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Abstract: Remotely-sensed data are a source of rich information and are valuable for precision
agricultural tasks such as soil quality, plant disease analysis, crop stress assessment, and allowing for
better management. It is necessary to validate the accuracy of land surface temperature (LST) that is
acquired from an unmanned aerial vehicle (UAV) and satellite-based remote sensing and verify these
data by a comparison with in situ LST. Comprehensive studies at the field scale are still needed to
understand the suitability of UAV imagery and resolution, for which ground measurement is used as
a reference. In this study, we examined the accuracy of surface temperature data that were obtained
from a thermal infrared (TIR) sensor placed on a UAV. Accordingly, we evaluated the LST from the
Landsat 8 satellite for the same specific periods. We used contact thermometers to measure LSTs in
situ for comparison and evaluation. Between 18 August and 2 September 2020, UAV imagery and
in situ measurements were carried out. The effectiveness of high-resolution UAVs imagery and of
Landsat 8 imagery was evaluated by considering a regression and correlation coefficient analysis.
The data from the satellite photography was compared to the UAV imagery using statistical metrics
after it had been pre-processed. Ground control points (GCPs) were collected to create a rigorous
geo-referenced dataset of UAV imagery that could be compared to the geo-referenced satellite and
aerial imagery. The UAV TIR LST showed higher accuracy (R? 0.89, 0.90, root-mean-square error
(RMSE) 1.07, 0.70 °C) than the Landsat LST accuracy (R%0.70, 0.73, (RMSE) 0.78 °C). The relationship
between LST and the available soil water content (SWC) was also observed. The results suggested
that the UAV-SMC correlation was negative (—0.85) for the image of DOY 230, while this value
remains approximately constant (—0.86) for the DOY 245. Our results showed that satellite imagery
that was coherent and correlated with UAV images could be useful to assess the general conditions of
the field while the UAV favors localized circumscribed areas that the lowest resolution of satellites
missed. Accordingly, our results could help with urban area and environmental planning decisions
that take into account the thermal environment.
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1. Introduction

Land surface temperature (LST) is directly linked with many areas, i.e., land use and
land cover (LULC), climate change, hydrological, geophysical, and urban management [1].
The surface temperature is the important land atmosphere variable which is inter-connected
to the land surface hydrology, climatology, and ecology [2]. The LST can enhance the ca-
pacity for extracting data about soil moisture condition. Moreover, surface temperature
variations play a vital role in assessing environment conditions and atmospheric processes.
LST is the main factor of the exchange between turbulent heat flux and long-wave infrared
(LWIR) radiation (8-15 m) at the Earth’s surface and atmospheric interface. Therefore, LST
is a crucial parameter for the physical description of surface energy and water balance
processes [3]. This important component has been demonstrated in numerous thermal
infrared-based investigations and applications, such as vegetation monitoring [4], agricul-
ture [5], hydrological modelling [6,7], monitoring of land use changes in wetlands, and
evapotranspiration [8]. In agricultural applications, precision farming has become more
dependent on TIR remote sensing technology to identify water-stressed crops, irrigation
management, and plant diseases [9]. Calculating LST from remote sensing techniques is
needed since it is an vital part affecting most chemical, biological, and physical processes
of the Earth [10]. The remote sensing application for surface temperature assessment
suggested that effective and precise measurement approaches allow for more effective and
efficient results. Moreover, many researchers have developed different models for LST
estimations [11-15]. The remote sensing technique is widely used for remotely-sensed
data for identifying land surface conditions. The most commonly used indices are normal-
ized difference vegetation index (NDVI), LST, soil-adjusted vegetation index (SAVI), and
modified SAVI. Furthermore, such indices have been widely used to estimate the LULC,
changes in vegetation, surface soil moisture (SM), and evapotranspiration. The accurate
measurement of such variables (i.e., LST and SM) is a difficult and challenging task due to
traditional field calculation methods [2,16].

The most vital application of the land surface temperature is to provide information
for soil and water conservation, precision agriculture, irrigation, and decision support
systems, especially in water-stressed regions [17]. The spatially distributed LST and land
moisture is mostly estimated by interpolation or extrapolation of the data or environmental
modeling by using its factor i.e., climate, soil, vegetation, land use, and temperature [18].
The thermal infrared (TIR) high resolution satellite data are widely used to monitor the LST
and analyze the spatial temporal changes over large areas [6-9]. Using UAV with a TIR
camera, it is now possible to capture LST images with centimeter-scale spatial resolutions.
Using this technology, precise thermal environment analysis for small regions has been
attempted [19]. The UAV working on the remote sensing technology at a low altitude
has an advantage of high efficiency, high flexibility, and high-resolution data. Moreover,
UAVs can fly at a low height, i.e., under clouds, so UAVs have been widely adopted in the
advanced research [20].

Numerous researchers [21] have developed an estimated models called fractional
vegetation cover (FVC) in the Canny edge by collecting large data with a small UAV
and the results showed (R? = 0.88) high accuracy. UAVs can precisely recognize the LST
features of land cover because of the high-resolution images. UAV image data can be
collected without location and time restrictions whereas satellites acquiring the LST images
at high altitude face problems such as bad weather conditions while attempting to get
the image data. In addition, UAVs have the ability to collect accurate and precise LST in
comparison to satellite data because it can fly at a very low altitudes of around 100 m and
also diminish the effect of weather conditions [19]. On the Lirung Glacier in the middle
Himalayas, different researchers compared UAV TIR photos and Landsat 8 TIR images
for LST [8,22]. They produced spatial maps by combining the LST, albedo, and superficial
thermal inertia to enhance the characteristics of LULC in metropolitan areas and obtain
microclimatic data [23]. Different researchers analyzed the LST and soil moisture (SM)
content using TIR cameras that were mounted on the unmanned aerial systems [24-26],
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and confirmed the accuracy of the LST after collecting data from the UAV TIR cameras
through on-site measurements.

In this study, an attempt was made to identify LST using the thermal features of
the land surface from UAVs and Landsat 8 satellite in an area of tea plantation fields
that were located in Danyang City, Jiangsu Province, China. In addition, we compared
the characteristics of UAV TIR LST data for precise thermal environmental analysis with
satellite data (Landsat 8 LST). The objectives of this study include the examination of the
accuracy of the LST that was acquired from the satellite data Landsat 8 and UAV TIR
cameras and then compare both the simulations with the ground truthing in situ LST data.

2. Materials and Methods
2.1. Study Site

This research was carried out in a tea farm on cultivated land at Danyang (32°1'00"” N,
119°4’00" E) in the 5-acre tea field about 60 km from Zhenjiang City, Jiangsu Province,
China, with an elevation of 18.5 m above the sea level (Figure 1). A detailed discussion
about the study site has been discussed in our previous research [9]. This site was chosen
because (a) it offers diversity in terms of tree species composition, (b) it has easy access,
(c) it is large enough to be imaged by several Landsat pixels, and, most importantly, (d) it
allowed repeated UAV flights to be undertaken with minimal risk, as safety is paramount
in UAV operations. Ground and UAV data were collected during the experiment duration.
The texture of the field soil was silty-loam. Most of the instruments were deployed in the
center of the study field on a flux tower to ensure the prevailing wind direction created
the most significant footprint. The experiment was conducted on 18 August (230 DOY)
and 2 September (DOY 245) 2020. The experimental land’s soil surface was shaded by
the geotextile mulch and the tea canopies themselves. Similar tea fields neighbored the
functional area with some trees on the southern and westerly field boundaries. Evaporation
losses were assumed to be negligible. A meteorological station was set up on a 12 m tall
tower (made of aluminum) that was placed in the study site with a maximum available
fetch of 175 m in the dominant wind direction. This tower was for supporting all the
necessary instrumentation that were used during the experiment. The soil temperature was
measured using a sensor (TCAV-L, Campbell Scientific, Logan, UT, USA). Other parame-
ters, including relative humidity and the air temperature, were measured using a sensor
(HC2S3-L, Campbell Scientific., Logan, UT, USA). All the instrumentations that were used
in the present study are presented with manufacturers and installation height (Table 1).

2.2. UAV Data Acquisition

The collection, processing, calibration, and validation of the UAV data series in this
study are described in detail in our previous literature [9]. The UAV TIR images were cap-
tured on DOY 230 and 245, when the shadow influence was negligible due to the maximum
solar altitude. A total of 14 random GCPs were measured across the experimental field and
the coordinates were measured with a total accuracy of 0.1 m using GNSS (Global Naviga-
tion Satellite System). The flights were planned for sunny days with good visibility and a
moderate wind level. The flight was at the height of 60 m. The image-image overlapping
ratio was set to 85%. The Pix4D Mapper program was used to create orthoimages from the
collected images with a spatial resolution of 0.2 cm. The image collection missions were
produced using the DJI A3 flight controller on the Mission Planner with DJI Ground Sta-
tions Pro software (SZ DJI Technology Co. Ltd., Zhenjiang, China), as shown in (Figure 2).
Table 2 shows the precise specifications of the instruments that were utilized to capture the
photos. The LST was measured in the Pix4D mapper program using he following equation:
the long-wave radiance was obtained from FLIR software.

UAV LST °C = Longwave radiance x 0.04 — 273.15 )
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Figure 1. Study Area.
Table 1. Instruments that were used during the experiment.
. . . Equipment, Type,
Sensors Items Notation Units Height (m)
and Manufactures
Soil water content 0 3.m—3 0.04 CS655, Campbell Scientific Inc.,
(SWC) v (Depth) Logan, UT, USA.
Soil temperature T . °oC 0.02and 0.06 TCAV-L, Campbell Scientific,
(ST) soil (Depth) Logan, UT, USA.
Fine-wire thermocouple,
Air temperature Ta °C 1.8 COCO-002, Omega, Eng.,
Sittingbourne, Kent UK.
. . TE525MM, Campbell Scientific
Liquid precipitation - m-m 2.1 Tnc., Logan, UT, USA.
. . 1 CSATS3, Sonic anemometer,
Wind velocity, w,0,w m-s S
Sonic temperature T oC 2.3 Campbell Scientific,
Logan, UT, USA.
. 1 o HC2S3-L, Campbell Scientific,
Relative humidity RH %o 2.1 Logan, UT, USA.

Net radiation Rn W-m—2 2.3 CNR4-LKIPP and Zenon.
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Figure 2. UAV flight plan over the experimental field.

Table 2. The detailed specification of UAV and sensor used for the experiment.

Item Detailed Specification

Exposure mode: Auto, Manual
Weight: 2.7 kg
Flight time: 55 min
Scale range: —400 to 1500 °C

Frame rate: 30 Hz
Pixel pitch: 12 um

ISO Range: Video: 100-25,600

Take-off weight: 9 kg

DJI (M300 RTK)

Digital Zoom: 1x,2x,4x,8x
Thermal sensitivity: <50 mk @ f 0.1
Spectral band: 8-14 um
Exposure Compensation: £3.0 (1/3 increment)
Lens: FOV:40.6.0
Resolution: 640 x 512 pixels
Photo format: R-JPEG (16 bit)

Zenmuse XT 2 FLIR

2.3. Satellite and Aerial Remote Sensing Data

The TIR sensor on the Landsat 8 satellite can estimate LST with an image resolution
of 100 m and a chronological revisit of 16 days in two frequency TIR bands (10 (10 m)
and 11 (12 m). The data for the sample area were collected from the United States Geo-
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logical Survey website (https://earthexplorerrer.usgs.gov) on 18 August (230 DOY) and
2 September (DOY 245) 2020, and was sourced from the Landsat 8 Operational Land Im-
ager (OLI)/Thermal Infrared Sensor (TIRS) sensors. The photos were taken with clear-sky
scenes of the experimental area and processed according to [27] on the same days of UAV
flight as DOY 230 and DOY 245 2020. Table 3 shows the Landsat 8 sensor satellite’s detailed
specifications. The Landsat sensor passes over Danyang City between 02:31 and 02:40 GMT,
which is 10:31 to 10:40 am local time. ERDAS Imagine 9.1 and ArcGIS 9.3 were used to do
the image processing. The statistical analysis was calculated using MS-Excel and Origin
applications. The Landsat images must be pre-processed to perform a geometric correction
for the Landsat level 1 product since they are recorded and ortho-rectified systematically.
As a result, the primary correction that is needed is radiometric. The radiometric correction
corrects errors that impact the pixel brightness values. These errors are mainly caused by
sensor device recognition and ambient attenuation errors. Since the initial image sizes are
more significant than the sample area, they are edited using a shapefile of the experimen-
tal field after pre-processing. The thermal bands of the Landsat data sets were used to
extract LST.

Table 3. The detailed specification of the Landsat 8 satellite and sensor.

Item Detailed Specification

Weight: 2071 kg
Temporal revisit: 16 days
Band 10: TIRS 1 (10.6-11.19 um) 100 m
Band 11: TIRS 2 (11.5-12.51 um) 100 m
Length: 3 m
Diameter: 2.4 m
Equatorial crossing time: 10:00 a.m. +/—15 min

TIRS

Output format: Geo TIFF
Pixel value: 16-bit pixel
Accuracy: 41 m circular error, 90% confidence
Orbit angle: Inclined 98.2°
Spatial resolution: 100 m
Accuracy: spatial resolution +/—1 percent

Spacecraft
Bus

Landsat 8 sensor

2.4. Retrieving LST Algorithm from Landsat Data

The data collection for the LST from Landsat 8 TIRS, both bands 10 and 11 consists
of the reversal of radiative transfer equation (RTE), which is used to correct for the top of
atmosphere (TOA). The RTE for a single TIR band is expressed as;

Ltoa; = [€Bi(LST) — (1 — &)L hem,i] T + Ltatm,i )

where, L1oa; is the TOA radiance that is measured by the TIR sensor, €i was used to
represent the surface emissivity; 3; is the blackbody emitting the surface temperature,
and L nem i, Ti, and Lyam ; are the atmospheric features, atmospheric transmissivity, and
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up-welling radiance, respectively. In the RTE, the subscript i denotes the active channel
quantity of all the parameters in bands 10 and 11. The Ltpa ; was used to determine the
digital number (DN) with the conversion to text it from band 10 and 11 of the TIR bands
at radiance [28]:

Lroa; = 0.0003342 % DN + 0.1 €)
LST = kk2
1
i [BiG-'ST) * 1} @)

For band 10, ki and k; are 774.89 Wm 2 sr—! um~! and 1321.08 K. The value for ky,
and k; for band 11 are 480.89 Wm 2 sr~! um~! and 1201.14 K respectively.

2.5. Single-Channel Algorithm

The single-channel algorithm (SCA) reprocesses the LST with the smallest critical
input information using the proof for each TIR tube. However, only two SCAs were tested
and validated in the Landsat 8 TIRS band 10.

1
LST =vy ?10(11’1LT0A,10 +Uy) + 3| + 6 5)

Here, €19 is the emissivity of the surface, and Ltoa 10 demonstrate TOA radiance,
respectively. In addition, y and & are two constraints in Landsat8-TIRS band 10 and
calculated by following equations as mentioned below:

TS
Y=o — (6)
b:Ltoa,10
T2
5 =Ty — 12 @)
br

Here, Ty denotes the sensor illumination temperature of band 10, and the value
of by is equal to 121.47. The SCA that is projected by [29] approaches the atmospheric
occupation ¥j with j =1, 2, and 3. The second order polynomial fit is written as follows in
matrix notation:

—0.38333 —1.50294 0.20324 W
0.00918 1.36072  —0.27514 1

P 0.04019  0.02916 1.01523 w2

3

Here, the second SCA that was endorsed in the research was predictable by Wang et al. [30].
This approach implements the LST equation.

[a10(1 — Cq9 — Dyg) + (b1o(1 — Ci9 — D1g) + Ci9 + D1g) T19 — DigTa]

LST =
Cio

©)

The real mean atmospheric temperature is T,, and the regression coefficients are
dependent on ajg and by inside the T1o range. For the Landsat 8-TIRS band 10, these were
utilized to determine the Planck radiance imitatively. Table 4 displays the values of these
coefficients in the Ty ranges.

Table 4. The Landsat 8 TIRS band 10 coefficients al0 and b10 [30].

Temperature Range (°C) ao b1o R?
50-70 —70.1775 0.4581 0.9997
30-50 —62.7182 0.4339 0.9996

—20-30 —55.4276 0.4086 0.9996
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The outside parameters for the algorithm are C10 and D10, which are determined
using the following equations:
Ci0 = 1010 (10)

D10 = (1 —110)[1 + (1 — €10)T10] (11)

The atmospheric transmissivity that is filtered for the Landsat 8 TIRS band 10 is
represented by the tyg.

2.6. Comparison of UAV TIR LST with Satellite LST

The UAV TIR LSTs for the measurement points were correlated to the Landsat 8 LST to
ensure accuracy. At the measurement points, the UAV TIR LSTs were calculated and their
difference from the observed values was studied. The methodologies that were employed
were the root-mean-square error, linear regression analysis, and scatter plot analysis. The
daily average UAV TIR LST was determined and the RMSE of the measured values was
examined. The assessment process is detailed in the flow chart below (Figure 3).

Evaluation Procedure

;

Data Collection

¥ v ¥
Landsat 8 UAV Ground Data
v | v
v

Data Processing

| i ]

UAV Image Satellite Data Ground Data
Processing Preparation Preparation
v v

v

Data Evaluation

v E

UAV LST-

LandSat8 LST-
Ground Temp

}

UAV LST -
SWC

LandSat8 LST-
SWC

}

Ground LST-
SWC

Ground Temp

L

|
i .

Statistical Analysis

Figure 3. Flow chart of the evaluation procedure.

3. Numerical Analysis

A statistical analysis approach was used to compare the UAV TIR LST with the
Landsat 8 TIR LST and in situ observations. When compared to ground stations, these
models explain inaccuracies in the UAV data. Comparisons were made using the same
linear regression equation; root-mean-square error (RMSE), mean absolute error (MAE),
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relative bias (RB), coefficient of correlation (CC), and the coefficient of determination (R?).
As shown in the equations below (Table 5), these indicators have been determined.

Table 5. Statistical measures.

Statistical Model Name Equation Applications
Root-mean-squared error (RMSE) 1 i Xi — il The express error between
i UAV and satellite data
Mean absolute error (MAE) 1 i IXi — i

n.
i-1

1 L
Relative Bias (RB) n i1 (Xi—Yi) Describe the extent of

TTynh vy x 100 agreement between
i-1 .
satellite and gauges

LI 06 - X (YY)
0xOy

Coefficient of determination (R?) 1 — SSregression
SSTotal

Coefficient of correlation (CC)

4. Results and Discussion
4.1. Soil Background Removal Validation

The purpose of removing the soil background is to reduce the reflectivity of the soil
background and obtain accurate canopy temperature data [31]. The Canny edge detection
algorithm removed the soil background of the infrared thermal images of the farmland
study area. The edge detection result of the denoised infrared thermal image using the
Canny edge detection algorithm is shown in Figure 4. It can be seen that the Canny edge
detection algorithm can accurately identify the boundary pixels between the crop canopy
and soil background.

Bl *,—F_'F-l - —

.‘-*

—— T e T T W e

e e . S . i W " T gy ¥ =t
s ey s, B ¢ TN Lo T P .

(@)

Figure 4. The UAV of study area, (a) raw thermal image, (b) raw image after twice filtering.
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4.2. Histogram Analysis of Removal of Soil Background Temperature

To further illustrate the effect of the Canny algorithm on removing soil background,
Figure 5 shows the temperature histogram of the raw infrared thermal images and the
infrared thermal images by the Canny edge algorithm, respectively. The soil pixel and
crop canopy pixel represent two different material types. Different material types have a
different radiance to temperature so the extracted temperature values are also different.
It can be seen from Figure 5a, that the temperature histogram of the raw infrared thermal
image is a bimodal shape, the pixel temperature values that are occupied by the first peak
are lower, and the material type is crop canopy. The pixel temperature values that are
occupied by the second peak are higher, so the material type that is represented is soil
background. The Canny method in this paper was used to eliminate the second peak. The
single peak shape of the temperature histogram can determine that the soil background
has been eliminated. It can be seen from Figure 5b that the temperature histogram after
removing the soil background by Canny presents an obvious single peak shape. The
histogram roughly obeys the normal distribution law, and its contour is smooth.

Freguency

35 40 43 30
TE.’H[:-EL‘H Lure IE.‘H[:'EL‘L’I rure
(a) (b)

Figure 5. Histogram of the infrared thermal image temperature, (a) Temperature histogram of the
raw infrared thermal image and, (b) Temperature histogram after removing the soil background.

4.3. Histogram Analysis of Remouval of Soil Background Temperature

The accuracy of the raw infrared thermal images and the infrared thermal imaging by
Canny to predict the canopy temperature is shown in Figure 6a,b. By linearly fitting the
canopy temperature data that were extracted from the images with the real ground canopy
temperature data, it was found that the fitting degree between the canopy temperature
data that were extracted by the Canny method and the real ground canopy temperature
data (R? = 0.9355) was significantly higher than that of the raw images (R? = 0.7673).
By applying the Canny method, the extraction accuracy of target canopy temperature data
can be improved. In this respect, our research has the same result as the literature [32].
Therefore, infrared thermal imaging that eliminates the soil background can extract the
target canopy temperature data.
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Figure 6. Comparison of the prediction accuracy of canopy temperature values with, (a) linear fitting
results of the canopy temperature value from raw infrared thermal images and, (b) linear fitting
results of the canopy temperature value from the infrared thermal images by Canny.

4.4. UAV-Ground LST Validation

The validation study that is proposed here shows the comparison of LST that was
estimated by the UAV and ground truth measurement. These algorithms have in situ values
that were measured from a nearby weather station where the UAV was flown and capturing
images. For this study, the UAV-mounted thermal infrared (TIR) sensor was operational
for the two days when the satellite reading was available. After 40 min of flight, the TIR
images were captured and later on were processed as discussed in Section 2.2. A relatively
higher temperature was observed on DOY 230 of 2020 than the images of DOY 245. The
maximum difference of approximately 3 °C was found on both days, and variation in this
temperature was due to the weather conditions and higher soil moisture due to rainfall.
As fields had the same type of crop at the time of fight, no land cover effect was taken.
The entire weather station setup was situated inside the field to measure the metrological
parameters, including air temperature, humidity, and solar radiation, etc., as mentioned

in Table 6.

Table 6. Mean values of the weather parameters that were registered on the sampling days.

Experiment (230 DOY) Experiment (245 DOY)
o o VPD Wind Speed o o VPD Wind Speed
Tir CC)  RH(%) oo iy Tar CO - RHEO  epy) /sy
16.8 64 0.78 0.5 245 67 1.04 0.4
26.6 57 1.59 1.7 29.5 61 2.45 0.9
36.5 52 3.90 19 344 57 3.85 15
36.5 50 2.98 18 35.9 53 2.90 1.8
372 46 2.10 1.8 34.6 48 2.45 1.7

The soil temperature from the ground was observed at 14 points of the field for making
a comparison with the TCAV-L temperature. The maximum soil temperature on DOY 230
was 27.4 °C, while a minimum of 23.8 °C was found. On the other hand, the maximum
soil temperature on DOY 245 was 30.54 °C, while the minimum was 27.0 °C. UAV sensors
also detected the land surface temperature with high resolution and were later combined
to make a whole field mosaic. Each day provides a diverse range of temperatures with a
maximum of 32.2 °C on DOY 245. A regression and correlation were compared between
the ground- and the UAV-captured images on DOY 230 (Figure 7a). The results that were
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obtained from this study highlighted the promising results of the UAV-TIR images with in
situ measurements. On 18 August, regression analysis between the UAV and the ground
data provided the substantial value of R? (0.89), indicating best fitting with the actual data.
The correlation coefficient was also 0.94, describing the greater extent of agreement between
the ground and the UAV measurements.

Many previous studies have proven the same results [33-35]. The root-mean-square
(RMSE) and the mean absolute error (MAE) were calculated to estimate the degree of error
between the readings. In RMSE, values reached 1.07 °C, while for MAE, it captured a
value of 0.82 °C, describing the fluctuation of error that was much lower (<1). Similarly,
the data have been passed through a bias calculation to get an idea about under and
overestimating temperature. The results suggested the BIAS for UAV was —0.49, and
the negative sign indicated the underestimation of data by the UAV; however, this value
was much less and did not affect the UAV observation performance (Table 7). Similar
performance measures were applied to the second day of observation DOY 245, which gave
approximately the same results. Regression analysis and correlation coefficient provided
higher values, 0.90 and 0.95, respectively, indicating a greater extent of the agreement, as
shown in Figure 7b. Also, parameters of error (RMSE and MAE) showed a minor error
in measurements of 0.70 °C and 0.57 °C, respectively, representing the lower degree of
error. The bias value (—0.13) also indicated the underestimation behavior with the field
data. The UAV-TIR images performed very well either in regression, correlation, or LST
estimation error.

UAV temperature (°C)

274
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Figure 7. Relationship between the UAV-TIR sensor and the ground measurements, (a) DOY 230,
(b) DOY 245.

Table 7. Statistical performance of the UAV with ground measurements.

Comparison DOY R? RMSE MAE BIAS cC
UAV vs. Ground 230 0.89 1.07 0.82 —0.49 0.94
245 0.90 0.70 0.57 —-0.13 0.95

4.5. Landsat-Ground LST Validation

Table 8 shows the ground and Landsat 8 LST validation comparison results. The
ground data was measured by the TCAV-L instrument, which was used to validate and
evaluate the Landsat LST retrieval algorithm. When comparing the LST results to the
ground measurements, there may be a 5 °C difference. The accuracy of the results in
certain places was within 2 °C of the actual ground temperature that was proposed by
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Srivastava et al. [36]. As the resolution of Landsat 8 for the used band was 100 m for the
thermal band, the comparison was made with the in-situ data, which is different and
can often result in large variations. The extent of agreement, regression, and correlation
were found for observation day. Hourly data were obtained from a local weather station
and compared to the retrieved LST. Images from the satellite were downloaded based
on the information that was available. One satellite image was downloaded on each of
the two days (DOY 230 18 August and DOY 245 2 September). A total of two satellite
images from two different dates were selected based on data that were available to compare
the findings. For DOY 230, regression analysis indicated moderate results (R*> = 0.70)
with the in-situ data, as shown in (Figure 8a). The correlation coefficient was 0.83 and
showed a better relationship of both data. Similarly, in RMSE and MAE, 0.78 °C and
0.62 °C values were observed, respectively, indicating a lower degree of error between both
datasets. Approximately no bias (0.08) was observed for the Landsat data, showing no
over- or under-estimation of the data. Similarly, the reading of DOY 245 also went through
statistical measures and showed similar behavior. Regression and correlation provided
0.73 and 0.85 values, respectively, indicating an appropriate response to the ground data
(Figure 8b). RMSE and MAE was found to be a little higher (0.94, 0.81) than previous
observations (0.78, 0.62). However, Landsat 8 slightly over-estimated the readings as per
the results of bias. Overall, the results indicated the lower performance of satellite than
UAV measurements either in terms of errors or correlation. The reason for the better
performance of UAV comes from the pixel size and distance from the Earth because, in the
case of satellite, many parameters are involved which influence the temperature retrieval.

Table 8. Statistical performance of Landsat 8 with ground measurements.

Comparison DOY R? RMSE MAE BIAS CcC
UAV vs. Ground 230 0.70 0.78 0.62 0.08 0.83
245 0.73 0.94 0.81 1.11 0.85
30 30
Landsat vs Ground Landsat vs Ground
29 4
Ty ~ 29 4
2 0
<o [ g,
LY
5 :
m = 28 <
571 + |8
(o} L]
E c
7 E
: 26 - E 27 4
» w
k-] n
€ 251 2
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Figure 8. Relationship between Landsat 8-TIR sensor and ground measurements, (a) DOY 230,
(b) DOY 245.
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4.6. Landsat 8-UAV Data Retrieval Comparison

Landsat 8 and the UAV have thermal infrared sensors with their specific ranges as
given in Tables 2 and 3. Table 9 shows the comparison results of Landsat 8 and the UAV data
retrieval. A comparative study was also taken under consideration to understand the detec-
tion relationship between both platforms. The temperature that was measured by Landsat
8 and the UAV was analyzed through statistical performance measures to find correlations
between them. Based on the regression analysis (R? = 0.74) and correlation coefficient (0.85),
a reasonable extent of agreement was detected for DOY 230 (Figure 9a). On the other hand,
the results (R? = 0.81, CC = 0.90) that were attained on DOY 245 also showed promising
results between both sensors (Figure 9b). The RMSE and MAE were found 1.09 °C and
0.89 °C for the reading of DOY 230, while it goes higher to 1.67 °C and 1.35 °C for DOY
245, respectively. The bias estimated that its value goes to a maximum of 1.65, indicating
an overestimation for field area as shown below the table.

Table 9. Statistical performance of the UAV with Landsat 8 measurements.

[*]
=]
L

UAV temperature (°C)
[he
w

Comparison DOY R? RMSE MAE BIAS CcC
UAV vs. Landsat 230 0.74 1.09 0.25 0.08 0.85
245 0.81 1.67 1.35 1.65 0.90
34
UAV vs Landsat 33 Landsat vs UAV

w w
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w
o
1

y =1.4178x - 11.099 y=0.8311x + 3.9817

R2=0.74 26 4 Rj=081
T T T T T T 25 T T T T
22 23 24 25 26 27 28 29 25 26 27 28 29 30
Landsat Temperature (°C) UAV temperature (°C)
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Figure 9. Relationship between Landsat 8-TIR sensor and the ground measurements, (a) DOY 230,
(b) DOY 245.

4.7. Relationship between UAV Retrieved LST and Soil Water Content

Soil moisture (SM) is an essential component of the Earth’s surface water balance, en-
ergy balance, and regulating the land surface temperature (LST). The relationship between
LST and the available soil water content (SWC) was also observed. Thermal sensors with
high resolution captured images by UAV help understand these variables relationships
on a temporal basis. To understand the association between both quantities, regression
and correlation were performed. The results suggested that the UAV-SMC correlation
was negative (—0.85) for the image of DOY 230, while this value remained approximately
constant (—0.86) for the DOY 245 as well (Figure 10a,b). The negative value indicates an
inverse relationship between the moisture and soil temperature for a few hours per day.
Previous studies in this field examined SM temporal evolution and reported its persistence
for a few hours per day and even for a few days [37]. Points where the higher temperature
represents lower moisture levels and lower temperatures have a higher moisture level.
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The results that were obtained by regression analysis were also suitable for UAVs ranging
between 0.74-0.72, which also enforced the relationship between the variables.
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Figure 10. Relationship between the UAV LST and SWC, (a) DOY 230, (b) DOY 245.

4.8. Relationship between Landsat 8 Acquired LST and Soil Water Content

The Landsat 8 satellite had the thermal band to capture high-resolution thermal
images, which have been used in this study to estimate land surface temperature. Although
the satellite images do not have as high a resolution as the UAV sensors, they provide
satisfactory ground temperature results. Therefore, such a technique can be used for
larger field areas. However, to understand the surface temperature retrieval ability of
Landsat 8, the ground measurement was taken. Regression and correlation analysis were
applied to both images to understand the relationship with soil water content (Figure 11a,b).
The research showed a lower value of R? (0.59, 0.56) for both images, indicating a lower
agreement of temperature detection with SWC. Likewise, the UAV negative correlation
coefficient (—0.74, —0.76) showed an inverse relationship between both the variables.
Although satellites do not perform much better than UAVs, they could be more promising
for larger areas with less human resources and economic expenditure.
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Figure 11. Relationship between the Landsat 8 LST and SWC, (a) DOY 230, (b) DOY 245.
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4.9. Accuracy Assessment of the UAV LST and Landsat 8 LST

To understand the detection accuracy of land surface temperature, performance mea-
sures were implemented over both platform images in which in situ ground data were used
as a reference. The results showed that the UAV temperature detection ability was higher
than Landsat 8 (Figure 12). Regression, correlation, and error estimation indicated the
superiority of UAV over Landsat 8 in terms of temperature retrieval. Likewise, statistical
measures of the soil moisture content with temperature were also dominant for the UAV
over the satellite data. The difference in the sensor performance was due to numerous
variables such as the instrument’s height, emissivity, and cloud interference. Another
advantage of UAV was the pixel difference which can be seen in Figure 12a—d, showing
the UAV and Landsat 8 images for the DOY 230 and DOY 245 more detailed information
of field.
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Figure 12. LST orthomosaic images between the UAV and Landsat 8, (a,b) DOY 230, (c,d) DOY 245.
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5. Conclusions

This research work is specifically useful for developing countries, where agriculture is
the primary source of income. This study analyzed the UAV TIR LST and Landsat 8 TIR
LST data and compared both the simulations with ground-truthing data. This objective
also compares the detection ability of the Landsat-8 algorithm for the retrieval of land
surface temperature as well as UAV thermal sensors for agricultural practices. In addition,
we evaluated the accuracy of the UAV TIR LST and Landsat 8 TIR LST by calculating
the in situ LST for each day. The development of UAVs and imaging sensor technologies
makes it much easier to collect images with very high spatial and spectral resolutions.
The Landsat 8 LST and UAV LST were acquired with the resolutions of 30 m and 0.90 m,
respectively. The results that were obtained by statistical performance measures help
to identify a better platform in this regard. Regression and correlation coefficients were
developed to find the extent of agreement between the variables. When the accuracy of
the UAV TIR LST and Landsat 8 TIR LST was compared using a linear regression analysis
and RMSE calculations that were based on the measurement point of in situ LST, the UAV
TIR LST demonstrated greater accuracy (R? 0.89, 0.90, root-mean-square error (RMSE)
1.07, 0.70 °C) than the Landsat LST accuracy (R%0.70, 0.73, (RMSE) 0.78 °C). At the same
time, the root-mean-square and mean absolute error were used to approximate the error in
data retrieval. Ground measurements were used as a reference. The UAV data performed
more accurately than Landsat 8, as evidenced by the higher degree of correlation and
R?. However, the error was found to be approximately the same for both platforms. Bias
analysis revealed that Landsat 8 overestimated the temperature by approximately 1 °C
while the UAV underestimated by half a degree. Observations of both the platforms were
also analyzed mutually with each other, and as a result, good relationships were found. In
future research employing UAV TIR LST in agricultural areas, the accuracy of UAV TIR
LST might be enhanced by taking into account the impacts of the object’s emissivity, the
UAV flying altitude, and the shooting angle of the thermal imaging camera on the accuracy
of UAV TIR LST. The results of this study stated that the UAV TIR LST could be more
reliable with a complex land cover field. This study’s results could be helpful in urban
environmental design and planning for agricultural management.
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