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Abstract

Disaggregation of land surface temperature (DLST), the aim of which is to
generate LSTs with fine resolution, has been attracting increasing attention since the
1980s. The past three decades have been witness to the emergence of DLST methods
in large numbers, the accuracies of which were often assessed by comparing the
disaggregated with fine spatial resolution LSTs using error indexes such as the root
mean square error (RMSE). However, the majority of previous error indexes are, by
their nature, insufficient for assessing the performances of DLST methods. This
insufficiency is due in part to their lower competence at distinguishing the DLST error
from LST retrieval errors and in part to their inability to remove the process controls
resulting from different thermal contrasts, temperature units, and resolution ratios
among different scenarios in which DLST is conducted. This is also because they are
unable to denote the sharpening statuses of the DLST results (e.g., under- or
over-sharpening). This status quo has made the evaluation of method performances
challenging and sometimes unreliable.

To better assess DLST method performances under diversified scenarios, we
formulated five protocols, through which a simple yet flexible index (SIFI) was
subsequently designed. The establishment of an SIFI includes the following four steps:
(1) a detail-based evaluation, which is designed primarily to exclude the impacts of
systematic deviations on estimated LSTs; (2) a Gaussian normalization, which is
primarily intended to remove the differences in temperature units and thermal
contrasts; (3) a triple comparison, with the aim of attenuating the influence of the
difference in the resolution ratio in comparisons of method performances; and (4) a

piecewise comparison, which is primarily scheduled to distinguish among the three
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sharpening statuses, under-sharpening, acceptable over-sharpening, and unacceptable
over-sharpening. The evaluation ability of SIFI was compared with those of the
RMSE, Erreur Relative Globale Adimensionnelle de Synthése (ERGAS), and image
quality index (Q) using simulation tests and actual thermal data. The results illustrate
that SIFI generally outperforms the other indexes; it is able to mitigate the impacts
from process errors and controls during evaluation and is able to indicate the
sharpening statuses accurately. We believe this new index will likely promote the

design of future DLST algorithms and procedures.
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78 1. Introduction

79 The large-scale monitoring of the thermal status of land surfaces was difficult

80  and even impossible until the advent of satellite thermal infrared remote sensing.

81  Thermal sensors enable the generation of the land surface temperature (LST) products,

82  which are instrumental to research in many disciplines (Anderson et al., 2012; Bisht et

83 al., 2005; Jiménez-Mufioz et al., 2016; Sandholt et al., 2002; Sobrino et al., 2007,

84  2012; Teggi, 2012). However, spaceborne sensors are subject to a tradeoff between

85  spatial and temporal resolutions (Zhan et al., 2013), and the spatial resolution of

86  thermal spaceborne-derived LST maps is too coarse for many applications. This

87  challenge has encouraged research on the spatial disaggregation of LST (DLST),

88  which is able to generate LST images with high spatial and temporal resolutions.

89 A quick literature survey shows that DLST has experienced phenomenal growth

90 in the past three decades, and more methods have been proposed, particularly since

91  the 2000s (Zhan et al., 2013). Most of them tried to reconstruct thermal details with

92  the aid of finer resolution data sets (e.g., data in other bands, classification maps, or

93  designed scaling factors), transform these details into thermal ones by statistical

94  inference, and finally add them to the coarse resolution LSTs (Chen et al., 2014). In

95  considering the fast dynamics of LSTs, recent developments in DLST have been

96  focused on the simultaneous disaggregation of the spatial and temporal resolutions

97  (Addesso et al., 2015; Mechri et al., 2014; Moosavi et al., 2015; Weng et al., 2014;

98 Wuetal., 2015; Zhan et al., 2016; Gao et al., 2017). It is anticipated that DLST will

99  continue to be a research focus in the foreseeable future because the resolutions of the
100  current and planned satellite thermal sensors remain far from satisfactory for the

101  relevant applications (Anderson et al., 2012; Lagouarde et al., 2013; Roberts et al.,
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2012; Teggi & Despini, 2014; Zhou et al., 2013).

As more and more DLST methods are being proposed, an index that is more
appropriate for assessing their performances under various scenarios is urgently
required. Early studies on DLST often employ conventional indexes that measure the
similarity between disaggregated and fine resolution LSTs, such as the root mean
square error (RMSE) (Agam et al., 2007) and the mean absolute error (MAE) (Nishii
et al., 1996; Stathopoulou & Cartalis, 2009). Subsequent studies also use the Erreur
Relative Globale Adimensionnelle de Synthése (ERGAS), which is able to eliminate
the resolution difference between pre- and post-disaggregation LSTs (Gevaert &
Garcia-Haro, 2015; Pardo-lguzquiza et al., 2006). In considering the documented
similarity between DLST and optical image fusion (OIF) since 2010, a few
researchers have resorted to the indexes that were designed to evaluate the OIF
algorithms. These indexes include the universal image quality index (Q) (Mukherjee
et al., 2014; Zhou et al., 2016) and the structural similarity index (SSIM)
(Rodriguez-Galiano et al., 2012), among others.

Practitioners may also turn to other advanced indexes in OIF that were recently
developed for evaluations, such as the four bands multispectral images fusion index
(Q4), the Quality with No Reference (QNR) (Vivone et al., 2014), or the combination
of various indexes (Despini et al., 2014). However, although it inherited some traits
from the OIF, DLST has differed from its counterpart in the following two regards.
First, the DLST process strictly requires that the thermal radiance of a single pixel
block at the coarse resolution should be equal to the mean thermal radiance of the
corresponding disaggregated fine resolution pixels (Liang, 2005) because its
applications are primarily quantitative, whereas spectral distortion is occasionally

tolerable in OIF (Pohl & Van Genderen, 1998). Second, fine resolution LSTs, which
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are either obtained by using thermal data from a different sensor or directly produced
by the aggregation-and-then-disaggregation strategy, are indispensable for validation
(Zhan et al., 2011). Although references from a different sensor can also help in the
evaluation of OIF techniques, they are frequently assessed by comparison with the
coarse resolution multispectral images in terms of spectral distortion and with the fine
resolution panchromatic images with respect to spatial details (Vivone et al., 2014).

Although previous indexes can be used to assess the performances of DLST
methods, they are intrinsically flawed in the following three regards. First, their values
depend on multiple errors, including those from disaggregation methods but also
those due to the preprocessing of LST, which is unrelated to the model performance
(e.g., the temperature retrieval error; more clarifications are given in Section 2.1). Any
comparison that disregards the errors due to LST preprocessing would no longer be
related to the method performances alone. Second, their values depend on multiple
controls, including that from the disaggregation method but also those related to the
thermal contrast difference and resolution gap. Finally, their values are mostly not
indicative of the sharpening statuses including under-sharpening, acceptable
over-sharpening, and unacceptable over-sharpening (more clarifications are given in
Section 2.3).

To address these issues, this work designed a new index able to better assess
DLST method performances. Followed by the clarifications of background (Section 2)
and the five protocols (Section 3) that an index should comply with, Section 4
provides the definition of this index. Sections 5 and 6 exhibit the experiment, the

results and discussion, respectively. The conclusions are finally drawn in Section 7.
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2. Background

An accurate evaluation of the method performances requires researchers to first
identify all the possible errors/controls that may affect the associated evaluation.
Generally, the overall errors of disaggregated LSTs (given as erroveran) can be
expressed as the function of the temperature retrieval errors (given as e st, including
the errors from both the original low-resolution and the reference fine resolution LST
images), the image co-registration error (given as e), and the DLST error (given as

epLst). In other words, errqyverann Can be expressed as follows:

process error  DLST error
—

erfoeran = % (€Lsr €+ Eoisr ) )
where q; is the function between erroyeran and the three types of errors. Hereafter, we
refer to the combination of e_ st and e, as the ‘process errors’ because they primarily
stem from the pre-processes that are performed before DLST is conducted (more
clarifications are given in Section 2.1).

Nevertheless, it remains unsuitable to use ep st to represent the performances of
the DLST methods because ep, st is also dependent on several other controls in
addition to the performance control (given as cpm). These controls are involved in
scenarios under which the method performance can be distorted; they include
scenarios with different thermal contrasts (given as c), temperature units (given as

Cw), and resolution ratios (given as c). Therefore, the DLST error can be given by the

following:

process control - performance
—

€st =8 (Cc Co i Crv Com ) (2)

pm
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where g is the function between the DLST error and the associated controls.

Hereafter we refer to the combination of ¢, Cyw, and ¢ as the ‘process controls’ (refer

to Section 2.2 for more details).

The above analysis indicates that the evaluation of method performances should

be conducted by c,m rather than by errqeran. In other words, the impacts from the

process errors and controls should be excluded before the precise evaluation of

method performances. In addition, the performance evaluations would be further

improved, once the sharpening statuses, including the under-sharpening, acceptable

over-sharpening, and unacceptable over-sharpening, is determined. Elaborate

interpretations of this issue are presented in Section 2.3.

2.1. Process errors

As indicated by Eq. (1) and graphically represented in Fig. 1, the overall errors

for disaggregated LSTs include both the DLST and process errors. The process errors

can be divided into temperature retrieval and image registration errors.

..................

......

co-registration

. i il anisotropic |i fine resolution : . .
digital number | . b . » disaggregation
HE correction . scaling factors
‘calibration | P P 1
i . emissivity coarse resolution estimated fine
radiance "> L —> .
: !| determination | ! LST [Sensor #1] : resolution LST
i Plank P P
¢ function :
brightness atmospheric k fme_ resolution LST A
t t i ) [simulated or from > validation
emperature correction : Sensor #2]

Fig. 1. Graphical representation of the combined temperature retrieval and DLST

processes, in which the process errors (including the temperature retrieval and

coregistration errors) and DLST errors are blended.
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The remote retrieval of the surface temperature is a complex process (Fig. 1).
Temperature retrieval errors may be directly due to noise-equivalent temperature
differences (NEAT) (Gillespie et al., 1998), or due to inaccuracies/differences in the
conversion from the digital number (DN) to the thermal radiance (i.e., the radiometric
calibration process) and then to the brightness temperature (BT) (see Fig. 1). These
types of errors depend directly on the calibration coefficients that are estimated from
calibration fields (Chander et al., 2009). For LSTs estimated from mature spaceborne
thermal sensors that have been carefully calibrated (e.g., MODerate-resolution
Imaging Spectroradiometer, MODIS), this type of error is insignificant. However, this
error is not trivial for some other spaceborne thermal sensors (e.g., early Landsat
series) (Barsi et al., 2007) or when using fine resolution LSTs (e.g., at a meter level)
as validation data, which are usually obtained from airborne thermal missions when
the calibration may not be adequately accurate (Sobrino et al., 2004).

Temperature retrieval errors may also stem from the uncertainties in the surface
thermal anisotropy, determination of emissivity, and atmospheric corrections (see Fig.
1), such as the approximate parameterizations in the mono-window or single-channel
algorithms (Qin et al., 2001; Jiménez-Mufioz & Sobrino, 2003). In this regard, these
errors reflect the accuracy of the estimation of the true LST from the thermal radiance.
Being subject to the inaccurate parameterization of atmospheric thermal radiation, the
problems in estimating the emissivity, and the surface thermal anisotropy, the errors
are usually lower over relatively homogeneous surfaces (approximately 0.5 to 2.0 K)
but considerably higher over heterogeneous terrains (Li et al., 2013). These errors
may be much greater over urban areas (reaching 5.0 K or more) due to significant

urban thermal anisotropy (Lagouarde et al., 2010).
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Errors due to inaccurate temperature retrieval errors are primarily linear and
systematic, i.e., the retrieved LSTs compared with the ground truth are systematically
higher or lower, with a small portion of errors being nonlinear and random. For
example, systematic deviations may occur between the coarse LSTs to be
disaggregated and the reference finer resolution LSTs come from other sources
(Merlin et al., 2010; Bechtel et al., 2012; Zaksek et al., 2012; Zhou et al., 2015).
Errors due to inaccurate calibration are linear because the calibration process itself is
often conducted through a linear function (Chander et al., 2009). Errors caused by
surface thermal anisotropy are typically systematic for neighboring pixels once the
accompanying land cover types are similar, but they may become random for nearby
pixels with different land cover types (Lagouarde et al., 2010). Errors caused by
inaccurate atmospheric thermal parameterizations are also primarily systematic,
because the reflected downward and/or upward atmospheric thermal radiance can be
under or over corrected (Li et al., 2013). By comparison, errors that are attributable to
inaccurate emissivity depend on the associated estimation process, and these errors
can be either systematic or random.

We should note in particular that co-registration errors might also be
incorporated into the evaluation of the DLST methods. These errors are derived from
the mismatch among the coarse resolution LSTs, the fine resolution scaling factors,
and the fine resolution LSTs used for validation (see Fig. 1). Errors due to this type of
mismatch (i.e., inaccurate coregistration) depend on the practitioner and are highly
nonlinear and random. These errors are difficult to quantify and even more difficult to
suppress before the evaluation of the method performances. More discussions on this

issue are further provided in Section 6.4.
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2.2. Process controls

As indicated by Eq. (2), process controls can also distort the performance
evaluation, and they usually include the thermal contrast control (c), temperature unit
control (cy), and resolution ratio control (c).

First, a DLST may be performed over different areas with a great variety of
thermal contrast. For example, an RMSE of 1.5 K for a method that is applied over
urban areas with high thermal contrast vs. a value of 1.0 K for another method over
vegetated areas does not necessarily indicate that the 1.5 K RMSE method performs
worse than the other one. Any index that disregards ¢, would no longer be indicative
of the method performance. Second, a DLST may be just as well implemented at three
levels with different units, including the digital number (DN, no unit) level (Liu and
Moore, 1998; Zhukov et al., 1999), the radiance (unit: W-mum™-sr™) level (Liu and
Zhu, 2012), and the temperature level with centigrade (°C), Fahrenheit (°F), or Kelvin
(K) degrees as its units (Zhan et al., 2013). The index values should be comparable
when DLST is performed at all these levels. Third, DLST may be further conducted
with different resolution ratios between pre- and post-disaggregation LSTs. The
resolution ratio usually ranges from several times (e.g., from ~100 to 30 m for the
downscaling of Landsat thermal images) (Gao et al., 2017) to as large as several tens
of times (e.g., from ~5,000 to 100 m for the downscaling of geostationary thermal
images) (Bechtel et al., 2012). Given the identical RMSEs for these two cases, it is
understandable that the method performance for the former case will be worse than
the latter. Any index that disregards c, will be uninformative regarding the method

performance.
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267  2.3. Sharpening statuses

268 In general, DLST is used to try to generate fine resolution LST; it can also be
269  perceived as a process that adds thermal details to the background low-resolution

270  LSTs (Chen et al., 2014). Through a DLST method, the added thermal details may be
271  less than or more than needed. In addition, the added thermal details may be ‘much
272  more’ than needed, making the disaggregated LSTs even further away from the

273  reference fine resolution LSTs than the background low-resolution ones. This scenario
274  may sometimes be acceptable for image fusion that aims for target detection, but it is
275  unacceptable for DLST because the application of LSTs is primarily quantitative (e.g.,

276  surface flux estimation).

277
Aie] MUBO) . ~
: ____________ m(r,b) ) " b,=27r-b
O, b ’do or .dl ih, R
m(d,b) ml(d, ) sharpening
------------------- D B bty statuses
under-sharpening acceptable over-sharpening unacceptable
m(d,b) < m(d,b,) m(d,b) > m(d,b,) over-sharpening
B nm(d,b) < m(b,b,) Nm(d,b) < m(b,b,) m(d,b) = m(b,b,)
A [ ] |
‘d
*a;
.- Y O A
E
=
g
= =
b dy r dy b, ds
278

279  Fig. 2. Conceptual description of the three sharpening statuses (A). The coarse

280  resolution, disaggregated, and fine resolution LST images are denoted by the three
281 dotsat b, d, and r, respectively. In the coordinate axis that starts at O, b and r remain
282  constant for a single DLST process while d can be located at any point on this axis

283  depending on the specific DLST method. do, d;, and d, represent the
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under-sharpening, acceptable over-sharpening, and unacceptable over-sharpening
cases, respectively. by is the mirror image of b when using r as the center of symmetry,
and it can be estimated by finding 2r — b. m(-) is a distance metric between two LST
images, and it corresponds to the RMSE when the Euclidean distance is used . A
simple graphical illustration of the sharpening statuses is further provided in (B),
where it is assumed that a single LST pixel is divided into four pixels with different

LST values.

We therefore provide the three possible sharpening statuses for the DLST (see

Fig. 2), including the under-sharpening (corresponding to do), acceptable

over-sharpening (corresponding to d;) and unacceptable over-sharpening

(corresponding to d,). Note that the sharpening statuses in Fig. 2 is displayed in a

single dimension of thermal details. Please refer to Appendix A for the description of

the sharpening statuses at higher dimensions.

(1) Under-sharpening: This term signifies that generally less thermal details are
added to the coarse resolution LSTs than needed. In this case, the distance
between d (i.e., the disaggregated LSTs) and b (i.e., the background
low-resolution LSTS) is shorter than that between d and b (i.e., the mirror image
of b) and shorter than that between b and by, i.e., m(d, b) <m(d, b;) & m(d, b) <
m(b, by) (see Fig. 2A), where m(*) is the distance between the two associated LST
images.

(2) Acceptable over-sharpening: This term implies that more thermal details are
added than needed, but these redundant details remain tolerable. In this case, the

distance between d and b is greater than that between d and by, whereas they are
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still lower than that between b and b,: m(d, b) > m(d, b;) & m(d, b) <m(b, b;)
(see Fig. 2A).

(3) Unacceptable over-sharpening: This status suggests that DLST fails, not just
because there are more added thermal details than necessary, but because they
also lead to a situation in which the disaggregated LSTs are further away from
the fine resolution ones when compared with the original background
low-resolution LSTs. In other words, the post-disaggregation results are even
worse than the pre-disaggregation ones, a consequence that is intolerable for the
quantitative applications of DLST. In this case, m(d, b) > m(b, by) (see Fig. 2A).
Note that under-sharpening and acceptable over-sharpening are divided by the

reference fine resolution LST image (r), while acceptable and unacceptable

over-sharpening are separated by the mirror image of the background LSTs (i.e., by).

Herein, by is defined as the mirror image of b with r as the center of symmetry. In

other words, the addition of b and by is equal to 2r (b + b, = 2r). Physically, the

sharpening is no longer tolerable once the disaggregated LSTs possess more thermal
details than b, does because in this case the disaggregated LSTs are less quantitatively

accurate even when compared with b (see Fig. 2).
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3. Protocols and clarifications for designing a DLST index

A majority of the previous DLST studies used error indexes (e.g., the RMSE),
which is commonly directly estimated on the basis of the disaggregated LSTs and the
reference fine resolution LSTs to evaluate the performances of the proposed DLST
methods (Agam et al., 2007; Zhou et al., 2016). However, the aforementioned analysis
shows that, without carefully differentiating the process errors, process controls, and
sharpening statuses, the evaluation of the method performances by error indexes such
as the RMSE may be inaccurate or even misleading. According to the analysis in
Section 2, we propose that a suitable intercomparison index should comply with the

following protocols:

PTL #1: The index should simultaneously measure how much the disaggregated LSTs
are similar to the fine resolution LSTs as well as how much the
disaggregated LSTs are different from the original (i.e., coarse) LSTs.

PTL #1 is adopted with adaptations from Wald et al. (1997) in which ‘any
synthetic image should be as identical as possible to the multispectral set of images
that the corresponding sensor would observe with the high resolution’. In PTL #1, the
similarity between the disaggregated and reference fine resolution LSTs (i.e., a
pairwise comparison) can be evaluated by distance measures (e.g., the RMSE and
MAE). Nevertheless, it remains insufficient to only measure this similarity between
the disaggregated and reference LSTs using indexes such as the RMSE because the
RMSE can be low, indicating that a high accuracy is achieved, even if the actual
DLST procedure fails. For instance, the m(do, r) may remain small, even if dy = b (i.e.,
DLST fails or no DLST has been conducted), because the m(b, r) could already be
small (see Fig. 2). In other words, the RMSE between the disaggregated and fine

resolution LSTs may remain small when no or very few (i.e., under-sharpened)
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372

thermal details are added to coarse LSTs because in many cases, the RMSE between
the coarse and fine resolution LSTs is already small (e.g., less than 2.0 K). Therefore,
the dissimilarity between the disaggregated and coarse resolution LSTs also requires

special consideration.

detail-based triple
evaluation g4(x) comparison gi(x)

PTL#1 > PTL#2—>»|PTL#3—» PTL# —>|PTL#5
| | |
L 2
Gaussian piecewise
normalization g,(x) comparison gp(x)

Fig. 3. The five protocols (PTLs) and the associated strategies used to design a
suitable index for assessing the DLST results. ga(x), gn(X), 9:(X), and gp(x) represent
four functions (or procedures) that characterize the detail-based evaluation, Gaussian
normalization, triple comparison, and piecewise comparison required by PTLs #2 to

#5.

PTL #2: The index should be independent of the temperature retrieval errors.
PTL #2 addresses temperature retrieval errors and it demands a detail-based
evaluation as well as Gaussian normalization for the index design, which are given by

the following equations, respectively:
gy (X) =X—X (3)
9, (%) = (x—p) -, (4)
where gq(X) and gn(x) are the two functions denoting the detail-based evaluation and

Gaussian normalization, respectively; x and X are the fine resolution LST images
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and their aggregated ones at the coarse resolution; and ux and oy, are the mean and
standard deviation of LST images. It is notable that oy, rather than the standard
deviations of d and r, is used uniformly for these three LST images because the latter
two standard deviations are more sensitive to outliers.

As analyzed in Section 2.1, most of the temperature retrieval errors are linear and
systematic. On one hand, the detail-retrieval process expressed by Eqg. (3) is able to
remove most of the systematic errors due to imprecise atmospheric thermal correction
and locally systematic errors due to surface thermal anisotropy as well as a part of the
errors due to inaccurate emissivity determinations. It is reasonable that temperature
retrieval errors caused by these factors can be suppressed by subtracting the
corresponding aggregated LSTs at coarse resolution because LST estimations due to
such factors are systematically higher or lower for adjacent pixels. On the other hand,
the Gaussian normalization given by Eqg. (4) is able to eliminate the linear errors due
to inaccurate calibration because this type of normalization is invariant in response to

linear transformations. The strict proof is provided in Appendix B.

PTL #3: The index should be comparable when DLST is performed among areas with
different LST contrasts, and it should be comparable when DLST is
performed using different types of temperature units.

PTL #3 addresses the thermal contrast control (c) and temperature unit control
(cw). In addition to being able to remove a part of the temperature retrieval errors, the
Gaussian normalization g,(x) given by Eq. (4) is expected to be capable of
suppressing ¢y, because the temperature unit conversion (e.g., from K to °C and to °F)
is linear. The Gaussian normalization is also able to suppress ci. once the standard
deviation of an image is used to represent its thermal contrast (Wang & Bovik, 2002).

Note that ERGAS, with its expression given in Section 5.3, also possesses a
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normalization factor (i.e., the mean of each band). However, it is unable to address the
fully linear unit conversion with both the gain and offset (e.g., from K to °C) as well
as the dissimilar scenarios with LST contrast differences, e.g., between the highly

heterogeneous urban surfaces and relatively homogeneous cultivated lands.

PTL #4: The index should be comparable when DLST is performed with different
resolution ratios between pre- and post-disaggregation LSTSs.

PTL #4 addresses the resolution ratio control (c,). A triple comparison function
among the coarse (b), disaggregated (d), and reference fine resolution (r) LSTs can
suppress Cr, Which is given as follows:

g,(b,d,r)=m(d,r)/m(d,b) (5)
where gi«(-) denotes the triple comparison function; and m(-) is a distance metric
between two LST images, and it corresponds to the RMSE when the Euclidean
distance is used. In two disaggregation cases when the m(d, r) remain the same but the
in-between resolution gaps are different, it is reasonable that the case with a larger
resolution gap indicates a better model performance. Eq. (5) is efficient at suppressing
Crr in such cases. This is because the specific case with a larger resolution gap also
likely suggests a higher m(d, b), and with the division given by Eq. (5), the resulting
gi(+) will decrease, consequently indicating a better performance. Note that g(-)
physically measures the similarity between d and r as well as the dissimilarity

between b and r and it is thus related to PTL #1.

PTL #5: The index should be indicative of the sharpening status.

PTL #5 addresses the sharpening statuses. As illustrated in Section 2.3, the
differentiation among the three sharpening statuses requires a piecewise function that
considers the position of d on the axis shown in Fig. 2A, with do, d;, and d, denoting

the under-sharpening, acceptable over-sharpening, and unacceptable over-sharpening,
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respectively. In combining Eq. (5) as required by PTL #4, we provide the following

piecewise function to satisfy PTL #5:

m(d,r)/m(d,b), d=d,, m(d,b)<m(d,b.)Nm(d,b) <m(b,b,)
g,(b,d,r)=4-m(d,r)/m(d,b,), d =d,, m(d,b)>m(d,b)m(d,b) <m(b,b,) (6)
NaN, d =d,, m(d,b)>m(b,b,)

where gp(*) is the piecewise function; NaN indicates that the disaggregated LSTs are
unacceptable for quantitative applications. Note that (1) for the acceptable
over-sharpening, m(d, by) rather than m(d, b) is used as the division factor, aiming at
weighting do and d; equally once they have the same distance away from r; and (2)
the minus symbol when d = d; is used to differentiate the acceptable over-sharpening

from the under-sharpening.
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4. Definition

4.1. Standard definition

Using guidance from the proposed protocols, we were able to design a simple yet
flexible index (known as the SIFI hereafter) to assess the performances of the DLST

methods. Its standard definition is given as follows:

m(D,R)/m(D,B), m(D,B)<m(D,B,)m(D,B)<m(B,B;)
SIFI=<—-m(D,R)/m(D,B;), m(D,B)>m(D,B;)\m(D,B) <m(B,B;) (6)
NaN, m(D, B) >m(B, By)

where B, D, and R are the three variables that correspond to the background coarse
resolution (b), disaggregated (d), and reference fine resolution (r) LSTs, respectively;
and Bg is the mirror image of B that use R as the center of symmetry, i.e., Bg = 2R — B.

They are obtained by using following equations:

x = gn (gd (X))
{gd(X)=X—Y; @)
9,(X) =(X—p,)-0p"

where X denotes B, D, or R, while x denotes b, d, or r; and gq(x) and gn(x) and their
associated variables are well explained in the text subsequent to Egs. (3) and (4). The
piecewise functions given by Eq. (6) represent the under-sharpening, acceptable
over-sharpening, and unacceptable over-sharpening, respectively.

From Eg. (6), one can infer that the SIFI ranges from negative to positive infinity.
SIFI approximates to zero once the disaggregated LSTs are close to the fine resolution
LSTs (i.e., m(D, R)—0). The SIFI becomes very large when few thermal details are
added — disaggregated LSTs are relatively close to (but not completely equivalent to)
the coarse LST (i.e., m(D, B)—0). The SIFI then becomes negatively large when more

thermal details than needed have been added — disaggregated LSTs are close to the
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mirror of the coarse LSTs (i.e., m(D, Bgr)—0). The SIFI is assigned as ‘NaN’ when
redundant details (that would make the DLST fail) have been added (i.e., m(D, B) >
m(B, Bg)). In general, the variation in SIFI is continuous for the under-sharpening and
acceptable over-sharpening (refer to Fig. 5 for more visual illustrations); it becomes
discontinuous for unacceptable over-sharpening by setting its value as NaN. From Eq.
(7), one can also infer that for the under-sharpening, the smaller the SIFI values, the
better the DLST results, while this phenomenon is reversed for the acceptable
over-sharpening. Note that m(D, B) will always be greater than zero because at least
‘some’ details may be added by the DLST process. In addition, this study calculates
the distance metric m(-) between two LST images in a global fashion, i.e., only a
single distance value is estimated for an entire image. More discussions on the

moving window based calculation m(+) for two images are provided in Section 6.4.

4.2. Simplifications under specific conditions

The following simplifications can only be justified under particular conditions,
and researchers should use Egs. (6) and (7) to calculate the SIFI when the following
conditions/assumptions are not satisfied. First, in considering that the statistical
downscaling method is regularly used for DLST (Zhan et al., 2013) and the
relationships between the coarse resolution LSTs and scaling factors are usually less
represented by the statistical downscaling methods, under-sharpening (i.e., the added
thermal details are insufficient) appears more frequently than the other two statuses.
Second, the Euclidean distance (i.e., the RMSE) is usually considered the most
frequently used similarity metric (More discussions on the use of distance metrics

other than the RMSE are provided in Section 6.4). When the over-sharpening does not
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occur and the Euclidean distance is employed, the SIFI given by Eq. (6) can be
simplified into the following equation:
SIFI=RMSE(D, R) -[RMSE(D, B)]™* (8)
Once the fine and coarse resolution LSTs are also coming from an identical
source, i.e., the disaggregated LSTs are validated by the
aggregation-and-then-disaggregation strategy, then the SIFI given by Eq. (8) can be

further deduced into the following:

opy - RMSE(d,r) _ JE[(d —1)’] 9)
RMSE(b,d) . /E[(b-d)’]

where E(+) denotes the expectation. Please refer to Appendix C for the proof of the

simplification from Eq. (8) to (9). Note that the aggregation-and-then-disaggregation
strategy may be feasible for the development of new algorithms, but the aim of the
DLST is to generate finer-resolution LSTs. For the validation of disaggregated results
by fine resolution LSTs from another source, researchers should use the complete

form, i.e., Egs. (6) and (7), rather than Egs. (8) or (9), to calculate the SIFI.
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5. Experiments

5.1. Datasets and utilities

Two study areas with different surface landcover types were selected (Fig. 4).
The first test site, which is labeled BJM, is situated in the northwestern part of the
Beijing Metropolis (39°3°6°N —40°4°33”’N; 115°5°24”E — 116°3°40”E). The BJM
consists of a mixture of urban, rural, and mountainous surfaces. This site was chosen
mostly because of its high heterogeneity, which makes it appropriate for testing model
performances. The other site, which is labeled HNP, is located in the Henan Province
(34°0°44”N — 34°7°60°N, 114°0’17”E — 115°0°22”E), and it corresponds to an area
covered by fallow field, wheat paddock, and small towns, with a substantially flat
terrain. We chose the HNP because the DLST over rural areas is one of its most

important applications (Agam et al., 2007; Bindhu et al., 2013).

ing Metropolis

(BJM)

Fig. 4. Geographical location of the two test areas. (a) shows the region over North
and East China; (b) demonstrates the northwestern section of the Beijing Metropolis
(BJM), as represented by indicating the ASTER bands 3, 2, and 1 as the red, green,
and blue channels, respectively; and (c) describes a typical area in central Henan

Province (HNP), as provided by indicating TM bands 4, 3, and 2 as the associated
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channels. The spatial resolutions of (b) and (c) were both aggregated to 200 m from

their original resolutions.

To validate SIFI in its ability to attenuate the impacts, process errors and controls
on the evaluation of the method performances, three datasets captured from three
satellite sensors were prepared. The first dataset was acquired by Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) at the BJM on
August 31, 2004. This dataset includes the spectral reflectance and the associated LST
product (ASTO08, with the spatial resolution of 90 m). The original LSTs (90 m) were
aggregated into coarse resolutions, on grids of 100, 200, 400, 800, and 1000 m. The
second dataset was obtained by MODIS. It was acquired simultaneously with the
ASTER data, and it primarily includes the MODIS LST product (MOD11A1, with a
resolution of 1000 m). The third dataset was acquired by the Thematic Mapper
(Landsat-5) at the HNP on September 22, 2009. The associated LSTs (with a
resolution of 120 m) were retrieved by the mono-window algorithm (Qin et al., 2001)
and were further aggregated into coarse resolution datasets, on grids of 200, 400, 800,
and 1000 m.

To validate the SIFI’s ability to remove the temperature retrieval errors (for PTL
#2), the upscaled ASTER LSTs at a resolution of 1000 m were systematically shifted
by a constant value (including 1.0, 2.0, and 3.0 K) and were then disaggregated into
200 m, which was then compared with the upscaled ASTER LSTs at 200 m. In
addition, the MODIS LSTs at 1000 m were also disaggregated into 200 m and were
referenced to the upscaled ASTER LSTs at 200 m. To illustrate the SIFI’s
independence from the thermal contrast control (for PTL #3), the upscaled ASTER

and TM LSTs at 1000 m over both the BJM and HNP, where the thermal contrasts
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differ, were disaggregated into 200 m and compared with the corresponding reference
LSTs at 200 m. To show the SIFI’s competency at excluding the temperature unit
control (for PTL #3), the upscaled 1000-m TM (band 6) thermal radiance (unit:
W-m%pm™srt) and LSTs (unit: K) were both disaggregated and compared with the
reference 200-m radiance and LSTs, respectively. To show the SIFI’s ability to
attenuate the resolution ratio control (for PTL #4), the upscaled ASTER LSTs at 1000,
800, and 400 m were disaggregated into 200 and 100 m and compared with the
reference fine resolution LSTs. To show the SIFI’s ability to interpret the sharpening
statuses (for PTL #5), the upscaled ASTER LSTs at 1000 m were also disaggregated

into 200 m using various DSLT methods.

5.2. Generation of a series of DLST methods

The performances of the DLST methods primarily depend on the chosen scaling
factors and regression tool as well as the window size used for regression (Zhan et al.,
2013). This study employed a series of scaling factors and moving window sizes to
generate a large number of DLST methods with different performances, while the
regression tool was kept unchanged during the evaluation process, and it was
designated the quadratic function (Kustas et al., 2003). We acknowledge that
advanced regression tools, such as the support vector machine, are usually able to
produce better disaggregation results than simple polynomial functions
(Keramitsoglou et al., 2013; Ghosh & Joshi, 2014). Nonetheless, the aim of this
article is to evaluate method performances rather than to develop high-accuracy
methods.

The following scaling factors or their combinations were used: the normalized

difference water index (NDW!I) (McFeeters, 1996), the panchromatic band (Liu &
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Moore, 1998), the normalized difference vegetation index (NDVI) (Kustas et al.,
2003), the vegetation fraction (f,) (Agam et al., 2007), the emissivity (¢) (Nichol,
2009), the product f, ¢ (Stathopoulou & Cartalis, 2009), the albedo (Dominguez et al.,
2011), the normalized multi-band drought index (NMDI) (Liu & Zhu, 2012), the
normalized difference built-up index (NDBI) (Wang et al., 2014), and all
multi-spectral bands of ASTER or TM (Ghosh & Joshi, 2014). With the local
regression strategy (Gao et al., 2017), the moving-window sizes ranging from 3x3 to

21x21 pixels were employed.

5.3. Validation strategy

Three indexes commonly used for assessments were employed for comparison.
They were the RMSE, ERGAS, and Q, with ERGAS and Q being calculated using the

following equations:

ERGASleO-(Lr/Lb).\/@
4 10

Q =40y, typt, (o3 +07) " (" + 44.7)
where Ly and L, are the spatial resolutions of the background coarse resolution LSTs
(i.e., b) and the reference fine resolution LSTs (i.e., r); oqr iS the covariance between
the disaggregated LSTs (i.e., d) and r; uq and x4, are the associated means; and o4 and
oy are the associated standard deviations. For the RMSE and ERGAS, their values
range from zero to positive infinity, in theory. Their values are zero once the best
results have been achieved, while their values become greater with poorer results. For
Q, its values change from -1.0 to 1.0, with 1.0 indicating the best obtained results
(Wang & Bovik, 2002). This study did not consider the mean absolute error (MAE)

and the structural similarity index measure (SSIM) that were used for DLST
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(Rodriguez-Galiano et al., 2012) because these two factors have a parallel
performance with the RMSE and Q, respectively.

We used three strategies to validate the feasibility of the SIFI. The first was
through simple mathematical simulation tests that only include a small number of
pixels (refer to Section 6.1); the second was by using actual thermal data (refer to
Section 6.2); and the third was through conceptual comparisons of the functionality
and design philosophy among different indexes (refer to Section 6.3). Validations
based on real thermal data can be further divided into two relatively separated parts.
In the first part, different indexes were compared under scenarios that correspond to
the proposed protocols (refer to Sections 6.2.1 to 6.2.4). The second part (refer to
Section 6.2.5) compared the different indexes through human visual interpretations
(HVIs). The HVI has been demonstrated to be plausible and is widely recognized to
obtain a relatively accurate image quality from the human visual perspective (Wang &
Bovik, 2002). Twenty-two graduate students majoring in remote sensing were
recruited and subsequently asked to assign ranks independently for a group of
disaggregated LST images (the image with a better quality has a higher score). The
quality of a specific LST image was then calculated by averaging all 22 ranks for this
specific image. According to the calculated image qualities, the HVI ranks of a series
of LST images were finally designated using positive integers, with the higher rank

indicating the better disaggregation result.
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6. Results and discussion

6.1. Comparisons based on simple simulation tests

To explain the differences among the RMSE, ERGAS, Q, and SIFI, we present
two simple simulation tests here. In the first test, let us consider a single pixel to be
disaggregated into half its original resolution, i.e., this pixel is disaggregated into four
subpixels (Fig. 5). Let us further assume that the coarse pixel has an LST value of 302
K, while the values of the four subpixels, from left to right and from above to below,
are 302 — a, 302 + a, 302 + a, and 302 — «a (unit: K; a > 0, and it reflects the added
thermal detail), with 301, 303, 303, and 301 K being the actual values. The variations

in the RMSE, ERGAS, Q, and SIFI as a function of « are provided in Fig. 5.

acceptable unacceptable
‘ | 4 under—sharpenlng over sharpenlng over—sharpenlng
302 | a0z || 4 — —RMSE ——SIFI
oo L i: —-—-ERGAS ----Q
302 302 | 7] {ERGAS =50-|a +1]
‘ ) .
T I3 :
3020|302+ | o 21 ;RIVISE:|G :1‘,-
di-—————1 x .-
302+C(;302-Q : -8 1 T T T TTTTTNT " R T S = - - e e L af'"( """""""""""
‘ = =~ b L L
\ [ .7 - : 24
3011303 [| Qe g Q=21 ,,,,,,,
rt-—+--41  IsiFl § a
303 | 301 ||
I | -1 I 1 1 s I 1 1 I
00 04 08 1.2 16 20 24 28
a(K)

Fig. 5. Variations in the RMSE, ERGAS, Q, and SIFI as a function of the added
thermal detail (quantified by «). b, d, and r represent the original coarse resolution,

disaggregated, and reference fine resolution LSTs (unit: K), respectively; together,
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they represent a simple DLST process in which a single pixel is disaggregated into

four subpixels.

This simulation test shows that the natures of the RMSE and ERGAS are similar.
Their values both decrease when 0.0 < « < 1.0 and increase when 1.0 < a < +oo, and
they are both axisymmetric with regard to a = 1.0. Q increases from zero to 1.0 when
0.0 < @< 1.0, while it decreases, but in a smoother way, from 1.0 to zero when 1.0 <
a < +oo, indicating its asymmetry with regard to « = 1.0. By comparison, the SIFI
changes from positive infinity to zero (0.0 < a < 1.0) and then to negative infinity (1.0
< a < 2.0). SIFl is centrosymmetric when 0.0 < a < 2.0 but is set as NaN when a > 2.0.
When compared with the RMSE, ERGAS, and Q, the SIFI differ in the following
three regards: first, when compared with Q, the symmetry of SIFI, RMSE, and
ERGAS shows that SIFI assigns more importance to the quantitative differences
between LST images. Second, the values of the three commonly used indexes are
unable to indicate the sharpening statuses; however, the calculated SIFI is capable of
this type of indication. The background LSTs have been under-sharpened when 0.0 <
a < 1.0 (SIF1 > 0.0), acceptably over sharpened when 1.0 < a < 2.0 (SIFI <0.0), and
unacceptably over-sharpened when a > 2.0 (SIFI = NaN). Third, SIFI is especially
sensitive to the case in which DLST is poorly performed because its value rapidly
increases when « is close to zero or two, indicating that SIFI would be more suitable
for differentiating poor disaggregation results from minor in-between differences.

In the second test, let us consider two pixels to be disaggregated into half of their
original resolutions. Two coarse resolution LSTs are disaggregated into eight fine

resolution LSTs. The pixel values of the original coarse resolution, disaggregated, and
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reference fine resolution LSTs are shown in Fig. 6, where ¢ is a variable that reflects

the thermal contrast between these adjacent coarse resolution pixels.

|
300 | 300 299 | 301 208 | 302 | | 0 RMSE=1 S s
b——t—= f--t-=o f--4--d 1@ T S SIF=1
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Fig. 6. Variations in the RMSE, Q and SIFI as a function of the thermal contrast
between two adjacent pixels, which is represented by ¢ (unit: K). b, d, and r are the
original coarse resolution, disaggregated, and reference fine resolution LSTs,

respectively.

The simulation results in Fig. 6 illustrate that Q is a function of J, while RMSE
and SIFI are identically equal to 1.0. Here, the ERGAS is not included due to having
similar properties to the RMSE in this case. These simulations again indicate that SIFI
and RMSE are more highly related to the absolute quantitative differences between
images, while Q varies with the thermal contrast 6. For the assessment of images
quality that is specifically perceived through human visualization, the quantitation
property (the absolute difference between images) is sometimes unimportant because
it will not affect the human interpretation of images (Wang & Bovik, 2002). However,
the DLST as commonly shown is used to assist the detailed analysis of the associated
quantitative applications such as the upscaling of in situ data to the pixel level, urban
thermal environment mapping (Zhou et al., 2013), or evapotranspiration estimation

(Anderson et al., 2012). These applications require that an index should remain
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671  consistent even if the thermal contrast among adjacent pixels varies. From this

672  viewpoint, an index is applicably better when it is invariant with the thermal contrast,
673  and therefore the RMSE and SIFI in this case are more suitable than the Q for

674  quantitative applications of DLST.

675
676 6.2. Comparisons based on real thermal data

677  6.2.1. Scenario 1 corresponding to PTL #2

678 Under this scenario, the capabilities of RMSE, ERGAS, Q, and SIFI are

679  compared when there are temperature retrieval errors (corresponding to PTL #2).

680  Table 1 offers the index values for the cases with various systematic LST retrieval
681  errors. The results show that RMSE and ERGAS vary according to the added

682  systematic error (A), and specifically, the RMSE increases from 2.17 to 3.73 K for
683  Cases #1 to #4, while the Q and SIFI remain unchanged for these four cases. This
684  finding demonstrates that the RMSE and ERGAS highly depend on systematic

685  temperature retrieval errors, while Q and SIFI are insensitive to such an error. These
686  results reveal that Q and SIFI are better for evaluating model performances than

687 RMSE and ERGAS because model performances should have been unrelated to the A
688  (i.e., temperature retrieval error). The less feasibility by RMSE and ERGAS is also
689  evident by comparing Cases #3 and #5, wherein RMSE and ERGAS are consistent. In
690 theory, the performance should have been worse in Case #5 than that of Case #3

691  because the scaling factor used for Case #5 is from ASTER, which has co-registration
692  errors with MODIS LST, making the DLST method for Case #5 not well.

693

694  Table 1. Comparisons of index values when biases in temperature retrieval occur.
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Cases™ TOD** RMSE (K) ERGAS Q SIFI

#1 AST+0 2.17 0.14 0.88 1.06
#2 AST +1 241 0.16 0.88 1.06
#3 AST +2 2.98 0.19 0.88 1.06
#4 AST +3 3.73 0.24 0.88 1.06
#5 MOD 2.98 0.19 0.82 2.31

* Cases #1 to #5 all used a completely consistent DLST approach with the NMDI as
the scaling factor and 7x7 as the moving window size. LSTs were all disaggregated
from 1000 to 200 m over the BJM.

** TOD stands for ‘type of data’. For ‘AST + A’, the 1000-m LSTs were upscaled
from the 200 m ASTER/LSTSs, while the validation data were the combination of the
200-m ASTER/LSTs and a systematic error of A (unit: K). For ‘MOD”’, the 1000-m
LSTs were the MODIS/LSTs, while the validation data were the 200 m

ASTER/LSTSs.

6.2.2. Scenario 2 corresponding to PTL #3

Under this scenario, the indexes are compared when the thermal contrast and
temperature units differ (corresponding to PTL #3). The index values over areas with
different thermal contrasts are provided in Table 2. The results include three pairs
(Cases #1 and #2, Cases #3 and #4, and Cases #5 and #6), each having an identical
RMSE by using different combinations of scaling factors and moving window sizes.
For each pair, the RMSE and ERGAS have almost identical values, whereas the Q or
SIFI show a different behavior. The Q and SIFI values indicate that the disaggregation
over the region with a higher thermal contrast (i.e., the BJM, and its thermal contrast
defined by standard deviation is 4.4 K) achieves a better result. This interpretation is

reasonable because the specific DLST method should possess a better performance
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over the regions with higher thermal contrasts once the associated RMSE remains
unchanged, e.g., the RMSE is 1.38 K for Cases #1 and #2. In other words, when using
absolute distances between disaggregated and fine resolution LSTs, RMSE and
ERGAS tend to overestimate the model performance over relatively homogeneous
regions with a lower thermal contrast, while they underestimate the performance for
heterogeneous regions.

The temperature levels considered here include the at-sensor radiance (unit:
W-m?pm™sr') and the LST in Kelvin units. The DN and at-sensor brightness
temperature levels were excluded because they have a very significant linear
relationship with the radiance (Barsi et al., 2007), and the LST values in Celsius and
Fahrenheit were excluded due to their linear relationship with the LST in Kelvin. The
results in Table 3 illustrate that the RMSE and ERGAS vary greatly with the
temperature level (unit), whereas the Q and SIFI values show small differences.
Despite behaving differently at different levels, in practice, the performance of a
certain DLST method should not be significantly altered among these levels. These
results suggest that the RMSE and ERGAS are inappropriate for this type of

assessment, while the latter two indexes are a better option.

Table 2. Comparisons of index values over areas with different thermal contrasts.

contrast ** RMSE

Cases* region ERGAS Q SIFI
(K) (K)

#1 BIM 4.4 1.38 0.09 0.95 0.69

#2 HNP 15 1.38 0.09 0.56 1.30

#3 BJM 4.4 1.44 0.09 0.95 0.71

#4 HNP 1.5 1.44 0.10 0.47 1.40

#5 BJM 4.4 1.58 0.10 0.94 0.79
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#6 HNP 1.5 1.58 0.10 0.60 0.93

* Cases #1 to #6 used six different DLST methods considering ASTER band 9, NDVI,
NDVI, f,-e, ASTER band 5, and TM band 4, respectively, as the scaling factor and
considering 11x11, 9x9, 21x21, 7x7, 9x9, and 7x7 as the moving window size,
respectively. LSTs were all disaggregated from 1000 to 200 m.

** The thermal contrasts for the BJM and HNP, as represented by the standard

deviation (o), are 4.4 and 1.5 K, respectively.

Table 3. Comparisons of index values with different temperature units.

Cases* unit RMSE ERGAS Q SIFI
#1 W-m™-um™sr 0.13 0.34 0.62 1.98
#2 K 1.15 0.08 0.64 1.85
#3 Wem™-pm™®srt 0.14 0.34 0.57 2.60
#4 K 1.19 0.08 0.56 2.40

* Cases #1 and #2 used a completely consistent DLST approach with NDVI as the
scaling factor and 21x21 as the moving window size, while the DLST approach for
Cases #3 and #4 was using vegetation fraction as the scaling factor and 21x21 as the
moving window size. The disaggregation was performed for the same LST image

over the HNP; and LSTs were all disaggregated from 1000 to 200 m.

6.2.3. Scenario 3 corresponding to PTL #4

Under this scenario, the indexes are compared when the resolution gap between
the background coarse resolution and reference fine resolution LSTs changes
(corresponding to PTL #4). A comparison of the index values when the DLST
methods are performed with different initial and target resolutions is presented in

Table 4, where the target resolution for Cases #1 to #3 is 100 m, while it is 200 m for
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Cases #4 to #6. Different DLST methods, each with a particular scaling factor and
moving window size, are considered so that the RMSEs between the disaggregated
and the fine resolution LSTs are approximately equivalent or even identical (see Table
4). This type of setting suggests that the image quality of the disaggregated LSTSs is
similar when taking the RMSE as the error index. However, this result is problematic,
when considering that the target resolution is kept unaltered but the initial resolutions
changes. Indeed, we expect that the method with the largest resolution gap should
have the best performance for the DLST methods. Q has a similar behavior with
RMSE in that it hardly changes for all the cases.

Instead, the ERGAS is suitable for these model performance evaluations by
considering the spatial resolutions of the pre- and post-disaggregated values (Wald et
al., 1997). This idea is as well evidenced by Table 4; with the same RMSE and target
resolution, the case with a larger resolution gap points to a better model performance,
which is confirmed by the ERGAS values. Note that the SIFI is consistent with the
ERGAS in these tests, showing a similar capability to evaluate the model performance
under this scenario. The SIFI nevertheless differs from the ERGAS in that the
decrease rate of SIFI is not proportional to the resolution ratios (a key variable in

ERGAS) — it decreases in a smoother way (see Table 4).

Table 4. Comparisons of index values with different resolution ratios between pre-

and post-disaggregated LSTSs.

Cases* Resolution (m)** RMSE (K) ERGAS Q SIFI
#1 200~>100 1.77 0.29 0.93 1.16
#2 400->100 1.76 0.14 0.92 0.97
#3 800100 1.76 0.07 0.93 0.82
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#4 400->200 1.76 0.29 0.92 1.04
#5 800->200 1.76 0.14 0.92 1.12

#6 1000->200 1.76 0.11 0.92 0.78

* Cases #1 to #6 used the ASTER band 11, vegetation fraction, ASTER band 5,
albedo, NMDI, and ASTER band 2, respectively, as the scaling factor and 3x3, 7x7,
21x21, 3%3, 9x9, and 7x7 as the moving window size, respectively. DLST was
performed over the BJM.

** The numbers on the left and right of the ‘> are the resolutions of the original

coarse resolution and the disaggregated LSTs, respectively.

6.2.4. Scenario 4 corresponding to PTL #5

Under this scenario, the index values are compared when different amounts of
thermal details are added to the background LSTs during the DLST process
(corresponding to PTL #5). The thermal details were controlled by a multiplier, which,
together with the regression coefficients acquired from the relationships between the
background LSTs and scaling factors, determines the amount of added details (Zhan et
al., 2011). Table 5 illustrates the associated indexed values when different amounts of
thermal details were added by varying the multiplier from 0.5 to 1.9. The results show
that the RMSE, ERGAS, and Q change with the multiplier, but their values are unable
to specify the sharpening statuses. For example, it is very difficult to judge the
boundaries among the three sharpening statuses only according the RMSE values,
which alter from approximately 1.3 to 3.3 K for Cases #1 to #8. By contrast, the SIFI
values are indicative of the sharpening statuses, evidently specifying that the LSTs are
under-sharpened for Cases #1 to #4, acceptably over-sharpened for Cases #5 and #6,
and unacceptably over-sharpened for Cases #7 and #8. In detail, Case #1 is designated

under-sharpened because the rmse (D, B) (the calculated value is 0.28) < rmse (D, Bg)
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(the value is 0.74), while Case #5 shows acceptable over-sharpening because rmse (D,
Br) (0.62) <rmse (D, B) (0.74) <rmse (B, Br) (0.93), and Case #7 has unacceptable

over-sharpening because rmse (D, B) (0.96) > rmse (B, Bg) (0.93).

Table 5. Comparisons of index values with different sharpening statuses.

Cases* multiplier RMSE (K) ERGAS Q SIFI status**
#1 0.5 1.32 0.43 0.96 1.12 UsP
#2 0.7 1.31 0.43 0.96 0.80 USP
#3 0.9 1.46 0.48 0.95 0.69 UsP
#4 1.1 1.74 0.56 0.93 0.67 UsP
#5 13 2.08 0.68 0.91 -0.80 AOS
#6 15 2.47 0.80 0.88 -0.92 AOS
#7 1.7 2.88 0.94 0.85 NaN uos
#8 1.9 3.31 1.08 0.81 NaN uos

* Cases #1 to #6 all used NDVI as the scaling factor and the statistical regression
between LST and NDVI was conducted in a global window (i.e., the entire image);
the DLST was performed over the BJM from 1000 to 200 m. Note that the method
performances for Cases #1 to #6 are determined by the multiplier coefficient (varying
from 0.5 to 1.9), which determines the amount of thermal details that are added to the
background LSTs.

** USP, AOS, and UOS denote the under-sharpening, acceptable over-sharpening, and

unacceptable over-sharpening, respectively.

6.2.5. Comparison reference to human visual interpretations

Under this scenario, the compared index values when referencing human visual

interpretations (HV1s) and with respect to different DLST methods (as specified by
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dissimilar scaling factors and moving window sizes) are shown in Table 6. The HVI
ranks are also reported based on the disaggregated LSTs given in Fig. 7. The HVI
ranks are higher once the image quality is better. These results show that RMSE and
ERGAS are inaccurate for these assessments. The Q and the HVI ranks are sometimes
inconsistent. For example, the disaggregated LSTs for Case #3 possess the highest Q
(i.e., the best image quality or method performance). However, the corresponding
LST image (see Fig. 7e) is not the best among the four disaggregated LSTs; its block
effect (also termed the grid effect) is considerably more distinct than the LST image
for Case #1 (Fig. 7c). By contrast, the estimated SIFI values are consistent with the

HVI ranks with no exception, with a lower SIFI corresponding to a higher HVI rank.

Table 6. Quantitative comparison between SIFI and other indexes for various DLST

methods as represented by different scaling factors and moving window sizes.

Cases* RMSE (K) ERGAS Q SIFI HVI Rank
#1 1.530 0.124 0.941 0.774 4
#2 1.611 0.131 0.935 0.791 3
#3 1.496 0.122 0.943 0.840 2
#4 1.491 0.121 0.933 0.868 1

* Cases #1 to #4 used four distinct DLST methods when considering the ASTER band
1, NDVI, NDWI, and f,-¢, respectively, as the scaling factor and 7x7, 5x5, 9x9, and
21x21 as the moving window sizes. The LSTs were all disaggregated from 800 to 200
m. Note that three significant digits are kept for the index values in this table in

particular.
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Fig. 7. Coarse resolution, disaggregated, and fine resolution LSTs used for
comparison. (a) and (b) are the coarse and fine resolution LSTs, respectively; and (c)

to (g) are the disaggregated LSTs corresponding to Cases #1 to #4 in Table 6.

6.3. Conceptual comparisons of the index functionality and structure

The aforementioned results were based on mathematical simulations and real
data, and they show that the SIFI assimilates the features of the RMSE, ERGAS, and
Q, and abides by all five protocols (see Table 7). For SIFI, once the Euclidean
distance is used as the metric as employed in this study, it has the same trait as the
RMSE by emphasizing the absolute difference between images (partly corresponding
to PTL #1), which is reflected in their symmetry between the under-sharpening and
acceptable over-sharpening cases. SIFI also incorporates the trait from Q by

combining a normalization process (referred to as gq(x)). This incorporation helps
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SIFI be independent of a great portion of the temperature retrieval errors
(corresponding to PTL #2) and alleviate the thermal contrast and temperature unit
controls (corresponding to PTL #3). SIFI further integrates the ERGAS trait by
compensating for the resolution difference between the pre- and post-disaggregated
LSTs (PTL #4). The former item achieves this objective by using a triple comparison
function (refer to gi«(x)), while the latter employs the ratio between the coarse and fine
resolutions. SIFI is additionally able to identify the three sharpening statuses through
a piecewise function with three different constraints (refer to gy(x) and corresponding
to PTL #5). By contrast, indexes such as the RMSE, ERGAS, and Q comply with only
a part of the protocols for DLST (see Table 7). For example, RMSE just partly meets
the requirement of PTL #1; it portrays the differences between the disaggregated and
reference LSTs but disregards those between the disaggregated and background LSTs;
ERGAS only complies with PTLs #1 and #4; and Q is less competent when
considering the requirements involved in PTLs #4 and #5.

In addition, SIFI further incorporates the local mean, i.e., the local details, by
combining with the detail-retrieval procedure (refer to gq(x)). In this way, the SIFI
provides quantitative assessments on the intensity of the block effect in the
disaggregated LSTs (Anderson et al., 2011; Zhan et al., 2013). However, the other
three indexes only estimate the global statistical variables of the compared images
(e.g., the mean and covariance), which render fewer local details.

Table 7. Conceptual comparisons on index functionality in reference to the proposed

five protocols.

Protocol* RMSE ERGAS Q SIFI
PTL #1 Viaial v v 4
PTL #2 v/ 4
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PTL #3 v a4

PTL #4 a4 a4

PTL #5 v

870  * PTL #1 requires that the index should simultaneously measure the similarity

871  between the disaggregated and reference LSTs as well as the dissimilarity between the
872  disaggregated and background LSTs. PTLs #2 to #5 correspond to the indexes that
873  should be independent of the temperature retrieval error (PTL #2), thermal contrast
874  and temperature unit control (PTL #3), and resolution ratio control (PTL #4), and

875  should be indicative of the sharpening statuses (PTL #5).

876  ** ‘v’ indicates that the index abides by some of the requirements of the specific
877  protocol, while ‘v v’ indicates that the index completely complies with the protocol.

878

879 Researchers often use an indirect validation strategy; LSTs are first upscaled to
880  coarser resolutions, which are then disaggregated again to the original fine resolution,
881  at which point an intercomparison becomes possible (Agam et al., 2007;

882  Rodriguez-Galiano et al., 2012). For this type of validation, the temperature retrieval
883 errors vanish because the coarse resolution LSTs and the fine resolution LSTs used for
884  validation are from an identical source. When this validation strategy is used, simple
885  indexes such as the RMSE are mostly feasible for comparing methods with great

886  differences in performance.

887 For communications in the DLST community, one may need to judge the

888  performance of a single method many times simply through a single value, and the
889  SIFI will help for this case. Although the SIFI as illustrated here has shown many
890 advantages, in practice, one may also need to know the absolute differences (e.g., the

891 RMSE) between the disaggregated and reference LSTs for practical applications such
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as the remote sensing of surface fluxes. For example, the widespread use of the Taylor
diagram to evaluate the predicated and the reference geophysical variables underlines
the importance of summarizing various aspects of the model performance by plotting
the RMSE, standard deviation, and correlation coefficient in a diagram (Taylor, 2001).
From this perspective, we therefore recommend these indexes, such as the RMSE,
ERGAS, Q, correlation coefficient, and SIFI, even along with the estimated distances
for calculating the SIFI (i.e., m(D, R), m(D, B), m(D, Bg), and m(B, Bg)), which are
used collectively to assess a newly proposed method or compare several methods for
DLST. For these reasons, we believe the maximum benefit ultimately lies in this

approach.

6.4. Problems and prospects

(1) Problems

First, the procedures used in the design of the SIFI are able to remove (or
alleviate) the linear and systematic process errors/controls; these procedures are
nevertheless unable to eliminate the random and highly nonlinear process errors, e.g.,
the mismatch between the fine resolution scaling factors and the coarse and fine
resolution LSTs (i.e., the co-registration error). Practitioners need to be careful to
interpret the index values because the co-registration error is fickle. Second, the initial
scaling factors always possess a spatial resolution that is much higher than that of fine
resolution LSTs. The spatial upscaling of the scaling factors to the resolution of the
fine LSTs should consider the point spread function of the sensor (Zhan et al., 2013).
The aim of this consideration is to make sure that the true resolution of scaling factor

do have the same resolution with the fine LSTs. Otherwise, the RMSE between the
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disaggregated and reference LSTs will no longer be zero, even if the temperature

retrieval as well as the DLST processes are error-free.

(2) Prospects

The SIFI proposed in this study is only one alternative that satisfies the proposed
protocols. We need to clarify that other strategies that conform to the protocols can
also be applied to help design an index even better than SIFI. First, SIFI employs the
strategies given by Eqgs. (3) and (4) to remove the linear or the locally/globally
systematic process errors and controls. Other normalization schemes that are able to
remove these associated errors and controls are also feasible. Second, this study
mainly uses the Euclidean distance (i.e., the RMSE) as the metric for calculating SIFI.
It is expected that distance metrics such as the general Minkowski distance (Han et al.,
2011) may generate a parallel capability for assessments. Nevertheless, metrics such
as the Euclidean or Minkowski distances give a high weight to outliers and may make
the resultant SIFI less indicative of method performances. Therefore, researchers
should try to avoid outliers through setting thresholds during the DLST. One may
infer that distance metrics that are insensitive to outliers (e.g., the angle cosine
distance) are applicable for performance assessments. However, researchers need be
very careful to use such metrics because they more emphasize the structural similarity
between two images, that is, they ignore the information retained in the absolute
values between images, which is yet important for the quantitative applications of
DLST. Third, SIFI is calculated for an entire image, i.e., a single SIFI value is
calculated for a single evaluation. SIFI may be modified to be dependent on pixel
location — a series of local SIFI values can be obtained by setting moving windows on
a LST image. By this modification, method performances can be evaluated for

different parts within a single image.
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SIFI has potential to be further applied to disaggregation/downscaling
assessments. The recent rise of the spatio-temporal DLST requires the assessment of
sequential fine resolution LSTs rather than a LST image at a single moment. Such
assessments, therefore, may be performed by combining the sequential SIFIs within a
certain cycle (e.g. the diurnal cycle) (Goéttsche & Olesen, 2009). SIFI may be further
enhanced to facilitate the assessments of method performances when in situ
measurements on LST are available. Finally, SIFI and the associated design
philosophies may also be used to assess model performances for disaggregation of

other satellite products such as precipitation and soil moisture.
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7. Conclusions

At present, the performances of DLST methods are evaluated by simple indexes
(e.g., RMSE) or more complicated ones that are adapted from optical image fusion
(e.g., ERGAS and Q). These indexes are insufficient because not only do they include
all the errors involved in the complete process from thermal radiance to LSTs (termed
the process error) but also because they are susceptible to process controls, including
differences in the thermal contrast, temperature units, and resolution ratios. In
addition, these indexes are unable to differentiate among the three sharpening statuses,
the under-sharpening, acceptable over-sharpening, and unacceptable over-sharpening
statuses. These deficiencies make evaluating the performance of the DLST methods
far from precise under different scenarios. It is therefore of great urgency to design a
better index for these evaluations.

In considering this issue, five standard protocols were proposed with which a
suitable index should be assigned. In being guided under these protocols, a simple yet
flexible index (SIFI) was designed. SIFI incorporates the following four procedures:
(1) the detail-retrieval procedure gq(x) that is primarily used to remove the impacts
from the temperature retrieval error; (2) the Gaussian normalization gn(x) primarily
aimed at attenuating the controls on the differences in the thermal contrasts and
temperature units; (3) the triple comparison g:(x), which is scheduled to lessen the
controls on the difference in resolution ratios; and (4) the piecewise comparison gy(X)
and several provisos (given by several inequalities to indicate the three sharpening
statuses).

Comprehensive evaluations show that indexes that include the RMSE, ERGAS,

and Q abide by only part of the requirements denoted in the five protocols. The new
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index SIFI instead complies with all the proposed protocols. This SIFI is able to
capture the model performance more accurately; it can remove the impacts from the
process errors and controls on evaluations and can indicate the sharpening statuses
such that a disaggregation is under- or over-sharpened. Further analysis illustrates that
the SIFI attaches more importance to the scenario in which the DLST is poorly
performed and therefore is sensitive to the grid effect in the DLST. Note that it
remains difficult for the SIFI to remove the highly nonlinear process errors, such as
the mismatch error, and there may be better procedures than those used in this study.
Nevertheless, SIFI facilitates the comparison of model performances and therefore
helps in the further enhancement of methods for DLST. In addition, we believe that
the design philosophies of the SIFI are likely applicable to the model performance

comparisons for the disaggregation of other geophysical variables.
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APPENDIX A: ILLUSTRATION OF THE THREE SHARPENING STATUSES IN

HIGH-DIMENSION

The conceptual sharpening statuses for a single pixel block (i.e., a single
dimension) was provided in Section 2.3. However, disaggregation of LSTs is
conducted for all the pixels of an entire LST image rather than a single pixel block. In
other words, the precise three sharpening statuses should be displayed in a
high-dimension. Fig. A1 demonstrates the conceptual illustration of the
under-sharpening (USP), acceptable over-sharpening (AOS), and unacceptable
over-sharpening (USP) in two dimensions, and illustration of even higher dimensions

is similar to the two-dimension case.

UoSsS Athermal details

d:
e T b, (b,=27-b)
N Le==" ;..’ .......
a\)\‘" ’4"' ' E .~~‘s
0"' \’ :'II § “‘\
"0 Y ,"‘Q& : \‘
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’ ay L AD : AOS ™
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: DR [3 i AR
(0] thermal details”
USP (d=d,): m(d,b)<m(d,b,) & m ( b)<m(b,b,)
AOS (d=d,): m(d,b,)<m(d,b)<m(b,b,)

UOS (d=d,): m(d, b)/'m,(b b,)

Fig. ALl. Two-dimensional conceptual description of the three sharpening statuses. The
coarse resolution, disaggregated, and fine resolution LST images are denoted by the
three dots b, d, and r, respectively; b, is the mirror image of b when using r as the

center of symmetry. do, di, and d; represent the cases of under-sharpening (USP),
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acceptable over-sharpening (AOS), and unacceptable over-sharpening (USP),
respectively. m(d, r), m(d, b), m(d, b;), and m(b, by) are the distances between the

associated two LST images.

The constraints for differentiating the statuses in the two-dimension are
consistent with those in the one-dimension. (1) LSTs are under sharpened (d = do)
when m(d, b) < m(d, by) & m(d, b) <m(b, b;), and therefore the USP can be
geometrically represented by the light green region (refer to Fig. Al). (2) LSTs are
acceptably over sharpened (d = d;) when m(d, b) > m(d, by) & m(d, b) <m(b, by), and
therefore the AOS corresponds to the light red region. (3) LSTs are unacceptably over
sharpened (d = d,) when m(d, b) > m(b, b;), which corresponds to the region beyond

the semicircle.
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APPENDIX B: PROOF OF THE SIFI’S INDEPENDENCE OF LINEAR AND SYSTEMATIC

ERRORS OR CONTROLS

The standard definition of SIFI given by Eq. (6) is able to remove the linear
and/or systematic process errors using the Gaussian normalization. Let us consider
two variables T, and T,, and there is a linear relationship between these two variables,
given as:

T=a-T,+a (B1)
where a; and ag are the linear coefficient and constant. The Gaussian normalization of

T, can be given as follows:

T-u (a-T,+a)—-(a-u,+a) T,—-u
gn (Tl) = : : = al 2 aO al 2 aO = 2 2 = gn(TZ) (BZ)
01 a0, 0,
where gn(*) is a normalization function given by Eq. (4); ui, Uy, o1, and o are the
means and standard deviations for T, and T, respectively. We therefore prove that

SIF1 is capable of eliminating the linear and systematic process errors and controls

(e.g., a great portion of the temperature retrieval error).
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APPENDIX C: SIMPLIFICATION OF SIFI UNDER PARTICULAR ASSUMPTIONS

Once the Euclidean distance (i.e., the RMSE) is employed as the metric and the
over-sharpening does not occur, the standard definition of SIFI given by Eq. (6) can
be simplified into the following equation:

SIFI=RMSE(D, R) -[RMSE(D, B)]™* (C1)
where B, D, and R are given by the following:
=0,(9:(0)) =0y (0-b ~u, ;
D =g, (g,(d))=c3"(d -0 -u, ;) (C2)
=0,(9,(N)=0,"(r-T-u,_)
where gn(X) and gq(x) are given by Eq. (7); b, d, and r are the background coarse

resolution, disaggregated, and reference fine resolution LSTSs, respectively; o,, u

and X are the standard deviation, mean, and the aggregated coarse resolution LSTs
of a LST image (i.e., x). Combining Egs. (C1) and (C2), the following equations can

be deduced:

SIFI=RMSE(D, R)-[RMSE(D, B)]*
RMSE(ab (d d-u, ;). o (r-F-u,.,))

RMSE( Uy d)’ Gt;l(b_b _ub—E)) (C3)
_ RMSE(d cT r-7-u,_)
 RMSE(d-d -u, ;,b-b-u, ;)

Once the fine and coarse resolution LSTs are from a same source, i.e., the
disaggregated LSTs are validated by the aggregation-and-then-disaggregation strategy;,
the aggregated coarse resolution LSTs for b, d, and r will be the identical; and the
mean of the thermal details for b, d, and r will also be equal to zero. We thus have the

following equations:
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b=d=F 4
. (C4)

~T) _RMSE(d, )
b) RMSE(d,b)

(C5)

| =
|

The above proof therefore finally demonstrates that RMSE(D, R) -[RMSE(D, B)]™*

is equivalentto RMSE(d, r)-[RMSE(d,b)] ™.
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