results indicate that as the mineral admixture substitution rate 

gradually increases in concrete, the compressive strength of UHPC initially increases and then 

decreases, exhibiting a parabolic trend. At first, the incorporation of mineral admixtures enhances 

the strength of the concrete. However, once the substitution rate surpasses a critical threshold, the 

strength starts to decline. This decline occurs because mineral admixtures can dilute the 

concentration of the cement slurry, thereby affecting its hydration process and reducing overall 

strength. Thus, selecting the appropriate mineral admixture substitution rate is crucial for achieving 

optimal strength properties in UHPC. This parabolic relationship underscores the importance of 

carefully controlling the mineral admixture substitution rate during the preparation of UHPC to 

achieve the best possible strength results. 
 

 

3.2. Analysis of the Influence of Combined Variable Factors on the Compressive Strength of UHPC 

By integrating the AOA-SVR model with the grid scanning method, this study visualizes the 
effect of different variable factors on the compressive strength of UHPC in a three-dimensional space. 
This advanced analysis technique allows for the precise illustration of the combined effects of two 
variable factors. During the analysis, other variables are fixed at their optimal levels while observing 
the changes in these two variables. The results are displayed in intuitive three-dimensional graphs, 
each detailing how specific variations in the variable factors affect the compressive strength of the 
concrete. 

This approach not only highlights the impact of individual variables but also provides a 
comprehensive analysis of how the interaction between variables jointly determines the final 
strength. This analysis method offers a scientific foundation for the ratio design of UHPC, aiding in 
the optimization of material use to achieve the desired structural performance. 

As depicted in Figure 3, this subsection presents five examples that illustrate the influence of 
various factors on the compressive strength, serving as an important reference for the field of concrete 
technology. 
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(a)                                (b) 

 

(c) 

 
(d)                                (e) 

Figure 3. Three-dimensional view of the influence of combined factors on the compressive strength 
of UHPC. 

Figure 3a illustrates the effects of the water/binder ratio and steel fiber composition on the 
compressive strength of UHPC. Steel fibers provide additional support and crack bridging, which 
can significantly increase compressive strength; however, an excessive amount can reduce the 
uniformity of the concrete. Similarly, while increasing the water/binder ratio can initially improve 
the compressive strength, an excessively high ratio can introduce too much water, thereby reducing 
the strength. Therefore, in preparing UHPC, it is crucial to carefully adjust the steel fiber distribution 
and water/binder ratio to maximize the material’s advantages and prevent performance degradation. 

Figure 3b demonstrates that the appropriate use of mineral admixtures and superplasticizers 
significantly impacts the compressive strength of UHPC. Mineral admixtures can enhance strength, 
particularly when used up to 40%. Superplasticizers improve workability and compactness, thus 
increasing compressive strength. Nevertheless, excessive use of superplasticizers may decrease 
strength by interfering with the normal hydration process of the cement. Therefore, moderate use of 
these admixtures is essential to achieve optimal compressive strength, as excessive amounts can lead 
to performance deterioration. 
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Figure 3c shows that in the preparation of UHPC, the water/binder ratio and water reducer 
dosage are critical factors that directly influence the compressive strength. Moderately increasing the 
water/binder ratio (from 0.15 to 0.20) can significantly boost strength by promoting full cement 
hydration and enhancing the concrete structure. However, beyond this critical value, the rate of 
strength increase slows down because a higher water/binder ratio increases concrete porosity. The 
dosage of water reducing agent was increased to 1.5%, and the strength was improved. Nevertheless, 
when the dosage exceeds 2.5%, the strength peaks and further increases in the water reducer dosage 
may lead to a reduction in strength. 

Figure 3d demonstrates that the precise dosage of steel fiber and mineral admixture is crucial 
for optimizing the compressive strength of UHPC. As the proportion of steel fiber increases to 3.0%, 
the strength significantly improves, indicating an optimal proportion point. Additionally, the 
moderate addition of mineral admixtures can increase strength, but their positive effect diminishes 
after reaching a maximum value, potentially leading to a performance decline. When the steel fiber 
content reaches approximately 6.0%, the compressive strength initially decreases and then increases, 
highlighting the complex interactions between materials. Therefore, in designing UHPC, it is 
essential to precisely control the amounts of steel fiber and mineral admixtures to maximize 
performance while enhancing economic efficiency and environmental sustainability. 

Figure 3e illustrates the effect of steel fiber length on the compressive strength optimization of 
UHPC. Considering the significant influence of the length of steel fibers on the compressive strength 
of UHPCError! Reference source not found.Error! Reference source not found., a comprehensive investigation was conducted 
to explore the effect of steel fiber length on the compressive strength of UHPC. The results indicate 
that as the length of steel fibers increases, the compressive strength also increases. This is because 
longer fibers can more effectively bridge micro-cracks, enhancing the toughness and crack resistance 
of the concrete. However, when the steel fiber length reaches approximately 8 mm, the growth in 
compressive strength begins to diminish. This reduction in growth trend may be due to difficulties 
in the distribution and orientation of excessively long fibers within the mix. Additionally, longer steel 
fibers increase material costs, necessitating a balance between economic benefits and performance 
improvements to determine the optimal fiber length and dosage. 

From the above three-dimensional diagrams, it is evident that the constructed machine learning 
model effectively analyzes how variations in water/binder ratio and steel fiber, mineral admixture 
and superplasticizers, water/binder ratio and superplasticizers, and steel fiber and mineral admixture 
influence the compressive strength of UHPC. This predictive analysis unveils the complex 
interactions among each component, providing a valuable reference for engineering applications. 

4. Prediction of Mechanical Properties of UHPC Based on AOA-SVR 

According to the above analysis of various factors affecting the compressive strength of UHPC, 
it is evident that multiple influencing factors are interrelated, and the relationship between these 
factors and compressive strength is complex and nonlinear. To address this complexity, machine 
learning technology, particularly the SVR model, is introduced into the study of UHPC. By 
integrating the AOA with the SVR model, researchers can scientifically predict the compressive 
strength of UHPC and adjust the material ratios accordingly.  

This approach not only reduces the number of required experiments but also decreases research 
and development costs and environmental pollution. Additionally, it significantly enhances 
production efficiency and the stability of material properties. Therefore, the combination of machine 
learning and algorithm optimization, exemplified by the AOA-SVR model, offers a novel pathway 
for the research and application of UHPC. This method demonstrates the immense potential of 
modern technology in advancing the field of traditional building materials. 

4.1. Preparation of Sample Data 

We meticulously compiled a dataset comprising 880 samples, which were effectively divided 
into a training set of 700 samples and a test set of 180 samples. This partitioning strategy is designed 
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to thoroughly train the model using the training set and subsequently validate the model’s 
generalization ability and predictive accuracy with the test set. 

The high accuracy and flexibility of the AOA-SVR model not only provide a scientific basis for 
the proportion-design of UHPC but also significantly enhance the efficiency and precision of this 
process. The dataset includes relevant test data collected by the research team as well as trial 
configuration data from a civil engineering experimental testing institution, as detailed in Table 5. 

Table 5. Database collections. 

No. Reference Number of data Proportion of data (%) 

1 Song et al.Error! Reference source not found. 471 35.47 

2 Graybeal, B. A.Error! Reference source not found. 294 22.14 

3 Scheydt, J. C., et al.Error! Reference source not found. 72 5.42 

4 Graybeal, B. A.,et al.Error! Reference source not found. 59 4.44 

5 Alsalman, A., et al.Error! Reference source not found. 51 3.84 

6 Sobuz, H., et al.Error! Reference source not found. 40 3.01 

7 Shi, Y., et al.Error! Reference source not found. 30 2.26 

8 Akça, K. R., et al.Error! Reference source not found. 26 1.96 

9 Ronanki, V. S., et al.Error! Reference source not found. 22 1.66 

10 Fan, D., et al.Error! Reference source not found. 20 1.51 

11 Alsalman, A., et al.Error! Reference source not found. 17 1.29 

12 Fan, D., et al.Error! Reference source not found. 17 1.29 

13 Yang, R., et al.Error! Reference source not found. 16 1.20 

14 Feng, S., et al.Error! Reference source not found. 16 1.20 

15 Yu, R., et al[34] 12 0.90 

16 Magureanu, C., et al. Error! Reference source not found. 12 0.90 

17 Li, P., et al.Error! Reference source not found. 12 0.90 

18 Xie, T., et al.Error! Reference source not found. 10 0.75 

19 Ouyang, X., et al.Error! Reference source not found.  10 0.75 

20 Alkaysi, M., et al. Error! Reference source not found. 9 0.68 

21 Teichmann, T., et al.Error! Reference source not found. 9 0.68 

22 Ma, J., et al.Error! Reference source not found. 9 0.68 

23 Jin B K, et al.Error! Reference source not found. 9 0.68 

24 Ding, M., et al.Error! Reference source not found. 7 0.53 

25 Xue, J., et al.Error! Reference source not found. 7 0.53 

26 Hou, D., et al.Error! Reference source not found.  7 0.53 

27 Yang, R., et al.Error! Reference source not found. 6 0.45 

28 Wang, X., et al.Error! Reference source not found. 6 0.45 

29 Wu, Z., et al.Error! Reference source not found. 6 0.45 

30 Fehling, E., et al.Error! Reference source not found. 5 0.38 

31 Zhang, H., et al.Error! Reference source not found.  5 0.38 

32 Arora, A., et al.Error! Reference source not found. 5 0.38 

33 Ravichandran, D., et al.Error! Reference source not found. 5 0.38 

34 Yu, Z., et al.Error! Reference source not found. 5 0.38 
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35 Su, Y., et al.Error! Reference source not found. 4 0.30 

36 Gong, J., et al.Error! Reference source not found. 4 0.30 

37 Wang, C., et al.Error! Reference source not found. 3 0.23 

38 Sbia, L. A., et al.Error! Reference source not found. 3 0.23 

39 Akhnoukh, A. K.Error! Reference source not found.  3 0.23 

40 Farzad, M., et al.Error! Reference source not found. 2 0.15 

41 Gu, C., et al.Error! Reference source not found. 1 0.08 

42 Abbas, S., et al.Error! Reference source not found. 1 0.08 

 Total 1328 100% 

In this subsection, 1328 test data samples from 42 literature sources were employed to train and 
test the machine learning model for predicting the compressive strength of UHPC. Table 1 provides 
detailed information on the source references, the number of data points in each reference, and the 
percentage contribution of each reference to the total dataset. Table 6 lists the database used in this 
study, which includes seven input variables utilized to construct the machine learning model. These 
key input parameters are water content, cement content, steel fiber content, fly ash content, silica 
fume content, slag powder content, and superplasticizers content. Table 6 describes in detail the 
minimum, maximum, mean, median, and standard deviation of these input variables. 

Table 6. Database description. 

 Unit Count Min Max Avg Median Std 

Cement content kg/m3 1328 212.63 661.71 383.64 382.15 98.55 

Water content kg/m3 1328 68.51 261.37 183.46 184.21 39.83 

Steel fiber content kg/m3 1328 37.63 101.27 77.83 76.49 12.91 

Fly ash content kg/m3 1328 200.17 656.33 329.77 331.62 91.43 

Silica fume content kg/m3 1328 110.44 322.65 208.72 212.68 49.26 

Superplasticizers content % 1328 1.5 3.5 2.21 2.19 0.44 

Slag powder content kg/m3 1328 87.22 266.73 169.57 171.43 39.67 

Compressive strength MPa 1328 265.21 522.79 367.56 364.97 59.36 

4.2. Processing of Sample Data 

In the application of the SVR model, selecting the appropriate kernel function is crucial for 
enhancing the model’s performance. This study employs the radial basis function (RBF) as the kernel 
function for SVR, chosen for its capability to effectively handle nonlinear problems and capture 
complex patterns in data. To further boost the predictive accuracy and efficiency of the model, key 
parameters of the AOA-SVR model, including penalty parameters and kernel function 
hyperparameters, were meticulously fine-tuned. This step significantly impacts the model’s 
performance. 

Data preprocessing is a critical aspect of the machine learning process. In this study, 
normalization was applied to ensure that input data values fall within the range of [-1, +1]. This 
method effectively reduces the order of magnitude differences between different features and 
prevents any single dimension from disproportionately influencing the results during model 
training. Normalization not only accelerates the convergence speed of model training but also 
enhances the stability of the training process and the final generalization ability of the model. 

By optimizing the parameters of the AOA-SVR model and normalizing the data, the study 
successfully enhances the efficiency of the model’s adjustment process during training, ensuring 
rapid convergence to the optimal solution. This approach achieves the dual goals of efficiency and 
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accuracy in multiple machine learning tasks. The results demonstrate the effectiveness and reliability 
of the SVR model with an RBF kernel, combined with advanced parameter optimization techniques 
and appropriate data preprocessing strategies, in managing complex data analysis tasks. 

4.3. Evaluation Indicators 

To evaluate the performance of the machine learning model, this study employs five key 
indicators: R-squared（R2）, root mean-square error（RMSE）, mean absolute error（MAE）, mean 
absolute percentage error(MAPE) and A20-index. Among them, RMSE measures the deviation 
between the predicted value and the real value, and is sensitive to outliers in the data.MAE is the 
average of absolute errors between predicted and observed values.MAPE is used to evaluate the 
measurement of the error between the predicted value and the actual value. It is an important index 
to measure the accuracy of the predicted value.These metrics provide a comprehensive assessment 
of the model’s accuracy and reliability. The specific equations for these indicators are provided in 
Table 7, with the following definitions: xi represents the actual value; yi denotes the predicted value; 
pi symbolizes the average of the actual value; μi signifies the average value of the predicted value; n 
indicates the total number of samples in the dataset; and m20 is the number of samples with the ratio 
of experimental value to predicted value between 0.80 and 1.20. 

Table 7. Evaluation indicators. 

Indicator Equation Ideal value 

R2 𝑅ଶ = ∑ (𝑥௜ − 𝑝௜)ଶ − ∑ (𝑥௜ − 𝑦௜)ଶ௡௜ୀଵ௡௜ୀଵ ∑ (𝑋௜ − 𝜇௜)ଶ௡௜ୀଵ  1 

RMSE 𝑅𝑀𝑆𝐸 = ඨ1𝑛෍ (𝑥௜ − 𝑦௜)ଶ௡௜ୀଵ  0 

MAE 𝑀𝐴𝐸 = 1𝑛෍ |𝑥௜ − 𝑦௜|௡௜ୀଵ  0 

MAPE 𝑀𝐴𝑃𝐸 = 1𝑛෍ | 𝑥௜ − 𝑦௜𝑥௜ |௡௜ୀଵ × 100% 0 

A20-index 𝐴20-index = 𝑚ଶ଴𝑛  1 

4.4. Comparative Analysis of Prediction Results 

4.4.1. Model Prediction Performance and Verification Analysis 

The performance indicators for the model prediction and verification analysis are illustrated in 
Figure 4a,b, representing the performance statistics of the training and test datasets, respectively. 
They clearly demonstrate that the AOA-SVR model achieves the best performance indicators across 
all models. Specifically, the AOA-SVR model generates higher R2 values, while RMSE, MAE, and 
MAPE values are lower compared to other models. Upon combining the training phase and the test 
phase, the SVR model also exhibits strong performance, outperforming the other two models 
significantly. This indicates that, following the AOA-SVR model, the SVR model is the most reliable 
in predicting the compressive strength of UHPC. 
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(a) Training dataset 

 

(b) Test dataset 

Figure 4. Performance metrics for ANN, SVM, SVR, and AOA-SVR models. 

Figure 5 displays the regression diagrams for all models during the training phase. The 
horizontal axis of each graph represents the observed values in the training samples, while the 
vertical axis represents the predicted values of the model. The black line in each figure represents 
perfect agreement between observed and predicted values, corresponding to the equation y = x. The 
other lines, marked by radial lines, indicate 10% and 20% deviations from the perfect agreement line. 
Therefore, if all points lie on the y = x line, it indicates that the model can predict the actual values 
without any error. As shown in the figure, the AOA-SVR model not only has the highest R2 value but 
also produces a regression equation closest to y = x. Following the AOA-SVR model in performance 
are the SVR, SVM, and ANN models. 

While achieving high performance in the training phase is beneficial for model prediction, it 
does not necessarily guarantee the model’s performance during the test phase. In other words, a 
model that performs well during training may not replicate its results during testing; therefore, their 
performance must be evaluated on the test data. 

Figure 6 presents the regression diagrams for the models during the test phase. The AOA-SVR 
model demonstrates superior performance, as evidenced by the highest R2 value and the compact 
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clustering of data points along the black line (the 100% consistent line). The R2 values for the models 
following the AOA-SVR model are in the order of SVR, SVM, and ANN. 

 

(a)                                   (b) 

 

(c)                                   (d) 

Figure 5. Regression diagrams of ANN, SVM, SVR, and AOA-SVR models during the training 
phase. 
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(a)                                   (b) 

 

(c)                                   (d) 

Figure 6. Regression diagrams of ANN, SVM, SVR, and AOA-SVR models during the test phase. 

4.4.2. Model Explanation 

In this study, the SHapley Additive exPlanations (SHAP) method is utilized to explain the model 
prediction results. The contribution analysis of the prediction results based on SHAP values can be 
divided into two levels according to the established model. Figures 7 and 8 provide a global 
interpretation of the AOA-SVR model. The results indicate that cement content has the most 
significant impact on the mechanical properties of UHPC, while slag powder has the least effect.  

Figure 11 illustrates the distribution of SHAP values for each characteristic parameter and 
indicates their corresponding influence trends. The analysis reveals that higher values of steel fiber 
content, cement content, fly ash content, and silica fume content are associated with larger SHAP 
values. Conversely, higher values of water content, superplasticizers content, and slag powder 
content correspond to smaller SHAP values. This indicates that steel fiber content, cement content, 
fly ash content, and silica fume content are positively correlated with compressive strength, whereas 
water content, superplasticizers content, and slag powder content are negatively correlated. This 
detailed SHAP analysis further demonstrates the reliability and robustness of machine learning 
methods for predicting the compressive strength of UHPC. 
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Figure 7. Evaluation summary chart. 

 

Figure 8. Feature importance. 

5. Conclusions 

This study examined the impact of both single factors and combined factors on UHPC 
performance using experimental data. These innovations effectively address previous limitations, 
such as using different machine learning and deep learning for predicting concrete properties.Based 
on analyzing these factors both in isolation and combination, the study provides a comprehensive 
understanding of their roles and interactions, which are often complex and non-linear.The following 
results are obtained in this study: 

(1)Through meticulous data processing and algorithm optimization, three-dimensional graphics 
were utilized to visually display the impact of various influencing factors on the compressive 
strength of UHPC. This approach allows for the optimization of material ratios in the design and 
construction of UHPC structures to achieve desired performance goals in practical projects. 

(2) The AOA-SVR hybrid model outperforms the ANN, SVM, and SVR single models, achieving 
the highest prediction accuracy with R2 = 0.9628, In addition ,the very low (RMSE = 1.5779 MPa, and 
MAE = 1.1796 MPa) values on training and test sets indicates no overfitting was produced . 

(3) Based on the SHAP evaluation summary and feature importance analysis, followed by AOA-
SVR hybrid model indicates, cement content was the most influential variable on compressive 
strength of UHPC,while slag powder had the least influence. 
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