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Fine Spatial and Temporal Ice/Snow Surface
Temperature Generation: Evaluation

Spatiotemporal Fusion Methods
in Greenland Ice Sheet

Qing Cheng , Zejun Zhang , Dong Liang , and Fan Ye

Abstract—Monitoring ice/snow surface temperature (IST) varia-
tions with high spatial and temporal resolution data from satellites
are essential for research on the mass balance of the Greenland
ice sheet (GrIS). However, the tradeoff between satellite sensors’
bandwidth and re-entry cycle, coupled with the influence of cloudy
weather, limits their ability to fine-monitor IST. Spatiotemporal
data fusion is a way of producing high spatiotemporal datasets. This
article uses four spatiotemporal fusion algorithms to fuse the Land-
sat 8 IST data and the Moderate Resolution Imaging Spectrometer
IST to generate fine spatial-temporal IST in the GrIS regions. The
quantitative evaluation of the different fusion data shows that the
R2 are all above 0.9. The spatial and temporal nonlocal filter based
fusion model (STNLFFM) dual-temporal algorithm provided the
highest accuracy with a root mean square error of 2.427 K, fol-
lowed by the STNLFFM mono-temporal algorithm, the spatial
and temporal adaptive reflectance fusion model (STARFM), the
flexible spatiotemporal data fusion model, and enhanced STARFM.
From the results, the fusion data are accurate and detailed in
different regions. That is, the spatiotemporal fusion technique has
the potential to generate IST datasets that possess high spatial and
temporal resolutions for Greenland.

Index Terms—Greenland, ice and snow, ice/snow surface
temperature (IST), spatiotemporal fusion, surface temperature.

I. INTRODUCTION

MONITORING the ice/snow surface temperature (IST) is
an essential element in observing the mass balance of the

Greenland ice sheet (GrIS). It helps keep track of alterations in
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the surface energy balance and the exchange of energy between
the atmosphere and the surface [1], [2]. According to energy
balance models created by several academics [3], [4], if the
annual average surface temperature of the GrIS increases by
1 K, the total ablation will rise by approximately 20% to 50%,
whereas an increase in summertime temperatures would cause
faster melting [5] and result in more material loss [6]. And
research on the correlation between the freeze-thaw state of
the polar regions and temperature proved a strong correlation
between melt area and temperature [7], [8]. Thus, estimating the
IST and analyzing its variations is critical to observing variations
in the GrIS’s mass and tracking environmental processes.

Surface temperature variability in the GrIS can be analyzed
from automatic weather station (AWS) measurements and satel-
lite thermal infrared (TIR) data [9]. In general, the high temporal
resolution and long-term records of AWS measurements make
them an effective means of capturing the temporal variability of
IST. However, the measured values do not reflect IST changes
across the GrIS. Furthermore, given technical and budgetary
constraints, satellite sensors necessitate a compromise between
bandwidth and temporal resolution [10], [11]. Therefore, a single
satellite sensor cannot deliver high spatial and temporal resolu-
tion TIR data for GrIS [12]. The commonly satellite-derived
surface temperature datasets include AVHRR polar pathfinder
extended dataset [13], MODIS products (MOD11, MOD21)
[14], Landsat TM/ETM+/TIRS retrieval data [15], ASTER LST
product (AST08) [16], SEVIRI LST product [17], etc. Different
sensors have various features. For instance, the TIR bands of
TM/ETM+ and ASTER exhibit a spatial resolution between
60 to 120 m. However, their re-entry cycles are longer than half
a month. In contrast, sensors, such as MODIS and AMSR-E can
obtain daily surface temperature data with extended coverage,
but the spatial resolution is 1–10 km [18]. Spatial details and
temporal variations are challenging to capture over GrIS.

Spatiotemporal fusion is the process of fusing different remote
sensing data from various sensors to produce data with high
spatiotemporal resolution [19]. These fusion algorithms can
support the fine monitoring of spatial and temporal dynamics of
the ground surface. In previous work, spatiotemporal data fusion
algorithms were classified into four groups: weight function-
based; unmixing-based; learning-based; and hybrid approaches
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[10], [20]. The typical weight function-based fusion method
is the spatial and temporal adaptive reflectance fusion model
(STARFM). It generates daily reflectance data by weighting
the spectral, temporal, and spatial differences between MODIS
and Landsat data [21]. Zhu et al. [22] suggested an enhanced
STARFM called ESTARFM, which incorporates two conversion
factors to improve the precision of predictions in heteroge-
neous landscapes. Using a Bayesian approach, the spatial and
temporal reflectance unmixing model separates coarse pixels
to estimate the variations of fine-resolution endmembers. This
process involves the use of moving windows to produce a fused
image [23]. The spatial and temporal nonlocal filter-based fusion
model (STNLFFM), which efficiently avails of the redundant
data in remote sensing data with high accuracy and robustness,
was proposed by Cheng et al. [24]. Wang and Atkinson [25]
proposed a three-step method consisting of regression model
fitting, spatial filtering, and residual compensation, called fit-FC,
for the case of a small correlation between coarse data and a large
time span. Other complex learning-based approaches include
the sparse-representation-based spatiotemporal reflectance fu-
sion model [26] and the wavelet-artificial intelligence fusion
approach [27]. Hybrid approaches combine the advantages of
different methods to improve the performance of spatiotemporal
data fusion. Flexible spatiotemporal data fusion (FSDAF) [28]
is a typical representative of this kind of fusion method. It based
on the spectral unmixing analysis, weighted function, and thin
plate spline interpolation to obtain better spatiotemporal fusion
data, even with rapid changes in ground cover. In addition,
numerous algorithms based on deep learning networks cap-
ture the potential relationships among multiple environmental
variables, demonstrating remarkable performance. For instance,
Lin et al. [29] introduced a cross-attention-based adaptive
weighting fusion network based on the residual learning frame-
work. This network finds application in the spatiotemporal
fusion of MODIS-Landsat data, producing dense medium-
resolution images. Furthermore, Chen et al. [30] proposed the
ROBust OpTimization-based fusion model for global data pro-
cessing. This method necessitates no parameter tuning, boasts
computational efficiency, and lends itself to diverse data struc-
tures. In addition, Wu et al.’s DSTFN model leverages residual
dense blocks and attention mechanism modules to enhance
feature representation and extraction [31].

Spatiotemporal fusion methods have extensive applications in
various fields [32], [33], [34], [35], [36], including agriculture,
ecology, and surface parameter estimation. For instance, they are
utilized for crop yield and gross primary productivity estimation,
monitoring the cultivation and administration of crops [37], [38],
[39], [40], estimating ecological variables, monitoring ecosys-
tem dynamics [41], [42], and estimating surface parameters such
as reflectance and land surface temperature (LST) [21], [43],
[44], [45], [46]. More studies have been conducted on LST
for surface urban heat islands (SUHI) [47], [48], [49], [50].
Shen et al. [48] employed multitemporal and multisensor fu-
sion methods to generate LST for Wuhan from 1988 to 2013.
Chang et al. [49] explored the daily variation of SUHI and
thermal differences between different land covers in the Boston
metropolitan area. Huang et al. [50] used Landsat and MODIS

TABLE I
VARIABLE DEFINITIONS

for Beijing in 2002 to generate dense time-series LST data.
The above studies showed the feasibility of fusion methods
for LST. Nevertheless, few studies of spatiotemporal fusion
methods have applied to ice/snow temperature surfaces (IST).
In recent years, monitoring the spatiotemporal dynamics of the
IST in the poles has become increasingly important owing to the
effects of climate change on polar regions [51].

This article intends to evaluate and apply the spatiotemporal
fusion algorithms to produce high spatiotemporal resolution
IST data for the GrIS. Four classical and efficient algorithms,
STARFM, ESTARFM, FSDAF, and STNLFFM, are selected
to fuse MOD21 and Landsat 8 surface temperature products
to generate 30 m IST fusion data daily. We opt for these four
methods based on: they have already demonstrated accurate
results in previous spatiotemporal fusion studies [52], [53], [54];
the deep learning algorithms require substantial high-resolution
data and are sensitive to noise, which may introduce potential
biases in fusion results; and the GrIS surface cover types are
relatively uniform with limited variability.

Leveraging spatiotemporal fusion techniques to produce high-
resolution IST data can enhance our analysis of melting ice cap
boundaries in fine spatial and temporal dynamics. This article
can deepen the application of spatiotemporal fusion to IST and
support fine monitoring and research in GrIS.

II. MATERIALS AND METHODS

Before presenting the procedure of each spatiotemporal fu-
sion method, the following explanations of important variable
definitions is provided for clarity of presentation (see Table I).
The mono- and dual-temporal spatiotemporal fusion schematic
diagram is shown (see Fig. 1).

A. Spatial and Temporal Adaptive Reflectance Fusion Model

The STARFM model is based on a weight function that
computes the predicted reflectance values of the fine pixels
while accounting for spectrum variances, temporal differences,
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Fig. 1. Schematic diagram of mono- and dual-temporal spatiotemporal fusion.

and spatial distances. Assuming that coarse-resolution pixels
are homogeneous, the data preprocessing, acquisition time,
sensor bandwidth, and geographic location are responsible for
the observed errors in coarse-fine resolution pixel reflectance.
Therefore, if the ground cover type and observation errors do
not change between t0 and tk, disregarding geometric and
atmospheric correction errors, the fine-resolution image pixels
at tk can be expressed as follows:

F (xi, yi, tk) = C (xi, yi, tk) + F (xi, yi, t0)− C (xi, yi, t0) .
(1)

When the ground cover type is complicated or chang-
ing, mixed pixels can appear in the coarse-resolution images.
STARFM places the target pixel in the center of a moving
window and uses the surface reflectance of the red and NIR
spectra to identify spectrally similar pixels. Similar pixels are
weighted according to spectral, temporal, and spatial distances.
Ultimately, the target pixel is calculated as follows:

FP
(
xw/2, yw/2, tk

)
=

w∑
i=1

w∑
j=1

n∑
m=1

Wijm

× (C (xi, yi, tk) + F (xi, yi, t0)− C (xi, yi, t0)) (2)

Wijm =
1/ (SijmTijmDijm)∑w

i=1

∑w
j=1

∑n
m=1 [1/ (SijmTijmDijm)]

. (3)

In (2), w refers to the moving window’s size, (xw/2, yw/2)
indicates the target image pixel, n signifies the count of refer-
ence dates, and Wijm denotes the weight of the similar pixel,
calculated by (3). Sijm represents the spectral difference (i.e.,
the absolute value of the spectral difference between the image
pixels at the same coordinate position in the coarse-fine resolu-
tion image in the same time phase).Tijm represents the temporal
difference (i.e., the absolute value of the reflectance difference
between two coarse-resolution image pixels in different time
dates at the same position). Dijm represents the spatial distance
(i.e., the relative distance between the target pixel and a similar
pixel).

B. Flexible Spatiotemporal Data fusion

The FSDAF algorithm employs unmixing-based techniques,
spatial interpolation, and weighting functions. To produce high-
resolution data of the target date, FSDAF requires input data
of the reference date at both coarse and fine-resolutions and
coarse-resolution data of the target date. It generates the fusion
result in six main steps.

1) Unsupervised classification of fine-resolution images of
t0. Calculate the specific gravity fc of each class in the
pixel of coarse resolution image.

2) Analysis of the temporal variation in reflectance ΔF (c)
across object classes from coarse-resolution images at
t0 and tk. l denotes the total number of land cover types
within a coarse image pixel, and ΔC (xi, yi)denotes the
change in reflectance of coarse pixels from t0 to tk

ΔC (xi, yi) = Ck (xi, yi)− C0 (xi, yi)

=
l∑

c=1

fc (xi, yi)×ΔF (c) . (4)

3) Calculate the temporal prediction image F TP
tk

and residual
R by using ΔF (c). Ft0(xij , yij) denotes the reflectance
of the jth fine pixel of (xi, yi) at t0, m is the number of
fine pixels within one coarse pixel

FTP
tk

(xij , yij) = Ft0 (xij , yij) + ΔFk (c) (5)

R (xi, yi) = ΔC (xi, yi)

− 1

m

⎡
⎣ m∑
j=1

F TP
tk

(xij , yij) −
m∑
j=1

Ft0 (xij , yij)

⎤
⎦ . (6)

4) Adopt TPS to downscale the coarse-resolution image at
tk and obtain the spatial prediction image FSP

tk
. N is the

total number of pixels in the coarse resolution image. The
constraints are

∑N
i=1 bi =

∑N
i=1 bixi =

∑N
i=1 biyi = 0.

Then, a0, a1, a2, and bi are optimized by minimizing∑N
i=1 |Ctk(xi, yi)−

∑m
j=1 F

SP
tk

(xij , yij)
2|

FSP
tk

(xij , yij) = a0 + a1xij + a2yij

+
1

2

N∑
i=1

bir
2
i log r

2
i (7)

where r2 = (x− xi)
2 + (y − yi)

2.
5) The weight for combining the F TP

tk
and F SP

tk
through

homogeneity index HI is derived. Then, the residual is
distributed r(xij , yij) by the normalized weighting coef-
ficient W (xij , yij)

CW (xij , yij) =
(
F SP
tk

(xij , yij)− F TP
tk

(xij , yij)
)

×HI (xij , yij)+R (xi, yi)× (1− HI (xij , yij)) (8)

W (xij , yij , b) = CW (xij , yij , b)

/
m∑
j=1

CW (xij , yij , b)

(9)

r (xij , yij) = m×R (xi, yi)×W (xij , yij) (10)
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where HI(xij , yij) = (
∑m

k=1 Ik)/m, If the kth fine pixel
within a moving window, whose size is one coarse pixel,
has the same land cover type as the target pixel (xij , yij),
then Ik = 1; otherwise, Ik = 0.

6) The final fine-resolution prediction image FPtk is formed
using the domain information. The weights Wc of all sim-
ilar image pixels are calculated based on relative distance
Dc, and n is the total number of similar pixels

Dc =
1 +

√
(xc − xi)

2 − (yc − yi)
2

w/2
(11)

Wc = (1 +Dc)

/
n∑

c=1

(1 +Dc) (12)

FPtk (xij , yij) = Ft0 (xij , yij)

+

n∑
c=1

Wc × (r (xij , yij) + ΔF (c,B)) . (13)

C. Enhanced STARFM Algorithm

The enhanced STARFM algorithm (ESTARFM) focuses on
the trend of reflectance of the ground cover type, which is
more conducive to the spatiotemporal integration of hetero-
geneous areas. The ESTARFM inputs two sets of coarse- and
fine- resolution images at known dates and a coarse-resolution
image at the target dates to output a fine-resolution image. The
relationship between coarse- and fine-resolution pixels can be
represented linearly for homogeneous pixels, presuming that
coarse-resolution images have been resampled to the same spa-
tial resolution as the fine-resolution images, and (xi, yi) is taken
as fine-resolution pixels within a mixed coarse-resolution pixel

F (xi, yi, t0) = a× C (xi, yi, t0) + b. (14)

The conversion factor v (xi, yi) is introduced for heteroge-
neous pixels. Where h (xi, yi) signifies the change rate of pixel
(xi, yi),hc is the change rate of type c, l denotes the total number
of land cover types within a coarse image pixel, and fc represents
the specific gravity of each type in the pixel of coarse resolution
image

v (xi, yi) =
h (xi, yi)∑l
c=1

fchc

a

(15)

F (xi, yi, tk) = F (xi, yi, t0) + v (xi, yi)

× (C (xi, yi, tk)− C (xi, yi, t0)) . (16)

The ESTARFM inherits the moving window mechanism from
STARFM to filter similar pixels. In (17), F (xw/2, yw/2, t) de-
termines the reflectance of the fine pixel at the center of the
window,Wi represents the weight of the i th similar image pixel,
is calculated with the same formula as STARFM

F0

(
xw/2, yw/2, tk

)
= F

(
xw/2, yw/2, t0

)
+

n∑
i=1

(Wi × v (xi, yi)

× (C (xi, yi, tk)− C (xi, yi, t0))) .
(17)

The temporal weights T0 and T1 are calculated from the
magnitude of the change in reflectance of the coarse resolution
image at t0 and t1, and the final fusion equation for predicting
the temporal tk is as follows:

Tp =
1/|∑w

i=1 C (xi, yi, tp)−
∑w

i=1 C (xi, yi, tk)|∑
p=0,1 (1/|

∑w
i=1 C (xi, yi, tp)−

∑w
i=1 C (xi, yi, tk)|) ,

p = 0, 1 (18)

F
(
xw/2, yw/2, tk

)
= T0 × F0

(
xw/2, yw/2, tk

)
+ T1 × F1

(
xw/2, yw/2, tk

)
. (19)

D. Spatial and Temporal Nonlocal Filter-Based Fusion Model

The STNLFFM algorithm combines the STARFM algorithm
with nonlocal filtering. Its selection of similar pixels is not
limited to the moving window, but selects more similar image
pixels of the same feature type from the global perspective,
effectively using the redundant information in remote sensing
images. STNLFFM assumes a linear relationship between the
reference and target dates. The regression coefficients a and
b are calculated from the coarse resolution reflectance images
of multiple dates, Ω denotes the set of similar image pixels, n
denotes the number of reference dates, and the target pixels are
calculated as follows:

C (xi, yj , tp) = a (xi, yj ,Δt)× C (xi, yj , tk) + b (xi, yj ,Δt)

(20)

F (xi, yj , tp) =
Ω∑
i,j

n∑
k=1

W (xi, yj , tk)× [a (xi, yj ,Δt)

×F (xi, yj , tk) + b (xi, yj ,Δt)] . (21)

STNLFFM divides the weights of similar pixels into individ-
ual weightsWin and overall weightsWwh. The former is based on
the spatial correlation of the image pixels and assigned in a way
borrowed from the nonlocal mean filtering algorithm, whereas
the latter is based on the degree of difference between images
in the auxiliary and target dates. The smaller the difference, the
larger the weight

Wwh (xi, yj , tk)

=
1
/∑w

i=1

∑w
j=1 (|C (xi, yj , tk)− C (xi, yj , t0)|)∑

k

(
1
/∑w

i=1

∑w
j=1 (|C (xi, yj , tk)− C (xi, yj , t0)|)

)
(22)

Win (xi, yj , tk)

= exp

(
−G× ‖C (P (xi, yj , tk))− C (P (xi, yj , t0))‖

h2

)
(23)

W (xi, yj , tk) = Win (xi, yj , tk)×Wwh (xi, yj , tk) (24)

where C (P (xi, yj , t)) is the neighborhood matrix of similar
pixels in the coarse resolution image, P (xi, yj , t) is the neigh-
borhood block centered at (xi, yj). G is the Gaussian kernel, h
is the filtering parameter, and W is the final weight value.
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TABLE II
RELEVANT PARAMETERS OF LANDSAT, MODIS, AND SITE DATA USED IN THE EXPERIMENT

III. EXPERIMENTS

A. Study Sites and Data

The high-resolution products studied in this article are Land-
sat 8 surface temperature [15]. These data have a spatial resolu-
tion of 30 m and are collected every 16 days.1 A single-channel
algorithm is used to generate these products. Low-resolution
data in this article refers to the MOD21 [55] surface tempera-
ture product obtained from MODIS. These data have a spatial
resolution of 1 km and are collected daily, providing a broader
temporal coverage compared with the high-resolution datasets.2

The data preprocessing date includes the following.
1) The MOD21 was reprojected to the same coordinate sys-

tem as Landsat data and resampled to 30 m.
2) The vacant data of the study area is filled using spatial

neighbor interpolation.
3) The MOD21 is geographically aligned based on Landsat

8 data to eliminate errors between sensors.
We use AWS data and Landsat data to verify the accuracy of

different algorithms. Since 2007, the programme for monitoring
of the Greenland ice sheet (PROMICE) has been actively col-
lecting data on climate and ice sheet characteristics, recording
hourly data, including wind speed, air temperature, and surface
temperature.3 Considering the site location and data time conti-
nuity, we select six AWSs of PROMICE for the verification:
UPE_L, UPE_U, KAN_B, KAN_L, KAN_M, and KAN_U.
Some parameters of remote sensing data and AWS data are given
in Table II.

Some researchers have evaluated the accuracy of surface tem-
perature remote sensing products. The single-channel approach
employed for Landsat yields root-mean-square errors (RMSEs),
ranging from 2.2 to 3.5 K [56], [57]. The temperature emissivity
separation algorithm used in MOD21 results in an RMSE of
less than 1.5 K [58]. We also calculate the pertinent indexes
for the two datasets in the Greenland regions. Landsat IST has
a relatively smaller sample size, and the presence of a few
extreme deviation values can exert a notable influence on the
final outcomes. Thus, results indicate that the Landsat 8 IST

1(Data source: https://earthexplorer.usgs.gov/)
2(Data source: https://search.earthdata.nasa.gov/)
3 (Data source: http://www.promice.dk)

data exhibit varied deviations at different AWS, with a maximum
bias of −4.121 K and a minimum of −2.527 K, and an overall
correlation R2 of 0.890. The MOD21 IST data have a bias of
approximately −1 K and display a correlation R2 of 0.973, as
given in Table II.

B. Experiment Design

To investigate the applicability of different spatiotemporal
fusion methods to predict the Greenland IST, we design two
comparison experiments by controlling the number of reference
dates. First experiment: monotemporal fusion by evaluating
STARFM; FSDAF; and STNLFFM. We input a Landsat 8 IST
and MOD21 pair for the reference time t1 and MOD21 at
the target time tk. The output is a fusion image for the target
time tk. Second experiment: dual-temporal fusion; adopting
ESTARFM; and STNLFFM. Fig. 1 shows that two Landsat 8 IST
and MOD21 pairs for reference times t1 and t2 were input and
MOD21 for the target time tk and fusion image for the target
time tk was output. Table III gives experimental reference dates
for each AWS.

We validate the fusion image accuracy through quantitative
evaluation (PROMICE AWSs data) and Landsat verification.
In the quantitative evaluation part, the IST values of fused
data are compared with PROMICE AWSs data for long-time
series. For the Landsat validation part, we compare the fused
data with Landsat 8 IST data. The validation results include
a quantitative evaluation with the indices of the RMSE, mean
absolute error (MAE), coefficient of determination (R2), and
qualitative analysis.

IV. RESULTS AND DISCUSSION

A. Verification With AWS Measurements

This article investigates the performance of four spatiotem-
poral fusion methods (STARFM, FSDAF, ESTARFM, and
STNLFFM) for IST fusion in GrIS. Fig. 2 presents the scatter
plots of 670 sets of fused results and AWSs data relevance and
fit functions for all methods. The blue line in the scatter plots
represents the Y = X line. We observed that the fusion results
of different methods are generally consistent. The slope of the
fitted function for all methods ranged from a maximum of 0.991

https://earthexplorer.usgs.gov/
https://search.earthdata.nasa.gov/
http://www.promice.dk
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TABLE III
REFERENCE DATES FOR AWSS

Fig. 2. Quantitative evaluation results of the spatiotemporal fusion methods. (a) STARFMy = 0.982x+ 2.405. (b) FSDAF y = 0.982x+ 2.206. (c) STNLFFM
(Mono-temporal Fusion) y = 0.988x+ 1.091. (e) ESTARFM y = 0.975x+ 4.043. (f) STNLFFM (Dual-temporal Fusion) y = 0.991x+ 1.084.

TABLE IV
QUANTITATIVE EVALUATION VALUES OF MONO-TEMPORAL FUSION

to a minimum of 0.975, and the difference between them was in-
significant. The results of all the methods are distributed mostly
below the Y=X line. The reason is that the original Landsat data
are generally lower than the AWSs data, with the negative values
of the bias (see Table II). However, Fig. 2 shows agreements
between the fusion IST and the situ measurements. All fusion
methods’ correlation coefficient R2 values range from 0.900
to 0.968. The RMSE values are from 4.309 K (ESTARFM) to

2.427 K (dual-temporal STNLFFM). These results suggest a sat-
isfactory accuracy of the fusion methods for generating IST data.

Tables IV and V list the quantitative evaluation results
of monotemporal and dual-temporal fusion methods at each
PROMICE site. The quantitative metrics of the three mono-
temporal fusion methods, STARFM, FSDAF, and STNLFFM
(see Table IV), differed very little for all sites. Table V gives
that, for the two dual-temporal fusion methods ESTARFM and
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TABLE V
QUANTITATIVE EVALUATION VALUES OF DUAL-TEMPORAL FUSION

Fig. 3. (a)–(d) Reference Landsat-MODIS pairs on June 8, 2019 and September 30, 2020. (e)–(h) Observed Landsat-MODIS pairs and prediction results on
October 14, 2019. (g) Mono-temporal fusion result. (h) Dual-temporal fusion result. (i) Zoomed-in detail figures of (e)–(h).

STNLFFM, the RMSE values were 4.309 K and 2.427 K, and the
R2 values were 0.900 and 0.967, respectively. The fusion IST of
STNLFFM has a better correlation and is more accurate. In terms
of each site results, at UPE_L and UPE_U, the R2 values of the
dual-temporal STNLFFM are 0.920 and 0.990, respectively, and
the RMSE values are 2.981 and 1.643 K, which performed better

than other methods. At the four AWSs of KAN_N, KAN_L,
KAN_M, and KAN_U, the R2 values of all algorithms are higher
than 0.910. The STNLFFM method has better performance in
RMSE and MAE. Overall, the fusion results of STNLFFM have
better agreement with the site IST data, and this method is
more robust. Moreover, the dual-temporal STNLFFM is more
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Fig. 4. Frequency distribution of Landsat surface temperature and Fusion data in case 1. (a) Mono-temporal fusion data. (b) Dual-temporal fusion data.

accurate than the mono-temporal STNLFFM for generating
IST data.

B. Verification With Landsat Data

In the quantitative assessment in Section IV-A, the STNLFFM
fusion method performs more satisfactorily. Thus, in this part,
we chose the mono- and dual-temporal fusion methods of
STNLFFM to generate IST data for the Greenland regions. The
fused IST data and Landsat 8 IST are compared in detail. In this
test, we use the Landsat 8 IST and MOD21 data on the same
day, with less than two hours of intervals. Each fusion image
covers an area of 60 km × 60 km and contains 2000 × 2000
image pixels with a spatial resolution of 30 m.

The Greenland IST volatility follows a particular regional
pattern, with significant spatial variation as a seasonal change.
The IST variation trend varies enormously from north to south
in spring and fall, but from east to west in winter. Meanwhile, the
north is experiencing the most significant warming, whereas the
southwest and southeast experience the highest temperatures,
but are the most prevalent cooling regions [59], [60]. During
the summers of 2012 and 2019, the GrIS experienced the most
severe ice cap melting [61], [62]; summer surface temperature
increases were most pronounced in the southwest and north. This
part chooses marginal lands and inland ice caps in the southwest
as the study areas [63].

1) Case 1 for Marginal Ice Zone: The study region is located
on the edge land of southwest Greenland. Fig. 3(a)–(d) are the
input reference data. Fig. 3(a) and (b) show the Landsat IST and
MOD21 on 8 June 2019. Fig. 3(c) and (d) shows the Landsat IST
and MOD21 on September 30, 2020. The target date is October
14, 2019. Fig. 3(e) is the real Landsat IST used to assess the
performance of the fusion results. Fig. 3(f) is the input MOD21
on the target date. Fig. 3(g) and (h) show the mono- and dual-
temporal STNLFFM fusion results, respectively. The three sets
of data span up to 15 months.

The GrIS experienced an extremely warm melt in 2019, with
positive temperature anomalies in the summer (June–August)
concentrated in the southwest [64]. Fig. 3 shows that STNLFFM
can estimate the IST accurately, although the surface tempera-
ture at the reference date differs from that at the target date. The

TABLE VI
QUANTITATIVE EVALUATION VALUES

Fig. 5. Difference of IST (Landsat IST minus the fusion data) for the case 1.

fusion results are with more details compared with MOD21. The
quantitative assessment results are presented in Table VI. The
R2 values of the mono- and dual-temporal fusion IST are 0.865
and 0.964, the RMSE values are 2.002 and 1.077 K, respec-
tively. Fusion results can accurately reproduce the temperature
variation. However, the mono-temporal fusion result introduces
some noise from the reference date in the highly heterogeneous
regions, whereas the dual-temporal fusion data [see Fig. 3(h)] is
in better agreement with the actual Landsat data [see Fig. 3(e)].
For the red-boxed area in Fig. 3(e), Fig. 3(i) presents an enlarged
view of this region, illustrating that the fusion data appears
clearer than the MOD21 IST, and the result of dual-temporal
STNLFFM is closer to the Landsat data.

Fig. 4 shows that the IST values are between 247 and 263 K,
and the spatiotemporal fusion results are generally consistent
with the IST distribution of the Landsat. As illustrated in the
Fig. 5, the difference between Landsat IST and the fusion IST
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Fig. 6. (a)–(d) Reference Landsat-MODIS pairs on April 9, 2020 and October 9, 2020. (e)–(h) Observed Landsat-MODIS pairs and prediction results on August
15, 2020. (g) Mono-temporal fusion result. (h) Dual-temporal fusion result.

Fig. 7. Frequency distribution of Landsat surface temperature and fusion data. (a) Mono-temporal fusion data. (b) Dual-temporal fusion data.

exhibits minor variations across the entire region. The tem-
perature difference in the heterogeneous edge region displays
apparent deviations, revealing intricate details in the reference
data. Specifically, the reference images include features not fully
captured by MODIS IST at the target date, resulting in fusion
differences in temperature.

2) Case 2 for Island Zone: This part used a region in the
GrIS as the study region. Fig. 6(a)–(d) shows the Landsat IST
and MOD21 image pairs, acquired on April 9, 2020 and October
9, 2020, respectively. Fig. 6(f) shows the MOD21 of the August
15, 2020 target date. Fig. 6(g) and (h) are the fused data of the
target date. The Landsat 8 IST in Fig. 6(e) was used to verify
the accuracy of the fusion results.

In case 2, the study area is snow and ice covered all year
round. Thus, the IST does not vary much between different dates.
However, the surface temperature is higher on the predicted date
(summer) than the reference dates’ spring and autumn phases.
The IST is still below 273 K in most regions, with no major ice
melting. The mono- and dual-temporal STNLFFM fusion results

Fig. 8. Difference of IST (Landsat IST minus the fusion data) for the case 2.

and Landsat IST are consistent in the overall spatial distribution.
Table VII gives that the R2 values of the mono- and dual-temporal
fusion results are 0.958 and 0.965, respectively, and the RMSE
values are 0.658 and 0.606 K, which suggest that the fusion
results are satisfactory.
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Fig. 9. (a) Study area, which includes two sites (KAN_B, KAN_L). (b)–(e) Reference Landsat-MODIS pairs on October 9, 2019 and October 9, 2020.

TABLE VII
QUANTITATIVE EVALUATION VALUES

Fig. 7 shows the histograms of Landsat and fused IST from the
areas of interest. The temperatures range between 264 and 273 K,
and the fusion results are consistent with the Landsat. This scene
has a slight banding effect, as shown in Fig. 8. However, the
temperature difference between Landsat IST and fusion IST is
relatively subtle, floating around 1 K. Comparing the two cases
showed that the fusion results are better for the homogeneous
surface cover type scenario.

C. Application for Long-Term Fusion

The STNLFFM dual-temporal fusion algorithm has high
accuracy in fusing IST data in Greenland, as analyzed in
Section IV-A and IV-B. To validate the applicability of this
spatiotemporal fusion method further, a long-term series of
experiments is designed for the southwestern region of Green-
land [see Fig. 9(a)]. It is delineated at one year to cycle the
IST change. The STNLFFM algorithm fuses data from two
reference dates, October 7, 2019 and October 9, 2020 [see
Fig. 9(b)–(e)], with the time interval for the output data being

about 30 days. All input and output remote sensing data cover an
area of 30 km × 30 km, with the number of image pixels being
1000 × 1000.

Fig. 10 shows that the fusion data produced by the STNLFFM
algorithm shows crisper features than MOD21, with the edge
visible. From August 2019 to August 2020, the fusion data in
the region underwent a process of decreasing, leveling off, and
finally increasing. This temperature change pattern is consistent
with the temperature change pattern of the GrIS.

For the validation of long-term fusion data, we conducted
a comparison between the fusion IST and the measurements
from two PROMICE sites, as shown in Fig. 11 and Table VIII.
This process generated a dataset consisting of 18 different dates.
Our analysis reveals that KAN_B, located in the southwestern
region of the ice sheet, exhibited visible rock features. From
October 2019 to March 2020, the surface temperature is below
0°C. In summer, it could be above freezing. The RMSE between
KAN_B measurements and MOD21 IST is 2.210 K, and the bias
is 1.340 K. The spatiotemporal fusion data indicate improved
results, with an RMSE of 1.383 K and a bias of 0.875 K. KAN_L
is located inland in Greenland, with an average altitude of 670
m. The accuracy of the fusion data is slightly lower than that
of MODIS in KAN_L site, but they show consistent change
characteristics.

The results obtained from this long-term series experiment
have further validated the applicability of the spatiotemporal
fusion algorithm in producing highly spatial and temporal IST
in Greenland. The high resolution and well-defined features
have facilitated the identification of melting boundaries and the
accurate capture of the spatiotemporal variations of the surface
temperature for the GrIS.
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Fig. 10. Fusion data from 2019 to 2020 fused using the dual-temporal fusion algorithm of STNLFFM, compared with MOD21 data.
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TABLE VIII
COMPARISONS BETWEEN AWSS IST AND MOD21, AWSS IST AND FUSION IST THE BIAS REPRESENTS MODIS/FUSION IST MINUS AWSS ST

Fig. 11. Surface temperature comparison from AWSs, MOD21, and dual-
temporal fusion data. (a) KAN_B. (b) KAN_L.

V. CONCLUSION

Greenland ice sheet remote sensing data showed prolonged
cloud cover and low spatial or temporal resolution data. To solve
the problem, this article evaluated the applicability of several
spatiotemporal fusion methods on the ice/snow surface temper-
ature data of GrIS. In the first part, we use the surface temperature
data from AWS as a reference for quantitatively evaluating the
fusion results of different methods. In the second part, based
on the quantitative evaluation results, we selected mono- and
dual-temporal STNLFFM fusion methods to test two cases of
different land types. In the third part, to investigate further the
applicability of the STNLFFM algorithm to IST data in GrIS,
we conducted a group of fusion experiments for one year.

The results of the above experiments are as follows: first,
five spatiotemporal fusion methods obtained good performances
with all R2 values above 0.9, whereas the results of the ES-
TARFM method differ larger from the AWS measurements.
The dual-temporal STNLFFM method is more accurate than
the other methods for the fusion of IST data. Second, in the
heterogeneous marginal ice zone, the dual-temporal STNLFFM
method can accurately predict the changes in the spatial distribu-
tion of IST. The mono-temporal fusion results introduce some

noise compared with the original Landsat 8 IST data. Third,
in the Greenland ice cap regions, the mono- and dual-temporal
STNLFFM fusion methods have accurate results, with RMSE
values of 0.658 and 0.606 K. The two dual-temporal methods
exhibit remarkable superiority, attributed to their reliance on
more comprehensive reference data, enabling accurate capture
of temperature variations in long temporal studies. Furthermore,
IST spatiotemporal fusion accuracy generally surpasses the
existing LST fusion results. That might be attributed to the
relatively stable and homogeneous feature types of snow and ice.

This article explores the potential of spatiotemporal fusion
methods for fusing ice and snow surface temperatures, solving
the low frequency problem for Landsat 8 IST data in GrIS. The
spatiotemporal fusion technique can generate IST datasets for
GrIS with high spatial and temporal resolutions. It provides an
effective way for the detailed observation and study of Greenland
ice sheet. There is still room for improvements of our study.
Compared to other surface types, ice/snow surfaces exhibit less
pronounced variations and higher homogeneity, resulting in
superior spatiotemporal fusion accuracy. Additionally, ice/snow
surfaces are highly reflective, leading to reduced absorption and
surface temperature. In future work, the fusion algorithms based
on the characteristics of ice and snow surface temperature could
be developed.
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