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Currently, people pay more and more attention to road maintenance, and the traffic characteristics of vehicles play an important role in road quality evolution and maintenance decision, which commonly depends on the collection and analysis of traffic data. Nevertheless, the rationality of traffic data analysis and the scientificity of maintenance decision are deficient. This study carries out a research on the data fusion of multisource traffic data including toll data and video surveillance data. First, the information of vehicle type and axle load is acquired from the toll data, and the lane, speed and temporal information are obtained from the video surveillance data. A Bayesian method is used to train toll data and video surveillance data to recover missing data. The vehicle type distribution probabilities of traffic volume during different periods and speeds in different lanes are investigated. Next, the number of equivalent standard axle load (ESAL) at different lanes, time periods, and speeds are estimated based on the axle load conversion relationship between different vehicle types. Then the axle load spectrum and distribution characteristics of traffic in different sections, lanes, speeds, and time periods are analyzed. Finally, the comparison of rutting depth from the multisource data fusion and specification is carried out, and it shows an apparent difference (e.g., beyond 20%) when the lateral distribution in lanes is taken into account. Although the difference is less than 10% by considering vehicle speed and time periods, the time to reach the same value of rutting depth maybe more than 1 year. Therefore, it greatly affects accurate determination of preventive maintenance timing. As a whole, this study provides beneficial information for accurately understanding the preventive maintenance opportunities and making reasonable maintenance decisions.
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1 INTRODUCTION
1.1 Background
At present, the concept of preventive maintenance is gradually recommended by maintenance managers, which means good pavement maintenance can prolong the service life of the pavement and it can reduce the impact of maintenance wastes on the environment (Shi et al., 2019; Dan et al., 2022a; Liu et al., 2022). However, the reasonable decision of preventive maintenance closely depends on the accurate understanding of the traffic volume and the accurate grasp of deterioration law of pavement performance (Tarefder and Rodriguez-Ruiz, 2013; Cirilovic et al., 2015; Dhatrak et al., 2020; Dan et al., 2022b). Traffic volume and axle load data are important basic parameters in pavement maintenance planning and design (Song et al., 2019). Meanwhile, it is well known that traffic loading is an important factor for road performance degradation and pavement damage (Dan et al., 2019; Perez-Acebo et al., 2019). Under the same conditions, the larger the equivalent standard axle load (ESAL) is, the faster the road condition deteriorates. Therefore, the analysis of highway traffic load is one of the most important references for pavement performance prediction and maintenance (Amorim et al., 2015; Dos et al., 2019).
Generally speaking, the traffic designers used the axle load spectrum (i.e., the percentage of different axle loads) to describe traffic loading, which is the main data source of traffic parameters in pavement design methods in developed countries (Ali et al., 2018; Dinegdae and Birgisson, 2018). To analyze the variation in traffic load and traffic volume, both the United States and Germany adopted the method of combining long-term observation with short-term observation to investigate the highway traffic volume and load distribution. It is mainly based on long-term observations and is supplemented by short-term sampling observations (Tang et al., 2019; Wang S. L et al., 2019). As for the influence of traffic loading on the pavement, researchers always attached great importance to the distribution of the actual axle load on the road. The designers often adapted an established wheel load as the standard design load in flexible pavement design methods in various countries (Heymsfield and Tingle, 2019). In the 1950s, the conversion coefficient was obtained for converting the mixed load into a single load by carrying out large full-scale road tests in the United States (Yin, 2015). In 2004, the mechanistic–empirical (M-E) design method was introduced by replacing the equivalent number of axle loading times with the axle load spectrum to characterize traffic loading for the pavement structure design in the United States, and a new road mechanics empirical design method based on the axle load spectrum was developed (AASHTO, 2020). The mixed traffic bearing capacity of the road was converted into the equivalent standard axle loads (ESALs) in current pavement structure design method in China (Wang et al., 2007; Wang and Zhang, 2016; Gao et al., 2019).
For some studies, the axle load spectrum and the traffic flow information were obtained by artificial statistics, which is difficult to calculate and restricted with poor accuracy (Haider et al., 2010; Mai et al., 2014). Certainly, they did not take some factors such as the distribution of traffic flow in different road sections, lanes, time periods (day and nights), and vehicle speed into consideration at the same time. Nevertheless, with the development of radio frequency identification technology, dynamic weighing technology, and high-definition image recognition technology, network tolling systems, weight-calculating charge systems, and high-definition video surveillance systems have been widely used in highway operation management faced with increasing traffic volume (Abbas et al., 2014; Ren et al., 2019; Feng et al., 2020). Massive traffic data are being collected on every expressway every day. The daily raw data generated by expressway tolling systems and video surveillance systems have the features of large quantity, various types, high speed of generation, and strong real-time performance, which are the characteristics of typical big data. If the traffic flow information of different sections, different lanes, different time periods, different speeds, and different vehicle types can be extracted from the massive tolling data and video surveillance data, the problem of difficulty in obtaining and analyzing traffic load information in pavement performance prediction can be effectively solved (Mai et al., 2013; Tarefder and Hasan, 2016). Furthermore, according to the Chinese standard (specification for design of highway asphalt pavement JTG D50-2017), the lane coefficient is determined by counting the number of vehicles including passenger cars and trucks on different lanes in the design direction according to the traffic volume observation data. Similarly, for the American standard (AASHTO 2020), the lane coefficient is the percent of trucks in the design direction that are expected to travel in the design lane. This percentage is used to calculate the total number of trucks in the design lane. It is unfortunate that the lane factor does not truly and completely reflect the traffic flow distribution of different lanes. As a matter of fact, due to the influence of channelized traffic, the distribution of vehicles and the speed on different lanes is extremely varied, which makes the degradation of pavement performance different. Especially, there are many heavy-duty vehicles on the expressway, and the existing axle load spectrum cannot truly reflect the complex traffic axle load characteristics as well.
Therefore, a large number of traffic data through the traffic information acquisition system, the data fusion analysis can be carried out to provide a better way to accurately understand the characteristics of traffic volume and axle load distribution.
1.2 Objective and scope
The main objective of the study is to integrate toll data and video surveillance data to analyze, and the traffic distribution characteristics will be refined and understood through data integration analysis, disassembling, and processing the data in terms of road section, vehicle type, axle type, axle load, lane, speed, and time. Furthermore, the significance of the traffic data fusion analysis will be highlighted through the application of the presented method, and it also provides crucial information and approach for management department of expressway to rationally take use of traffic data.
2 METHODOLOGY
2.1 Data source and description
The main data used in this study were derived from toll, video surveillance, maintenance service, and meteorological data from the transportation department of Guangdong province in China. The traffic axle load data were collected from a section of expressway (about 289.7 km) in Guangdong province, which is shown in Figure 1, and the data information are listed in Table 1. It is pointed out that the abbreviations in Figure 1 are the names of toll stations. The distance between toll stations is the expressway section and the full name is listed as follows:
[image: Figure 1]FIGURE 1 | Location of expressway sections in Guangdong province, China (the legends represent the section names between toll stations).
TABLE 1 | Data for analysis.
[image: Table 1]YB-DQ: Yuebei–Daqiao, DQ-RY: Daqiao–Ruyuan, RY-SG: Ruyuan–Shaoguan, SG-SX: Shaoguan–Shaxi, SX-DZ: Shaxi–Dazhen, DZ-TT: Dazhen–Tangtang, TT-BX: Tangtang–Beixing, and BX-TH: Beixing–Taihe.
The traffic data mainly include toll data and video surveillance data.
(1) The toll data include toll flow data of export, coded data of a road section, and the coded data of a toll station. The main axle types and model type of vehicles are shown in Figures 2, 3, respectively.
[image: Figure 2]FIGURE 2 | Schematic diagram of axle type of vehicles.
[image: Figure 3]FIGURE 3 | Schematic diagram of model type of vehicles.
It should be pointed out that the maintenance and meteorological data are not listed and analyzed in this study because the mechanics and performance analysis of pavement is beyond the scope of this study.
2.2 Data disassembly of data from different sources
As a matter of fact, the video surveillance data, toll data, meteorological data, and maintenance data have different data formats. It is difficult to directly extract the traffic information of a certain road section. To establish the connection between different types of data, the road section code is used to unify different types of data in the road network model (Figure 3), and the specific link information of each type of data is shown in Figure 4. The specific process is as follows.
[image: Figure 4]FIGURE 4 | Data model of road section coding.
First, the video surveillance data are imported and the high-definition camera code is extracted by programming with MATLAB and R language. Then the HD camera code is converted into the corresponding road section code in the road network. Furthermore, the detailed toll data are imported and disassembled to acquire the corresponding number and name of each toll station through programming. Basically, every single data contain the license plate information of vehicle, and it can be linked to the video surveillance data. That is the vehicle flow in the road section can be clarified. Finally, the toll station code is also linked to the corresponding road section code in the road network. Likewise, the meteorological data collected in the region of administration division, pavement structure data, and the testing data of road performance can be easily referred to the road section and road section code. Therefore, all the provided data can be unified by the road section code and then can be disassembled into the target data, which is shown in Figure 5. The following process can be specified as below.
[image: Figure 5]FIGURE 5 | Schematic diagram data disassembly model.
First, the toll data is disassembled to acquire the axle type, vehicle type, and the traffic flow distribution. Second, the video surveillance data is similarly disassembled to obtain the vehicle speed, passing time, and lane information of each vehicle. Finally, the traffic flow distribution can be obtained by taking in consideration the vehicle speed, passing time, and lane information of all vehicles.
2.3 Refined computing method of multisource traffic data
In general, the distribution of axle weight and total weight in each road section (between toll stations) can be calculated through toll data, and the vehicle speed, passing time, and traffic flow in different lanes can be calculated using the video surveillance data. However, as a matter of fact, the volume of video surveillance data is smaller than that of toll data to some extent due to the absence of video surveillance data by HD camera. Therefore, accurate traffic information cannot be linked just by using the existing video surveillance data and toll data. To solve this problem, the traffic flow distribution of different vehicle in different lanes are obtained using the Bayesian decision method (Tang and Huang, 2019; Wen et al., 2019; Fleischhacke et al., 2020) by training partial toll and video surveillance data.
Several studies have previously employed the Bayesian method in the analysis of traffic to express certain relationships between the different factors (Chen, et al., 2019; Febres et al., 2019; Wang F. Y et al., 2019). Therefore, the toll and video surveillance data are trained to obtain the posterior probability of the data (i.e., the probability of traffic distribution of different lanes of vehicles in different sections, time periods, and speeds; and the probability of different vehicle types). According to the probability, the vehicle flow distribution and the number of axle load in each road section are restored. Then the vehicle flow distribution characteristics of different road sections, and lanes, vehicle types are obtained at different speeds and in time periods. Specifically, the process is as follows.
Referring to the road network model, the toll data is disassembled to acquire the axle and vehicle type as well as the vehicle flow distribution of different vehicle types (see Figure 6). Then the video surveillance data is disassembled to obtain the vehicle speed, driving time and lane information of each vehicle.
[image: Figure 6]FIGURE 6 | Acquisition process of vehicle flow distribution for different vehicle types.
First, a priori distribution probability of the axle load spectrum is defined, and then the likelihood function of the axle load spectrum is determined. Then the toll data and video surveillance data are trained to obtain the posterior probability, including the different vehicles in different sections, time periods, and vehicle speeds. Furthermore, the probability of vehicle flow distribution of lane as well as the vehicle types is obtained to calculate the loss function and prior probability, of which the expected value of the loss function is the largest. Finally, according to the probability, the vehicle flow distribution and the number of axle load of each road section can be restored. Accordingly, the axle load spectrum can be obtained including the statistics on the speed, driving time, and lane information of all vehicles (see Figure 7).
[image: Figure 7]FIGURE 7 | Acquisition process of vehicle flow distribution for different lanes.
3 RESULTS AND DISCUSSION
3.1 Distribution characteristics of traffic in different sections
The traffic data are refined according to the steps in Section 2.3. The ESALs (equivalent standard axle loads) of the eight sections of an expressway in Guangdong province are obtained by converting the obtained data, as shown in Figure 8 and Figure 9 as below.
[image: Figure 8]FIGURE 8 | Statistics of accumulative ESAL of eight southbound sections of an expressway in Guangdong province from July 2014 to June 2017.
[image: Figure 9]FIGURE 9 | Cumulative ESAL of eight southbound sections from July 2014 to June 2017.
It can be seen in Figure 8 that the traffic volume decreases as road sections sorted from top to bottom. In addition, the traffic volume decreases substantially after September 2014 because another double-track expressway was opened to traffic, which causes a very significant diversion to an expressway in Guangdong province at the end of September 2014. The diversion volume is approximately 80%. The only unaffected part is the southbound lane of the BX-TH section, which has a stable traffic flow and little change. The traffic flow of the whole line is basically stable after October 2014. The annual traffic flow has a small trough in the Spring Festival of China, and the traffic flow is basically stable in the rest of the year.
As shown in Figure 9, the cumulative ESAL times of eight sections in 3 years change greatly, and the maximum difference is 4.07 times, indicating that the traffic flow varies greatly between different sections. Due to the different traffic flow of sections, the pavement performance attenuation rate of is not the same, and the timing for preventive maintenance of each section is also out of step (Mohammed et al., 2018). Therefore, it is necessary to refine the traffic flow in different sections, and accurate traffic volume information is obtained as the input of the pavement performance prediction model of each section, which can scientifically guide the maintenance department to carry out preventive maintenance in a timely manner.
3.2 Distribution characteristics of traffic in different lanes
Most sections of expressways in Guangdong province are bidirectional six lanes (e.g., SG-SX, SX-DZ, DE-TT, TT-BX, and BX-TH sections), and a few sections are bidirectional four lanes (e.g., YB-DQ, DQ-RY, and RY-SG sections). Taking bidirectional six lanes as an example, the form of lanes is shown in Figure 10.
[image: Figure 10]FIGURE 10 | Schematic diagram of lanes for an expressway in Guangdong province, China.
The axle type and number of vehicles in each lane are obtained by separating the vehicle information data, which are acquired by a high-definition camera and toll stations. Traffic flow information at different lanes in the eight sections of expressway can be obtained through load conversion, and then the monthly average ESAL times of each lane are obtained and shown in Figures 11, 12 for the southbound and northbound lanes in 3 years.
[image: Figure 11]FIGURE 11 | Monthly average ESAL times of each lane for sections of four bidirectional lanes.
[image: Figure 12]FIGURE 12 | Monthly average ESAL times of each lane for sections of six bidirectional lanes.
Figures 11, 12 show that the monthly average ESAL times on different sections and lanes changes greatly. The percentage of ESAL in each lane and lane coefficient of expressway are counted and shown in Figures 13, 14, respectively.
[image: Figure 13]FIGURE 13 | (A) Percentage of ESAL for the lanes in southbound distribution. (B) Percentage of ESAL for the lanes in northbound distribution.
[image: Figure 14]FIGURE 14 | Comparison between the lane coefficient and percentage of ESAL on lanes.
It can be seen from Figure 11 that the distribution of EASL in lane 1 and lane 2 of two-way four-lane sections is not very regular. In some sections, EASL in lane 1 is significantly larger than that in lane 2 (e.g., DQ-RY southbound), while in others, it is opposite. However, for the section of six bidirectional lanes, a distinguishing feature is that, the EASL in lane two is significantly larger than that in the other lanes (see Figure 12). For instance, the number of EASL in lane two is 105.6 times that in lane 1 for the TT-BX northbound lane. On the whole, the ratio relationship between the lane two and the smallest ESAL of other lanes is within a range of 1.74–105.6. Obviously, there are three sections with very large ratios in Figure 12 (SX-DZ southbound, TT-BX northbound, and TT-BX southbound). According to the investigation of the highway management department, there are two reasons. The first is that the quality of the three sections of the pavement is poor and has not been timely maintained. The vehicles especially the trucks selectively avoid driving on the lane one. The second is that the subsequently temporary maintenance activities affect traffic flow to some extent.
It can be seen from Figures 13A,B that there is a significant difference in the ESAL for different lanes in the same section. In general, the percentage of EASL on Lane 1 is relatively large for four bidirectional lanes, while the percentage of EASL on the Lane 2 is relatively large for six bidirectional lanes. The change in range of the percentage of EASL for the four bidirectional lanes is 0.55–0.9 and that of the six bidirectional lanes is 0.43–0.77.
It can be seen that the lane coefficients of most sections are consistent with those of the design specification (Ministry of Transport of the People’s Republic of China, 2017), but the lane coefficients of nearly quarter of the sections are not within the range of the design specification. For the four bidirectional lanes, the lane coefficient of YB-DQ northbound and RY-SG northbound and southbound are, respectively, 0.07 and 0.06 lower than the lower limit of the lane coefficient in the specification (i.e., 0.7). For six bidirectional lanes, the lane coefficients of SG-SX northbound and BX-TH southbound are 0.06 and 0.07 higher, respectively, than the upper limit of the lane coefficient in the specification (i.e., 0.6).
Nevertheless, maintenance needs to make a maintenance plan according to the actual pavement quality which largely depends on the action of traffic loading. It can be seen from Figure 14 that the percentage of ESAL on different lanes varies sharply. For instance, in the eight sections from YB-DQ to BX-TH, the percentage of ESAL is extremely fluctuant, which indicates the degree of pavement subjected to traffic load changes greatly. Therefore, it will lead to a result that the pavement performance of lanes deteriorate rapidly are not maintained in time and that of lanes declines slowly in some sections are maintained in advance.
Likewise, due to the difference of the traffic flow in different lanes, the performance of each lane of the expressway declines unevenly, and the time for each lane to enter into the pre-maintenance is not the same. Therefore, it is necessary to analyze the traffic flow distribution of different lanes in spatial and temporal for decision making of pre-maintenance.
3.3 Distribution characteristics of traffic at different vehicle speeds
Different vehicle speed will cause different effects on the road surface and contribute to the occurrence and evolution of distress such as rutting, cracking, and water damage to some extent (Peng et al., 2019; Dan et al., 2020). In order to investigate the change law of speed distribution, the traffic flow of eight sections of the expressway from July 2014 to June 2017 is counted, and the statistical results are shown in Figure 15.
[image: Figure 15]FIGURE 15 | Histogram of traffic volume corresponding to different speeds.
Figure 15 shows that the proportions of vehicle speed in range of 40–60 km/h, 60–80 km/h, 80–100 km/h, 100–120 km/h, and above 120 km/h are 4.68%, 19.96%, 35.41%, 29.08%, and 6.45%, respectively. Without taking the vehicle types into account, more than 90% in total of the vehicles in these sections of expressway drive with speed ranging from 60 km/h to 120 km/h. Furthermore, the loading times of different vehicle types are converted into the ESAL times based on the equal failure principle according to the Chinese specification (Ministry of Transport of the People’s Republic of China, 2017), and the statistical results are shown in Figure 16.
[image: Figure 16]FIGURE 16 | Histogram of ESAL times for different vehicle speeds.
It can be seen from Figure 16 that the proportions of the ESAL times in the range of 40–60 km/h, 60–80 km/h, 80–100 km/h, 100–120 km/h, and above 120 km/h are 14.49%, 39.19%, 33.4%, 8.24%, and 1.04%, respectively. More than 95% of the ESAL times range from 40 km/h to 100 km/h. Compared with Figure 15, the speed distribution range after axle load conversion (40–100 km/h) is 20 km/h lower than that before axle load conversion (60–120 km/h). The main reason is that a large number of heavy-duty vehicles traveling on the expressway with speeds ranging from 50 km/h to 80 km/h. A heavy-duty vehicle can be converted into a ESAL several hundred times, even thousands of times, while a small bus with a full load of vehicle type 11 can be converted into a ESAL only approximately 0.004 times. Most of the vehicles on the expressway at high speed are vehicle type 11. Although the number is large, the influence on the performance of the road is not as good as that of heavy vehicles due to the small axle weight. The proportion of the low-speed vehicle increases significantly after the axle load is converted, and the decrease in the speed of the vehicle increases the loading time and accelerates the occurrence of road surface distress. Therefore, it is significant that differentiating the speed distribution can help accurately predict the attenuation law of pavement performance (especially rutting).
Although the highway engineering technical standard recommends that the design speed of the expressway is 80–120 km/h which mainly considers the traffic capacity of expressways (Ministry of Transport of the People’s Republic of China, 2014), it does not consider the influence of the speed and vehicle type on the performance of the road. Therefore, it is not reasonable to apply this standard directly to road maintenance, and it is necessary to consider the speed of vehicle to refine traffic volume and obtain more accurate traffic characteristic data.
In addition, the vehicles distributed in different lanes are also investigated in this study. The following is a statistical distribution of the speed at different lanes based on the traffic volume in 2016 which are shown in Figure 17.
[image: Figure 17]FIGURE 17 | Statistics of vehicle speed in different lanes.
It can be seen from Figure 17 that most of vehicles are traveling at 90 km/h in Lane 1, with vehicle speeds ranging from 70 km/h to 110 km/h in Lane 1. Most of vehicles are traveling at 70 km/h in Lane 2, with vehicle speeds ranging from 60 km/h to 100 km/h in Lane 2. Most of vehicles are traveling at 80 km/h in Lane 3, with vehicle speeds ranging from 60 km/h to 100 km/h in Lane 3. It can be seen from the above analysis that vehicle speed varies greatly in different lanes, therefore, it is necessary to consider the influence of speed of different lanes on road performance when analyzing road performance degradation in different lanes.
3.4 Distribution characteristics of traffic at different time periods
As we known that the traffic distribution is not only different in space, but also unevenly distributed in time (Turochy et al., 2005), accordingly, the traffic volume corresponding to different times of a 24 h day is calculated based on the traffic volume in 2016, and the statistical results are shown in Figure 18.
[image: Figure 18]FIGURE 18 | Statistics of traffic flow corresponding to different times of a 24 h day.
Obviously, Figure 18 shows the bimodal distribution. That’s to say, the traffic volume gradually increases from 6 a.m., and the maximum traffic flow is between 11:00 and 17:00 for vehicle type 11. Other type vehicles contribute to the largest traffic flow between 10:00 and 18:00, and the traffic flow of all type vehicles starts to decrease gradually after 18:00, and the traffic volume during the day accounts for more than 70% of the total traffic flow. The corresponding temperature varies at different times of the day, and traffic flow is not evenly distributed throughout the day. Likewise, the influence of the same traffic flow on pavement performance at different times of the day is also different. Therefore, the attenuation law of road performance can be predicted more accurately by comparing the traffic flow in each time period with the temperature field of road structure in the time period.
Furthermore, considering the large temperature changes in different months, the traffic volume of different months is also counted based on the traffic volume from July 2014 to June 2016. The statistical results are shown in Figure 19.
[image: Figure 19]FIGURE 19 | Statistical traffic flow in different months from July 2014 to June 2016.
It can be seen from Figure 18 that the traffic volume in July is the largest, while that in October is the smallest. The traffic volume in July is 1.6 times higher than that in October. The traffic volume varies greatly in different months. The temperature in Guangdong province is higher in summer, and the high temperature adversely affects the performance of asphalt pavement. In other words, the temperature varies from month to month in Guangdong province, and the damage degree of the same traffic flow to asphalt pavement varies from month to month as well. Therefore, for instance, it is significant to evaluate the rutting of the asphalt pavement caused by the traffic flow monthly so that the predicted rutting depth of the pavement can be more representative of the attenuation law of asphalt pavement.
3.5 Impact of traffic distribution on pavement performance
In order to investigate the impact of the non-uniformity of traffic load distribution in time and in space on pavement performance, we adopt the rutting depth of pavement as the comparison index, and four sections of expressway are selected for comparison of rutting depth. The pavement structure and materials are listed in Table 2.
TABLE 2 | Pavement structure of the case study.
[image: Table 2]The computing method rutting depth can refer to the study by Gao et al. (2017), which proposed a model on predicting the rutting of asphalt pavement based on a simplified Burgers creep model. According to Gao’s model, the Burgers model parameters of asphalt mixture are obtained by laboratory test (Table 3).
TABLE 3 | Burgers model parameters.
[image: Table 3]The lane coefficients are respectively based on the data analysis results in this study and the Specification for Design of Highway Asphalt Pavement (0.3 is used as standard value for calculation) (Ministry of Transport of the People’s Republic of China, 2017). The vehicle speed is selected to be 100 km/h. The traffic flow in each period is considered (every 2 h is a period, and 1 day is divided into 12 periods) and the traffic flow without considering the period is substituted into the established rutting prediction model (Dan et al., 2015; Gao et al., 2017). Accordingly, the rutting depth can be calculated for pavement of each road section, which is shown in Figures 20–22, respectively.
[image: Figure 20]FIGURE 20 | Comparison of rutting depth between the lane coefficient calculated by the standard value and the presented value in this study.
As can be seen from the comparison results in Figure 20, the maximum difference of rutting depth between the lane coefficient calculated by the standard value and the presented value in this study is 24% (only the lane with the maximum rutting depth is calculated), because the lane coefficient specified in the standard does not reasonably reflect the characteristics of channelized traffic on the expressway. As a matter of fact, due to the influence of lane division, traffic organization and management and channelized traffic of expressway, the distribution of different vehicle types on different lanes is extremely varied, and the vehicle types on the same lane are also complex (Jasim et al., 2019). Therefore, it is necessary to divide the expressway traffic flow into lanes to obtain the actual lane coefficient, obtain the accurate traffic flow of each lane, and accurately detect the pavement performance of the expressway, so as to guide the maintenance decision and construction.
Secondly, it can be seen from Figure 21 that the maximum difference between the fixed speed (100 km/h) and the actual speed is about 6.9%. Inevitably, there are vehicles traveling at low speed (less than 60 km/h) on expressways, and the influence of driving speed on the anti-rut performance of asphalt pavement is mainly reflected in the duration of loading. The vehicle traveling at low speed is equivalent to increasing the duration of loading, thus leading to the rapid increase of rutting depth. Although speed has less influence on rut performance than load and temperature, low speed is often associated with heavy load, which will aggravate rutting damage. Therefore, it is necessary to consider speed to carry out refined treatment on traffic flow.
[image: Figure 21]FIGURE 21 | Comparison of calculated rutting depth between distinguish and not distinguish different speeds of traffic flow.
In addition, Figure 22 shows that the maximum difference of calculated rutting depth is about 8.8% between distinguish and not distinguish different periods of traffic flow. The diurnal cycle and seasonal cycle of temperature are often ignored in the traditional analysis, however, the asphalt mixture is a temperature sensitive material, and its pavement performance is closely related to its temperature sensitivity. Furthermore, the traffic volume is not uniformly distributed in different time periods of each day, and the pavement structure temperature field is not the same in different time periods. Thus, the same traffic volume has different influence on the pavement rut in different time periods. That’s to say, a one-to-one correspondence between the traffic volume in a certain period and the temperature field of the pavement structure in that period can be used to calculate rutting depth more accurately. Therefore, the fusion and calculation of multisource data is an important means to improve the study of pavement rutting development.
[image: Figure 22]FIGURE 22 | Comparison of calculated rutting depth between distinguish and not distinguish different periods of traffic flow.
Currently, traffic analysis in the MEPDG (e.g., Level 2 and Level 3) (MEPDG Documentation, 2010; Hasan, et al., 2020) is different from the actual situation (Level 1) to some extent, and various factors (lane distribution characteristics of traffic load, difference in speed and time period) also have different influences on the pavement performance analysis, and such differences become more and more significant with the passage of time (See Figures 20–22). More importantly, these differences may lead to misjudgment in the decision of preventive maintenance of road surface, which to some extent affects the determination of maintenance timing, the accuracy and scientificity of preventive maintenance decision. For instance, from the perspective of rutting depth development, there is an apparent difference (e.g., beyond 20%) when the lateral distribution in lanes is taken into account. Although the difference is less than 10% by considering vehicle speed and time periods, the time to reach the same value of rutting depth maybe more than 1 year because the rut depth increases slowly. This may greatly affect the accurate determination of preventive maintenance timing. Therefore, it is very important to carry out traffic multi-data fusion analysis, which is the basis for the research on pavement performance decay and preventive maintenance decision.
4 CONCLUDING REMARKS
The findings of this study are summarized in brief as follows.
(1) The maximum traffic volume of eight sections of an expressway in Guangdong province is 9.76 times the minimum traffic volume, and the traffic flow of different sections is quite different.
(2) Compared with the lane coefficient in the specification, a considerable amount of road sections of which the lane coefficient is higher and lower than the limit of the lane coefficient in the Chinese specification. The percentage of ESAL is extremely fluctuant, which indicates the degree of pavement subjected to traffic load changes greatly.
(3) The speed of vehicles in different lanes is quite different, and the average speed of vehicles on the Lane 1, Lane 2, and Lane 3 is 90 km/h, 70 km/h, and 80 km/h, respectively. It is proposed that the traffic flow should be refined according to the lane and the speed of the vehicle, and it helps more specifically to guide the maintenance department to accurately maintain the road lanes.
(4) The distribution of the traffic flow in different months and different time periods are uneven, which leads to the rutting of asphalt pavement varying from month to month accordingly. It is significant to evaluate the rutting of the asphalt pavement caused by the traffic flow monthly due to more representative of the attenuation law of asphalt pavement in Guangdong province.
(5) From the perspective of rutting depth development, it may greatly affect the accurate determination of preventive maintenance timing by considering the vehicle speed and time periods or not.
In practical application of preventive maintenance, it needs to determine the pavement condition in time and the maintenance timing, and reasonable preventive maintenance measures can be applied. Therefore, from the perspective of application, it is suggested to combine the pavement management system (PMS) with the method presented in this study to analyze the traffic volume and axle load data in detail. Then it is more reasonable to combine the data analysis results with the attenuation model of pavement quality to predict the variation of performance indexes of pavement (e.g., skid resistance performance, rutting resistance performance, etc.) by considering the influence of lane, vehicle speed and time period, and finally comprehensively determine the timing of pavement preventive maintenance.
Generally speaking, the traffic data can be put into use of predicting pavement condition in the future study, for instance, the rutting, fatigue, skid resistance performance can be investigated through the integration analysis and refinement processing. As mentioned in Section 2.1, a large amount of maintenance data can be also utilized to validate the deterioration law and condition of pavement.
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