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Abstract

:

Road blocking events refer to road traffic blocking caused by landslides, debris flow, snow disasters, rolling stones and other factors. To predict road blocking events, the limit gradient lifting model (XGBoost), random forest regression model (RF regression) and support-vector regression model (SVR) are used as the prediction meta-models, and then the meta-models are fused by a logical regression algorithm to construct a road blocking loss prediction fusion model based on ensemble learning. The actual road blocking event data are used to train the model. Using the same blocking location and similar blocking loss characteristics between adjacent points to fill in the missing value and conducting one-hot encoding for other short character sets with obvious category characteristics such as letters, numbers, and Chinese characters overcomes the problems of inherent data loss, error and time logic disorder in the blocking event data set. The test results show that the R2 score based on the stacking fusion model reaches 0.91, which is 18% higher than RF and 11% and 5.8% higher than SVR and XGBoost, respectively, and the RMSE and MAE values are 0.1707 and 0.0341, respectively. Therefore, the proposed road blocking data preprocessing method and road blocking loss prediction fusion model can be used to predict the amount of blocking event loss.
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1. Introduction


Road blocking events refer to road traffic blocking caused by landslides, debris flow, snow disasters, rolling stones and other factors. Road blocking loss represents the economic losses caused by road blocking events, that is, the loss of RMB/USD. As an important premise of highway accident emergency management, the loss prediction of highway blocking events is conducive for the road traffic management department to make reasonable decisions, carry out the corresponding road dredging work, allocate the optimal guarantee resources and reduce the possible subsequent losses, and help travelers to reasonably plan their own travel routes. At the same time, the prediction results can provide strong support for the loss statistics, follow-up repair measures, engineering construction, finance, audit and other related work.



The prediction of highway blocking loss is mainly based on the logical relationship of blocking events [1,2], time series [3,4], text data statistics, analysis, data mining and prediction [5,6,7]. Nantes et al. proposed real-time traffic state estimation in urban corridors from heterogeneous data [8]. Nanthawichit et al. proposed an application of probe-vehicle data for real-time traffic-state estimation and short-term travel-time prediction on a freeway [9]. At present, there are few relevant studies directly predicting the amount of loss caused by highway traffic blocking, but the research on the prediction of various highway events has achieved good results [10,11]. This includes, for example, the prediction of the short-term traffic flow by the improved K-nearest neighbor (KNN) algorithm of Xie H [12]. Allstr et al. proposed a hybrid approach for short-term traffic state and travel time prediction on highways [13]. Xu et al. proposed a short-term passenger flow prediction method integrating a dynamic factor model and support-vector machine considering space-time correction [14]. Fusco et al. proposed short-term traffic predictions on large urban traffic networks by using applications of network-based machine learning models and dynamic traffic assignment models [15]. Seng [16] et al. used a deep neural network and a regular grid cyclic neural network to capture the spatial dependence of traffic flow prediction and proposed an irregular regional traffic flow prediction model based on a multi-graph convolution network and gated cyclic unit (MGCN-GRU). Hashemi et al. proposed real-time traffic network state estimation and prediction with decision support capabilities for applications to integrated corridor management [17]. Lu [18] et al. proposed a mountain expressway accident severity prediction model integrating a depth inverse residual and attention mechanism, which processes the influencing factors into the form of picture classification. Kampffmeyer et al. proposed semantic segmentation of small objects and modeling of uncertainty in urban remote sensing images using deep convolutional neural networks [19]. However, prediction models based on deep learning [20,21,22] require a lot of training data and high computing power [23], thus resulting in high hardware requirements, large amounts of calculation and complex model design. Yang [24] and others proposed a gradient lifting regression tree (GBRT) traffic accident model based on a time-series relationship. The model predicts the number of traffic accidents, the number of deaths and the number of vehicles involved. Wang [25] et al. used a KNN algorithm as a nonparametric regression method to develop a traffic event duration prediction model. Another investigation studied different distance measures and improved prediction accuracy based on a decision tree [26]. An improved K-nearest neighbor search strategy was proposed to predict traffic conditions. However, the model was based on a single machine learning algorithm [27,28], which is very sensitive to the expression form of data, requires independent features [29], struggles to deal with missing data and is easy to overfit [30]. With the wide application of the ensemble learning algorithm [31,32], Yang et al. and Zhiyuan et al. [33,34] proposed a fully convolutional model based on semantic segmentation technology to research a spatio-temporal ensemble method for large-scale traffic state prediction. They constructed an ensemble framework designed for spatio-temporal data to predict large-scale online taxi-hailing demands, where an attention-based deep ensemble net was designed to enhance prediction accuracy. Guzman [35] proposed a taxonomy for classifying app reviews into categories relevant to software evolution, demonstrating that the ensembles obtained better performance than the individual classifiers. Li et al. [36] used ensemble learning to build a route network segment traffic congestion state recognition model to realize the segment traffic state recognition. Hu et al. [37] realized the prediction of the remaining service life of electric vehicle batteries through the integration of a stacking model. Thomas, Neves, and Solt [38] described a method that builds majority voting ensembles of contrasting machine learning methods and conducts relation extraction for drug-drug interactions using ensemble learning.



To sum up, at present, a large amount of highway blocking event information is recorded in the text, which is difficult to process numerically. Due to the influence of data type and data accuracy, the existing research methods struggle to meet the actual needs in terms of timeliness, prediction accuracy and data mining degree.



The main contributions of this paper are summarized as follows:




	(1)

	
For the missing data in the data set, the missing values are filled in using the same blocking location and similar blocking loss characteristics between adjacent points. For other short character sets with obvious characteristics such as letters, numbers and Chinese characters, one-hot encoding is conducted to overcome the inherent data loss in the blocking event, data set errors and confusion of time logic.




	(2)

	
A prediction model of highway blocking loss based on the ensemble learning fusion model is proposed. Using three performance evaluation criteria, the ensemble learning method we designed is compared with three meta-model algorithms, XGBoost, RF regression and SVR, on a data set, and the performance of each model under different learning rates is compared.




	(3)

	
The test set is used to verify the prediction results of the model. The results show that compared with the three meta-models, RF regression, SVR and XGBoost, the R2 value predicted by the stacking fusion model reaches 0.91. The stacking fusion model proposed in this paper has high prediction accuracy, which provides an intelligent prediction method for the loss prediction of highway blocking events.










2. Related Works


2.1. XGBoost


XGBoost is a classical limit gradient lifting algorithm that was proposed by Tianqi Chen and Carlos in 2016 [39]. It is mainly used for classification and regression, and it is a type of iterative tree algorithm. The XGBoost algorithm uses not only the first derivative but also the second derivative, which makes the prediction results more accurate. The regularization term can also prevent overfitting. XGBoost uses parallel optimization to specify the default branch directions for missing values, which greatly improves the efficiency of the algorithm.



XGBoost’s highway blocking loss prediction grows a tree by continuously adding trees and continuously splitting features. Adding a tree each time is equivalent to learning a new function to fit the residual of the last prediction. XGBoost can be expressed as


      y ^  i     ( t )     =   ∑  k = 1  t    f k  (  x i  )        =   y ^  i     ( t − 1 )   +  f t  (  x i  )     ,  f k  ∈ F    



(1)







In Equation (1),  k  is the number of decision trees,  F  corresponds to the set of all decision trees, and    f k    is the kth decision tree generated by the kth iteration. The resulting loss function can be expressed by the predicted values    y i    and     y ^  i    as   L =   ∑  i = 1  n   l (  y i  ,   y ^  i  )    , where  n  is the number of samples. The objective function  O  is composed of the loss function  L  and the regular terms  Ω  for suppressing model complexity, which is defined as


  O =   ∑  i = 1  n   l (  y i  ,     y ^  i  ) +   ∑  t = 1  t   Ω (  f i  )    



(2)







In Equation (2),     ∑  i = 1  t   Ω (  f i  )     is the sum of the complexity for all trees. Adding the sum of the complexity to the objective function as a regularization term prevents the overfitting of the model. Since XGBoost is an algorithm in the boosting family, it follows the previous step-by-step addition. Taking the model in step  t  as an example, the predicted value of the model for the ith sample    x i    is


    y ^  i     ( t )   =   y ^  i     ( t − 1 )   +  f t  (  x i  )  



(3)




where     y ^  i     ( t − 1 )     is the predicted value given by the XGBoost in step   t − 1   and    f t  (  x i  )   is the residual value of the new spanning tree to be added this time. Then, we can expand Equation (3) according to the Taylor formula to obtain the objective function


   O  ( t )   ≈   ∑  i = 1  n      g i   f t  (  x i  ) +  1 2   h i   f t    2  (  x i  )     + Ω (  f t  )  



(4)







The function of each step can be obtained from Equation (4). Finally, according to the addition model, an overall XGBoost highway blocking loss prediction model is obtained.




2.2. RF Regression


The random forest algorithm is used to establish multiple decision trees and integrate them to obtain a more accurate and stable model. It is a combination of bagging and random selection features. When it is necessary to predict the road blocking loss, one must count the prediction results of each tree in the forest for the sample and then select the final result from these prediction results by the voting method.



The random forest has a faster convergence speed and more efficient operation. It can deal with high-dimensional features without dimensionality reduction. It has a good algorithm to deal with the missing value of highway blocking loss data, which can measure the similarity between blocking event data samples. Based on this similarity, clustering and screening outliers for samples can avoid overfitting calculations to a certain extent.




2.3. SVR


SVR is an application of a support-vector machine, SVM, to a regression problem. SVM is a maximum interval classifier used to solve binary classification problems. It tries to find the hyperplane with the largest interval to distinguish different categories of samples. The purpose of the SVR algorithm is to simulate the regression relationship between input x and result y, which can be expressed as


  y = f ( x ) =   ∑  i = 1  n    ω i   x i  + b    



(5)







When using SVR for regression tasks, training samples   D =   (  x 1  ,  y 1  ) , (  x 2  ,  y 2  ) , … , (  x m  ,  y m  )   , (  y i  ∈ R )   are given. We hope to get a regression model to make   f ( x )   as close as possible to  y . Here,  ω  and  b  are the model parameters to be determined. In SVR, it is assumed that for the sample   ( x , y )  , the maximum deviation of  ε  between   f ( x )   and  y  can be tolerated, which is equivalent to constructing a spacing band with width   2 ε   centered on   f ( x )  . If the training sample falls into this spacing band, it is considered that the prediction is correct. Thus, the SVR problem can be expressed as


    min   ω , b    1 2     ω   2  + C   ∑  i = 1  m    l ε  ( f (  x i  ) −  y i  )    



(6)






   l ε  ( z ) =       0 ,       i f  z  ≤ ε        z  − ε ,       o t h e r w i s e        



(7)







In Equation (7), C is the regularization constant,    l ε    is the insensitive loss function, and the relaxation variables    ξ i    and     ξ ^  i    are introduced, which can be expressed as


    min   ω , b ,  ξ i  ,   ξ ^  i     1 2     ω   2  + C   ∑  i = 1  m   (  ξ i  +   ξ ^  i  )    



(8)







In order to solve the nonlinear regression problem in the prediction of highway blocking loss, the kernel mapping method is introduced. The mapping function  Ø  is used to map the variable x to the high-dimensional nonlinear space. The kernel function   k (  x i  ,  x j  ) = Ø   (  x i  )  T  Ø (  x j  )   is introduced to avoid calculating the inner product in the same characteristic space, which can transform the nonlinear prediction in the prediction of highway blocking loss into linear prediction. Finally, the SVR linear regression expression can be obtained as follows:


  f ( x ) =   ∑  i = 1  m   (   α ^  i    −  α i  ) k ( x ,  x i  ) + b  



(9)








2.4. Prediction Model of Highway Blocking Loss Based on Ensemble Learning


Stacking is a method of combining one learning machine with another individual learning machine by training the learning machine. The basic idea of stacking is firstly using the road blocking data training set to train the primary learning machine, then using the output of the primary learning machine as the input features, and finally using the corresponding original marks as the new marks to form a new data set to train the secondary learning machine. The primary learning machine can use different learning algorithms or the same learning algorithm. In this paper, heterogeneous learning machines are used to construct the stacking highway blocking loss prediction model.



In the training stage of stacking, the primary learning machine needs to generate a new data set. If the real data of the primary learning machine are used to generate a new data set and used to train the secondary learning machine, there will be a high risk of overfitting. Therefore, the original data used to generate the new dataset are excluded from the training samples of the primary learning machine and validated using cross-validation. This paper uses 5-fold cross-validation, which is a method for model training, adjustment and evaluation and can provide an approximate unbiased estimation of the real model error. Firstly, the original data set D is randomly divided into five data sets D1…D5, of the same size. Let Dj and D(−j) = D/Dj be the corresponding test set and training set for the jth execution. Given T kinds of learning algorithms, the tth learning algorithm is used to train the primary learning machine    h t  ( − j )    . For each sample    x i    in the test set, Dj is executed for the jth time, setting    z  i t     as the output result of the learning machine    h t  ( − j )     on    x i   . At the end of all cross-validation processes, the following new data sets can be generated through T individual learning machines


   D ′  =     (  z  i 1   , … ,  z  i T   ,  y i  )     i = 1  m   



(10)







This paper proposes a highway blocking loss prediction model based on ensemble learning, as shown in Figure 1. From Figure 1, the prediction model firstly carries out data collection, data cleaning and preprocessing of highway blocking events, and then divides the obtained data set into a training set and testing set, which are input into the primary learning machine. The primary learning machines are the three different learning algorithms, XGBoost, RF regression and SVR, which will be used to obtain the prediction results for 5-fold cross verification. We then splice the results as the input of the secondary learning machine logistic regression and obtain the final prediction result.





3. Data Preprocessing


3.1. Data Description


The data in this paper come from the original event record data of a provincial highway from 2014 to 2019, including route number, blocking interval, blocking reasons, blocking time, recovery time, emergency repair measures, collapse places, number of landslides and loss amount (10,000 RMB/1459 USD). Some original text data are shown in Table 1.



Among G213 and S101, in the route number, S represents a provincial highway, and G represents a national highway. K183 + 580 represents the length from this stake (the name is “K183 + 580”) to the starting point of the road. The distance from the K183 + 580 stake to the starting point of the road is 183 km + 580 m = 183.58 km. The number of landslides represents the number of landslides and earth rocks cleared in this accident, unit: m3. The loss amount represents the amount of economic loss caused by this blocking event.




3.2. Data Cleaning


Since the data come from the summary of different local staff records, there are many problems, such as missing data and inconsistent formats, that need to be dealt with. Making preliminary statistics on the missing data and the performance is shown in Table 2. Adjacent data have the same blocking location and similar blocking loss characteristics. Therefore, in order to ensure data integrity, the average value before and after the time point of missing data is used to fill in the missing data. Then, we analyze the data, check the consistency, and delete duplicate and invalid values.




3.3. Data Processing


	(1)

	
Route numbers, such as G213, S304 and “Yuanmeng xian”, have obvious characteristics of letters, numbers and Chinese characters. They are short character sets and unstructured languages with noise. After unifying the data format, they are processed by one-hot encoding. It transforms the language used by human communication into machine language that can be understood by machines.




	(2)

	
The characteristics of starting point stake number and ending point stake number have great relevance to the prediction of the loss amount in this paper. Firstly, the stake number can be used as information to determine the exact location of the event, that is, somewhere on the road. In addition, the road mileage affected by an accident can be calculated by combining the starting point and ending point.




	(3)

	
For the interruption time and recovery time, the day of month method is used for timestamp, which will generate a series of hour numbers. The corresponding hour information data (integer from 0 to 23) can be subtracted to obtain the blocking time.




	(4)

	
The text description information of emergency repair measures in the data is very different, but after sorting, it can be divided into three categories: manual processing, mechanical and man-machine cooperation. Therefore, the method of assigning weight is adopted for processing. After assigning weight, it is input with numerical characteristics.




	(5)

	
The place and quantity of landslides caused by the event can be input using the one-hot coding and number of cubic meters, respectively.




	(6)

	
Blocking reason is used to specifically describe the causes of highway blocking events. This feature requires manual classification of data into snow disasters, debris flow, landslides, collapses, rolling stones and other types of disasters. The loss amount (10,000 RMB/1459 USD) is used as the predicted value. All the data samples are preprocessed to obtain the training set.









4. Results and Analysis


The validity of the proposed method is demonstrated by comparing several groups of experiments. Firstly, the prediction of XGBoost, RF regression and SVR are compared and analyzed and then compared with the proposed fusion model.



4.1. Evaluating Indicators


The loss amount prediction model is evaluated by the root-mean-square error (RMSE), mean absolute error (MAE) and R2 score, as shown below.


  RMSE =     ∑  i = 1  n       (  y i  −   y ^  i  )  2   n       



(11)






  MAE =   ∑  i = 1  n         y ^  i  −  y i     n     



(12)






   R 2  ( y ,  y ^  ) = 1 −     ∑  i = 0   n − 1      (  y i  −  y ^  )  2        ∑  i = 0   n − 1      (  y i  −  y ¯  )  2       



(13)







RMSE and MAE reflect the average deviation between the predicted loss amount and the real loss amount. The R2 score is the most commonly used index in the evaluation of regression models. The value of R2 is between 0 and 1. When R2 is closer to 1, the better the prediction effect.




4.2. Model Training


When using a machine learning method, parameter adjustment is an important part of the training model. Appropriate penalty parameters for the model λ and γ can effectively prevent overfitting (when λ and γ are too small) and underfitting (when λ and γ are too large). Both overfitting and underfitting mean that the model cannot accurately capture the internal laws of the data, which affects the accuracy of the model.



During the fine-tuning of model parameters, 5 parameters are adjusted, and each parameter is set with at least 4 values. The specific settings of each parameter are shown in Table 3. N-estimators are the number of decision trees in the model, Ref-lambda and Min-split-loss denote regularization parameters, respectively, λ and γ. The subsample indicates the ratio of data used in data subsampling. The learning rate is the step size.




4.3. Experimental Result


During the experiment, the experimental results of the single model and stacking fusion model under different learning rates were recorded, as shown in Table 4 and Table 5. It can be seen from Table 4 and Table 5 that the learning rate ranged from 0.02 to 0.1. The minimum RMSE values of XGBoost, RF regression, SVR, directly weighted models and stacking fusion models are 0.2571, 0.4119, 0.2705, 0.3415 and 0.1707, respectively, and the minimum MAE values are 0.0491, 0.0736, 0.0541, 0.0598 and 0.0341, respectively. The RMSE and MAE values of the stacking fusion model are smaller than other models, and the prediction accuracy is better.



In order to further analyze the prediction effect and overall change trend of the single model and stacking fusion model, the RMSE and MAE of the prediction results of each model under different learning rates are shown in Figure 2.



It can be seen from Figure 2 that when the learning rate increases from 0.02 to 0.1, the RMSE and MAE values of different models increase as a whole, and the RMSE and MAE of the stacking fusion model are lower than that of the single model. When the learning rate is 0.05, the RMSE and MAE values of the XGBoost and stacking fusion models are the smallest, and when the learning rate is 0.03 and 0.06, the RMSE and MAE values of RF regression and SVR are the smallest. The MAE of directly weighted models is the smallest when the learning rate is 0.03, and the RMSE is the smallest when the learning rate is 0.06. Under the best learning rates, the RMSE, MAE and R2 values of each model are shown in Table 6. It can be seen from Table 6 that the RMSE, MAE and R2 values of the stacking fusion model are 0.1707, 0.0341 and 0.91, respectively. The RMSE values of the stacking fusion model were reduced by 0.2412, 0.0998, 0.0864 and 0.1708, respectively, compared with RF, SVR, XGBoost and directly weighted models. For the MAE value, the stacking fusion model is reduced by 0.0395 compared with RF regression and 0.02 compared with SVR. The synthetic evaluation value R2 of the stacking fusion model is 18% higher than RF regression, 11% higher than SVR and 5.8% higher than XGBoost. It can be seen that the prediction results of the stacking fusion model are the best.



Figure 3 shows the comparison between the predicted and real values of the single and the stacking fusion model. The dotted line (y = x) represents the real value, and the scattered point represents the predicted value. The closer the point of the predicted value is to the dotted line, the higher the prediction accuracy is. The scatter distribution in Figure 3a deviates from the dotted line by the largest distance, while the scatter distribution in Figure 3d is closest to the dotted line, indicating that compared with the single models of XGBoost, SVR and RF regression, the proposed stacking fusion model has the highest prediction accuracy, and the predicted amount of blocking event loss is the closest to the actual value.





5. Conclusions and Future Work


In this paper, a highway blocking loss prediction fusion model based on ensemble learning has been proposed and investigated. The actual highway blocking data are used as the training set and testing set. The missing values are filled using the mean value with similar blocking loss characteristics between adjacent points. For the short character sets with obvious category characteristics such as letters, numbers and Chinese characters, one-hot encoding is used to overcome the problems of inherent data loss, error and time logic disorder in the blocking event data set. The XGBoost, RF and SVR algorithms are used as meta-models. The XGBoost is a classical limit gradient lifting algorithm that uses the regularization term to prevent overfitting. RF regression can process high-dimensional features without dimensionality reduction and can well handle missing data of highway blocking loss. SVR can transform the nonlinear prediction into a linear prediction. Considering the characteristics of each meta-model for the prediction of blocking loss data sets, the meta models are fused by logistic regression to obtain a highway blocking loss prediction model based on ensemble learning. The results show that compared with the three meta-models of RF regression, SVR and XGBoost, the R2 value predicted by the stacking fusion model reaches 0.91, which indicates that the proposed intelligent prediction method can be used to predict the loss of highway blocking events.



In fact, because about 95% of the loss amount in the data set is less than 100,000 RMB/14,590 USD, and the other input features of the model, such as blocking location, blocking reason, blocking time, etc., have no definite relationship with the loss amount, the model will have a good performance in the loss prediction of prone small-scale and small-loss-amount blocking events. Therefore, for the blocking events with large losses, the number of data sets will be expanded to enrich the sample characteristics in future research to improve the prediction accuracy.
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Figure 1. Diagram of the proposed highway blocking loss prediction model. 
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Figure 2. (a) Root-mean-square error of each model under different learning rates; (b) average absolute error of each model under different learning rates. 
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Figure 3. Comparison between predicted and real values for different models. 






Figure 3. Comparison between predicted and real values for different models.



[image: Electronics 11 02792 g003]







[image: Table] 





Table 1. Original data of partial blocking events.






Table 1. Original data of partial blocking events.





	Route Number
	Starting Point Stake
	Ending Point Stake
	Blocking Reason
	Blocking Time
	Recovery Time
	Emergency Repair Measures
	Number of

Collapse Sites
	Number of Landslides
	Loss Amount





	S101
	K183 + 580
	K183 + 640
	Slope collapse
	24 June 2014 10:00
	24 June 2014 16:00
	1
	1
	40.0
	0.16



	S237
	K139 + 287
	K139 + 307
	Debris flow
	6 April 2016 4:30
	6 April 2016 9:30
	3
	1
	400
	0.32



	G213
	K148 + 758
	K158 + 758
	Snowstorm
	8 February 2018 15:40
	9 February 2018 20:10
	3
	1
	83,965
	83.97
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Table 2. Missing data statistics.






Table 2. Missing data statistics.





	Features
	Missing Values
	Percent of Total Values (%)





	Stop station
	104
	3.3



	Blocking reason
	34
	1.1



	State and city
	28
	0.9



	County (township)
	27
	0.9
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Table 3. Model parameters.






Table 3. Model parameters.





	Parameter
	Explanation
	Distribution





	N-estimators
	Number of trees
	[50, 1050]



	Ref-lambda
	Λ
	[0, 10]



	Min-split-loss
	Γ
	[0, 1]



	Subsample
	Subsample ratio
	[0.3, 1]



	Learning-rate
	Step size shrinkage
	[0.02, 0.1]
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Table 4. Root-mean-square error of each model under different learning rates.
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Learning Rate

	
RMSE




	
XGBoost

	
RF

	
SVR

	
Directly Weighted Models

	
Stacking






	
0.02

	
0.2935

	
0.4745

	
0.3753

	
0.3811

	
0.2796




	
0.03

	
0.2865

	
0.4119

	
0.3589

	
0.3524

	
0.2681




	
0.04

	
0.2784

	
0.4555

	
0.3124

	
0.3488

	
0.1809




	
0.05

	
0.2571

	
0.4762

	
0.2931

	
0.3421

	
0.1707




	
0.06

	
0.2822

	
0.4718

	
0.2705

	
0.3415

	
0.2136




	
0.07

	
0.3391

	
0.4821

	
0.2979

	
0.3730

	
0.2479




	
0.08

	
0.3522

	
0.4936

	
0.3794

	
0.4084

	
0.2874




	
0.09

	
0.3345

	
0.5148

	
0.4211

	
0.4235

	
0.3115




	
0.10

	
0.4665

	
0.5682

	
0.4778

	
0.5042

	
0.3452
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Table 5. Average absolute error of each model under different learning rates.
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Learning Rate

	
MAE




	
XGBoost

	
RF

	
SVR

	
Directly Weighted Models

	
Stacking






	
0.02

	
0.0507

	
0.0749

	
0.0555

	
0.0604

	
0.0355




	
0.03

	
0.0513

	
0.0736

	
0.0544

	
0.0598

	
0.0443




	
0.04

	
0.0494

	
0.0791

	
0.0551

	
0.0612

	
0.0471




	
0.05

	
0.0491

	
0.0911

	
0.0577

	
0.0660

	
0.0341




	
0.06

	
0.0521

	
0.0846

	
0.0541

	
0.0636

	
0.0361




	
0.07

	
0.0617

	
0.0877

	
0.0602

	
0.0699

	
0.0576




	
0.08

	
0.0551

	
0.0879

	
0.0671

	
0.0700

	
0.0554




	
0.09

	
0.0573

	
0.0882

	
0.0814

	
0.0756

	
0.0617




	
0.10

	
0.0773

	
0.0976

	
0.0942

	
0.0897

	
0.0665
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Table 6. Comparison of the prediction results for the single and stacking model.
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	Method
	RMSE
	MAE
	R2





	XGBoost
	0.2571
	0.0491
	0.86



	RF
	0.4119
	0.0736
	0.77



	SVR
	0.2705
	0.0541
	0.82



	Directly weights models
	0.3415
	0.0598
	0.82



	Stacking
	0.1707
	0.0341
	0.91
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