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Abstract

:

In road construction, the compaction of the subgrade layer, which is one of the earthwork fields, is an essential procedure to support the pavement layer and traffic load. For the quality control of subgrades, water content must be measured. Currently, the measurement of water content is performed at specific locations in a large area of subgrades and has the disadvantage of taking a long time to derive. Because this is difficult to immediately confirm, inefficiencies arise in terms of construction schedule and quality control. Therefore, in this study, a CCM (Color-Coded Map) was proposed through hyperspectral remote sensing using drones. This method is a range-type water-content measurement method that can acquire data in a short time (about 20 min) and can be easily confirmed visually. For this, a predicted equation that can convert hyperspectral information into water content information is developed. Multivariate linear regression, a machine learning technique, was applied to the database (of actual measured water content and hyperspectral information). The predicted and measured water contents showed a coefficient of determination of 0.888, and it was confirmed that CCMs can also be presented in various ways depending on user settings.
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1. Introduction


Water content is an important physical parameter and one of the key factors of soil, and it is used for the quality control of the subgrade layer. Soil is a material composed of particles of various sizes, and water is located in the pores of each particle. Here, water content is the weight ratio of water and soil in a specific volume. The optimal water content ratio means when the pores are completely filled with water, and at this time, the soil can be maximally compressed. This value varies depending on the type and size of the particle. Based on the optimal water content, if there is too little water, pores exist, and if there is too much water, the amount of soil decreases and is not in a stable state. This layer is the ground created under the upper pavement layer; it supports the concrete (or asphalt) pavement and the load by traffic flow. Moreover, it ensures safety, long-term performance, and service life [1]. At this time, compaction must be performed to ensure the sufficient performance of the subgrade, which is the most important step during road construction and is a key element of construction quality control. If compaction is not sufficient, various problems may occur, such as slip, cracks, cavities, subgrade loss due to long-term traffic, and extrusion deformation. Thus, the degree of compaction was checked through field tests [2]. The most commonly used quality control methods include the sand cone test, the dynamic cone penetration test, and the California bearing ratio test. However, these methods are point measurements, and the actual measurement range is less than 1% of the entire construction site, so there is a possibility of serious damage during the construction process.



If the range-type water content of the entire ground is measured, the quality control of the subgrade can be made easier. The subgrade layer must achieve a degree of compaction of 95% or more, and the degree of compaction can be calculated using the unit weight of the soil on site and the laboratory-based maximum dry unit weight, as shown in Equation (1). The maximum dry unit weight can be measured through laboratory tests of transported soil and is a value known in advance. The dry unit weight of soil in the field can be confirmed when the transported soil is completely dry, but it is impossible to confirm in practice because it is generally brought in in a wet state. The wet unit weight of soil in the field can be calculated because the weight of the soil can be known during the import process, and the construction area and height can be checked after compaction. In other words, if the water content is known, it is possible to calculate the degree of compaction in the entire ground. Here, Dc is the degree of compaction (%), γd,field is the dry unit weight of soil in the field, γd,max is the maximum dry unit weight of soil in the laboratory, γfield is the unit weight of soil in the field, and w is water content.


Dc = (γd,field/γd,max) × 100% = [γfield/(1 + w)]/γd,max × 100%



(1)







In general, the traditional method of measuring the water content of the ground is used, comparing the weight of the soil sample in the field and the weight of the dried sample. However, there are also methods called TDR (Time-Domain Reflectometry) and GPR (Ground-Penetrating Radar) [3,4]. However, these methods cannot measure the water content of the entire construction site and have several limitations: they require long periods of time and the manual input of various parameters during the data measurement process.



Hyperspectral remote sensing can be an alternative to existing water-content measurement methods in that it can perform range-type measurements, not existing point measurements. This field acquires correlation information about objects, such as spatial, radiation, and spectral information, and allows the entire observation data, including high-level spectral details, to be easily and quickly obtained [5]. Hyperspectral information is a type of spectral curve that can analyze the spectral characteristics of ground objects during aerial photography. This provides an identifiable source for a variety of terrestrial objects. Additionally, it is used in the construction field to provide information for building classification, change detection of land use, and object recognition.



The application of hyperspectral information in relation to roads began in the 1970s, and the chemical and physical conditions (cracks, aging, etc.) of road surface pavement were measured from large-scale aerial photographs. In the 2000s, with the development of technology and cameras, measurement became possible even on small aircraft such as UAVs (Unmanned Airborne Vehicles) [6,7,8,9]. Recently, research has been mainly conducted in combination with AI, such as the extraction of terrain features using deep learning algorithms, mobile-based object recognition, and damage detection [10,11]. In relation to roads, hyperspectral information is mainly used in terms of the maintenance of pavements after construction. However, in this study, hyperspectral information is applied to earthwork, a road construction process, and in detail, we aim to measure water content, which has a significant impact on embankment and compaction. That is, the water content, which has a great influence on embankment and compaction, is to be measured.



The derivation of water content using hyperspectral information has been performed in various fields and by various researchers. Most of them performed water-related research and have developed vegetation indices based on the exploration of moisture content to improve agricultural crops [12,13,14] or to develop parameters of water quality [15,16]. Recently, with the growth of fields related to AI, research on the water content of soil has been extensively conducted. However, studies using data measured in actual fields are minimal, and there is a limitation in that they were generally conducted in a precise laboratory environment where the surrounding environment was controlled [17,18,19,20,21,22]. Therefore, in this study, hyperspectral information and water content are measured in the actual field. A CCM that can check the range-type water content of the entire ground is developed.



For this purpose, an outdoor experiment was conducted to mount a hyperspectral camera on a UAV drone and acquire orthophoto and hyperspectral information of the entire ground. Hyperspectral information was extracted from the location where the actual water content was measured. Here, hyperspectral information is measured in 4 nm increments in the range of 400–1000 nm, and one piece of hyperspectral information has 150 data points (total reflectance values are 150,000). Furthermore, the surface and inside water contents at specific locations were measured 1000 times using the oven-drying method. The measured actual water content and hyperspectral information were analyzed through machine learning, and a predicted equation of water content that can derive the water content when substituting the hyperspectral information was developed. Finally, the hyperspectral information in the orthophoto was converted to water content, and this was designated as a color to create a CCM.




2. Principal of Conversion of Hyperspectral Information for Water Content Prediction


The main conceptual diagram of this study is shown in Figure 1. First, a hyperspectral camera is attached to the drone and an aerial flight is performed. At this time, the hyperspectral camera can simultaneously measure not only the overall orthophoto but also hyperspectral information (reflectance with wavelength) for each pixel. Afterward, hyperspectral information is substituted into the conversion equation for water content, developed through machine learning, and the water content for each pixel is calculated. This converts the graph of reflectance with wavelength measured in 4 nm increments in the wavelength range of 400–1000 nm into one number (water content). Therefore, each pixel in an orthophoto has latitude, longitude, and water content as a separate data value. Lastly, colors for each water content are additionally specified to visualize the CCM. At this time, color designation could be set in various ways depending on the user.




3. Database of Water Content and Hyperspectral Information


3.1. Data Acquisition Method


The goal of this study is to convert hyperspectral information, acquired at road construction sites where compaction processes are performed, into water content. To achieve this, actual water content and hyperspectral information at the same location are required, and a database for this must be secured. With a large amount of data, unnecessary data can be deleted and the accuracy of the predicted equation of water content using hyperspectral information can be improved. The data acquisition process was carried out as shown in Figure 2. At this time, 100 pieces of actual water content and hyperspectral information were acquired per drone flight. Drone flights were conducted a total of 10 times at intervals of 2 to 3 days, considering the influence of weather, among other things.



3.1.1. Determination of Area and GNSS Surveying


To build the database, experiments were conducted at a university playground that was well compacted and had smooth drainage, similar to a road construction site in the actual compaction stage. Additionally, the flatness of the ground was not important during the experiment process. During the actual subgrade-creation process, compaction is performed using rollers or grinders, and the ground is usually level. This means that it is similar to the experimental environment.



This ground is granular soil, a type of sand with an optimal water content of 9 to 12%. This material is mainly soil brought in during the process of creating a subgrade at a road construction site. It has no cohesion, and the water content varies depending on the weather (including temperature). First, the area from which the actual water content and hyperspectral information would be extracted was determined. As shown in Figure 3a, the shooting area was set to approximately 20 m in width and 60 m in length, considering the area of the playground. In addition, stakes were driven in to ensure that the area was captured in the orthophotos taken by the drones, and a rectangular area was marked by connecting each corner with a red string. At this time, four coordinates of each corner of the rectangular range were extracted through GNSS surveying. The equipment used was the R4S GNSS System (Trimble, Westminster, CO, USA), and the political surveying accuracy was measured within 3.5 mm. The measurement range and GNSS survey are as shown in Figure 3b.




3.1.2. Indication of Extraction Point for Water Content and Hyperspectral Information


In order to match the actual water content and hyperspectral information, the data extraction point within the measurement area was marked with numbers from 1 to 100 using spray lacquer, as shown in Figure 4. In general water-content measurement tests, steel cans were used as cups, but paper cups were used due to the large number of samples. The paper cups may have errors in weight measurement due to humidity and other factors. Therefore, in this test, the weight of the paper cup was measured at the site before sampling, and the weight of the empty paper cup was measured after drying to calculate the exact weight of the soil. Additionally, calibration tarps for atmospheric correction must be installed within the shooting range. The accurate measurement of hyperspectral information requires placing one or more targets of known reflectivity levels within or close to the target area from which image data will be collected [23]. This is to correct the image data for independent variables that affect the incident illuminance in the captured image. Here, the independent variables refer to solar geometry (time and latitude), air pollutants, relative humidity, and clouds.




3.1.3. Input Coordinates to Set Shooting Range of Hyperspectral Camera and Drone Path


The four-point coordinates previously acquired through GNSS surveying were input to the hyperspectral camera. Here, the hyperspectral camera was the Shark microHSI 410 (Corning, Corning, NY, USA), which is capable of measuring reflectance in units of at least 4 nm in the wavelength range of 400 to 1000 nm. The bands related to water absorption are generally known as the SWIR (Short Wavelength InfraRed, wavelength of 900–2500 nm) region, such as 930, 1450, 1950, and 2500 nm. However, according to Tian and Philpot [24], in the case of materials made of irregular soil particles such as sand, there is no significant difference in the SWIR region when water is present, and the difference in reflectance with water content is clearly visible in the VNIR (Visible and Near-InfraRed) region of 400–1000 nm. Therefore, in this study, a hyperspectral camera in the VNIR region was used.



The measurement principle is that when a hyperspectral camera exists within the input coordinate area, as shown in Figure 5a, imaging is carried out. However, if it is outside the range of the area, imaging does not proceed. Therefore, the drone’s path must be set to allow only simple movement within the shooting coordinates, and takeoff, landing, departure, and turning points must not exist within the range.



Takeoff, landing, departure, arrival, and turning points were determined by UGCS, the drone’s automatic navigation program, as shown in Figure 5b. First, the drone takes off outside the shooting range and arrives at the starting coordinates so that it can pass through the center of the shooting range. Afterwards, a straight flight is performed up to the turning coordinate, and the drone moves to the same arrival coordinate as the departure coordinate. Finally, the flight ends after arriving at the set landing coordinates, and no problems occur even if the takeoff and landing coordinates are the same. Here, the turning point was set for round-trip imaging to check whether the hyperspectral information had the same value at the same measured location. The coordinate system was WGS-84, which most commonly uses latitude and longitude. Compared to the similar GRS80 coordinate system, the latitude and longitude of WGS-84 coordinates are easy to input into the UGCS program. The advantage is that accuracy improves depending on the number of decimal places.




3.1.4. Equipment of Drone Flight


The drone used in the experiment was the Matrice 300 Pro (DJI, Shenzhen, China), which measures 810 mm wide, 670 mm long, and 430 mm high when its wings are fully spread. As shown in Figure 6a, the overall setup includes a hyperspectral camera, an auxiliary battery to supply power to the hyperspectral camera, and an GNSS sensor (TW4721) that can check real-time coordinates. The maximum flight time of the drone is 55 min with a payload of 0, and it can fly for up to 30 min when additional equipment is attached. This is a continuous shooting time, and since the drone’s battery is removable, the flight time does not matter if landing and takeoff are performed repeatedly. When all equipment is installed, the drone weighs 7.6 kg. Detailed specifications of the equipment are listed in Table 1.



The main scanning methods used in hyperspectral cameras include static staring or spectral scanning, which captures the entire scene in a band-sequential format, and push-broom, which generates hyperspectral images using dynamic line-by-line scanning [25]. In this study, push-broom scanning, which acquires spectral images through an aircraft such as an aerial system, was applied to capture long-distance images using a UAV. In this method, as shown in Figure 6b, a hyperspectral camera (or sensor) is mounted on an aircraft (drone) using a slit perpendicular to the drone’s forward flight direction. Shooting is performed with an overlapping range depending on the drone movement. The performance of push-broom scanning has been verified by various researchers [26,27,28,29,30] and is capable of providing a reasonable range of spatial resolution and high spectral resolution [31].
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Figure 6. Drone flight: (a) Composition of drone; (b) Push-broom method modified as in [32]. 
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3.1.5. Drone Flight and Sampling of Soil


The actual width of the shooting area is 20 m, but considering coordinate errors, among other things, the shooting width was set to 30 m. The shooting width is affected by the altitude of the drone, and considering the overlap of 1.6, the shooting altitude is 60 m and the speed is 5.49 m/sec, shown in Table 2. Accordingly, the time-of-flight path based on a length of 60 m is 22 s, and when landing, takeoff, departure, turning, and arrival points are comprehensively considered, the experiment time for one cycle (Figure 2) is about 1 min.



At road construction sites, the filling height of the subgrade soil is generally 20 cm. In tests for the quality control of compaction [33], about 6 to 13 cm of soil is sampled, and water content is measured at this time. However, the hyperspectral information to be converted to water content is measured from a drone and can also be called the surface water content, because the camera measures only the reflectance of the ground surface. Therefore, it is necessary to confirm whether the hyperspectral information can reflect the inside water content such as Figure 7. Soil was sampled from the surface and 6 cm or less below the upper part, underneath the number indicated by spray lacquer, and the relationship between the surface and inside water content was confirmed. The amount of soil sampled was at least 50 g. At this time, the water content of the sample was measured after obtaining hyperspectral information from the drone flight.





3.2. Analysis of Measured Water Content


3.2.1. Oven-Drying


The water content according to ASTM [34] can be obtained using Equation (2). Here, w is water content (%), Mcms is the mass of the container and moist specimen (g), Mcds is the mass of the container and oven-dried specimen (g), and Mc is the mass of the container.


w = [(Mcms − Mcds)/(Mcds − Mc)] × 100%



(2)







Mcms is the weight of the container and the soil collected from the field, Mcds is the weight of the container and completely dried soil, Mc is the weight of the container (paper cups were used in this study). Soil is mainly dried using the oven-drying method, which is performed in an oven at 110 ± 5 °C for 12 to 16 h. The fieldwork may be delayed until experimental data are obtained because this method takes a long time. Accordingly, in order to quickly obtain the water content, a rapid water-content measurement method using the microwave oven method and calcium carbide [35,36] has been proposed. However, these methods are lacking compared to the oven-drying method in terms of accuracy, and in this study, the oven-drying method was applied since high-accuracy data must be secured. Mcms, the weight of soil and paper cups, was measured immediately after sampling in the field, and Mcds was obtained by drying the samples in an oven at 110 °C in the laboratory for 24 h.




3.2.2. Results of Measured Water Contents


The water content measured on the surface and inside is shown in Figure 8a. The surface water content was measured to be smaller than the inside water content ratio (883 cases, 88.3% of the total). This is because the location is the Republic of Korea and the date is July to August 2023, which corresponds to the summer and rainy seasons. The soil on the surface dries quickly due to solar heat, and the water content inside the ground is relatively greater. Accordingly, a lot of data (719 cases, 71.9% of the total) were distributed when the surface water content was less than 2%, and in this case, the inside water content was distributed with a large error range.



The ratio (ws/win) of the surface and the inside water content is shown in Figure 8b. The closer the ws/win is to 1, the closer the surface and inside water content values are same. Overall, the ws/win was within the range of 0.29–58.4, and when targeting a surface water content of 4% or more, it was within the range of 0.56–2.0, except for seven points. In other words, it can be said that the surface water content of 4% or more represents the inside water content. There are 164 data with a surface moisture content of 4% or more, with an average of 1.18 times, standard deviation of 0.322, and coefficient of variation of 27%. This is relatively good compared to the average of 0.346 times, standard deviation of 0.346, and coefficient of variation of 100% of all data (including data below 4%).





3.3. Analysis of Hyperspectral Information


Before data extraction, preprocessing processes to correct hyperspectral information, such as geometric and atmospheric correction, must be performed. The files obtained from the camera are image files and coordinate files containing hyperspectral information. First, geometric correction is performed to combine these two files. When this process is performed, the orthophoto files are rearranged according to latitude and longitude with the WGS-84 coordinate system. When this correction is completed, atmospheric correction is performed to extract accurate data. This is a process of correcting the reflectance to prevent hyperspectral information from being changed by environmental factors such as weather.



3.3.1. Geometric Correction


Geometric correction is intended to correct errors (geometric distortion) that occur in the process of representing the 3D Earth on a 2D plane. This is the task of converting hyperspectral data so it is located in an appropriate actual location, corresponding to pixel coordinates of satellite images and geographical coordinates on the ground. As shown in Figure 9a, the image captured from the drone shooting path is converted to include coordinates, as shown in Figure 9b.




3.3.2. Atmospheric Correction through White and Black References


In order to obtain unique hyperspectral information, the influence of solar altitude and light brightness, including weather conditions, must be removed. To achieve this, the normalization of hyperspectral information through white and black balance must be performed, as shown in Equation (3). Here, Raw is hyperspectral information before correction, RB is the black reference—hyperspectral information obtained by completely covering the camera lens with an opaque cap, RW is the white reference—reflectance of calibration tarp installed within the shooting range, and a is the specific reflectance of calibration tarp installed in the shooting area. At this time, the white reference selects a relatively clear object among the four installed tarps, and the unique reflectance (a) is divided into the RW in order of brightness (white → black) as 84%, 48%, 24%, and 3%. The overall process is shown in Figure 10.


Reflectance = [(Raw − RB)/((RW/a) − RB)] × 100%



(3)








3.3.3. Extraction of Hyperspectral Information


To check whether geometric and atmospheric correction was completed, data comparison was performed according to a round-trip flight within the orthophoto. The data extraction point is the same: the top of number 60.



Figure 11a is an orthophoto when moving from the departure coordinates to the turning coordinates, and Figure 11b is an orthophoto when moving from the turning coordinates to the arrival coordinates. At this time, the input coordinates were the same, but there was a difference in the actual photographed range. This is a coordinate error that occurs during the drone flight process and caused by the push-broom method. This phenomenon can also occur in reverse and is difficult to predict. Therefore, when flying a drone, the measured area must be checked at least twice, and an orthophoto that is clearer or has a larger shooting area should be selected. Figure 11c is the hyperspectral information extracted from the 60th location of each orthophoto before correction, and Figure 11d is the hyperspectral information after correction. The reflectance before correction differed by 400–800 nm, but the reflectance after correction had very similar values. Accordingly, it was confirmed that atmospheric correction was appropriately reflected.





3.4. Comparison of Measured Water Content and Hyperspectral Information


The final database was composed of an Excel sheet, as shown in Figure 12. Column A is the surface water content, column B is the reflectance extracted at a wavelength of 400 nm, and columns C to EU are the reflectance extracted in 4 nm increments at a wavelength of 404–1000 nm.



Simple linear regression was performed to determine whether the predicted equation of water content could be obtained by reflectance with a single wavelength. The reflectance for every single wavelength was set as the independent variable ‘x’, and the actual water content was set as the dependent variable ‘y’. Simple linear regression is a model with a single independent variable and can define the dependency of the variable [37]. The basic model is the same as Equation (4): a and b are coefficients, and the reliability of the final predicted equation of water content was judged to be the coefficient of determination (R2).


y = ax + b



(4)







Figure 13 shows R2 with each wavelength from the results of simple linear regression. The R2 has low values, below 0.5 in most cases, and when using wavelengths of 600–900 nm, the R2 tended to converge to 0. Accordingly, it was confirmed that it was difficult to calculate the predicted equation of water content through simple linear regression using reflectance for each single wavelength.





4. Machine Learning for Predicted Water Contents


4.1. Machine Learning


Machine learning is a type of solver based on computer approaches and is commonly used to solve a variety of difficult problems that cannot be easily solved [38]. Machine learning, a branch of artificial intelligence in computer science, evolved from research on pattern recognition and computer learning theory. Technically, it is about building a system and algorithm that performs learning and prediction based on empirical data and improves its own performance.



At this time, this study applied supervised learning—an algorithm that learns when the correct answer is given. Then, a regression equation was derived to infer a function from the training data. This method is the most popular and accessible method for linear regression data processing, various statistics, and machine learning, and it is applied to a wide range of fields by many researchers. However, the details of each process, such as the algorithm used, database, accuracy, and performance, are often summarized due to copyright and security reasons [39].




4.2. Methods


In Section 3.4, simple linear regression using one independent variable was analyzed. However, it was judged to be impossible to use due to the low R2. Therefore, multivariate linear regression (MLR), which can use many independent variables, was used. MLR is a statistical technique that predicts the outcome of a response variable using various explanatory variables. The goal is to model the linear relationship between the independent variable ‘x’ and the dependent variable ‘y’ to be analyzed [40]. The basic model of MLR is the same as Equation (5).


y = a1x1 + a2x2 + a3x3+ ∙∙∙∙ +an−1xn−1+ anxn+ anxn+ b



(5)







Machine learning for MLR used Colaboratory (Google’s open platform). That is, 10 independent variables were randomly selected from 150 reflectances with each wavelength, and the reflectance and coefficient with the highest R2 were determined in the program. The details are not presented in this paper due to data copyright issues.




4.3. Comparison of Measured and Predicted Water Contents through Machine Learning


The correlation between the measured and predicted water content derived through machine learning is shown in Figure 14. The R2 was 0.888, which was confirmed to be very high compared to the results of simple linear regression.





5. Development and Utilization of the CCM (Color-Coded Map)


5.1. Development Method of the CCM


The equation for water content found from hyperspectral information, developed through machine learning in Section 4, was applied to the orthophoto image shown in Section 3. The content expressed as hyperspectral information in the program was converted to a function ratio, which can be seen in Figure 15a. At this time, color designation can be applied in various ways, and not only the color but also the legend can be freely set. Figure 15b is the CCM, which is the final goal of this study. The water content below 4% is not indicated, and the subsequent moisture content is set in 2% units.




5.2. Utilization Method of the CCM


Figure 16 is a CCM created for the purpose of checking the change in water content over time. Here, the data were obtained from an actual road construction site, not the existing experimental site. When the water content was artificially increased based on the initial state, the CCM changed, and it was confirmed that the water content was drying after one day with the red frames in the center. Additionally, the data can be used to check water content for quality control. After indicating the location, the water content of a specific point can be obtained relatively easily through CCM generation.



Because the developed CCM includes coordinates, it can be used by overlapping with programs that can check existing aerial satellite images, such as Q-GIS 3.34.3 and Google Earth Pro 7.3.3. Figure 17 shows an example of the use of CCM colors for specific purposes in Google Earth. Based on the Google Earth linkage of the basic orthophoto in Figure 17a, the water content can be expressed in units of 2.5% increases in water content, shown in Figure 17b. In addition, it is possible to indicate high and low areas simply based on the optimal water content of the ground, as shown in Figure 17c, and the area of dust scattering generated at the construction site can be displayed, as shown in Figure 17d.



To confirm the accuracy of CCM data, the actual function ratio was measured for 10 spots. The results are shown in Table 3. At this time, the coefficient of determination (R2) was 0.872, which was similar to the coefficient of determination of 0.888 in the prediction equation of water content through MLR. Through this, the reliability of the CCM can be confirmed.





6. Discussion


In this study, an equation of predicted water content was developed through an experiment to obtain actual water content and hyperspectral information. Therefore, hyperspectral information was converted to water content and displayed as a CCM. The CCM was intended to be used for quality control in the area of subgrade compaction during the road construction process. The final discussion points are as follows:



	
In the process of acquiring hyperspectral information using a drone, data must be secured by flying the same route at least twice, as when using the push-broom method, distortion occurs in the shot due to the influence of wind, among other things. Moreover, hyperspectral cameras and drones that receive coordinates may have differences in coordinate reading depending on the surrounding Internet environment. Since the measured hyperspectral information has a constant value regardless of this, there is no problem with the final CCM, but it is recommended to simply select a visually clear image to produce the CCM.



	
The surface and inside water content require a high function ratio range and a precise data acquisition environment. The current measured data have the disadvantage of lacking information on the high water-content section (above 10%) because the research was conducted in the summer (6–8 months). Accordingly, it is necessary to secure data on high water content by artificially creating a high-water content section or by taking pictures immediately after rain. In addition, there were 100 actual water data points acquired during one drone flight, and given that it takes approximately 1 to 1.5 h, there is a possibility that an instantaneous change of water content may occur. In future research, we believe it will be necessary to immediately measure the water content, and the number of measurements should be reduced from the existing 100 times to 10–20 times.



	
There is a need to supplement machine learning with additional and precisely measured water content data. The current development equation is being developed as MLR based on the extraction of 10 independent variables, and information on the number of variables extracted is omitted from this study. In future research, it is necessary to analyze reliability according to the number of independent variables extracted and consider various models such as polynomial regression in addition to MLR. In addition, we have determined that reliability analysis will need to be undertaken from various perspectives, rather than simply R2.



	
This study aims to improve water-content measurement methods for quality control during subgrade compaction performed during road construction. Therefore, the CCM of water content must be delivered to the operator as quickly as possible. At the current level of technology, it is impossible to capture images with a drone and create a CCM at the same time. For CCM production, CCM follow-up processing is performed on a separate PC or laptop after the drone’s flight is completed and it has landed. Including various corrections, the time varies depending on the computer’s specifications and processing capacity according to the shooting area, but it takes about 10 to 15 min to create a CCM based on an extension of 150 m and a width of 40 m. This has the advantages of being able to simultaneously measure a wide range of water contents and a dramatically shorter speed compared to the 24 h oven-drying method, which is the existing water-content measurement method. This technology is expected to increase the level of quality control when actually introduced.



	
Currently, there are no standards and prices for measuring water content at road construction sites, so the priority should be to prove the reliability of the technology and present various business models to expand and distribute the technology. Reliability can be proven by securing an R2 of more than 95% with a machine learning application model, increasing conversion speed, and manual production. At this time, a CCM can be converted and provided in various ways to suit the consumer’s position. In this study, this was presented in the form of changes in water content over time, the division of water content by specific sections, division based on optimal water content, and the notation of dust scattering.







7. Conclusions


This manuscript developed a water-content prediction formula through MLR and visualized it with a CCM to provide benefits to users who used existing water-content measurement methods. However, compared to existing methods that easily measure weight, expensive equipment such as drones and hyperspectral cameras are required, and programs and technicians are needed to handle them. In other words, the theory in the manuscript is specialized and has some limitations and uncertainties, including that the derived water-content values are predicted. The developed model is robust and sensitive to the predicted water content, using about 1000 data, but external environmental conditions such as temperature and humidity are not taken into consideration. Therefore, future research will investigate this and consider using them as dependent variables of MLR, and since the accuracy of MLR improves with the number of data, long-term monitoring (securing data on water content) will be continuously performed. MLR was difficult to access in the past, but it is believed that even non-experts can easily access it if they are familiar with appropriate coding output and usage methods. In order to improve the convenience of CCMs in relation to construction management practices, a visualization method through a mobile app is also being considered, which uses AR (augmented reality) techniques to visualize CCMs in the real environment, in which a camera is implemented.
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Figure 1. Development process of a CCM for water content. 
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Figure 2. Process of data acquisition. 
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Figure 3. Preparation of data acquisition: (a) Determination of area; (b) GNSS survey. 
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Figure 4. Preparation of data extraction: (a) Number marking through spray lacquer; (b) Installation of calibration tarps. 
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Figure 5. Input coordinates: (a) Principal of hyperspectral camera; (b) Total coordinates. 
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Figure 7. Soil sampling for measuring surface and inside water contents. 
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Figure 8. Results with oven-drying method: (a) Relationship between ws and win; (b) Comparison of ws and ws/win. 
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Figure 9. Geometric correction: (a) Before; (b) After. 
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Figure 10. Atmospheric correction: (a) Raw data; (b) Black references; (c) White references; (d) Final data after correction. 
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Figure 11. Verification of atmospheric correction: (a) Orthophoto of flight path from departure to turning point; (b) Orthophoto of flight path from turning to arrival point; (c) Comparison of hyperspectral information on flight path from departure to turning point before correction; (d) Comparison of hyperspectral information with flight paths from turning to arrival point after correction. 
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Figure 12. Database composed of measured water contents and hyperspectral information. 
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Figure 13. Results of simple linear regression at each reflectance point with wavelength. 
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Figure 14. Comparison of measured and predicted water content. 
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Figure 15. Application of equation for water content through hyperspectral information in orthophoto: (a) Confirmation of conversion to water content; (b) CCM. 
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Figure 16. Changes in water content over time and data verification for quality control. 
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Figure 17. Utilization of CCM through Google Earth: (a) Normal orthophoto; (b) Water content separated into 2.5% units; (c) Classification based on optimal water content; (d) Area of dust scattering. 
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Table 1. Specifications of equipment.
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	Specification
	Drone
	Camera
	GNSS Sensor
	Battery





	Model
	Matrice 300 Pro
	Shark microHSI 410
	TW4721
	-



	Weight (kg)
	6.3
	0.7
	0.1
	0.5



	Size (mm)
	810 × 670 × 430
	90 × 70 × 200
	25 diameter
	35 × 70 × 50



	Detailed description
	Continuous flight is possible for at least 30 min, and a maximum load of 9 kg can be carried
	Providing optimized analysis images of the near-infrared (NIR) region of the spectrum
	Providing true response over its entire bandwidth, thereby producing superior multi-path signal rejection
	Camera can be used for 50 h on one full charge










 





Table 2. Settings of drone flight with shooting width.
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	Flight Altitude (m)
	Flight Attitude (m)
	Velocity (m/sec)





	40
	20.39
	3.66



	50
	25.49
	4.57



	60
	30.59
	5.49



	70
	35.69
	6.40



	80
	40.79
	7.32










 





Table 3. Comparison of CCM data and measured water content.
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Water Content

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10






	
CCM (%)

	
4.75

	
3.87

	
9.24

	
8.74

	
6.45

	
5.21

	
4.98

	
2.21

	
1.87

	
2.57




	
Measuring (%)

	
4.45

	
3.94

	
9.39

	
7.54

	
5.42

	
4.18

	
2.84

	
1.95

	
2.21

	
3.58




	
R2

	
0.872
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