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Abstract: Remotely sensed-based surface temperature is an important tool for crop monitoring
and has great potential for improving irrigation management. However, current thermal satellite
platforms do not display the fine spatial resolution required for identifying crop water status patterns
at the field scale. The thermal sharpening (TsHARP) utility provides a technique for downscaling
coarse thermal images to match the finer resolution of images acquired in the visible and near
infrared bandwidths. This sharpening method is based on the inverse linear relationship between
vegetation fraction calculated from the normalized difference vegetation index (NDVI) and land
surface temperature (LST). The current study used the TsHARP method to sharpen low-resolution
thermal data from the Moderate Resolution Imaging Spectrometer MODIS (1 km) to the finer
resolution of Sentinel-2 (10 m) and Vegetation and Environment New micro-Spacecraft (VENµS) (5 m)
visible-near infrared images. The sharpening methodology was evaluated at scene and field scales in
southern Georgia and northern Mississippi, USA. A comparison of sharpened temperature was made
with reference temperatures from Landsat-8 Operational Land Imager (OLI) in four different spatial
resolutions (30, 60, 120, and 240 m) for method validation. Coarse resolution comparison on the dates
in which imagery from both sensors were acquired on the same day resulted in average observed
mean absolute error (MAE) of 1.63 ◦ C, and R2 variation from 0.34 to 0.74. Temperature errors at the
field scale ranged from 0.25 to 3.11 ◦ C using both Sentinel-2 and VENµS. Sharpened maps at 120
and 60 m resolution showed the highest consistency for all fields and dates. Maps sharpened using
VENµS images showed comparable or higher accuracy than maps sharpened using Sentinel-2. The
superior performance coupled with the better revisit time indicates that the VENµS platform has
high potential for frequent in-season crop monitoring. Further research with ground data collection
is needed to explore field use limitations of this methodology, but these results give useful insights of
potential benefits of implementing the TsHARP technique as a tool for crop stress monitoring.

iations.

Keywords: image sharpening; thermal remote sensing; TsHARP; VENµS; Sentinel-2; MODIS;
Landsat-8

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses/by/
4.0/).

1. Introduction
Thermal remote sensing uses thermal infrared (TIR) bands in the 8 to 14 µm region of
the electromagnetic spectrum in which atmospheric absorption effects are attenuated [1].
At the molecular level, plant absorption in the TIR bands is influenced by the absorption
properties of leaf tissues driven by molecular vibration [2]. At the physiological level,
absorption is directly influenced by the transpiration rate [3]. In drought conditions, plants
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that exhibit isohydric behavior tend to close their stomata to maintain leaf water potential
(LWP). This decreases their transpiration rate significantly, leading to an increase in leaf
temperature [4]. The direct relationship between changes in leaf temperature resulting
from changes in LWP makes TIR bands more sensitive to detecting water stress than other
regions of the electromagnetic spectrum. Because of this, thermal imagery has become
increasingly important in monitoring of water status for irrigation management [5] in crops
such as coffee [6], cereals [7,8], and soybean and cotton [9].
Thermal infrared temperature maps can be used to estimate LWP and create LWP maps
at the field scale. In turn, the LWP maps may be used to delineate LWP-based irrigation
management zones (IMZs) for site-specific irrigation [10]. The spatial resolution of currently
available satellite-based thermal imagery is not fine enough to identify crop water status
patterns at the field scale. Satellite platforms such as Terra MODIS (Moderate Resolution
Imaging Spectroradiometer) and NOAA-AVHRR (National Oceanic and Atmospheric
Administration–Advanced Very High-Resolution Radiometer) have a very high temporal
resolution (1 day), but a coarse spatial resolution of 1 km [11]. Conversely, Landsat Thematic
Mapper—TM, Landsat Enhanced Thematic Mapper Plus—ETM+ , and Landsat Operational
Land Imager—OLI, have higher spatial resolution of 120, 60, and 100 m respectively, but a
low revisit time of 16 days. While Landsat datasets have a finer resolution, its low temporal
resolution is not adequate for frequent monitoring required during the growing season
for irrigation decisions. The occurrence of clouds can further decrease the availability of
usable images.
To address this tradeoff problem between low-resolution images with high revisit
time and high-resolution images with low revisit time, sharpening methodologies to
downscale TIR coarse resolution have been proposed [12]. These techniques to disaggregate
land surface temperature (LST) are found in the literature under a variety of terms, such
as thermal sharpening, subpixel temperature estimation, downscaling LST, component
temperature retrieval, spatial enhancement of LST, and others [13], but they can be classified
into two main categories, called temperature unmixing and thermal sharpening. The
main difference between these two groups is that in temperature unmixing, the goal is to
decompose the coarse mixed pixel temperature into its existing elements through temporal,
spatial, and spectral observations, while thermal sharpening aims to enhance the thermal
image by exploring the correlation between LST and auxiliary data such as vegetation
cover [14].
Thermal sharpening is the category most frequently used for downscaling thermal
images. One of the earliest works using spatial sharpening dates back to 1985, wherein
Landsat-4 Thematic Mapper (TM) thermal imagery was sharpened to 30 m resolution
using a multiband least squares method [15]. This approach was possible due to the high
correlation between the TM bands in agricultural scenes. A thermal image estimate was
created using a coefficient predicted from Landsat-4 TM visible and infrared bands that
was then used to enhance the spatial resolution on the original thermal band.
Over the last 30 years, a variety of new sharpening algorithms have been suggested
including the thermal sharpening (TsHARP) technique that was improved from the Disaggregation procedure for radiometric surface temperature (DisTrad) algorithm developed by
Kustas et al. [16]. The DisTrad method uses the relationship between radiometric surface
temperature and the Normalized Difference Vegetation Index (NDVI) to disaggregate temperature data at the NDVI finer image resolution. The NDVI resolution is first aggregated
to the coarser resolution of the brightness temperature (BT) image and a second degree
polynomial least-squares regression is fitted between the two variables. In this study,
airborne images were used to estimate temperatures over the southern Great Plains by
sharpening MODIS images to 200 m and provided temperature errors of ~1.5 ◦ C. Agam
et al. [11] proposed an improvement from the DisTrad algorithm by using vegetation
fraction as the dependent variable instead of NDVI. Different types of land cover in a scene
can cause increased number of outliers in the two ends of NDVI values.
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A summary study published in 2013 [13] indicated that Landsat TM and Terra Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) were the satellite
platforms most frequently used for LST disaggregation. At the time, MODIS was a much
younger platform, and since then has become widely utilized in downscaling approaches
due to the high temporal frequency in which images are made available. With MODIS
images collected on a daily basis, the availability of datasets for sharpening during the
growing season depends on the satellite platforms used to derive visual and NIR (VNIR)
data. Landsat 7 ETM+ [14,17] and Landsat-8 OLI [18] are commonly used to build the
LST-NDVI regression and can generate roughly two sharpened images. Sentinel-2 has a
higher revisit time and offers the potential of more sharpened images during the season.
Clouds may greatly reduce the availability of useable images, especially in areas with
frequent cloud cover.
Sentinel-2 is a two-satellite platform operated by the European Space Agency (ESA)
as part of the Copernicus earth observation program which became operational [19] in
2015. The two satellites are in the same orbit but spaced 180◦ apart. They provide data in
13 different spectral bands (443–2190 nm) with spatial resolutions of 10, 30, and 60 m and
a revisit time of 5 days. Sanchez et al. [20] used Sentinel-2 VNIR data to sharpen MODIS
images to a 10 m resolution over experimental fields in southeastern Spain. Over a period
of 2 months, they sharpened LST images on 6 different days.
In 2017, a super-spectral micro-satellite resulting from a partnership between the
Israel Space Agency (ISA) and the French National Centre for Space Studies (CNES) was
launched [21,22]. The Vegetation and Environment New micro-Spacecraft (VENµS) was
intended to increase land data acquisition to, among other purposes, improve modeling of
vegetation processes. This minisatellite has a revisit time of 2 days, a spatial resolution of
5.3 m, and a spectral resolution of 12 bands (420–910 nm). Although the unique features of
this low-orbit satellite show great potential for increased dataset frequency, to our knowledge, no studies have explored the use of VENµS in thermal sharpening methodologies.
The majority of sharpening studies cited above explored the use of sharpening for
large scene scales. However, very few studies have been conducted exploring the feasibility
of using this technique in crop fields to aid in management decisions. In this context,
the main goal of this work was to assess the use of the TsHARP technique to sharpen
MODIS images using Sentinel-2 and VENµS in the southeastern USA at field scale and to
assess if sharpened images have the potential to be used at the field scale for delineating
irrigation management zones (IMZs) for variable rate irrigation in cotton. Applying this
technique to this region is especially challenging because of frequent cloud cover during the
growing season. The TsHARP use at scene scale was also assessed. Specific objectives were
to compare the performance of the TsHARP technique using data from the two satellite
platforms on overlapping dates.
2. Materials and Methods
2.1. Study Sites
This study was conducted in three different locations of the southeastern USA in
which cotton is an important crop (Figure 1) using imagery from the 2019 growing season.
The first and second study sites are located in southwestern Georgia and centered around
84◦ 440 2800 W, 31◦ 110 2800 N, and 84◦ 330 700 W, 31◦ 260 4200 N. The third study site is located in
northeastern Mississippi centered around 88◦ 510 4200 W, 34◦ 310 5800 N. The Miller County
scene (hereafter referred as to scene 1) is mostly composed of cotton fields, followed by
woody wetlands, pine forest, and peanut fields. Land cover in scene 2, located in Baker
County, Georgia, was 40% woody wetlands followed by pine forest, and cotton and peanut
fields. The land cover in scene 3, located around Union County, Mississippi, was composed
mostly of various types of forest, followed by pasture and soybean fields. All locations
have similar subtropical climates with high humidity and hot summers, with the average
air temperature of the hottest month (July) being equal to or greater than 22 ◦ C [23,24]. The
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minimum and maximum average temperatures from July to November in the last 20 years
were 15.6 and 27.4 ◦ C [25].

Figure 1. Study locations for (a) the polygons used to define the satellite scenes and Sentinel-2 false color composite of
scenes used for thermal sharpening for study sites in (b) Miller County, Georgia (Scene 1) (c) Baker County, Georgia (Scene 2)
and (d) Union County, Mississippi (Scene 3).

The United States Department of Agriculture (USDA) National Agricultural Statistics
Service’s (NASS) Cropland Data Layer (CDL) hosted by CropScape (https://nassgeodata.
gmu.edu/CropScape/ (accessed on 9 July 2020)) was used to identify fields that were
planted with cotton during the 2019 growing season. Extensive agricultural ground truth
data acquired from the Common Land Unit (CLU) data from the USDA Farm Services
Agency (FSA) is coupled with moderate resolution satellite images to create yearly cropspecific land cover maps of the whole continental United States [26]. A total of 22 cotton
fields were identified for this study, with field sizes ranging from 14 to 164 ha (Table 1).
2.2. Satellite Images Acquisition and Processing
Thermal images from MODIS and Landsat-8 Operational Land Imager (OLI) were
acquired in all three locations on dates within the cotton growing period ranging from
August to November 2019 (Table 1). The MODIS product used was MODIS/Thermal Bands
Daily L2B-Lite Global (MODTBGA), and it was download from the National Aeronautics
and Space Administration (NASA) Earth Data Search website (https://search.earthdata.
nasa.gov/search (accessed on 15 April 2020)). MODTBGA version 6 is available daily with
a spatial resolution of 1 km (km) with sinusoidal projection, and it consists of brightness
temperature data from three MODIS bands (bands 20, 31, and 32) [27]. After download,
MODIS images were pre-processed using ArcGIS (Esri, Redlands, CA, USA). In ArcMap
version 10.2.2 (Esri, Redlands, CA, USA), MODIS band 31 was re-projected to the World
Geodetic System (WGS) 1984 zone 16, and a scale factor of 0.01 was used to obtain brightness temperature values. Landsat-8 OLI images were downloaded directly from the United
States Geological Survey (USGS) Earth Explorer website (https://earthexplorer.usgs.gov/
(accessed on 20 April 2020)). Landsat-8 provides images with 15 (panchromatic), 30, and
100 m (thermal) spatial resolution. However, thermal bands are disaggregated to 30 m
resolution images by the Landsat Science team and are made publicly available. Landsat-8
pre-processing was performed by using the Semi-Automatic Classification Plugin (SCP)
in QGIS 3.14.0 (QGIS Development Team, 2020) [28]. SCP offers pre-processing and
post-processing tools for a variety of satellite images [29]. Radiometric calibration was
performed on Landsat-8 thermal infrared band 10 (10.6–11.19 µm), where the DOS1 (Dark
Object Subtraction) atmospheric correction technique was used to convert data to Top of
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Atmosphere (TOA), and correct for solar irradiance effects. SCP was also used to convert
values to brightness temperature in Celsius.
Table 1. Satellites’ data acquisition dates for all three locations and selected dates for field scale validation of the Moderate
Resolution Imaging Spectrometer MODIS for both Sentinel-2 and VENµS (gray).
Location

Landsat-8

MODIS

Sentinel-2

VENµS

Acquisition Date
Miller County
Georgia
(scene 1)

24 August 2019
09 September 2019
25 September 2019
27 October 2019

Baker County
Georgia
(scene 2)

09 September 2019
09 September 2019
25 September 2019
27 October 2019

Union, County
Mississippi
(scene 3)

29 August 2019
14 September 2019
30 September 2019
1 November 2019

29 August 2019
10 September 2019
24 September 2019
28 October 2019
——————–
6 September 2019
09 September 2019
24 September 2019
28 October 2019
——————–
29 August 2019
15 September 2019
3 October 2019
2 November 2019

24 September 2019
27 October 2019

29 August 2019
10 September 2019
28 October 2019

09 September 2019
24 September 2019
27 October 2019

6 September 2019
28 October 2019

29 August 2019
15 September 2019
3 October 2019
2 November 2019

-

Visual-near infrared (VNIR) data from Sentinel-2 was used for sharpening in all three
locations. Images were downloaded from the USGS Earth Explorer website. SCP was
used to perform atmospheric correction in all Sentinel-2A images. The SCP used DOS1
atmospheric correction for Sentinel-2 images as well. Band 8 (842 nm) and band 4 (665 nm)
were used to calculate NDVI. VNIR images from VENµS were also utilized for thermal
sharpening of MODIS. VENµS data were only available for the scenes in Georgia (Miller
and Baker counties). Images were download from the Theia Data and Services Center
for continental surfaces (https://www.theia-land.fr/en/data-and-services-for-the-land/
(accessed on 20 April 2020)). VENµS-based NDVI was calculated using bands 11 (865 nm)
and 5 (620 nm) from the level 2 product. VENµS level 2 product provides fine cloud and
shadow mask, and it is already atmospherically corrected.
Due to the differences in satellite temporal resolution, and frequent cloud coverage
during the summer in the study areas, the difference in acquisition date among the satellites
used for TsHARP implementation (MODIS, Sentinel-2, and VENµS) was up to one day and
up to five days for validation (MODIS and Landsat-8).
2.3. TsHARP Methodology
As described previously, the TsHARP technique is based on the inverse relationship
between LST and vegetation cover. The fractional vegetation cover (f c) is estimated from
NDVI using Equation (1) [30]:

fc = 1 −

NDVImax − NDVI
NDVImax − NDVImin

0.625
(1)

where NDVImax and NDVImin are the maximum and minimum NDVI values in the scene
and NDVI is the index value in an individual pixel.
The f c image is aggregated to a coarser resolution to match with the coarse resolution of the LST image, and an empirical linear regression model is fitted, as shown by
Equation (2):
LSTcoarse = a + b f ccoarse
(2)
where a and b are the intercept and slope resulting from the linear regression between LST
and f c at coarse resolution.

Remote Sens. 2021, 13, 1155

6 of 25

Coefficients a and b are then applied to the fine-resolution f c data (f c fine ) and fineresolution NDVI to predict LST at a finer resolution (Equation (3)) [19]. Coefficients a
and b are also applied to the f c image at coarse resolution to derive a new LST image.
The difference between the original LST image and the newly derived image is used to
calculate the residual error image at coarse resolution. The residual error image is then
disaggregated to a fine resolution and applied to the LST at finer resolution to increase the
prediction accuracy (Equation (4)). A detailed explanation of the TsHARP algorithm was
provided by Agam et al. [11].
LST f ine = a + b f c f ine
(3)
LSTpredicted = LST f ine + residual error

(4)

2.4. TsHARP Validation and Assessment
The complete workflow of the TsHARP technique can be divided into two steps
(Figure 2. Flowchart of the thermal sharpening (TsHARP) methodology, including inputs,
outputs, and processing steps, and methodology validation using Landsat-8 images (modified after Huryna et al. [19]). The first step is the sharpening of MODIS images using
Sentinel-2- and VENµS-derived NDVI to finer resolutions. The second step is the validation
of the method by comparing the sharpened temperature with a reference temperature from
Landsat-8 images at 30, 60, 120, and 240 m spatial resolution. The TsHARP validation was
performed by fitting a linear regression model to MODIS BT and Landsat-8 BT images
in the coarse and finer resolutions. The validation was performed at the scene scale for
all dates for which images were downloaded and for selected dates at the field scale (See
Table 1).

Figure 2. Flowchart of the thermal sharpening (TsHARP) methodology, including inputs, outputs, and processing steps, and methodology validation using Landsat-8 images (modified after
Huryna et al. [19]).

The methodology performance assessment was estimated using different quantitative
statistics approaches [31]. Coefficient of determination (R2 ), root mean square error (RMSE),
mean absolute error (MAE), and bias (Equations (5)–(8)) were calculated to estimate the
level of agreement between predicted and reference temperatures:

2
∑ Tsharp − Tre f
R2 = 1 − 
2
∑ Tsharp − Tre f _mean
$
RMSE =

n

−1

n

∑



Tsharp − Tre f

2

(5)

%
1/2

(6)

i =1

$
MAE =

n

−1

n

∑

i =1



Tsharp − Tre f



%
(7)
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bias =



∑in 1 Tsharp − Tre f
n

(8)

3. Results and Discussion
3.1. Scene Scale
The thermal sharpening validation was performed for a total of 14 dates using the
MODIS/Sentinel-2 and MODIS/VENµS BT-NDVI regressions (Table 1).
3.1.1. Sensors’ Comparison at Coarse Resolution
The correlations between MODIS brightness temperature (BT) and aggregated Landsat8 BT at coarse resolution are shown in Figure 3. Results showed that the correlations
between the BT of the two sensors were similar towards the end of the season (end of
October and beginning of November) when average temperatures were in the low 20 ◦ C or
below, with coefficients of determination (R2 ) ranging from 0.68 in scene 1 to 0.74 in scene
3. The regression model coefficients, however, were different. Despite having the highest
R2 among the three scenes, the sensor comparison of scene 3 presented the highest RMS
error and positive bias of 3.54 ◦ C. In scenes 1 and 2, the RMS errors in this period were
below 1.25 ◦ C, with a negative bias lower than 0.95.

Figure 3. Relationship between MODIS BT and Landsat-8 BT at coarse resolution (930 m) in selected
periods for Sentinel-2 at (a) scene 1 (Miller County, GA, USA), (b) scene 2 (Baker County, GA, USA),
and (c) scene 3 (Union County, MS, USA). MODIS acquisition dates were used as the reference date.

In the months of August and September, correlations were overall lower, and varied
with location. The lowest R2 values were observed in scene 1 (0.31) followed by the third
date in scene 3 (0.41) and first date in scene 2 (0.44). The low relationship in these three dates
can be attributed to cloud coverage in one or more images. Parts of the respective scenes
were cropped to exclude areas affected by the clouds, substantially decreasing the number
of pixels. In addition, methods utilized to mask clouds were not effective in removing areas
under the clouds’ shadow. The combination of reduced number of pixels and BT values
affected by cloud shadow led to a weaker relationship between sensor responses.
A negative bias was observed in 7 out of 9 dates and indicates that temperatures
extracted from MODIS scene were cooler when compared to Landsat-8. The comparison
between these two sensors yielded RMS errors no higher than 1.92 ◦ C in 6 out of 9 dates. In
the second date of scene 2, and the first and last dates in scene 3, the RMSE values observed
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were higher, with errors ranging from 2.75 to 3.45 ◦ C. In 2 out of these 3 dates, the bias was
positive and not negative like in most of the dates. No clear factors were found that can
explain these deviations.
Similar results were observed in the selected dates for VENµS analysis (Figure 4).
As mentioned earlier, VENµS images were only available for the two scenes in Georgia.
The relationship between MODIS BT and Landsat BT was strong at the end of October
when temperatures were lower, and weaker in the months of August and September. In
the remaining dates, R2 values in scene 2 were again stronger than the ones observed
in scene 1. The RMS errors varied between 1.03 to 2.14 ◦ C in both locations. Similar to
MODIS/Sentinel-2 sharpening, a negative bias was observed for 3 out of 5 dates, while a
positive bias was obtained for the other 2 dates.

Figure 4. Relationship between MODIS BT and Landsat-8 BT at coarse resolution (930 m) in selected
periods for VENµS at (a) scene 1 and (b) scene 2. MODIS acquisition dates were used as the
reference date.

A study conducted in 2014 [32] reported differences between MODIS and Landsat
satellite LST spatial distribution. Maximum temperatures showed a difference of about
15 ◦ C. The range between minimum and maximum temperatures from Landsat were
always wider than observed in MODIS (Table 2). In the study described here, towards
the end of October, most of the crops were already harvested and fields had exposed
soil, causing a more evident BT difference between dense vegetation and exposed soil,
which could be more easily detected by the coarse spatial resolution from MODIS. During
the months of August, September, and mid-October, most fields in the scenes still had
vegetation cover from the crops, thus temperature changes were more subtle across different
land covers. These subtle changes were depicted in the finer resolution from Landsat,
leading to a wider range of temperature values compared to the smaller range from
MODIS, resulting in a lower R2 .
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Table 2. Scene minimum, maximum, and temperature ranges for MODIS (1 km) and Landsat-8 (30 m) original images.
Satellite

MODIS

Location
Date

Min

max

Scene 1

24 Sept.
28 Oct.

27.0
21.0

31.9
27.2

Scene 2

9 Sept.
24 Sept.
28 Oct.

23.8
24.5
20.1

27.7
32.4
25.0

Scene 3

29 Aug.
15 Sept.
3 Oct.
2 Nov.

21.7
24.2
24.1
11.2

26.0
30.5
28.8
17.2

Scene 1

29 Aug.
10 Sept.
28 Oct.

24.9
24.9
21.0

27.5
29.9
27.4

Scene 2

06 Sept.
28 Oct.

27.3
20.1

31.3
25.0

Sentinel-2

VENµS

Landsat-8
Range

Lag (days)

4.9
+1
6.2
−1
——————–
3.9
0
7.9
+1
4.9
−1
——————–
4.3
0
6.3
−1
4.7
−3
6.0
−1
——————–
2.6
−5
5.0
−1
6.4
0
——————–
4.0
+3
4.9
−1

Date

min

max

Range

25 Sept.
27 Oct.

27.6
21.0

35.9
29.5

8.3
8.5

9 Sept.
25 Sept.
27 Oct.

25.3
28.3
20.9

30.7
36.4
28.2

5.4
8.1
7.3

29 Aug.
14 Sept.
30 Sept.
1 Nov.

23.6
21.9
23.0
7.3

32.4
29.9
30.9
14.5

8.8
8
7.9
7.2

24 Aug.
9 Sept.
27 Oct.

23.0
26.3
21.0

26.5
33.6
29.5

3.5
7.3
8.5

09 Sept.
27 Oct.

26.0
20.9

30.9
28.0

4.9
7.1

Landsat-8 acquisition time-scenes 1 and 2: 16:13 h, scene 3: 16:31 h; MODIS acquisition time: 100:05 h.

Coarse resolution sensor comparison showed that the BT range values of Landsat
were always wider than observed in MODIS (Table 2). At one date (8/29), the Landsat BT
range was double the MODIS BT and the max difference was as high as 6.4 ◦ C. Similar
results were observed by Weng et al. [32] when comparing Landsat TM LST to MODIS.
In the two dates used in their study, similarities were observed only between minimum
surface temperatures. Landsat TM maximum temperatures were considerably higher
than in MODIS, causing great discrepancies in LST spatial patterns. Essa et al. [33] stated
that surface temperature from MODIS were substantially lower than Landsat 7 ETM+
temperatures. A 5 ◦ C mean temperature difference between the two sensors was achieved
on six occasions. The results from 10 out of 14 dates examined in this paper showed a
similar trend, where a negative bias was found between the two sensors. This consistently
lower temperature presented by MODIS when comparing with Landsat sensors can be
described as a systematic bias. Yet, the fact that some occasions showed different trends
casts a shadow over this determination. The concept of systematic bias was discussed
by Liu et al. [34]. A consistent bias between two satellites could be introduced by sensor
measurement errors such as random noise. Satellite sensor-specific characteristics such as
bandwidth, acquisition time, and orbit parameters are further causes of bias [32].
3.1.2. TsHARP Validation
Landsat-8 thermal images were aggregated to 60, 120, and 240 m to perform validation
at the four spatial resolutions proposed, including Landsat’s original resolution of 30 m.
Tables 3 and 4 show the statistics of sharpened images compared to reference maps in all the
scenes studied using both VENµS- and Sentinel-2-based NDVI, respectively. Validation of
thermal sharpening resulted in an overall higher R2 than only comparing sensor brightness
temperatures at coarse resolution. Sharpened accuracy was higher in coarser resolutions
(120 and 240 m) in 10 of the 14 dates analyzed. In most remaining dates in which accuracy
at 240 m was slightly lower than finer resolutions, portions of the scene had to be excluded
prior to the analysis due to cloud cover. The decrease in the number of pixels in the
240 m resolution could have affected the sharpening accuracy. Based on the results,
sharpening efficiency tended to decrease with increased targeted resolution. These findings
are corroborated by results observed by Huryna et al. [19]. In their study, Landsat-8 and
Sentinel-3 thermal imagery were resampled and then sharpened to 240, 120, and 60 m
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resolutions using Landsat-8 and Sentinel-2, respectively. In both cases, R2 values decreased
and temperature uncertainty values increased as resolution increased, with highest error
values of 1.17 and 1.45 ◦ C for Landsat and Sentinel-3, respectively.
Table 3. Quantitative analysis of sharpened thermal maps using VENµS-derived normalized difference vegetation index
(NDVI) in comparison to reference images from Landsat. Lag shows the difference in days between sharpened and
Landsat-8 images.
Scene

1

Lag

Date

29 August 2019

−5

10 September 2019 *

−1

28 October 2019

0

6 September 2019 *

+3

28 October 2019

−1

2

Resolution
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240

VENµS
R2

0.48
0.51
0.52
0.49
0.52
0.54
0.53
0.49
0.71
0.75
0.78
0.80
——————–
0.59
0.63
0.66
0.67
0.68
0.72
0.76
0.79

RMSE

MAE

bias

1.70
1.69
1.67
1.63
2.37
2.31
2.26
2.20
1.43
1.36
1.29
1.23

1.57
1.57
1.56
1.53
2.12
2.07
2.02
1.98
1.13
1.07
1.01
0.98

1.48
1.48
1.48
1.47
−2.09
−2.03
−1.98
−1.94
−0.82
−0.82
−0.83
−0.85

1.46
1.41
1.37
1.32
1.16
1.11
1.06
1.01

1.22
1.20
1.19
1.17
0.93
0.90
0.87
0.85

1.14
1.14
1.14
1.13
−0.78
−0.78
−0.79
−0.80

* Scenes with areas removed because of cloud cover.

The coefficient of determination for Sentinel-2 validation dates in scene 1 ranged from
0.55 at 30 m resolution to 0.76 at 240 m, with highest values occurring on 28 October, while
for VENµS dates, the lowest value was 0.48 at 30 m, and the highest value was 0.8 at 240 m
(Table 4). In scene 2, the method’s accuracy in dates available tended to be higher than
achieved in scene 1 for both Sentinel-2 and VENµS dates, with only three R2 values below
0.6. Remaining values for Sentinel-2 varied from 0.6 to 0.8 and for VENµS, from 0.63 to
0.79. In this scene (scene 1), the three weakest relationships were observed at the finer
resolutions of 30 and 60 m. Scene 3 displayed a similar performance as the two previous
scenes, with values ranging from 0.50 to 0.77, except on 3 October, wherein the Landsat-8
image had large areas in the middle of the scene covered by clouds and cloud shadow
that were difficult to remove. The remaining affected pixels that were not excluded by the
masking process affected the accuracy of validation. A 3 days difference in acquisition time
between sharpened and reference images was observed and could have also been a cause
of higher error, although no trend between error magnitude and time lag between satellites
was observed.
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Table 4. Quantitative analysis of sharpened thermal maps using Sentinel-2-derived NDVI in comparison to reference images
from Landsat. Lag shows the difference in days between sharpened and Landsat-8 images.
Scene

Lag

Date

24 September 2019 *

+1

28 October 2019

−1

1

2

9 September 2019 *

0

24 September 2019

+1

28 October 2019

−1

29 August 2019

0

15 September 2019 *

−1

3 October 2019 *

−3

2 November 2019

−1

3

Resolution
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240
30
60
120
240

Sentinel-2
R2

0.55
0.57
0.58
0.55
0.69
0.72
0.75
0.76
——————–
0.60
0.64
0.64
0.63
0.56
0.59
0.61
0.61
0.68
0.72
0.77
0.80
——————–
0.50
0.55
0.59
0.60
0.57
0.62
0.64
0.66
0.45
0.48
0.49
0.48
0.64
0.69
0.74
0.77

RMSE

MAE

Bias

2.14
2.11
2.07
2.01
1.47
1.41
1.35
1.29

1.71
1.69
1.66
1.63
1.15
1.10
1.05
1.02

−1.44
−1.45
−1.45
−1.48
−0.82
−0.82
−0.83
−0.86

1.96
1.94
1.93
1.91
2.81
2.77
2.74
2.71
1.18
1.12
1.05
1.00

1.78
1.77
1.77
1.78
2.49
2.49
2.48
2.48
0.96
0.91
0.87
0.85

−1.77
−1.77
−1.77
−1.77
−2.43
−2.43
−2.44
−2.46
−0.78
−0.79
−0.79
−0.80

3.06
3.05
3.03
3.02
1.96
1.92
1.87
1.81
1.45
1.43
1.40
1.35
3.85
3.82
3.76
3.71

2.79
2.79
2.79
2.81
1.71
1.70
1.68
1.65
1.15
1.13
1.12
1.09
3.67
3.66
3.65
3.61

−2.79
−2.79
−2.79
−2.81
1.67
1.67
1.65
1.62
−0.52
−0.50
−0.48
−0.45
3.67
3.66
3.65
3.61

* Scenes with areas removed because of cloud cover.

Validation of sharpened maps had slightly higher RMS errors than the sensors’ BT
comparison at coarse resolution, with uncertainty increasing as the aimed resolution
became finer. The highest errors were observed in the first and third dates of scene 3, with
error values around 3.04 and 3.78 ◦ C. It is worth emphasizing that MODIS and Landsat had
a 1-day difference in acquisition time when the highest error of almost 4 ◦ C was observed.
Lowest overall errors were observed in the last date of scene 2 for both Sentinel-2 and
VENµS selected dates, with uncertainty around 1 ◦ C at 240 m spatial resolution. Although
MAE values also tended to increase with increased resolution, its response was not the
same as RMSE. Images sharpened to 120 and 240 m resulted in MAEs similar or even lower
than the mean errors from the temperature comparison at coarse resolution.
Figure 5 shows the temperature error (sharpened T (◦ C) − reference T (◦ C)) maps
at 60 m resolution at the three individual scenes and their respective land cover types.
Error maps were created from MODIS/Sentinel-2 from 27 October in scene 1, 28 October in
scene 2, and 29 August in scene 3. Error maps were selected from dates in which there was
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a maximum of 1-day lag between images. In general, the sharpened BT was lower than the
reference temperature. This corresponds with the systematic bias found with the sensor
comparison in this paper. Scene 3 is composed in its majority by various types of forests
with a lower percentage of grassland and small areas of sparse vegetation (crop fields)
(Figure 5g). The low variability in land cover type in this scene led to a more homogeneous
temperature error distribution (Figure 5h). Brightness temperatures were underestimated
across the whole scene, with forest areas presenting the biggest differences in temperature
between sharpened and reference maps. The land cover distribution in scenes 1 and 2 are
more varied between dense and sparse vegetation (Figure 5a,d). Differently from scene
3, sharpened temperatures in scenes 1 and 2 were frequently overestimated in woody
wetlands and underestimated in cultivated fields with sparse vegetation and/or exposed
soil. The higher variability in temperature errors across different land covers resulted in a
lower accuracy of sharpening in these two scenes in Georgia when compared to the scene
in Mississippi.

Figure 5. Land cover maps of (a) scene 1, (d) scene 2, and (g) scene 3, (b,e,h) are the respective temperature error
maps (sharpened T (◦ C) − reference T (◦ C)) at 60 m resolution, and (c,f,i) are the respective error histograms. Error
maps/histograms presented were created from MODIS/Sentinel-2 sharpening from the last date of scenes 1 and 2, and first
date of scene 3.
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Highest errors were observed in areas covered by wetland and bare soil.
Huryna et al. [19] achieved conflicting results when sharpening Sentinel-3 images, with
temperatures being underestimated over dense vegetation and overestimated over agricultural fields, with errors of 1.5 to 3 ◦ C in riparian areas. The bias between original MODIS
and Landsat-8 images at coarse resolution were similar to errors seen at finer resolution
and might help explain the conflicting results between the two studies.
Great variability in the TsHARP performance was observed among the scenes and
dates. LST–NDVI relationships were higher in the scenes with more homogenous land
cover, resulting in overall higher accuracy. A high-temperature sharpening performance
can be achieved when there is a good correlation between LST and vegetation cover [35].
Nevertheless, the linear relationship expected between LST and vegetation fraction does
not always hold, leading to increased sharpening errors. Factors such as albedo and soil
moisture can cause great variations in LST in areas with low NDVI [11]. The different
moisture levels in these areas cause great variability in evaporation that drives surface
temperatures to be lower or higher [35,36]. This temperature variation is hardly detected
by the vegetation index, resulting in a triangular shape in the NDVI–LST feature space.
Further causes of error can be associated to situations that do not follow the LST–NDVI
inverse relationship. When in high air temperature and sunlight conditions with limited
water availability, low LST values are expected in high NDVI areas such as dense vegetation
due to high transpiration [37,38]. However, in a scenario in which energy is the limiting
factor, transpiration and evaporation are decreased, leading to an often-positive correlation between NDVI and LST. These findings suggest that the LST–NDVI relationship is
geographically variable. The use of geographically weighted regression-based algorithms
might be beneficial to address local variations in LST–NDVI correlation [39].
3.1.3. TsHARP Validation Comparison between VENµS and Sentinel-2
The validation results of MODIS coarse images’ thermal sharpening using VENµS
VNIR was compared to results from sharpening using Setninel-2 on 28 October at scenes
1 and 2 (Figure 6). The sharpening performance using both satellites was comparable
for both scenes, yielding similar temperature errors, accuracy, and bias. The relationship
between sharpened and reference temperatures was strong in all instances with values
ranging from 0.68 to 0.80, and temperature uncertainty ranging from 1 to 1.47 ◦ C. Although
similar, MODIS/Sentinel-2 performance was slightly higher at 120 and 240 m in scene
2 when compared to scene 1, with R2 values of 0.77 and 0.8, while VENµS sharpening
showed higher accuracy in scene 1 at all four different spatial resolutions. MODIS/VENµS
was also slightly more accurate than MODIS/Sentinel-2 in scene 1 in all spatial resolutions,
with R2 values of 0.71 and 0.69 at 30 m, 0.75 and 0.72 at 60 m, 0.78 and 0.75 at 120 m, and
0.80 and 0.76 at 240 m resolutions for MODIS/VENµS and MODIS/Sentinel-2 respectively,
while in scene 2, both models had the same R2 at 30 and 60 m, with Sentinel-2 achieving
higher R2 at 120 and 240 m. Overall, scene 2 showed lower RMSE, MAE, and bias than
scene 1 in both models, with highest values of 1.16, 0.93, and −0.80 for VENµS, and 1.18,
0.96, and −0.80 for Sentinel-2, respectively.
3.2. Field Scale
Field boundaries were extracted from sharpened and reference images at 30, 60, 120,
and 240 m to perform validation at a field scale for each individual field. The field selection
criteria relied solely on the crop cultivated. Cotton fields were identified using USDA-NASS
CropScape data layer from 2019.
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Figure 6. Quantitative statistics of TsHARP validation yielded by MODIS sharpening using (a) scheme 2 and (b) VENµS at
scenes 1 and 2.

3.2.1. MODIS/Sentinel-2 TsHARP Validation
The validation of the sharpening algorithm in scene 2 was performed in eight fields
on 9 September (Figure 7). An overall strong relationship between sharpened and reference
temperatures was observed in fields 1 and 3 across all spatial resolutions, with R2 values
ranging from 0.60 at 30 m to 0.94 at 240 m, and 0.64 at 30 m to 0.88 at 120 m, respectively. The
weakest relationships were observed for fields 8 and 4, wherein the model’s accuracy was
below 0.5 in all resolutions. Remaining fields showed strong relationships at 60, 120, and
240 m, with the exception of field 5, in which higher accuracy was obtained only at coarser
resolutions of 120 and 240 m. Only three fields showed moderate to strong relationships
at the finest targeted resolution, while for the other resolutions, temperature estimation
results were more reliable, with most fields having higher accuracy maps. Temperature
uncertainty of higher than 2 ◦ C was obtained for fields 1, 2, and 5, while field 6 resulted in
errors lower than 1 ◦ C (Figure 7b).

Figure 7. Quantitative statistics between sharpened and reference temperatures at field scale for
fields selected in scene 2, including (a) coefficient of determination (b) RMSE, and bias.
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The negative bias shown in all areas indicated an underestimation of BT when compared to reference data and it is consistent with the results obtained for the scene scale. The
residual errors resulted from the linear regression between BT and NDVI showed errors
ranging from −0.5 to 1 ◦ C in the areas that fields were located. Nevertheless, temperature
underestimation in sharpened maps was as high as 2.5 ◦ C in some fields, likely due to
a discrepancy in temperatures collected by both thermal sensors in these specific areas,
rather than due to a weak relationship between BT and NDVI. This temperature difference
can be a result of biases caused by sensor parameters such as bandwidth, acquisition time,
and geolocation errors [32].
The field scale validation results for scene 3 are shown in Figure 8. Due to the lower
number of cotton fields in this scene and their smaller size, only five fields were selected
for analysis. Nevertheless, a higher number of dates throughout the growing season were
available for validation.

Figure 8. Quantitative statistics between sharpened and reference temperatures at field scale for fields
selected in scene 3 on three different dates, including coefficient of determination on (a) 29 August
(b) 15 September and (c) 3 October, and (d–f) RMSE and bias for the same dates, respectively.

High performances were observed in September (Figure 8b,e) and October (Figure 8c,f),
in which most fields showed a strong relationship between sharpened and reference
temperatures coupled with the low-temperature errors. A positive bias in September
indicates that temperatures were overestimated at an average of 0.95 ◦ C in all fields.
Despite the high agreement between sharpened and reference temperatures observed for
all fields in August, in one or more resolutions, temperature error was higher than in
subsequent months (Figure 8a,d). Spatial resolutions of 60 and 120 m displayed the most
consistent results along the three dates, with strong relationships in most fields. High R2
values were observed in four out of five fields at 60 m resolution on the second and third
dates, and two fields on the first date, while at 120 m, all five fields had strong relationships
on the first date, four on the third, and three on the second. Sharpened maps at 30 m had
the weakest performance, with a maximum of 2 fields presenting moderate relationships
and overall temperature errors higher than coarser resolutions. Maps at 240 m had weaker
performance in this scene due to the low or insufficient number of pixels for correlation
caused by the smaller field sizes.
The resulting statistics indicated that the thermal sharpening of coarse MODIS images
at the four finer resolutions are field-specific. The accuracy of sharpened temperatures
in field 5 was high at all resolutions on the first date and was consistently high at 60 and
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120 m in subsequent months. High-temperature maps’ accuracy was observed in at least
three resolutions at fields 2 and 3 in September and October, and at 240 m in the first month.
The weakest performance was observed in field 4, in which sharpened maps had very low
accuracy among all dates in most spatial resolutions when compared to Landsat reference
temperatures. The fields that showed the strongest (field 5) and the weakest performances
(field 4) were located side by side in the scene, suggesting that the sharpening results might
be affected by field individual characteristics, planting date, and management practices.
High agreement between sharpened and reference maps at 60 m resolution was
observed in field 1 for all three dates (Figure 9). Despite the higher temperature difference
between sharpened and reference maps in August, the BT distribution patterns still showed
great similarities. A high correlation between sharpened and reference maps was also
shown on the subsequent dates. The high agreement between sharpened and reference
maps shown in the validation process evidences great consistency in the TsHARP results.
The robust results from the use of Sentinel-2 VNIR for sharpening presented in this study
are corroborated by studies previously mentioned [19,20].

Figure 9. Field 1 sharpened temperature maps at 60 m resolution in Mississippi on (a) 29 August (b)
15 September and (c) 3 October, in comparison with respective (d–f) reference temperature maps.
Quantile method was used for classification.

3.2.2. MODIS/VENµS TsHARP Validation
Figure 10 shows the quantitative statistics for TsHARP validation at two different dates
in scene 1. The algorithm’s performance presented variability between dates and areas,
as previously observed. The model’s accuracy was consistent across three out of the nine
fields selected, with strong relationships in all resolutions in field 6 at both dates, and at the
second date for fields 2 and 5. On 29 August, high-accuracy sharpened maps for fields 2
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and 5 were observed at 60 and 120 m only. Fields 7 and 8 showed high R2 values between
sharpened and reference temperatures only at the coarser resolutions of 120 and 240 m,
while in remaining fields, the overall accuracy was low either on all or one of the dates.
Disaggregated maps at 120, 240, and 60 m resolutions were the most consistent in terms of
correlation with reference temperature maps. Temperature uncertainty was relatively low
in most fields at both dates, with values ranging from 1.25 to 2.17 ◦ C in August and 0.66
to 2.13 ◦ C in September. An overestimation of sharpened temperatures was observed in
August with a positive bias of 2.17 ◦ C, while in September, sharpened temperatures were
up to 2.01 ◦ C lower than reference temperatures. On this date, temperature overestimation
was observed only in field 4, in which sharpened temperatures were on average 0.66 ◦ C
higher than the reference.

Figure 10. Quantitative statistics between sharpened and reference temperatures at field scale for
fields selected in scene 1 including coefficient of determination, (a) 29 August and (b) 10 September,
and (c,d) RMSE and bias for respective dates.

In scene 2, the MODIS images’ sharpening using VENµS NDVI was validated on one
date in the beginning of September, with three days difference from the MODIS/Sentinel2-derived sharpened image (Figure 11). A field scale comparison between these two
sharpened maps was not performed because of the time difference, however similarities in
the results were observed. Fields 8 and 4 had weak relationships between sharpened and
reference temperatures in all spatial resolutions, repeating the weak performance seen in
the MODIS/Sentinel-2 scene. These results suggest that the poor accuracy of the sharpened
maps was caused by subfield land cover variability that was not depicted in the coarse
MODIS pixel resolution, such as a mix of exposed soil and canopy cover. The possible
effects of different field conditions will be discussed in the next subsection.
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Figure 11. Quantitative statistics between sharpened and reference temperatures at field scale for fields selected in scene 2
including (a) coefficient of determination and (b) RMSE and bias.

Overall, sharpening accuracy was high at 60, 120, and 240 m, with at least half of
the fields showing R2 values higher than 0.62. Only three fields had moderate to strong
relationship at 30 m, with the highest value of 0.68. Overall, RMS errors were below 1.73
at all four resolutions. Temperature uncertainty as low as 0.25 ◦ C was achieved at 240 m
in field 2 and as low as 0.38 ◦ C at 30 m. Bias indicated that sharpened temperatures were
overestimated in all fields (Figure 11b). High-accuracy sharpened maps were achieved for
all resolutions in field 3 (Figure 12). Sharpened map with 30 m pixel size provided the most
detailed insight in the BT distribution in the field (Figure 12a). The same BT patterns were
maintained when pixel size was doubled, and sharpening accuracy increased from 0.68 to
0.8 (Figure 12e,f). The two coarser maps presented even higher accuracy of 0.89 and 0.86,
but temperature distribution patterns in the field became harder to identify (Figure 12c,d).
Exposed soil at the northern part and in the middle of the lower half of the field, most likely
caused by erosion processes over the years, resulted in an overestimation of sharpened
temperatures in those pixels. In these areas, sharpened temperatures were around 30.8 ◦ C,
while in the reference image, the same pixels varied from 28 to 29 ◦ C, causing a decrease in
the overall accuracy at 30 m. Background soil reflectance can also affect the sharpening
performance throughout the season, once the low vegetation cover in the first stages of
crop development can lead to high amounts of mixed pixel reflectance and consequently,
an overestimation of canopy sharpened temperatures.
Disaggregation methods are often studied in large scene scales. Few authors have
attempted to use this methodology for small agricultural areas. Sánchez et al. [20] used
Sentinel-2 to sharpen MODIS coarse thermal images to 10 m resolutions over a semi-arid
agricultural area in southeast Spain. An average temperature uncertainty of 2 ◦ C was
observed. Temperature errors between 2 and 3 ◦ C were observed by Bisquert et al. [14]. In
a simulated experiment, Landsat 7 thermal images were aggregated to coarse resolution
and then sharpened, achieving temperature uncertainty of ~1 ◦ C [40]. In the present
study, temperature errors for field scale ranged from 0.25 to 3.11 ◦ C using both Sentinel2 and VENµS, following results found by the other authors. Furthermore, it has been
reported that absolute temperature errors of up to 1.5 ◦ K are suitable for agricultural
management decisions [20,41,42]. Results from this paper are encouraging. A great number
of fields presented low errors at 240 and 120 m, and at the finer resolutions of 60 m and
in lesser cases of 30 m. The high-accuracy maps generated from this methodology with
relatively low errors show a great potential in the use of TsHARP in MODIS/Sentinel-2
and MODIS/VENµS combinations for field scale.
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Figure 12. Field 3 sharpening maps of MODIS images using VENµS at (a) 30 (b) 60 (c) 120 and (d) 240 m resolution, and
(e–h) the respective validation regressions.

Figure 13 shows field 3 sharpened temperature distribution in relation to air temperature on 5 days throughout the growing season from June to September at 60 m resolution.
Air-canopy temperature difference is a well-recognized indicator of water stress in cotton [43,44]. Field canopy temperatures in June were less than 3 ◦ C below air temperature,
while in August and September, this difference was as high as 5 ◦ C. Air-canopy temperature distribution was very similar throughout the field in the first and last dates. In the
dates from mid-June to early September, a slight variability in air-canopy temperature
distribution is observed. The use of a high spatial resolution satellite such as VENµS with
high revisit time to sharpen coarse thermal images presents great potential to enable a
more frequent monitoring of canopy temperature changes across the field throughout the
growing season, with a fine resolution with the aim to identify crop water stress patterns
in the field for management zone delineation. It is important to note that for a better
estimation of plant water status, the sharpened BT values should be converted to LST [45].

Figure 13. Field 3 time series of canopy temperature (Tc) - air temperature (Tair) distribution throughout the season. Canopy
temperature used was extracted from the sharpened temperature maps.

3.2.3. Effects of In-Field Land Cover Variability on TsHARP Performance
Two fields from scene 1 in Miller county were selected to demonstrate how different
field conditions can positively or negatively affect the accuracy of resulting sharpened
maps in a field scale. Figure 14 shows an example of the comparison between before and
after exclusion of selected areas within fields 3 and 9. Land patches covered by vegetation
other than the cultivated crop, roads, flow channels caused by erosion, exposed soil, and
waterlogged areas were extracted from the field boundaries for validation (Figure 14e–h).
These areas were usually responsible for decreasing the level of accuracy between reference
(Figure 14a,c) and sharpened (Figure 14b,d) maps. This difference was likely caused by
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the sharpening technique reliance on the BT–NDVI relationship, once many of these land
cover types mentioned have low NDVI values resulting in high sharpened temperatures,
while reference images are dependent on the temperature variability itself and not on the
NDVI patterns throughout the area.

Figure 14. Field map comparison between reference and sharpened (MODIS/VENµS) maps before
and after pixel removal. (a–d) Reference and sharpened maps of the whole area within fields 3 and 9.
(e–h) Visual imagery and field boundary for both fields. (i–l) Reference and sharpened maps after
pixel extraction for fields 3 and 9.

Reference and sharpened maps after the pixel removal process of fields 3 and 9 are
shown in Figure 14i–l. Note that the temperature distribution at sharpened and reference
maps appear to become more alike in field 3 after removal of unwanted pixels. A circular
area around the pivot, a narrow road, and a waterlogged area were excluded in this field,
increasing the sharpening accuracy. This stronger relationship between the two maps was
likely due to two factors: (1) exposed soil pixels from the road had low NDVI values,
resulting in finer pixels with overestimated temperature at the sharpened map, and (2) the
two remaining excluded areas had high moisture, which explains the lower temperature
relative to the rest of the field in the reference map, while in the sharpened map, pixel
temperatures were higher in these areas than in the remaining field due to the low NDVI
values of water patches and wet soil. Conversely, the extraction process did not yield the
same results for field 9 once BT pattern differences were still evident in the remainder of
the field. Based on the temperature range in the reference image and on the premise that
stressed cotton plants are usually up to 5 ◦ C above air temperature [46,47], it is possible
to infer that the whole field was well-watered either due to rain or irrigation events. The
TsHARP algorithm may not detect the moisture variability caused by irrigation, since it
accounts for the subpixel temperature variability related to the vegetation fraction, thus
making irrigation events a common source of error [40].
Although little information about most of the fields studied is known, it can be
assumed that field-specific conditions are a determinant factor in the accuracy of sharpened
temperatures. For instance, different authors have pointed out the limitations of thermal
disaggregation in irrigated fields [14,48]. Surface temperature can rapidly respond to water
stress, while NDVI has a slower response after initial stress [36]. Agam et al. [40] discussed
the importance of excluding selected pixels that do not conform to the inverse linear
relationship between LST and vegetation fraction, such as water bodies that present both
low NDVI and surface temperature. Furthermore, areas that have high NDVI variability
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may be a source of errors once this variability cannot be depicted by the coarse resolution
pixels of MODIS images.
Temperature data from field 9 collected with Landsat resulted in higher temperature
along the entire west edge of the field, potentially due to a mixed pixel response between
the crop and the grassed area adjacent to the field. However, vegetation cover in the same
area was high, leading to an opposing result in the sharpened image. The observations on
the effect of undesirable pixels’ removal on the thermal pixel disaggregation performance
are reinforced by statistics shown in Figure 15. A higher level of agreement between the
sharpened and reference temperatures was displayed after pixel extraction in field 3 on
both dates, as well as a decrease in temperature errors, whereas in field 9, the accuracy
decreased at 30 and 120 m, despite slightly lower errors being achieved.

Figure 15. Fields 3 and 9 comparison statistics between sharpened and reference temperatures before and after pixel
removal on 29 August and 10 September, including (a) coefficient of determination and (b) RMSE.

4. Conclusions
Corroborating findings found in the literature, results from this study highlighted the
differences in coarse-resolution BT between MODIS and Landsat. For the five dates for
which imagery from both sensors were acquired on the same day, observed average MAE
was 1.63 ◦ C. Coefficient of determination within the same dates varied from 0.34 to 0.74,
with scene MODIS BT frequently being cooler than Landsat-8. Further research can benefit
from implementation of intercalibration between MODIS and Landsat-8 before sharpening
validation to attenuate errors caused by the sensors’ individual characteristics. Despite the
inconsistent correlations in coarse resolution caused by these differences and the presence
of clouds in one or both images, relationships between sharpened MODIS and Landsat
were stronger at all finer resolutions.
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Field-scale agreement between sharpened and reference temperatures showed some
level of independence from the scene scale. Agricultural fields located in regions of
the scene with smaller residual errors or not affected by cloud cover can show higher
temperature accuracy than other areas. These findings suggest that sharpened maps can be
used with caution for small scales even if coarse comparison between sensors in the scene
scale shows weaker relationships.
Sharpened maps at 120 and 60 m resolution showed the highest consistency within all
fields and dates using both VENµS and Sentinel-2. Maps sharpened to 240 m showed high
accuracy, but greatly depended on the field size because of the lack of pixels available in
smaller areas. Resolutions finer than 60 m presented the least consistent relationships, with
accurate maps being very field-specific.
Very few studies have explored the performance of thermal sharpening in field scales,
and the use of VENµS multispectral data. Findings from this research show that considering
the combination of pixel size, and temperature estimation accuracy and error, sharpened
MODIS at 60 m are the most reliable for season-long cotton monitoring. The comparison
between sharpened images using VENµS and Sentinel-2 was performed to evaluate a
potential agreement between results, due to the lack of information available in the use
of VENµS for thermal disaggregation. VENµS results showed comparable or higher
accuracy than Sentinel-2. The superior performance coupled with the better revisit time
evidences the great potential of using VENµS for frequent in-season crop monitoring for
IMZ delineation.
This work is the first to report the use of VENµS images for thermal sharpening.
Nevertheless, only an initial study was performed to explore the possibility of using
sharpening at field scale for monitoring purposes. Further research with ground data
collection is needed to explore field use limitations of this methodology, but these results
give useful insights of potential benefits of implementing the TsHARP technique as a tool
for crop stress monitoring.
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Appendix A Coordinates and Area of All Fields Selected for This Study
Table 1. List of study sites and cotton fields for all three locations.
Location

Field ID

Miller County,
Georgia
(scene 1)

1
2
3
4
5
6
7
8
9

Coordinates
31◦ 110 5300 N, 84◦ 450 4500 W
31◦ 130 300 N, 84◦ 350 200 W
31◦ 050 5500 N, 84◦ 430 2700 W
31◦ 060 3700 N, 84◦ 430 3500 W
31◦ 080 3100 N, 84◦ 360 0100 W
31◦ 070 0600 N, 84◦ 450 3400 W
31◦ 070 5000 N, 84◦ 520 2600 W
31◦ 060 2100 N, 84◦ 510 4500 W
31◦ 110 2000 N, 84◦ 450 4100 W
——————–

Area (ha)
63.03
26.21
164.40
78.93
88.44
33.14
32.30
35.68
38.20
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Table 1. Cont.
Location

Field ID

Baker County,
Georgia
(scene 2)

1
2
3
4
5
6
7
8

Union County,
Mississippi
(scene 3)

1
2
3
4
5

Coordinates
31◦ 260 1700 N,

84◦ 360 0200 W

31◦ 280 3800 N, 84◦ 390 4600 W
31◦ 260 1700 N, 84◦ 360 3800 W
31◦ 260 2700 N, 84◦ 340 3400 W
31◦ 230 5500 N, 84◦ 320 5300 W
31◦ 270 5100 N, 84◦ 280 0800 W
31◦ 280 4600 N, 84◦ 290 3000 W
31◦ 280 0100 N, 84◦ 330 2400 W
——————–
34◦ 210 4000 N, 89◦ 080 1000 W
34◦ 480 0500 N, 88◦ 560 4200 W
34◦ 240 0700 N, 88◦ 450 1600 W
34◦ 200 0400 N, 89◦ 010 2700 W
34◦ 190 5700 N, 89◦ 010 1200 W

Area (ha)
66.80
59.07
63.11
48.30
58.45
56.74
33.47
90.91
89.91
14.05
84.44
34.36
16.97
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