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In order to find a simple method to study the effect of basalt fibers on the mechanical properties 
of concrete when incorporated into concrete, machine learning is introduced in this work on 
an experimental basis. The basalt fiber-reinforced concrete (BFRC) specimens were fabricated 
through independent processing, and the compression tests under different stress states were 
conducted on the BFRC specimens with different fiber compositions using the MTS816 rock 
testing system. After obtaining the experimental dataset with the four influencing factors of 
fiber volume fraction, fiber length, circumferential pressure and strain as input variables and 
stress as output variable, the BFRC prediction model was established based on extreme gradient 
boosting, support vector machine, K-nearest neighbor, and Particle Swarm Optimization K-
Nearest Neighbor (PSO-KNN) algorithms; Then the predicted fitting results of the training set and 
test set are analyzed according to the relevant evaluation indexes, and the data indexes indicate 
that the PSO-KNN model has the best prediction performance, and the PSO-KNN model is used to 
predict the stress-strain fitting curves of BFRC, and finally the parameter contribution is analyzed 
based on the information of the curves. This is the first time that PSO-KNN is used in the study of 
BFRC eigenmodel, and the prediction effect is good, which not only overcomes the drawbacks of 
time-consuming and expensive experimental research, but also provides a basis and reference for 
engineering applications and later scholars’ research on BFRC eigenmodel.

1. Introduction

Basalt fiber (BF) is a new type of inorganic, environmentally friendly, green, and high-performance fiber material. BF has ex-
cellent temperature resistance, monofilament mechanical strength, elastic modulus, density, creep fracture stress, chemical stability 
and other physical and chemical properties [1]. Its corrosion resistance is better than ordinary glass fiber, and its mechanical per-
formance index is also about 30% better than ordinary glass fiber. The creep rate is about 1/4 of aramid fiber, and the process 
energy consumption is about 1/16 of carbon fiber. Its application fields include national defense and military industry, civil engi-
neering facilities, building reinforcement, ocean engineering, ultra-high voltage power transmission, rail transit vehicles, automotive 
lightweight, fire protection, environmental protection, etc. [2][3]. BF is an inorganic silicate fiber with natural compatibility with 
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silicate materials (cement, concrete), and has technical advantages in the fields of asphalt sealing, cement reinforcement, and con-
crete reinforcement [4]. Taking the reinforced concrete structure as an example, the shortcut BF mixed with the cement matrix can 
form a uniform three-dimensional traction “micro skeleton” system, which can withstand the shrinkage deformation stress, increase 
the material toughness, improve the component ductility, inhibit cracks [5][6], and is a cost-effective reinforcement material. Com-
pared to ordinary concrete, basalt fiber reinforced concrete (BFRC) exhibits the following three specific aspects in terms of quality 
performance:

1© The compressive strength of BFRC has been increased by about 2.6%, and its frost resistance has also been improved to some 
extent.

2© BFRC splitting tensile strength increased by 9.8%, Flexural strength increased by 15.3%, and bending ultimate tensile length 
increased by 19.1%, which helps to delay the formation of initial cracks and reduce microcracks caused by concrete shrinkage.

3© BF reinforcement materials can effectively replace steel, alleviate engineering problems such as metal material corrosion and 
maintenance, and improve the durability and safety of concrete structures [7][8].

At present, many research results have confirmed that adding BF to concrete can improve various mechanical properties of con-
crete [9][10]. For example, Wei Chen et al. [11] simulated the cubic compression, axial compression, and splitting tensile behavior 
of BFRC specimens by controlling the BF content. By comparing the test data with the simulation results, it was confirmed that 
the compressive strength of concrete will be correspondingly enhanced when BF is added. Zhao Yanru et al. [12] also studied the 
stress-strain relationship in the stress-rising stage of BFRC. However, at present, there are few studies on the whole process Stress-
strain curve of BFRC under uniaxial compression, but it is an essential constitutive model for ultimate bearing capacity analysis and 
nonlinear whole process analysis of concrete members [13]. The study of stress-strain behavior of concrete is a very important aspect 
of its mechanical properties, and is crucial for the design and use of safe concrete in engineering. Therefore, the necessity of con-
ducting experimental research on the constitutive model of BFRC is obvious [14–16]. However, the experimental process of studying 
the stress-strain behavior of BFRC through experimental methods is lengthy, cumbersome and labor-intensive, and the instruments, 
equipment, and specimen materials are expensive. To break through the limitations of the experimental path, scholars have continu-
ously applied machine learning methods to predict various mechanical properties of concrete [17–19]. For example, Yakowitz [20]
first applied the k-nearest neighbors (KNN) method to prediction tasks in 1988. Clark [21], Turochy [22], and Kindzerskel [23]
further studied the algorithm from the coefficient selection of distance parameter p, K-value search, and distance weight. Li Hong et 
al. [24] used genetic algorithm to optimize the kernel Extreme learning machine and proposed a new hybrid KELM-GA model to deal 
with the prediction task of BFRC compressive strength. T. Jiang, J.G. Teng et al. [25] improved the algorithm model to provide more 
accurate prediction of stress-strain behavior for weakly constrained concrete. J. B. Mander et al. [26] proposed a constitutive model 
of concrete constrained by transverse reinforcement under uniaxial compression, so that the Strain energy in concrete is equal to the 
Strain energy capacity of transverse reinforcement. XN Bui [27] proposed a new artificial intelligence technology (PSO-KNN) based 
on Particle Swarm Optimization (PSO) to optimize KNN. We searched and optimized the hyperparameters of KNN using PSO, and 
obtained different models with three kernel functions: quartic (Q), cubic weighted (T), and cosine (C). By comparing the performance 
with other machine learning algorithms, the model has been verified to have reliable predictive ability for engineering with explosion 
safety hazards. HK Kim, Y Lim et al. [28] developed a micro mechanical integrated machine learning method based on experimental 
evaluation results, which can effectively predict the stress-strain response performance of concrete mixed with crushed clay brick 
aggregates. Najmoddin Alireza et al. [29] delved into the mechanical characterization of BFRC using six machine learning algorithms 
(AdaBoost, LightGBM, GBDT, XGBoost, KNN and RF). The novelty lies in the simultaneous prediction of three output variables, com-
pressive, flexural and split tensile strengths, further demonstrating the reliability and simplicity of machine learning. Faruk Ergen 
et al. [30] investigated the suitability of PSO optimized machine learning models (PSO-RF, PSO-AdaBoost, PSO-XGBoost, PSO-SVR, 
and PSO-KNN) for predicting shear strength of steel fiber self-compacting concrete (SFR-SCC) beams with/without reinforcement in 
engineering applications, confirming that the results that the PSO optimization algorithm can be an effective tool to improve the per-
formance of machine learning models. Nima Khodadadi 31 presents an innovative Particle Swarm Classification Boosting Algorithm 
(PSO-CatBoost) for the prediction of compressive strength of carbon fiber reinforced polymer restrained concrete specimens, which 
effectively combines the advantages of Particle Swarm Optimization and CatBoost algorithms. The PSO-CatBoost model is then com-
pared with several common algorithmic models, and the results confirm that the optimized model has a higher prediction accuracy, 
representing a significant shift and development in the research methods available in the field. According to the previous research 
on machine learning in concrete performance by scholars, machine learning has been commonly used in performance prediction 
studies of concrete, but there are not many research cases on BFRC using optimization algorithms. The prediction performance of 
the algorithmic model after optimization algorithm searching and tuning is improved compared to the normal algorithmic model.

The main purpose of this study is to design an accurate and reliable optimization algorithm model to predict the constitutive 
model of BFRC specimens after compression testing in the MTS816 rock testing system. This has important progressive significance 
for obtaining experimental data through time-consuming, labor-intensive, and cost-effective experiments. This article obtains exper-
imental data through experiments and establishes an experimental database. Four algorithmic prediction models, PSO-KNN, KNN, 
support vector regression (SVR), and eXtreme Gradient Boosting (XGB), were established with four main influencing factors on the 
mechanical behavior of BFRC, namely fiber volume fraction (FVF), fiber length (FL), confining pressure (CP), and strain, as input 
variables and stress as output variables. After evaluating the model based on performance indicators, select the optimal model to 
predict the BFRC stress-strain fitting curve. Due to the unique advantages of KNN adapted to this experimental dataset, the prediction 
effect is better than SVR and XGB, based on which KNN is optimized with PSO to pursue higher prediction accuracy. There is no case 
study on the stress-strain behavior of BFRC with particle swarm optimization K-nearest neighbor algorithm model, so this study has 
2

some novelty and reference significance.
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Table 1

Main performance indicators of cement.

Cement varieties Representation symbol Specific surface area (𝑚2/kg) Compressive strength (MPa) Flexural strength (MPa)

Composite Portland Cement P.C42.5 36.1
3d 7d 28d 3d 7d 28d
23.0 34.8 46.7 5.5 6.8 9.0

Table 2

Main performance indicators of basalt fiber.

Length (mm) Diameter (μm) Density (g∕𝑐𝑚3) Operating temperature (◦C) Bonding temperature (◦C) Elastic Modulus (Gpa) Tensile Strength (Mpa) Elongation (%)

6/12/18 15 2.62∼2.65 -269∼650 1050 91∼110 3000∼4800 3.14

Fig. 1. Basalt fiber process flow.

2. Data acquisition and analysis

2.1. Material parameters and material ratio of the test piece

Cement and BF are the main materials used for specimen preparation, Table 1 and Table 2 correspond to their main performance 
indicators [1]. Fig. 1 shows the process flow of BF production.

The impact of input parameters on the study of concrete constitutive models is also the main research content of this experiment. 
Based on scholars’ research on the optimal ratio of adding BF to concrete in the past decade [32–39], this article comprehensively 
selected to conduct uniaxial and conventional triaxial compression tests on BFRC specimens under the conditions of BF volume 
fraction (0.2%, 0.4%, 0.6%) and BF length (6, 12, 18 mm). The material information used in BFRC is shown in Table 3. Note on 
specimen number: B represents basalt fiber reinforced concrete; C represents plain concrete, B-6-0.2 represents a doped BF length of 
6 mm with a content of 0.2%.

2.2. Test process

This study conducted uniaxial and conventional triaxial compression tests on BFRC specimens on MTS816 equipment, with the 
specific testing process shown in Fig. 2. The BFRC specimens were prepared according to the “Standard for Testing the Perfor-
mance of Ordinary Concrete Mixtures” (GB50080-2002), and the dimensions of the specimens used in this experiment were all Φ
50×100 (mm). According to the test plan records, tap water, cement, sand, melon seed flakes (coarse aggregate), fly ash, and water 
reducing agent are mixed with three different lengths of fiber materials, and then a single type of ordinary concrete without BF is 
mixed separately. After mixing, pour it into a mold to solidify, and take it out for 28 days of specimen curing. Then use a coring 
machine to cut the concrete sample according to the required size, and then use a grinding machine to polish the end face of the sam-
ple until both ends are parallel and smooth. Finally, conduct uniaxial and conventional triaxial compression tests using the MTS816 
rock testing system. When conducting uniaxial compression tests, place the concrete specimen at the center of the base; Conducting 
3

a triaxial closed test requires applying certain confining pressure to the specimen using closed hydraulic oil pressure, and measuring 
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Table 3

BFRC mix ratio.

Specimen 
number

Fiber length 
(mm)

Fiber content Water-cement 
ratio

cement 
(kg)

sand 
(kg)

Coarse 
aggregate (kg)

Tap water 
(kg)

Fly ash 
(kg)

Water reducing 
agent (kg)

volume (%) quality (kg)

C50 – - - 0.33 450 682 1113 150 50 10.5
B-6-0.2

6
0.2 5.3 0.33 450 682 1113 150 50 10.5

B-6-0.4 0.4 10.6 0.33 450 682 1113 150 50 10.5
B-6-0.6 0.6 15.9 0.33 450 682 1113 150 50 10.5
B-12-0.2

12
0.2 5.3 0.33 450 682 1113 150 50 10.5

B-12-0.4 0.4 10.6 0.33 450 682 1113 150 50 10.5
B-12-0.6 0.6 15.9 0.33 450 682 1113 150 50 10.5
B-18-0.2

18
0.2 5.3 0.33 450 682 1113 150 50 10.5

B-18-0.4 0.4 10.6 0.33 450 682 1113 150 50 10.5
B-18-0.6 0.6 15.9 0.33 450 682 1113 150 50 10.5

Fig. 2. Production and compression process of test pieces.

the deformation of the specimen using circular and radial displacement meters, to obtain the corresponding stress-strain diagram. A 
total of 1950 sets of data were obtained in this experiment to form the dataset used in the algorithm model of this study.

Fig. 3 shows two typical fiber distribution electron microscope images in basalt fiber concrete, from Fig. 3(a), it can be seen 
that the basalt fibers are distributed in the form of “bridging” in the cement mortar, basalt fibers are similar to the “bridge” as a 
connection between the two sides of the cracks in the concrete structure. The basalt fibers connect the concrete structure on both 
sides of the cracks like a bridge, so that the cracks in the surrounding matrix do not develop further, and the toughness of the concrete 
structure is enhanced. Fig. 3(b) shows that under the external force, the basalt fibers are presented in the form of fracture, and the 
basalt fibers do not appear to be pulled out, indicating that the basalt fibers play a certain role in stopping the fracture in the damage 
4

process of the specimen.
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Fig. 3. Bridging (a) and fracture (b) morphology of BF inside concrete.

Fig. 4. Pearson correlation coefficient.

2.3. Correlation analysis

First, divide the 1950 sets of original data set collected by the experiment into 80% training set and 20% test set. To clarify the 
correlation between the two characteristic parameters, Pearson correlation coefficient [40] is quoted for correlation analysis of four 
input parameters and the only output parameter. The Pearson correlation coefficient is shown in eq. (1):

𝑝 =
∑𝑚

𝑖=1(𝑥𝑖 − 𝑥̄)(𝑦𝑖 − 𝑦̄)√∑𝑛

𝑖=1(𝑥𝑖 − 𝑥̄)2
√∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
(1)

In the formula, M is the number of samples, 𝑦𝑖 and 𝑥𝑖 are two different eigenvalues, and 𝑦 and 𝑥 are their mean values, respec-
tively.

As shown in Fig. 4, the correlation heat map shows the Pearson coefficient between any two features. It can be seen that among 
the four input parameters, the correlation between confining pressure and stress is the highest, at 0.61; Next is strain, which is 0.55; 
The correlation between BF length and BF content and output stress is relatively low.

3. Algorithm principles

3.1. Extreme gradient enhancement

The extreme gradient lifting principle [41][42] is an Ensemble learning method, which constructs a strong learner by combining 
multiple weak learners. The core of this algorithm is to improve the model performance step by step through continuous iteration, 
thereby reaching the limit. In the principle of limit gradient lifting, each weak learner is a decision tree, which is combined to form 
a strong learner. The formation of all new decision trees is based on the iterative optimization of previous trees. This method can 
5

effectively reduce the bias and variance of the model, thereby improving the accuracy of the model.
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Fig. 5. Principle of support vector regression.

XGB also belongs to the Ensemble learning method, and its prediction model and Loss function are similarly applied to the 
Ensemble learning method. The expression is as follows:

𝛽𝑖 =
𝑘∑

𝑘=1
𝑓𝑘(𝑥𝑖) (2)

0bj =
𝑛∑

𝑖=1
𝑙(𝛼𝑖, 𝛽𝑖) +

𝑘∑
𝑗=1

Ω(𝑓𝑘) (3)

Ω(𝑓𝑘) = 𝛾 ∗ 𝑇 + 1
2
𝜆

𝑇∑
𝑝=1

𝜔2
𝑝

(4)

In eqs. (2), (3) and (4), K is the number of trees, 𝑓𝑘 is the function of the k-th tree, and n is the number of training samples, 𝛽𝑖
and 𝜄(𝛼𝑖, 𝛽𝑖) corresponding to the predicted values and training errors of sample 𝑥𝑖 , where Ω(𝑓𝑘) represents the regularization term 
of 𝑓𝑘, i.e. complexity; 𝛾 and 𝜆 are parameters that control the severity of punishment, while T and 𝜔𝑝 are the number and weight of 
leaf nodes, respectively.

3.2. Support vector regression

SVR [43][44] is an important application branch of support vector machine (SVM) models in the field of regression. The concept 
of SVR is the same as that of SVM. SVR defines the distance from the data point to the boundary of the Hyperplane as the residual. 
The smaller the residual, the better the regression effect.

As shown in Fig. 5, it is equivalent to taking f(x) as the center, and the two dashed lines are isolation bands with a linear distance 
of 2𝜀. If the training sample is between the isolation bands, we believe that the prediction is correct, otherwise we calculate the loss. 
In the equation, C is the regularization constant, 𝜔 and b correspond to weights and biases, 𝜖 and 𝜖∗

𝑖
is the relaxation variable, 𝜑(x) is 

a kernel function. The SVR algorithm is effective in dealing with regression problems of high-dimensional features, but it is sensitive 
to missing data and can easily cause prediction errors in the model.

3.3. K nearest neighbor regression

The K-nearest neighbor method [45] was first proposed by Cover and Hart. KNN not only has simple principle, strong practica-
bility and high precision, but also has no training Time complexity, no data input assumption, and is insensitive to Outlier. KNN can 
be used for both numerical and discrete data to solve classification and regression tasks. The principle is that a sample should belong 
to the category that most of its K most similar samples belong to. The distance D between sample points is defined as follows:

D(𝑥𝑖, 𝑦𝑗 ) = (
𝑛∑

𝑙=1
|𝑥1

𝑖
− 𝑦1

𝑗
|𝑝) 1𝑝 (5)

In Eq. (5), 𝑋𝑖 and 𝑦𝑗 are any two n-dimensional vectors in the feature space, and p is a distance metric.
The KNN principle flow is shown in Fig. 6.

3.4. Particle swarm optimization K nearest neighbor

The particle swarm optimization algorithm [46][47] was first proposed by Kennedy and Eberhar. In this algorithm, each particle 
6

only has velocity and position attributes, and continuously updates its attributes through the flow of information within the popu-
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Fig. 6. Principle of K-nearest neighbor algorithm.

lation. When one particle in the population determines the global optimal position, other particles will refer to this information to 
update their two attributes and concentrate on the optimal position. PSO is simple and practical, with fast Rate of convergence and 
wide application fields. If there are n particles in total and PSO initializes a set of random particles, the position and velocity of the 
i-th particle in d-dimensional space are represented as follows:

𝑉 𝑑
𝑖
(𝑡) = 𝜔𝑉 𝑑

𝑖
(𝑡− 1) + 𝑐1𝑟1(𝑃 𝑑

𝑏𝑒𝑠𝑡
−𝑋𝑑

𝑖
(𝑡)) + 𝑐2𝑟2(𝐺𝑑

𝑏𝑒𝑠𝑡
−𝑋𝑑

𝑖
(𝑡)) (6)

𝑋𝑑
𝑖
(𝑡)=𝑋𝑑

𝑖
(𝑡− 1) + 𝑉 𝑑

𝑖
(𝑡) (7)

In Eqs. (6) and (7), V𝑑
𝑖
(t) and V𝑑

𝑖
(t-1) represent the velocities of particles at time t and t-1; X𝑑

𝑖
(t) and X𝑑

𝑖
(t-1) are the positions of 

particles at time t and t-1; P𝑑
𝑏𝑒𝑠𝑡

and G𝑑
𝑏𝑒𝑠𝑡

correspond to local and global optima. 𝜔 represents the inertia coefficient, with a larger 
value indicating better global search ability and a smaller value indicating better local search ability. R1 and r2 are random numbers 
between 0 and 1. C1 is an individual learning factor that represents an individual’s ability to search for the optimal solution; C2 is a 
social learning factor that represents the ability of a group to search for optimal solutions. The process of PSO optimization principle 
is shown in Fig. 7.

After PSO optimization of the KNN model [27], we can determine the optimal hyperparameters of the model. The optimal K 
value, n_neighbors=2, select the distance weight as the weight, and the weight is inversely proportional to the sample distance. 
Under this condition, it is allowed to introduce a distance metric p, p=2, specified as the Euclidean distance. After dividing the 
training and testing sets of all models, the random number seed is taken as 42, which can better compare the performance of various 
models through this parameter selection. The specific process of PSO optimization KNN is shown in Fig. 8.

Fig. 9 shows the flowchart of the four algorithmic models for predicting the BFRC intrinsic model and the direction of the research 
ideas in this paper.

4. Model evaluation

In this study, three model performance indicators, Root mean squared error (RMSE), Mean absolute error (MAE) and Coefficient 
of determination (R2) [48], were used to evaluate four different algorithms. R2 is widely used in regression homework to evaluate 
the predictive performance of algorithms and quantify the degree of agreement between actual and predicted values. Both RMSE and 
MAE are commonly used regression Loss function. The three fitness indicators are all used to evaluate the predictive performance of 
the model. R2 is between 0 and 1, and the larger the value, the higher the accuracy of the model, while RMSE and MAE are smaller. 
The expression of these three evaluation indicators is as follows:

𝑅2 = 1 −
∑m

i=1
(
yi − ŷi

)2
∑m

i=1(𝑦− yi)2
(8)

RMSE =

√√√√ 1
m∑(

y − ŷ
)2

(9)
7

m i=1
i i
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Fig. 7. Principle of particle swarm optimization.

Fig. 8. Particle swarm optimization K-nearest neighbor.

MAE = 1
m

m∑
i=1

||yi − ŷi|| (10)

In Eqs. (8), (9) and (10), m is the number of samples, y𝑖 and ŷ are the true and predicted values, respectively, and 𝑦 is the Sample 
mean.

As shown in Fig. 10(a) to 10(h), the corresponding code edits of the four algorithmic models were used to complete the regression 
8

prediction in python software to obtain the regression fitting effects and related data for the training and test sets.
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Fig. 9. Prediction flow chart of algorithm model.

Table 4

Performance parameters of four models.

XGB SVR KNN PSO-KNN

R2 train 0.998 0.954 0.993 1
test 0.969 0.943 0.980 0.995

MAE
train 1.903 4.403 1.636 0.012
test 3.966 5.121 2.902 1.138

RMSE
train 1.567 6.833 2.703 0.182
test 5.680 7.755 4.551 2.188

Compare the regression prediction results of different models in Fig. 10 on the training and testing sets. It can be seen that in the 
training set, the fitting accuracy of PSO-KNN and XGB is extremely high, followed by KNN and SVR; The fitting effect of PSO-KNN 
in the test set is also the best, followed by KNN and XGB. The SVR prediction ability is relatively weak and the fitting is relatively 
discrete, indicating that the PSO-KNN model has the highest accuracy and performance.

The performance of the comparative model mainly depends on the statistical indicators of the test set. From the radar image of 
the model in Fig. 11, the size differences of the three corresponding performance indicators for the four models can be compared. 
Based on the data in Table 4, it can be seen that the RMSE and MAE of the PSO-KNN model on the training set are 0.182 and 0.012, 
respectively, and the RMSE and MAE on the test set are 2.188 and 1.138, respectively. By comparison, it is evident that the PSO-KNN 
model has the smallest error values on both the training and testing sets, and the highest score is 0.995, followed by KNN, XGB, and 
SVR. In terms of performance indicators MAE, PSO-KNN has improved by 60.8%, 71.3%, and 77.8% compared to KNN, XGB, and 
SVR, respectively, and has improved by 51.9%, 61.5%, and 71.8% in RMSE indicators. Therefore, PSO-KNN has better predictive 
performance compared to other machine learning algorithms, indicating that this optimized model has good improvement effects 
and superior application prospects.

In order to observe and compare the predictive performance of these four algorithm models more vividly, while avoiding the 
9

blurring and severe overlap of fitting lines caused by excessive data. According to the principle of “rain and dew evenly stained”, 
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Fig. 10. Regression analysis of four models: (a, b) XGB; (c, d) SVR; (e, f) KNN; (g, h) PSO-KNN.

select some data from all data groups for prediction and plotting, and obtain the prediction fitting results in Fig. 12. The prediction 
performance is determined based on the degree of fitting between the predicted line of four different models and the true value line. 
It can be seen that the PSO-KNN model has the best fitting effect with the actual line, so its prediction performance is the best. By 
combining the data from Figs. 9, 10, 11 and Table 4, the strength of the predictive performance of the four algorithm models can be 
determined: PSO-KNN>KNN>XGB>SVR.

5. Predicting the constitutive model of BFRC using PSO-KNN algorithm

5.1. PSO-KNN performance analysis

The previous text has determined that KNN has higher prediction accuracy than XGB and SVR. After PSO optimization, the 
PSO-KNN model requires better prediction performance. The following residual graph indicates that PSO optimization has achieved 
smaller prediction errors and better prediction performance.

The comparison of residuals between PSO-KNN and KNN models [49] is shown in Fig. 13. Obviously, the PSO-KNN model 
has better predictive ability, and the residual fluctuation of the KNN model is relatively large, so PSO optimization has a certain 
improvement effect.

Fig. 14 shows the prediction results of the PSO-KNN model on the test set data. It can be seen that the predicted values are 
highly consistent with the actual values, and the overlap effect of the two broken lines is good, which reflects the good predictive 
performance and high accuracy of the PSO-KNN model. This further indicates the reliability and accuracy of PAO-KNN in predicting 
10

the BFRC constitutive model.
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Fig. 11. Model radar map.

Fig. 12. Comparison between models prediction results and actual values.

5.2. PSO-KNN predicted stress-strain fitting curve

This article uses Python software to predict the constitutive model of BFRC. According to the above, the optimal algorithm model 
PSO-KNN is selected to achieve accurate prediction of the stress-strain fitting curve of BFRC. Note on stress-strain diagram: Example 
Fig. 15 (e) Title B-5-6-0.6, which means the confining pressure is 5 MPa, the length of BF added is 6 mm, and the proportion of BF 
is 0.6%.

Each stress-strain curve corresponds to a piece of BFRC specimen, and each curve contains several groups of data, and all the 
groups of data collected on a piece of specimen are collectively referred to as a specimen group data. Combining the different 
parameter conditions, the more representative data of 12 specimen groups were selected for graphing, and the predicted results 
are shown in Figs. 15(a) to 15(l). The curves predicted by the PSO-KNN model fit well with the experimental real curves, and the 
stress-strain behavior of the BFRC after compression is accurately predicted, and there is basically no difference in the curve trend. 
Except for a slight difference in the peak strength of the specimen group in Fig. 15(j), the compressive strength predictions for the 
rest of the specimen groups were accurate.

And based on the principle of control variables, by observing and analyzing the true value curves of all specimen groups, it can 
11

be found that the two parameters of circumferential pressure and strain have a more significant effect on stress, i.e., the parameters 
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Fig. 13. Comparison of residual predictions between KNN and PSO-KNN.

Fig. 14. Prediction performance of PSO-KNN model.

are more important, and the parameters of BF content percentage and BF length are less important. It is also confirmed that the 
optimization algorithm proposed in this paper is able to accurately and reliably predict the macromechanical behavior of BFRC 
under a variety of test conditions. The algorithm has a strong generalization and promotion ability, which provides a reliable method 
and basis for the future study of the stress-strain behavior of concrete, and is of great significance for further research expansion by 
later scholars.

6. Conclusion

In this paper, machine learning is introduced on the basis of experiments to establish PSO-KNN, a BFRC mechanical performance 
prediction model based on particle swarm optimization K-nearest neighbor algorithm. By comparing with KNN, XGB and SVR in 
terms of RMSE, MAE and R2 performance metrics, it is determined that it has good superiority and thus predicts the intrinsic model 
of BFRC and the following conclusions are drawn:

(1) Analyzing the magnitude of correlation between input and output parameters by Pearson’s coefficient, stress has the highest 
correlation with perimeter pressure at 0.61, followed by the parameter strain at 0.55, and the input parameter BF length, as well as 
BF doping, has a lower correlation with stress.

(2) By analyzing the regression prediction performance of the training and testing sets, combined with data analysis of perfor-
mance indicators R2, MAE, and RMSE, it is known that the PSO-KNN model has the best prediction performance, with R2=0.995. 
According to performance strength, it is ranked as PSO-KNN>KNN>XGB>SVR. In terms of performance indicators MAE, PSO-KNN 
has improved by 60.8%, 71.3% and 77.8% compared to KNN, XGB, and SVR, respectively. In terms of RMSE indicators, it has 
12

improved by 51.9%, 61.5% and 71.8%, indicating a significant improvement in predictive performance.
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Fig. 15. Stress-strain curve of BFRC predicted by PSO-KNN.

(3) The optimized PSO-KNN model has excellent and reliable predictive performance and is more accurate in predicting the stress-
strain fitting curve of BFRC after pressure application. By observing and analyzing the true stress-strain curves of all specimen groups, 
it can be found that the confining pressure and strain parameters have a more significant impact on stress, that is, the importance of 
the parameters is higher, while the importance of BF content and BF length parameters is lower.

(4) The results of this study confirm that the PSO-KNN model algorithm has a strong generalization and promotion ability, and 
13

is highly accurate and reliable in studying the stress-strain behavior of BFRC. The method saves labor, time and expensive cost for 
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experimental data acquisition, and also provides a basis and reference for subsequent research in this direction and other areas by 
scholars and engineering applications.
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