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Abstract

:

With the rapid development of new technologies, such as big data, the Internet of Things (IoT) and intelligent sensing, the traditional asphalt pavement construction quality evaluation method has been unable to meet the needs of road digital construction. At the same time, the development of such technologies enables a new management system for asphalt pavement construction. In this study, firstly, the dynamic quality monitoring system of asphalt concrete pavement is established by adopting the BeiDou Navigation Satellite System, intelligent sensing, the IoT and 5G technology. This allows key technical indicators to be collected and transmitted for the whole process of asphalt mixture, which includes the mixing plant, transport vehicle, paving and compaction. Secondly, combined with AHP and the entropy weight (EW) method, the index combination weight is calculated. The comprehensive index for the pavement digital construction quality index (PCQ) is proposed to reflect the impact of monitoring indicators on pavement quality. An expert decision-making model is formed by using the improved particle swarm optimization (PSO) algorithm coupled with radial basis function neural network (RBF). Finally, the digital monitoring index and pavement performance index are connected to establish a full-time and multi-dimensional digital construction quality evaluation model. This study is verified by a database created from the digital monitoring data of pavement construction collected from a highway construction project. The system proposed in this study can accurately reflect the quality of pavement digital construction and solve the lag problem existing in the feedback of construction site.
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1. Introduction


The construction of road transportation infrastructure continues to be a major sector across the world and pavement construction quality management has become an increasingly important issue to be addressed [1,2,3]. However, at present traditional asphalt pavement detection approach often adopts the manual recording method, which has obvious disadvantages, such as the potential for mistakes to be made and the difficulty in transferring the information digitally. In view of the lack of effective real-time supervision of certain key processes in the construction industry in conjunction with poor levels of digital technology adoption, it is difficult to detect and rectify quality problems in a timely fashion, which leads to the shortened service life of asphalt pavements [4,5,6]. Therefore, empirical research on digital construction quality management of asphalt pavement is of major significance in regard to the quality process control for pavement construction [7,8,9].



At present, many industrial sectors in China are accelerating the development of information technology as part of the process of digital transformation and this involves both digitization of data from manual recording to digital systems as well as digitalization of existing business processes into digital systems. For example, Sun [10] and others have applied the building information modeling (BIM) system to the quality management of construction engineering for the purpose of quality evaluation. Furthermore, Zhong [11] and others have applied Internet of Things (IoT) technology to the analysis of bridge construction management for information collection. The application of these information technologies has laid a foundation for the development of digital monitoring technology for asphalt pavement construction in highway engineering construction.



Adoption of digital monitoring technology for asphalt pavement construction can enable the realization of remote control tracking of the construction process. This has the potential to transform the previous manual inspection process into a digital process control system in order to enhance the efficient and effective quality control of highway construction projects. Indeed, Zhang [12] and others have developed an intelligent sensing aggregate (ISA) using advanced technologies, such as 3D printing and the Internet of Things. The system can collect and analyze data in real time, and the equipment also has resistance to high temperature. Hu [13] studied the use of an intelligent compactor to detect the compaction meter value (CMV) of pavement, and thereafter explored the relationship between CMV and asphalt pavement density. Moreover, Fares [14] used the intelligent asphalt compaction analyzer (IACA) to estimate the density during asphalt pavement construction so as to determine the quality of pavement compaction. It can therefore be observed that in existing research scholars have mainly focused on the use of digital monitoring equipment for the construction process of asphalt pavement. However, there appears to be a lack of research on the application of quality control tools for the whole process of pavement construction.



In order to make a more effective judgement on the construction quality of asphalt pavement, it is necessary to evaluate the different quality management systems. Zhang [15] proposed a pavement construction quality index system based on Internet of Things technology, which determined the weight of each index by AHP (analytic hierarchy process) and divided the comprehensive evaluation grade, whereas Hosseini [16] and others defined production and construction quality control indicators, and analyzed the relationship between pavement construction quality control indicators and pavement disease indicators. Zhou [17] established the data analysis system for asphalt pavement engineering quality process control by using the method of consistency checking, which realized the dynamic control of the asphalt pavement engineering quality process. Further, Zhang [18] introduced the percentage within limits method to quantify the quality of each index, and established the construction quality evaluation model for different layers of asphalt pavement by using AHP. While existing evaluation methods reflect the reliability and satisfaction of pavement construction quality, the key indicators for the pavement construction process monitored by information technology have not been fully considered. Consequently, an effective system that properly reflects the relationship between construction quality indicators and pavement performance still needs to be investigated and developed. Such an approach will improve the work efficiency of the constructor as well as for the owner and the supervisor, and thereby reduce the construction management costs.



The research study reported in this article aims to realize effective management of the whole process of asphalt pavement construction. In order to achieve this goal, the study adopted a range of technologies, namely the BeiDou satellite (BDS) navigation system combined with Internet of Things and intelligent sensing technology in order to develop the digital monitoring system for measuring asphalt pavement quality. The technology solution also uses a 5G wireless network to collect and transmit the key parameters collected of the main equipment in the asphalt pavement construction process. Through real-time and dynamic secondary mining of the collected parameters the data analysis and evaluation module was established. Based on this approach, this empirical study proposes the pavement digital construction quality index PCQ, and establishes the relationship model between the monitoring index and PCQ based on an IPSO-RBF neural network. The study verifies the effectiveness of the quality evaluation index through analyzing the quantitative correlation between PCQ and both the Pavement Condition Indicator (PCI) and International Roughness Index (IRI). This methodology offers a new way to enable quantitative evaluation of asphalt pavement quality.




2. Development of the Dynamic Monitoring System for Asphalt Concrete Pavement Quality


2.1. Structure Design of Information Monitoring System


The dynamic monitoring system for asphalt concrete pavement quality is composed of four subsystems, namely: Asphalt mixture production (1), transportation (2), paving (3) and rolling (4), which collectively integrates to form the whole process of asphalt mixture production and construction. The key parameters for the asphalt mixture mixing station, raw material transport vehicle, asphalt mixture paver and roller are extracted and collected through the Internet of Things, intelligent sensing and BDS systems. Compared with GPS, which can only accept location information, BDS can realize two-way communication and therefore offers significant benefits [19]. Table 1 provides details on the key monitoring contents of the digital monitoring system. The construction quality data is collected on site and is transmitted to the cloud data server in real time through 5G wireless network transmission technology for storage and management. Through real-time and dynamic analysis of the collected parameters, the system feeds back the abnormal data to the managers in the form of an SMS alarm [20,21]. The overall architecture for pavement construction quality digital monitoring system is shown in Figure 1.




2.2. Composition of Digital Monitoring System


2.2.1. Communication Technology


In highway construction projects and due to the discrete distribution of construction equipment, wired broadband networks cannot meet the requisite needs of mobile machinery on the construction site. Therefore, with the aim of ensuring the timeliness and accuracy of monitoring data, the dynamic monitoring system of asphalt concrete pavement quality adopts the 5G (3GPP) wireless communication network system to collect and transmit data. As a new generation of communication technology, the 5G communication network shows obvious advantages in transmission rate, coverage and low delay [22,23,24]. Indeed, the transmission rate of the 5G network can reach 10 Gbit/s, which greatly improves the data transmission rate. At the same time, the communication delay can be reduced to approximately 1 ms, which effectively solves the problem of data transmission delay [25,26].




2.2.2. Quality Control System for Asphalt Mixture Mixing


The quality control system for the asphalt mixture mixing process includes the data acquisition module, 5G network transmission module and data processing module to realize the dynamic monitoring of raw materials in the mixing station. The data-collection system of the mixing plant is constructed by installing an SBW series temperature transmitter (SBWR4560, Shanghai Automation Instrumentation CO., LTD, Shanghai, China) next to the discharge bin and METTLER—TOLEDOIND series load cells (SPC, METTLER TOLEDO, Shanghai, China) in the screening system of the reduction bin. This enables collection of the aggregate consumption, asphalt consumption, mixture mixing temperature and discharge temperature in real time, and calculates the asphalt aggregate ration and grading of each plate. The collected data is transmitted to the remote central server through the industrial control computer in the control room of the mixing plant (as shown in Figure 2). The data processing module of the system can provide a professional data analysis table and mixture grading curve to construction engineering and project managers.




2.2.3. Quality Control System for Asphalt Mixture Transportation


The quality control system for asphalt mixture transportation is composed of vehicle positioning, temperature collection, on-board video monitoring and intercom subsystems. Based on the BDS system [27,28,29], the positioning module is installed on asphalt concrete transportation vehicles, which can collect transportation vehicle information, driver information, transportation track and transportation speed. Additionally, radio-frequency identification (RFID) technology is used to install labels and readers on the truck, mixing station and paving site to collect the start and end transportation time in order to calculate the transportation cycle parameters [30,31,32,33]. The temperature of the asphalt mixture during asphalt concrete transportation is monitored in real time by the temperature sensor. Figure 3 shows the system architecture for the real-time monitoring system for asphalt mixture transportation.




2.2.4. Quality Control System for Asphalt Concrete Pavement Paving


The quality control system for asphalt concrete pavement paving is composed of screed real-time tracking and positioning, integrated controller, 5G wireless communication network and temperature acquisition systems. Based on the BDS system and carrier phase splitting real-time kinematic (RTK) technique [34,35,36,37], coordinate information data transmission is carried out by installing reference stations and mobile stations on the construction site and construction machines and tools, respectively, so as to obtain the paving track, paving speed and paving time. In addition, multi-point infrared thermal imaging equipment is installed on the paver to acquire the overall pavement temperature of the asphalt mixture to monitor the paving temperature and pavement uniformity [38,39]. At the same time, the system display terminal LED screen enables operators to obtain visual paving information and thereby helps guide construction operations. The digitized asphalt pavement paver is shown in Figure 4.




2.2.5. Quality Control System for Asphalt Concrete Pavement Rolling


The main equipment for the asphalt mixture rolling quality control system includes mobile station, temperature sensor and vibration sensor. The subsystem is based on RTK technology. According to setting the reference station and vehicle mobile station, the centimeter level positioning of the roller is achieved by using differential positioning and triangle positioning principles. This enables a continuous collection of data on rolling times, rolling speed and travel direction. The system’s positioning accuracy is 1–3 cm in the horizontal direction and 2–5 cm in the vertical direction. The infrared temperature sensor and acceleration sensor are used to collect the rolling temperature, roller vibration frequency and compaction meter value data. The data are transmitted to the remote central server in real time through TCP/IP protocol. Using the visual operating system in the cab of the roller, the rolling information is sent to the vehicle touch screen controller of the display and control terminal to feed back the rolling state information of asphalt mixture in real time. This approach helps to guide equipment operators to achieve the expected compaction state. The digitized asphalt pavement roller is shown in Figure 4.






3. Coupling Model Based on Multidimensional Data Source and Asphalt Pavement Construction Quality


3.1. Digital Construction Quality Evaluation Index System for Asphalt Pavement


The dynamic monitoring system for asphalt concrete pavement quality allows the key control parameters of each link in the process of asphalt mixture production and construction to be accurately obtained. This provides an accurate data source for the thorough assessment of pavement digital construction quality. On this basis and through depth analysis of the critical technical indicators in the process of pavement digital construction, a quantifiable evaluation index system for the construction quality of digital asphalt pavement is established. This is in accordance with the principle of easy detection and this approach also reflects the final pavement quality [40,41,42]. The specific evaluation index system is shown in Figure 5.



In this empirical research study, the pavement digital construction quality index (PCQ) is introduced to accurately represent the quality of asphalt pavement. The comprehensive evaluation index PCQ is calculated according to Formula (1).


  P C Q =   ∑  i = 1   12     ω i   P i     



(1)




where wi and Pi are the weight and index value of each index, respectively.




3.2. Selection of the Evaluation Method for Asphalt Pavement Construction Quality


3.2.1. Selection of Quality Measurement Methods


At present, the pass rate method is usually adopted as the measurement method for pavement quality but this method cannot fully consider the data distribution and overall trend. Compared with the pass rate method, the percentage within the allowable limit (PWL) method comprehensively considers the mean and standard deviation of the sample data [43,44], which can effectively reflect the fluctuation of the monitoring data.



The calculation result of PWL reflects the percentage of the sample meeting the limit requirements, which is used as the quality score of each sub-index of the pavement. Therefore, this study uses the PWL method to quantify pavement quality to ensure the rationality of evaluation results [45]. The final score of the PWL is calculated according to Formulas (2)–(4).


   Q M  =    T M  −  x ¯   S   



(2)






   Q L  =    x ¯  −  T L   S   



(3)




where QM and QL are the quality index of upper limit and lower limit of the allowable limit, respectively; TM and TL are the allowable upper and lower limit of corresponding parameters, respectively;    x ¯    and S are the mean value and standard deviation of parameter samples of each road section.



The PWL table can be queried according to the sample number n to obtain PWLw and PWLL values, and according to the Formula (4) to calculate the final PWL value.


  P W L = P W  L W  + P W  L L  − 100  



(4)




where PWLw and PWLL are the percentage within the allowable limit corresponding to QM and QL, respectively.




3.2.2. Determination of Weight of Asphalt Pavement Construction Quality Evaluation Index


This study uses the method of combining subjective and objective perspectives to calculate the comprehensive weight of the index.



	(1)

	
Subjective weighting method based on AHP







According to the evaluation index system shown in Figure 5, the method is divided into three levels, namely: Target level, criterion level and scheme level. Combined with expert opinions, the judgement matrix A is established by using the 1–9 scale method. The feature vector W corresponding to the maximum eigenvalue    λ  m a x     of the judgment matrix is calculated and normalized as the objective weight vector    w ′  =   (  w 1 ′  ,  w 2 ′  , … ,  w n ′  )  T    of the index [46,47,48].


  A =   (  a  i j   )   n × n   =  [       a  11        a  11       …      a  11          a  21        a  21       …      a  21         …     …     …     …        a  n 1        a  n 2       …      a  n n        ]   



(5)




where aij is the importance of index i over index j, and    a  i j   =  1   a  j i      .



In order to verify the rationality of the judgement matrix, it is essential to calculate the consistency index CI and consistency ratio CR according to Formulas (6) and (7). The consistency of the judgment matrix requires CR < 0.1, and the weight is valid.


  C I =    λ  max   − n   n − 1    



(6)






  C R =   C I   R I    



(7)







	(2)

	
Objective weighting method based on EW







The entropy weight method uses entropy to reflect the uncertainty of information [49,50,51]. The information content of the index is inversely proportional to the entropy. There are m samples and N evaluation indexes. The initial decision matrix is   X =   (  x  i j   )   m × n    . After standardization, the decision matrix   R =   (  r  i j   )   m × n     is obtained.


  X =  [       x  11        x  12       …      x  1 n          x  21        x  22       …      x  2 n         …     …     …     …        x  m 1        x  m 2       …      x  m n        ]   



(8)






  R =  [       r  11        r  12       …      r  1 n          r  21        r  22       …      r  2 n         …     …     …     …        r  m 1        r  m 2       …      r  m n        ]   



(9)







According to Formula (10), the entropy of item j is calculated:


   E j  = −  1  ln ( n )     ∑  i = 1  m    r  i j   ln  r  i j      



(10)







According to Formula (11), the objective weight of indexes are calculated:


   ω  ″   =   1 −  E j    k −   ∑  k = 1  n    E k       



(11)







	(3)

	
Subjective and objective coupling weight







The combination weight of the index is determined by coupling AHP with the EW method, which cannot only take account of the experience of experts, but also must effectively avoid subjectivity of weight. This is to reasonably evaluate the pavement quality and thereby more accurately reflect the actual situation of the pavement [52]. Therefore, the combination weight wi of subjective and objective factors is calculated according to Formula (12).


   ω i  =      ω i ′   ω i  ″         ∑  i = 1  n      ω i ′   ω i  ″         ( 0 ≤  ω i  ≤ 1 ,   ∑  i = 1  n    ω i    = 1 )  



(12)




where wi′ and wi″ are the subjective weight and the objective weight, respectively.






4. Digital Construction Quality Evaluation Model for Asphalt Pavement Based on IPSO-RBF


4.1. Establishment of Evaluation Model Based on RBF Neural Network


The RBF neural network is a feedforward neural network [53,54,55] and it is composed of the input layer, hidden layer and output layer [56,57]. RBF is an ideal calculation tool for nonlinear problems (see Figure 6 for details on the RBF structure). The specific calculation process is defined by Wu [58]. In this study, the PWL score of each index of pavement digital construction quality evaluation is used as the input layer. Further, the pavement digital construction quality index PCQ calculated by combined weight is used as the output layer. At the same time, the samples are classified into the training set and test set. Through iterative training, the model training parameters are continuously optimized according to the mean square error (MSE).




4.2. Expert Decision Model of IPSO Algorithm


PSO is an optimization algorithm based on prediction of bird behavior [59]. Compared with other optimization algorithms, the PSO algorithm is more prominent in optimization efficiency and stability [60]. Each particle represents a feasible solution of the problem to be optimized, and has two attributes of speed and position, which are expressed by Formulas (13) and (14), respectively [61,62,63]. In the iterative optimization process, the particle obtains the optimal solution satisfying the conditions by constantly updating the optimal positions of individuals and groups.


   v i  k + 1   =  ω k   v i k  +  c 1   r 1  ( p b e s  t i  −  x i k  ) +  c 2   r 2  ( g b e s  t i  −  x i k  )  



(13)






   x i  k + 1   =  x i k  +  v i  k + 1    



(14)




where    v  i d  k    and    x  i d  k    is the velocity and position of particle i at the k-th iteration, respectively. Moreover, pbest and gbest are the optimal location of individuals and groups, respectively. c1 and c2 are learning factors, which adjust the maximum learning step. r1 and r2 are two random numbers with a value range of [0, 1]. w is the inertia weight factor.



In the algorithm, the inertia weight factor is usually set as a constant [64]. When calculated in this way, the particle cannot vary the inertia weight according to the current position in the optimization process, and cannot balance the local and global optimization ability of the particle [65]. Therefore, this study improves the inertia weight factor to optimize the PSO algorithm. The improved inertia weight calculation formula is provided in Formula (15). This approach adopts the nonlinear decreasing method, that is, the inertia weight decreases rapidly at the initial stage of iteration, which can effectively avoid the particles falling into the local poor area. With the increase of iteration times, the inertia weight decreases slowly, which enables the particles to accurately find the optimal position near the optimal solution.


  ω =  ω  max   − (  ω  max   −  ω  min   ) ( 1 −  e  −   2 k    k  max       )  



(15)




where wmax and wmin are the initial and final weight values, respectively. k is the current number of iterations; kmax is the maximum number of iterations.




4.3. Decision Model of Pavement Quality Evaluation Based on IPSO-RBF


With the aim of improving the efficiency and exactitude of the neural network algorithm, this study proposes a RBF network decision-making model based on an improved PSO algorithm. The PSO algorithm is utilized to train three key parameters of the RBF neural network, namely: The center value, width and output weight of hidden layer. Figure 7 provides the flow chart for the road digital construction quality evaluation model based on an IPSO-RBF neural network. The specific prediction steps are as follows:




	
Step 1. Initialize sample data. The data are normalized, and the sample data are divided into the test set and training set.



	
Step 2. Determine relative parameters of the PSO algorithm. This includes the number of particles, the maximum number of iterations and the initialization position and speed of particles.



	
Step 3. Identify the number of hidden layer nodes in the RBF neural network by the trial-and-error method on the basis of Formula (16). At the same time, combined with the pavement digital construction quality evaluation index system, the number of nodes of input layer and output layer are determined.


  a =    n r  +  n c   2  ≤  n y  ≤ (  n r  +  n c  ) + 10 = b  



(16)




where nr, nc and ny are the number of input layers, output layers and hidden layer nodes of RBF neural network, respectively.



	
Step 4. Optimize the relative parameters of the RBF neural network. The centre, width and the output weight of the hidden layer are used as particle information in search of the preferred parameter combination in the iterative process.



	
Step 5. Calculate the fitness value of the current position of the particle. The MSE between the predicted value and the actual value is used as the fitness function, as shown in Formula (17). This approach can judge whether to update the optimal position of the current particle and the optimal position of the population particles in accordance with the fitness value of the current position.


  f i t n e s s =  1 n    ∑  i = 1  n     (  y i ′  −  y i  )  2     



(17)




where n is the number of samples. yi′ and yi are the prediction value and actual value of the particle, respectively.



	
Step 6. Renew the velocity and position information of particles according to Formulas (13) and (14). When the number of iterations exceeds the set maximum number of iterations, step 7 is performed; otherwise step 5 is reverted in order to repeat the iterative processes.



	
Step 7. Calculate the MSE between the predicted value and the actual value of the pavement quality evaluation decision model based on IPSO-RBF to assess the exactness of the model.










5. Example Verification and Model Training


5.1. Application Case Study


With the aim of verifying the applicability of the digital construction quality evaluation model for asphalt pavement, this study adopts a digital highway construction project as an illustrative example to evaluate construction quality. In this project, firstly, based on the dynamic monitoring system of asphalt concrete pavement quality established above, the construction quality monitoring equipment is installed on one asphalt mixing plant, 20 asphalt mixture transportation vehicles, five pavers and 10 rollers involved in the project, so as to realize the digital transformation of construction machinery. Secondly, advanced technologies, such as BDS, 5G and the Internet of Things, are used to collect the evaluation index data of the asphalt mixture production, transportation, paving and rolling on the construction site. At the same time, the digital quality evaluation model of asphalt pavement established in this study is used to evaluate the pavement quality. Thirdly, the PCQ proposed in this study is combined with the pavement performance index to verify the effectiveness of the model.



To enable scientific evaluation of the quality of pavement digital construction, 20 industry experts were invited to form an expert group, which included project construction participants, company managers and researchers in pavement construction. The 1–9 scaling method was used to score the index. The judgement matrix of the target layer and the criterion layer was established from bottom to top according to the hierarchical structure of the evaluation index system, and the consistency test was carried out according to Formulas (6) and (7). The score of the evaluation index system is shown in Table 2, and the subjective weight of the final index is shown in Table 3. The initial matrix is established according to the PWL score value of each evaluation index, and the objective weights shown in Table 4 were obtained by using the entropy weight method calculation Formulas (10) and (11). Finally, the subjective and objective combination weights were obtained according to Formula (12). The value of each index combination weight is shown in Table 5.




5.2. Model Training and Simulation Results


On the basis of the actual construction situation of the highway project, a continuous 1 km section is defined as an evaluation section. A total of 30 sections are selected from the database as data samples, including 20 sets of data as training samples and 10 sets of data as test samples. The PWL score is calculated by querying the PWL table according to the actual data value of each index. The samples are trained by MATLAB 2016a software (The MathWorks, Inc., Natick, MA, USA). The PWL values of 12 evaluation indexes are used as the input layer and the comprehensive index PCQ is used as the output layer. The relevant parameter settings of the PSO algorithm are shown in Table 6. The final model parameters are determined by comparing the MSE. Using the trial-and-error method, when the number of hidden layers of RBF neural network is 5, the precision of the model is high. Meanwhile, the constant inertia weight PSO-RBF neural network model is used as the comparison model, where w = 0.6, and the other parameters adopt the same value. The MSE and R2 calculations for the two models are shown in Table 7. The simulation results of the training set and test set are shown in Figure 8a,b, respectively.



In comparison with the traditional PSO-RBF training model, it can be observed that the improved model is closer to the actual situation and the error is smaller. Therefore, it is feasible to use the IPSO-RBF model to evaluate pavement construction quality. Furthermore, when evaluating the construction quality of asphalt pavement for similar pavement, the corresponding evaluation index data can be substituted into the trained IPSO-RBF model and the corresponding PCQ value can be obtained during the construction process. Consequently, this approach can transform the post-quality inspection into in-process quality inspection, which allows the unqualified sections to be ascertained in a timely manner.




5.3. Correlation Analysis between the Comprehensive Evaluation Index of Pavement Construction Quality and Pavement Performance


With the purpose of verifying the validity of the PCQ index proposed in this study, the pavement condition index (PCI) and international roughness index (IRI) of the above 30 sections after construction are investigated and collected. According to this approach the PCI index is detected by use of a comprehensive road inspection vehicle and the IRI index is measured by the continuous flatness meter method. The linear correlation analysis between PCQ and with both PCI and IRI is carried out by using IBM SPSS Statistics 26 software (International Business Machines Corporation, Armonk, NY, USA). The validity of the PCQ comprehensive evaluation index is verified by connecting multi-source data and the analysis results are shown in Figure 9 and Figure 10.



Figure 9 highlights that with the increase of PCI, PCQ gradually increases, thereby demonstrating a positive correlation. From Figure 10 it can be observed that as IRI increases, PCQ gradually decreases, thereby demonstrating a negative correlation. Indeed, PCI has a strong correlation with PCQ and IRI, which is consistent with the actual construction of pavement. Therefore, PCQ represents an effective method to evaluate the construction quality of asphalt pavement.





6. Discussion


In order to enable the digital transformation and improved quality management of pavement construction, this study has developed a dynamic quality monitoring system for asphalt concrete pavement based on the BDS system in conjunction with other new digital technologies. The system implementation covers the whole process of asphalt mixture production, transportation, on-site paving and rolling, which provides a new method for asphalt pavement digital construction. Internet of Things, 5G and GNSS technologies have been applied to all key aspects of asphalt pavement construction. This approach realizes the digital management of pavement construction combined with the timeliness and traceability of quality evaluation data. Compared with the traditional monitoring method, the new system solves the problem of lag of monitoring data of pavement construction, so that measures can be identified and pursued to solve the possible pavement construction quality problems in a timely fashion.



At the same time and through advancing our understanding of research on digital construction quality evaluation of asphalt pavement, this study further discusses the key influencing factors of digital construction quality evaluation as the object of digital acquisition, transmission and analysis of the asphalt pavement construction process, and establishes a complete digital monitoring system for pavement construction. Moreover, a decision model of asphalt pavement quality evaluation based on the IPSO-RBF neural network is established to further investigate the relationship between monitoring parameters and pavement performance, and a new quantitative index PCQ is proposed. In this study, 30 road sections are selected for road construction quality evaluation. The illustrative example shows that PCQ can accurately reflect the pavement quality, and the IPSO-RBF neural network model can be deployed to evaluate pavement quality quickly and precisely, which underscores the application of this research study in the asphalt pavement construction sector.



In this empirical study the relationship between performance indexes after completion of pavement construction with the comprehensive evaluation index PCQ of pavement construction (involving asphalt mixture production, transportation, paving and rolling) has only been explored preliminarily and consequently the process requires further development. Therefore, it is essential to further study the relevance between PCQ and the performance indicators of pavement use and the maintenance stage to calculate and determine the controlling index range of PCQ. Such an approach will need to establish the evaluation criteria for PCQ indicators with probabilistic curves created by the data collected so that the model achieves more robust generalization.
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The following abbreviations are used in this manuscript:



	IoT
	Internet of Things



	BDS
	BeiDou Navigation Satellite System



	RTK
	Real-time kinematic



	RFID
	Radio-frequency identification



	PSO
	Particle swarm optimization



	IPSO
	Improved particle swarm optimization



	RBF
	Radial basis function neural network



	PCQ
	Pavement digital construction quality index



	PCI
	Pavement Condition Indicator



	IRI
	International Roughness Index



	PWL
	Percentage within the allowable limit



	AHP
	Analytical hierarchy process



	EW
	Entropy weight



	MSE
	Mean square error
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Figure 1. Structure diagram of the digital monitoring system for measuring asphalt pavement construction quality. 
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Figure 2. Data acquisition equipment in control room of mixing plant. 
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Figure 3. System architecture of the asphalt mixture transportation monitoring system. 
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Figure 4. Asphalt pavement paver and roller after digital transformation. 
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Figure 5. Digital construction quality evaluation index system of asphalt pavement. 
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Figure 6. Radical basic function neural network model structure. 
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Figure 7. Flow chart of digital construction quality evaluation model for asphalt pavement based on IPSO-RBF. 






Figure 7. Flow chart of digital construction quality evaluation model for asphalt pavement based on IPSO-RBF.



[image: Buildings 11 00577 g007]







[image: Buildings 11 00577 g008 550] 





Figure 8. (a) Simulation results of the digital construction quality evaluation model of training set. (b) Simulation results of the digital construction quality evaluation model of test set. 
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Figure 9. Correlation analysis between PCQ and PCI. 
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Figure 10. Correlation analysis between PCQ and IRI. 
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Table 1. Main monitoring indicators of digital monitoring system.
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	Main Construction Machinery
	Monitoring Indicators





	Mixing plant
	Asphalt aggregate ration, grading, asphalt weight, mixture temperature, mixing time, silo weightand discharge temperature.



	Transport vehicle
	Loading time, loading place, transportation route, transportation time and transportation speed.



	Paver
	Paving track, paving speed, paving time and asphalt temperature.



	Roller
	Rolling speed, rolling track, rolling times, asphalt temperature and vibration frequency.
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Table 2. Judgement matrix of indicator layer A and indicator layer B.
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A

	
B1

	
B2

	
B3

	
B4

	
wi






	
B1

	
1

	
3

	
2

	
1

	
0.3584




	
B2

	
1/3

	
1

	
1/2

	
1/3

	
0.1100




	
B3

	
1/2

	
2

	
1

	
1

	
0.2301




	
B4

	
1

	
3

	
1

	
1

	
0.3015




	
B1

	
C1

	
C2

	
C3

	
C4

	
wi




	
C1

	
1

	
2

	
1

	
1

	
0.2810




	
C2

	
1/2

	
1

	
1

	
1/3

	
0.1571




	
C3

	
1

	
1

	
1

	
1

	
0.2428




	
C4

	
1

	
3

	
1

	
1

	
0.3191




	
B3

	
C6

	
C7

	
C8

	
wi




	
C6

	
1

	
1

	
2

	
0.4126




	
C7

	
1

	
1

	
1

	
0.3275




	
C8

	
1/2

	
1

	
1

	
0.2599




	
B4

	
C9

	
C10

	
C11

	
C12

	
wi




	
C9

	
1

	
1

	
1/2

	
1/2

	
0.1692




	
C10

	
1

	
1

	
1/2

	
1

	
0.2046




	
C11

	
2

	
2

	
1

	
1

	
0.3383




	
C12

	
2

	
1

	
1

	
1

	
0.2879
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Table 3. Calculation results of subjective weight (wi′) of AHP.
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	Indexes
	wi′
	Indexes
	wi′
	Indexes
	wi′





	C1
	0.1008
	C5
	0.1100
	C9
	0.0510



	C2
	0.0576
	C6
	0.0943
	C10
	0.0600



	C3
	0.0864
	C7
	0.0759
	C11
	0.1020



	C4
	0.1152
	C8
	0.0598
	C12
	0.0870
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Table 4. Calculation results of objective weight (wi″) by the entropy weight method.
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	Indexes
	Ej
	wi″
	Indexes
	Ej
	wi″





	C1
	0.9819
	0.0486
	C7
	0.9839
	0.0432



	C2
	0.9751
	0.0668
	C8
	0.9674
	0.0874



	C3
	0.9646
	0.0948
	C9
	0.9848
	0.0408



	C4
	0.9677
	0.0865
	C10
	0.9681
	0.0855



	C5
	0.9705
	0.0792
	C11
	0.9355
	0.1731



	C6
	0.9645
	0.0952
	C12
	0.9631
	0.0989
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Table 5. Combination weight of AHP and EW.
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	Indexes
	wi
	Indexes
	wi
	Indexes
	wi





	C1
	0.0712
	C8
	0.0950
	C9
	0.0464



	C2
	0.0631
	C7
	0.0964
	C10
	0.0729



	C3
	0.0921
	C6
	0.0583
	C11
	0.1352



	C4
	0.1061
	C5
	0.0736
	C12
	0.094
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Table 6. Parameters of the PSO model.
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	Parameter
	Value





	n
	200



	kmax
	300



	wmin
	0.4



	wmax
	0.9



	c1
	1.8



	c2
	1.8
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Table 7. The comparative result between the two models.
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	Model Type
	MSE
	R2





	PSO-RBF
	0.0796
	0.9202



	IPSO-RBF
	0.0613
	0.9475
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