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 Land use, land cover, and carbon dioxide emission reduction have been crucial topics among 
scholars considering the prevention of global warming in recent years.  The application of 
satellite remote sensing technology and aerial images using unmanned aerial vehicles (UAV) 
equipped with sensors has become common in large-scale environmental monitoring.  In 
this experimental study, we used satellite images and aerial images to quantitatively analyze 
the effect of soil moisture on the regional thermal environment.  Empirical equations of soil 
linearity, temperature vegetation dryness index (TVDI), and apparent thermal inertia (ATI), 
among other parameters, were compared.  The study area was farmland in Hsinchu, Taiwan.  
Land surface temperature (LST) was measured using a multiplatform infrared sensor, and 
actual soil moisture was measured using a soil moisture meter on-site.  The parameters for 
estimating the moisture of surface soil (i.e., land surface temperature, normalized difference 
vegetation index (NDVI), images of thermal inertia, and empirical equations of soil moisture) 
were obtained using a geographical information system (GIS).  Finally, the soil moisture 
estimations were compared with on-site soil moisture measurements.  Regression analysis was 
employed to compare the correlation between satellite and aerial data to establish a surface-soil 
moisture estimation model in areas of different land covers.  The results indicated that the soil 
moisture estimated using the empirical equation of soil linearity was closest to that in actual 
measurements, followed by the estimations based on the temperature vegetation dryness index 
and apparent thermal inertia.

1. Introduction

 Recently, applications of satellite remote sensing technology and aerial images using 
unmanned aerial vehicles (UAV) have facilitated the development of environment-monitoring 
technologies.  Such technologies enable the efficient collection of large-scale monitoring 
data for different time points.  Changes in land use and land cover are critical driving forces 
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behind variations in the atmosphere, climate, and ecosystems.(1)  Sensors used in remote 
sensing technology acquire surface information by intercepting electromagnetic waves.  These 
electromagnetic waves are surface radiation, artificially launched electromagnetic waves, or 
radiation emitted by the sun.  When incident electromagnetic radiation hits a surface object, 
reflection, scattering, absorption, and transmission occur.  A remote sensing system can detect 
surface reflection spectra from which surface characteristics can be elucidated.  In recent 
studies, spectra covering various wavelengths and obtained from satellite images have been 
employed as monitoring parameters.  Spectral data generated by on-site sampling have been 
compared with data indicators to confirm the accuracy of surface monitoring technologies.(2)  
Researchers have measured and analyzed the electromagnetic spectra reflected or emitted from 
land surfaces and crop canopies.  These spectra can be classified as visible light (400–700 nm), 
near-infrared light (700–1300 nm), mid-infrared light (1300–2500 nm), far-infrared light (8–14 
μm), or microwave (1 mm–1 m) spectra.  Among the associated wavelength bands, visible, 
near- and far-infrared light are most frequently used; however, the applications of microwave 
light are also prominent.(3−5)  Remote sensing technology employs aerial images obtained from 
expensive and complicated satellites, but the technology saves the time and human resources 
that would be required to conduct on-site monitoring.(6,7)  Among the various technologies used 
to monitor changes in land cover, light detection and ranging are effective tools for obtaining 
large-bandwidth spectra and spatial data.(8)  In this study, we compared data obtained from 
satellite images (from satellite Landsat 8) and data (i.e., aerial images, infrared inertial images, 
and multispectral images) obtained from a UAV with on-site measurement data.  Numerous 
parameters were employed to estimate the moisture in surface soil using empirical equations 
for soil moisture.  Generated using a geographical information system (GIS), these parameters 
were the temperature vegetation dryness index (TVDI), normalized difference vegetation 
index (NDVI), land surface temperature (LST), and apparent thermal inertia (ATI).  Finally, 
the estimated soil moisture was compared with the actual soil moisture measured on-site.  The 
data obtained using the two technologies were assessed by regression analysis.  In this study, we  
adopted various vehicles, including satellite images and various thermal imaging sensors with 
different resolutions carried by a UAV, to estimate soil moisture.  The results were compared 
with those of on-site measurements and empirical equations, the TVDI, and ATI to evaluate 
their applicability.

2. Materials and Methods

 Three remote sensing methods can be used to estimate soil moisture: direct measurement, 
indirect measurement (through topographic wetness indices),(9) and surrogate measures 
(through the characteristics of vegetation reflectance).(10)  According to the results of previous 
studies, optimal surface-soil moisture estimations can be obtained by direct measurement.  
Direct measurement can be conducted using passive microwaves,(11) active microwaves,(12) 
thermal infrared (TIR),(13) and visible short-wave infrared.(14)  In the present study, we used 
multiplatform infrared images to estimate the moisture in surface soil.  Data obtained through 
direct measurement were compared with those measured using a soil moisture meter.  The 
results and characteristics of the direct measurement were comprehensively determined.  The 
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experiment was conducted on farmland in Hsinchu County, Taiwan.  Satellite and aerial images 
(taken by a UAV) were collected.  A GIS was used to calculate and analyze image data.  The 
empirical equation of soil moisture was imported into the GIS to establish a mathematical 
relationship.  The results of regression analysis were compared to develop and verify the 
relationships among the data from satellite images, UAV-obtained thermal inertial images, and 
soil moisture measurements.  

2.1 Thermal inertia

 Soil thermal inertia is an intrinsic factor that reflects temperature changes in surface soil 
and is closely related to soil moisture.  In this study, we used the diurnal temperature range of 
LST to estimate the moisture in surface soil.  Additionally, a thermal imaging camera on a UAV 
was employed to capture TIR images over a range of temperatures during the experiment to 
determine the thermal inertia.  For a given soil medium, the larger the medium’s thermal inertia, 
the more slowly its temperature can change.  In this study, thermal inertia was calculated on the 
basis of the expression of ATI.(15) 

2.2 Soil moisture indices

 Conventional soil moisture monitoring methods are not only time-consuming and labor 
intensive but also involve few measurement points and exhibit poor representativeness.  
Therefore, these conventional methods cannot meet the requirements for wide-ranging and 
dynamic monitoring in the field.  Remote sensing measurement technologies can satisfy 
these needs.  Compared with conventional monitoring technologies, remote sensing provides 
timely and consistent large-scale monitoring data.  The monitoring results are objective, and 
the technical costs are low.  Remote sensing has thus received considerable attention.  The 
temperature difference between daytime and nighttime can be obtained by calculating soil 
moisture based on the TIR band.  According to the principle of thermal inertia, a smaller 
temperature difference indicates higher soil moisture.  However, the exact relationship varies 
according to the soil composition and texture.  The reflectance of each wavelength band has a 
different effect on the soil; therefore, the indices of the detected band are differently related to 
soil moisture.  The indices related to soil moisture are as follows.
1. The TVDI is an index describing the soil moisture in areas covered by vegetation and is 

based on optical and TIR data.(16) 
2. The NDVI(17) is defined as the difference between near-infrared reflectance and red 

reflectance divided by the sum of near-infrared reflectance and red reflectance.(18) 
3. LST is the temperature of the heat released after the land surface has absorbed the heat from 

the sun.(19) 

2.3 Experimental procedure

 First, images obtained using the Landsat 8 satellite were employed;(20) these images were 
provided by the United States Geological Survey (USGS).  After radiation correction and 
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ground temperature calculation, empirical equations for soil moisture and TVDI were used 
to estimate the soil moisture in the study area.  The results were verified against actual soil 
moisture measurements.  Second, a UAV carrying a thermal imaging camera was employed 
to take aerial images of the study area in the daytime and nighttime.  Simultaneously, on-site 
soil moisture was measured.  Thermal inertia was calculated using image data obtained with 
the UAV; the soil moisture could then be estimated from the thermal inertia values derived 
from the surface temperature during the daytime and nighttime.  The empirical equation of soil 
moisture and the TVDI were also used on the images from the UAV.  The soil moisture in the 
study area was estimated, and the estimated results were compared with the actual soil moisture 
measurements.  The following briefly describes the experimental procedure.
1. Objective: To obtain information—including on-site soil moisture, thermal inertia, and 

satellite images data—for farmland in Hsinchu County in Taiwan.
2. Experimental method: A portable soil moisture meter (HOBO-U30) and thermal imaging 

camera (on a UAV) were used; satellite images of the study area were downloaded from the 
USGS website.

3. Measurements in the study area: Four sensors were connected to the soil moisture meter 
and inserted into the soil to measure soil moisture over a period of several minutes.  A GPS 
device recorded the measurement locations, and a UAV took thermal images of the study 
area.

4. Analysis of experimental data: Data from the satellite- and UAV-obtained images were 
inserted into the empirical equations for soil moisture, TVDI, and thermal inertia.  
Subsequently, regression analysis was performed, and the results were compared with the 
actual soil moisture data.

5. Analysis of experimental results: The differences between the indices calculated from the 
different data types and the regression curves were analyzed.

3. Results

 The study area, covering approximately 40 hectares, was the farmland area along the 
Touqian River in Hsinchu County.  The experiment was conducted in September 2017.  At the 
time of the experiment, the majority of the farmland lay fallow, and the open land was suitable 
for sampling and measuring soil moisture.

3.1 Satellite image analysis

 The reference equations and values were imported into the raster calculator of ArcGIS.  The 
aforementioned equations were inserted into the function table, and the calculated cartographic 
data were subsequently imported into the calculator.  The satellite images were corrected 
and combined in accordance with the requirements of the estimation methods employed.  
The calculated and combined images of LST and NDVI maps are presented in Figs. 1 and 2, 
respectively.  
 The following equations were employed to calculate the radiometric calibration temperature 
of the satellite sensor (BT),
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Fig. 1. LST map of satellite image. Fig. 2. NDVI map of satellite image.
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 Soil linearity indicates the degree of correlation between the reflectances of red light 
and near-infrared light.  A change in humidity exhibits a strong effect on these two bands.  
Therefore, the reflectances of the wettest and driest soils in the study area were analyzed, as 
presented in Fig. 3.
 The TVDI from satellite images was used to estimate the moisture of surface soil.  
Specifically, the satellite image data were input into Eqs. (1) and (2) to derive LST.  
Subsequently, LST was substituted into Eq. (6) to obtain the TVDI.  The data obtained from 
the TVDI calculations were values for dry conditions, which negatively correlated with the soil 
moisture.  The TVDI estimated from the satellite images is plotted in Fig. 4.

3.2 UAV-obtained image analysis

 The soil linearities of the wettest and driest surface soil reflectances of red light and 
near-infrared light were obtained from the aerial images.  The two wavebands substantially 
correlated, as denoted in Fig. 5.

Fig. 3. Soil linearity.

Fig. 4. Soil moisture in surface soil, estimated from satellite images.

Fig. 5. Soil linearity (estimated from aerial images).



Sensors and Materials, Vol. 31, No. 2 (2019) 393

 Referring to the measured soil moisture, the wet and dry soil reflectances of red and near-
infrared light were determined.  Reflectance was used to obtain the equation of soil linearity.  
Subsequently, a straight line passing through the wet soil data and perpendicular to the soil line 
was obtained.  The soil moisture estimated from the soil linearity is plotted in Fig. 6.
 The thermal images taken by the UAV comprised images from the times of the lowest (dawn) 
and highest (noon) temperatures in one day.  These thermal images were incorporated into one 
image representing the average temperature of the day by using ArcGIS, and the TVDI of the 
image was then calculated.  The cell statistics function of ArcGIS was employed to average the 
daytime and nighttime images.  After an average image was obtained, the effect of the TVDI on 
the moisture in surface soil was calculated.  The TVDIs corresponding to measurement points 
are presented in Fig. 7.

4. Discussion

 Regression analysis was conducted on soil moisture data obtained from Landsat 8 
satellite images, multispectral images captured by a UAV, and actual field measurement data.  
Regression analysis is often used in data interpretation and prediction.  For data interpretation, 
sample data can be employed to calculate regression equations, and these equations describe 
the effect of each independent variable on the dependent variable.  This method of analysis was 
applied to statistically interpret the moisture in surface soil.  Figure 8 denotes the soil moisture 
values measured using the soil moisture meter.  The obtained data were compared with those 
estimated using numerous images and equations.

Fig. 6. Soil moisture estimated from UAV thermal images using the soil linearity method.

Fig. 7. TVDIs estimated from the aerial images.
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4.1 Equation of soil linearity

 Here, the soil moisture calculated from satellite images, aerial images, and actual soil 
moisture data is discussed.  Regression analysis was performed to identify the variation in each 
curve.  Figures 9–12 display the results of the moisture in surface soil and the differences in 
soil moisture between the satellite and aerial images.  The R2 of the satellite image plot was 0.3, 
whereas that of the aerial image plot was 0.016.

4.2 TVDI

 In this section, we discuss the TVDI of soil moisture obtained from the satellite images, 
aerial images, and on-site measurement data.  Figures 13 and 14 show these TVDIs.  The R2 of 
the satellite image plot was 0.71, whereas that of the aerial image plot was 0.42.

Fig. 8. Soil moisture measured on-site.

Fig. 9. Soil moisture estimated from satellite image and measured on-site.

Fig. 10. (Color online) Difference between soil moisture estimated from satellite image and measured on-site.
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Fig. 11. Soil moisture estimated from aerial image and measured on-site.

Fig. 12. (Color online) Difference between soil moisture estimated from aerial image and measured on-site.

Fig. 13. TVDI of soil moisture estimated from satellite image and measured on-site.

Fig. 14. TVDI of soil moisture estimated from aerial image and measured on-site.
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4.3 Thermal inertia

 Thermal inertia data were derived from the UAV TIR images (the lowest temperature was 
obtained at 4:00–5:00 AM, and the highest temperature at 1:00–2:00 PM in one day).  The 
satellite flies over Taiwan once per day.  In this study, regression analysis of the thermal inertia 
data was conducted, and variations in regression curves were examined.  The results of the 
regression analysis were used to calculate soil moisture, and the results are presented in Figs. 15 
and 16.

5. Conclusion

 In this study, we estimated the moisture in surface soil using satellite images and aerial 
images captured with a thermal imaging camera and multispectral camera placed on a 
UAV.  The soil moisture was estimated from the two types of images and compared with that 
measured using a soil moisture meter in the study area.  Measurement sites were positioned 
using a GPS.  The results of the regression analysis revealed that the soil moisture calculated 
from the TVDI was more favorable than that calculated from the thermal inertia and empirical 
equations.  The experimental results indicated that the soil moisture estimated using the model 
of the TVDI was closest to the actual soil moisture measured on-site; the value estimated from 

Fig. 15. Soil moisture saturation index (SMSI) and soil moisture measured on-site.

Fig. 16. (Color online) Differences between SMSI and soil moisture measured on-site.
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the empirical equation of soil linearity and soil moisture was the second-most-accurate result.  
The study area primarily comprised paddies or dry fields, and the soil moisture estimated 
from satellite images was subject to errors owing to plant shade.  The relationship between the 
TVDI and soil moisture was estimated on the basis of the NDVI and LST, where the NDVI 
was an indicator of vegetation change.  Therefore, the effect of plant shade was considerably 
reduced in these calculations.  The LST greatly differs among areas according to factors such 
as those of vegetation, water, and wet soil.  Dense vegetation, water, and wet soil are found 
in relatively humid regions.  Accordingly, in the study area, temperatures were relatively low.  
The surface soil in the study area was rough, and the images captured from the UAV had high 
resolution.  Therefore, the scattering of light by soil during the reading and receiving of signals 
affected the accuracy of the calculation.  The satellite images exhibited large pixels; therefore, 
calculations made using satellite data involved fewer errors due to the poorer image quality.  In 
future studies, researchers should collect and compare additional on-site soil moisture data from 
different time points and a large-scale study area by using satellite and aerial images to increase 
the accuracy of soil moisture estimation.
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