
International Journal of Applied Earth Observations and Geoinformation 108 (2022) 102733

Available online 14 March 2022
http://creativecommons.org/licenses/by-

nc-nd/4.0/).
1569-8432/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (

Combining ATC and 3D-CNN for reconstructing spatially and temporally 
continuous land surface temperature 

Huyan Fu a,b, Zhenfeng Shao a,*, Peng Fu c, Xiao Huang d, Tao Cheng a, Yewen Fan a 

a State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing and Collaborative Innovation Centre of Geospatial Technology, Wuhan 
University, Wuhan, China 
b International Institute for Earth System Science, Nanjing University, China 
c Institute for Sustainability, Energy, and Environment, University of Illinois at Urbana-Champaign, Urbana, IL, USA 
d Department of Geosciences, University of Arkansas, Fayetteville, AR 72701, USA   

A R T I C L E  I N F O   

Keywords: 
High spatiotemporal 
LSTs 
Reconstruction 
ATC 
3D-CNN 
Urban 

A B S T R A C T   

More than half of the satellite-derived Land surface temperatures (LSTs) data are missing due to poor weather 
conditions (e.g., clouds, shadows, and other atmospheric conditions) and/or sensor failure, which has greatly 
limited the acquisition of spatially consistent and temporally regular LST data, leading to reduced utilization and 
accuracy of the data and hindering the understanding of the spatial-temporal patterns of surface thermal envi
ronments. Although several reconstruction methods have been developed, they are not effective in reconstructing 
daily LSTs for high spatial-temporal dynamics in urban regions. In this study, we developed a hybrid recon
structing method based on the annual temperature cycle (ATC) and three-dimensional convolutional neural 
network (3D-CNN) models. The proposed method has been validated on both Landsat 8 Thermal Infrared Sensor 
(TIRS) and Moderate Resolution Imaging Spectroradiometer (MODIS) Terra satellite LST datasets. The recon
structed results show that the proposed model incorporated with auxiliary data and 3D-CNN model significantly 
outperforms standard annual temperature cycle (ATCs) and enhanced annual temperature cycle (ATCe) models 
(Root Mean Square Error (RMSE): Landsat ATCs = 4.21 K, Landsat ATCe = 3.25 K, Landsat ATCe&SATs&CNN =
0.96 K, MODIS ATCs = 3.83 K, MODIS ATCe = 3.15 K, MODIS ATCs&SATs&CNN = 0.61 K). The proposed 
method is simpler, more efficient with higher robustness in terms of reconstructing high spatiotemporal LSTs in 
urban settings compared with existing reconstruction methods.   

1. Introduction 

Global climate warming has caused multiple impacts on the eco
systems and climate systems, e.g., the increase in both land and ocean 
temperatures and the number of extreme climate events (IPCC, 2018). 
The significant increase in global mean surface temperature, which 
peaked at 0.87 ◦C in 2006–2015, has strengthened the frequency, 
duration, and magnitude of these impacts (IPCC, 2018). Land surface 
temperature (LST) is a key indicator for understanding various impor
tant issues that include surface energy balance(Bastiaanssen et al., 1998; 
Su, 2002), global environmental change(Zeng et al., 2018), and urban 
climate (Maimaitiyiming et al., 2014; Sun et al., 2019; Tayyebi and 
Jenerette, 2018). It has been widely used in a variety of disciplines such 
as hydrology, meteorology, climate change, ecology, environmental 

monitoring(Anderson et al., 2012; Deng and Wu, 2013; Estoque and 
Murayama, 2017; Kustas and Anderson, 2009; Wang et al., 2009; Zhang 
and Li, 2018). Accurate and consistent temperature observations across 
the globe are crucial to understanding the land surface thermal anom
alies, particularly over the complex terrains and urban regions. 

Traditionally, LST has been recorded by radiometers at weather 
stations as in-situ point data. Given the influences from solar radiation, 
surface albedo, atmospheric conditions, soil thermal properties, and 
land cover, LST tends to have strong spatiotemporal heterogeneity (Fu 
et al., 2021). Compared with the traditional ground-based LST mea
surements, satellite remote sensing techniques provide notable advan
tages in terms of obtaining spatially continuous and temporally regular 
LSTs over extensive areas. Numerous LSTs products from medium to 
coarse spatial resolutions (Landsat 8 with 100 m resolution, MODIS with 
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1 km resolution, Meteosat Second Generation (MSG)—Spinning 
Enhanced Visible and Infrared Imager (SEVIRI) with 3 km resolution) 
have been developed from thermal infrared (TIR) data via various al
gorithms, e.g., Radioactive transfer equation (Sobrino et al., 2004), 
single-channel (Jiménez-Muñoz and Sobrino, 2003; Qin et al., 2001a) 
and split-window (Qin et al., 2001b; Wan, 2014). However, the avail
ability of LSTs has been greatly limited by the existence of TIR data gaps 
resulting from the global prevalence of clouds, shadows, and unsatis
factory atmospheric conditions. The missing pixels are generally filled 
with invalid values. As a result, the incomplete spatial and temporal 
nature of these LSTs products pose great challenges to the spatiotem
poral analysis in urban thermal environments. Therefore, the recon
struction of missing values in LSTs has been one of the hot issues for 
analyzing spatial and temporal LST information. 

Several methods have been proposed to reconstruct LSTs data, which 
can be generally divided into four groups: the first group of methods 
usually rely on statistical relationships to estimate the missing data, 
including the leverage of the available LSTs and auxiliary data (e.g., 
vegetation index, latitude, longitude, elevation, precipitation and soil 
moisture) or the same/different satellites data (Crosson et al., 2012; 
Gallo et al., 2011; Hengl et al., 2012; Key, 2002; Key and Wong, 1999; 
Kustas et al., 2003). The uncertainty from the statistical-empirical LST 
model has an influence on the accuracy of reconstructed LST (Tan et al., 
2021). The second group of methods reconstruct the missing data, tak
ing advantage of the spatial distribution (Shuai et al., 2014; Yu et al., 
2014), temporal variation (Van Nguyen et al., 2015; Xu and Shen, 
2013), and spatiotemporal information (Pede and Mountrakis, 2018; 
Sun et al., 2017; Weiss et al., 2014) of LSTs data. Spatial information 
interpolation methods, such as Kriging, inverse distance weighting 
(IDW), aim to obtain the missing value based on the relationship be
tween the missing data and the nearest clear-sky pixels (Neteler, 2010). 
Temporal approaches, such as harmonic analysis of time series and the 
Savitzky-Golay filter, aim to reconstruct the missing LST data by fitting 
the time series of clear-sky pixels (Xu and Shen, 2013; Zeng et al., 2015). 
However, the large areas of missing pixels limit the spatial method 
availability and then lead to unsatisfactory accuracy (Xiao et al., 2021). 
The accuracy of the temporal method depends on the time gaps between 
two clear-sky LSTs. Therefore, spatiotemporal interpolation methods are 
developed to reconstruct the missing LSTs by combining the advantages 
of spatial and temporal methods. The aforementioned methods can 
obtain the hypothetic clear-sky LSTs rather than the actual cloudy-sky 
LSTs. The third group of methods are proposed to estimate the LST, 
especially those pixels under cloudy conditions. Jin and Dickinson 
(2000) proposed the physical algorithm to derive the real LST based on 
surface energy balance (SEB). The missing data can be reconstructed 
with its spatially and temporally neighboring cloud-free pixels and the 
SEB difference. However, the related physical parameters, such as the 
surface incident radiation, air temperature, and wind velocity, are 
difficult to obtain. The satellite passive microwave (PMW) measure
ments renders the possibility to retrieve all-sky LSTs (Han et al., 2019; 
Huang et al., 2019). Regrettably, the temperature obtained from PMW 
remote sensing data is the subsurface temperature rather than skin 
temperature, and the coarse spatial resolution and orbit gaps lead to 
unsatisfactory accuracy (Li et al., 2021). The fourth group of methods 
are hybrid approaches (Li et al., 2018; Yang et al., 2019; Zeng et al., 
2018), aiming to fill LST gaps by combining a series of methods so as to 
take advantage of their merits. In addition, machine learning (Arslan 
and Sekertekin, 2019; Wu et al., 2019), LST downscaling, and spatio
temporal image fusion (Gevaert and García-Haro, 2015; Weng and Fu, 
2014) are becoming increasing popular in reconstructing LSTs. 

However, the aforementioned methods have their advantages and 
limitations under different conditions. Furthermore, most existing al
gorithms are based on linear models, leading to great difficulty when 
dealing with complex scenarios and data with missing values that cover 
large geographical regions and long temporal spans. With the increasing 
demand for consistent spatiotemporal LSTs datasets, it is necessary to 

ensure the reconstruction of large-scale LSTs data with high efficiency 
and high accuracy. Data-driven machine learning approaches cannot 
fully replace physical modeling, but they can certainly enhance and 
complement them (Reichstein et al., 2019). A hybrid modeling approach 
that synergizes physical process and machine learning approach can 
lead to a better understanding of earth system science (Reichstein et al., 
2019). 

Semi-physical models such as annual temperature cycle (ATC) and 
diurnal temperature cycle (DTC) can cope with the problem of tempo
rally irregularly LST observations caused by poor atmospheric condi
tions (Fu and Weng, 2015). For example, the ATC model developed by 
(Bechtel, 2012) expresses temporal LST dynamics through three pa
rameters. The synthetic approach was developed by combining the ATCs 
originally proposed by Bechtel with auxiliary remote sensing and in-situ 
data to explain the short-term LST variations owing to synoptic condi
tions (Zou et al., 2018). However, existing ATC models have relatively 
lower prediction accuracy due to the limited number of parameters. In 
addition, they belong to temporal models, thus lacking spatial infor
mation (Liu et al., 2019). 

In recent years, deep learning (DL) has become the mainstream in 
artificial intelligence and machine learning, providing promising in
sights on solving climate change science at various spatial and temporal 
scales (Reichstein et al., 2019; Singh et al., 2021). The commonly DL 
models, e.g., long short-term memory (LSTM), recurrent neural network 
(RNN), two-dimensional (2D) convolutional neural networks, are 
capable of making classifications and predictions from spatial or tem
poral perspectives, such as seasonal forecasting, extreme events, and 
land use land cover change(Kumar et al., 2021; Qiu et al., 2020; Singh 
et al., 2021; Yu et al., 2021). However, the majority of these methods are 
constructed based on two-dimensional features, failing to capture the 
spatial and temporal features in both dimensions (Qi et al., 2019; Xu 
et al., 2018). The three-dimensional (3D) kernel of 3D-CNN is able to 
slide across both spatial and temporal dimensions, thus simultaneously 
extracting spatiotemporal features from time-series remote sensing im
ages in an automatic manner (Ji et al., 2013). Therefore, it is capable of 
capturing more complicated spatial and temporal information. 

The objective of this study is to develop a hybrid method by 
combining the ATC model and the 3D-CNN model for reconstructing 
high spatiotemporal LSTs, especially in complex urban areas. 

2. Study area and data processing 

2.1. Study area 

The study area covers the urban areas of Beijing, China, containing 
14 urban and suburban districts and two rural counties (Fig. 1), with a 
coordinate range between 115.7◦~117.4◦E, 39.4◦~41.6◦N. As the 
capital of China, Beijing has experienced rapid urbanization develop
ment with rapid population growth and economic development since 
1949. Major land cover types in the study area include farmland, forest, 
grassland, bushes, wetlands, waters, impervious surfaces, and bare land. 

Beijing owns a typical temperate monsoon climate characterized by 
cold and dry winters, hot and rainy summers, and short spring and 
autumn. The UHI (Urban Heat Island) effect has become increasingly 
severer in Beijing in recent years, and many scholars have investigated 
this issue in an extensive manner (Meng et al., 2018; Qiao et al., 2013; 
Quan et al., 2014). However, the lack of high spatiotemporal resolution 
temperature datasets in urban systems greatly limits our understanding 
of the spatiotemporal characteristics and driving factors of SUHI (Sur
face Urban Heat Island) and their environmental impacts. A seamless 
LSTs dataset with consistent spatial and temporal information largely 
benefits the investigation of spatial and temporal changes of UHI in 
Beijing, providing essential references for understanding the urban 
thermal environment and for the decision-making in public health and 
sustainable development. 
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2.2. Data processing 

Detailed information regarding the datasets used in this study are 
shown in Table 1. This study employed Landsat 8 and MODIS satellite 
data for the year 2017. The MODIS satellite data derived from the NASA 
Earth Science Data (https://ladsweb.modaps.eosdis.nasa.gov/) include 
MODIS daily LSTs product MOD11A1 (onboard Terra satellite, daytime 
(~10:30 am)) and 16-day normalized difference vegetation index 
(NDVI) product (MOD13A2). The MODIS data were resampled to 1000 
m and re-projected to the Universal Transverse Mercator (UTM) pro
jection system with the Datum of World Geodetic System 1984 (WGS84) 
and cropped to the study area using the Beijing administration bound
ary. A total of 365 scenes of MODIS LSTs images were collected, with 
121 scenes having the clear sky pixels ratio of 0–30%, 69 scenes the ratio 
of 30–60%, and 175 scenes the ratio of 60–100%. 

In this study, Level-2 Landsat-8 Surface Reflectance products and 
raw TIR images between January and December 2017 were downloaded 
from the USGS website (https://espa.cr.usgs.gov/). The Landsat (30 m) 
images were resampled to 100 m. A total of 22 Landsat 8 TIRS images 
and 365 MODIS LSTs images were obtained in 2017. For Landsat 8 TIRS 
images, 11 scenes were all clear sky pixels, accounting for 50% of the 
total images. There were five scenes with strong coverage of clouds and 

shadows, among which four scenes occurred in summer. The unequal 
distribution of available scenes throughout the year, i.e., more clear 
scenes during the autumn and winter, fewer scenes during the winter 
and summer, again highlights the necessity of developing a robust LST 
reconstruction model. 

Hourly surface air temperatures (SATs) from 18 meteorological sta
tions in 2017 were collected from National Meteorological Information 
Center (http://data.cma.cn/). The SATs were resampled into raster 
images with a resolution of 100 m and 1 km, using the IDW method to 
respectively match the Landsat and MODIS LST data. 

The global land cover (GLC) product 2017 (Gong et al., 2019) was 
employed to group modeling results by land cover types (http://data. 
ess.tsinghua.edu.cn/). 

3. Method 

The proposed method includes four major components (Fig. 2). As 
LSTs can be affected by weather conditions such as cloud cover, wind 
speed, air humidity, and land cover types, we first add SATs, as the 
auxiliary data, to the model. Secondly, the missing LST data are recon
structed using ATCs/ATCe models in a coarse manner. Then, a 3D-CNN 
model is constructed to reconstruct missing LSTs considering the SATs 
data in a fine manner. Finally, the reconstructed results are evaluated 
using the observed LSTs from satellite images. 

3.1. Annual temperature cycle modeling 

The standard annual temperature cycle (ATCs) model, proposed by 
Bechtel (Bechtel, 2012, 2011), uses a single sinusoidal function to 
describe the dynamics of annual LST. The ATCs model can be defined as 
follows (Eq. (1)): 

LST(d) = φ(MAST,YAST , θ, d) = MAST + YAST*sin
(

2dπ
365

+ θ
)

(1)  

where d is the day relative to the spring equinox, MAST is the mean 
annual value of LST, YAST is the ATCs yearly amplitude, and θ is the 
phase shift relative to the spring equinox. 

The physical foundation of the ATCs model requires that the annual 
temperature dynamics are mainly controlled by the solar radiation flux 

Fig. 1. The study area (Beijing, China).  

Table 1 
Detailed data information.  

variable products Spatial 
resolution 

Temporal 
resolution 

Data source 

MODIS LSTs MOD11A1 1000 m Daily NASA 
NDVI MOD13A2 1000 m 16-Day NASA 
Lansat 8 OLI/ 

TIRS 
Surface 
Reflectance 
products 

100 m 16-Day USGS 

SATs Hourly SATs / houly National 
Meteorological 
Information 
Center 

Global land 
cover product 

GLC_10 10 m Yearly Tsinghua 
university 

Administration 
boundary 

Beijing 
administration 
boundary 

/ /   
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at the top of the atmosphere, and the land surface properties remain 
unchanged during the annual cycle. However, LSTs’ variation owns a 
harmonic nature, which is affected by land surface alterations, weather 
fluctuations, and human interference. Therefore, auxiliary data (i.e., 
NDVI, soil moisture, and SATs) related to LSTs variations were incor
porated to establish an ATC model that is sufficiently stable and can 
represent short-term LST fluctuations. Zou et al. (2018; 2017) proposed 
an enhanced annual temperature cycle model (ATCe) by considering 
synoptic conditions and vegetation phenology to estimate LSTs fluctu
ations using SATs and NDVI as auxiliary data (Eq. (2)): 

LST(d) = MAST + YAST*sin
(

2dπ
365

+ θ
)

+ΔTaird*γ(d) (2)  

where ΔTaird and γ(d) can be expressed by Eq. (3) and Eq. (4). 

ΔTaird = Taird − MASTair +YASTair*sin
(

2dπ
365

+ θair

)

(3)  

γ(d) = λ⋅(NDVImax − NDVImin)/[NDVI(d) − NDVImin + 1] (4)  

where Taird is the daily mean SATs MASTair,YASTair, θair are the annual 
mean, amplitude, and the corresponding phase shift of the SATs, 
respectively; λ is a multiplier; NDVImax and NDVImin are the maximum 
and minimum vegetation index values, respectively; NDVI(d) represents 
the vegetation index at a specific day. 

3.2. Spatiotemporal reconstruction of LSTs based on 3D-CNN model 

3.2.1. CNN models 
Convolutional neural networks (CNNs) facilitate the automatic 

learning of internal feature relationships between different data sources 
and are advantageous in solving highly nonlinear and dynamic prob
lems, which are mainly used in two-dimensional images. In a 2D-CNN, 
the convolutional layer performs 2D convolution to extract the local 
neighborhood features of the feature map of the previous layer from the 
spatial dimension only. Then, the additive bias is applied, and the result 
is passed through an activation function. However, the above processes 
are not applicable for spatiotemporal LST data. For spatiotemporal 
problems, it is necessary to capture spatial and temporal information in 
time-series LSTs images. Compared to the 2D convolution, the 3D 
convolution operation is applied to a 3D cube generated by stacking 
multiple contiguous frames. To effectively incorporate the spatial and 
temporal information in LST reconstruction, we employ 3D convolution 
layers of CNNs so that discriminative features in both spatial and tem
poral dimensions are captured (Eq. (5)). 

υxyz
ij = g

(

bij +
∑

m

∑Pi

p=0

∑Qi − 1

q=0

∑Ri − 1

r=0
ωpqr

ijm υ(x+p)(y+q)(z+r)
(i− 1)m

)

(5)  

where υ is the output variable in the feature map.P, Q, and R are the size 
of the 3D kernel along spectral, spatial, temporal dimensions, 
respectively.p, q, r are the indexes of the kernel. x, y, z are the indexes of 
the feature map. i, j,m are the indexes of the input layer, output layer 

Fig. 2. The workflow of the proposed model.  
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and feature map, respectively. ωpqr
ijm is the pqr-th value of the kernel 

connected to the m-th feature map. bij is the bias term for feature map. 

3.2.2. Spatiotemporal reconstruction of LSTs 
In this study, the 3D-CNNs aim is to reconstruct spatiotemporal in a 

fine manner. It contains the following three steps. 
Step 1: Extracting training, test and validation samples. The 5% of 

the clear sky pixels are randomly selected as the validation samples 
when the clear sky pixels are more than 30% of the total number of 
images on a specific day. After partitioning out the validation set, the 
remaining data will be used as the training set and test set of the model 
in the ratio of 7:3. 

Step 2: Constructing the 3D-CNN model (Fig. 3). Given an LST image 
set L = {L1, L2,⋯⋯, Ln− 1, Ln} that corresponds to different acquisition 
times, for a given pixel P, the position of the pixel through time by 
indexing through L can be observed as Pi = {Px,Py,Li}. The spatial and 
temporal radius of a missing pixel is defined as S and T, respectively. 
Thus, the size of the spatial and temporal window are respectively 
[2S+1,2S+1] and [i − T, i + T]. The depth of the temporal window is 
2T+1 and the size of image cubes is [2S + 1, 2S + 1, 2T + 1]. In this 
study, S and T are set to 4, the size of the spatiotemporal window is 9×

9× 9. Further, the sample with cubes from the image to be recon
structed and auxiliary data (SATs) are employed as the input layer, 
followed by 3D convolutions with 3D convolution kernels. Mean Abso
lute Error (MAE) is used as the Loss function (Eq. (6)): 

MAE =
1
N
∑N

i=1
(yi − ŷi)

2 (6)  

where yi is the observed LSTs value, ŷi represents the reconstruction 
LSTs value, and N denotes the number of pixels. 

To reduce the instability caused by the Loss function oscillation, we 
adopted the dynamic learning rate in this study: 

decayedlearningrate = learningrate × decayrate ∧
(
globalstep

/
decaysteps

)
(7)  

where learningrate is the initial learning, globalstep is the number of iter
ations, decaysteps is decay period, decayrate represents decay-rate. In this 
study, we set learningrate = 1e − 3, decayrate = 0.99, decaysteps = 1, 
globalstep = 3200, Batchsize = 32, and iteration = 3200. To avoid over- 
fitting, we save the model on every ten iterations. The model with the 
least validation (Val) Loss is selected as the optimal model for LSTs 
reconstruction. 

We construct experiments that include a total of 12 groups. Details 
are documented in Table 2. 

Step 3: Assessing accuracy. The models’ performance is evaluated 
using the validation dataset. The determination coefficient R2 and Root 
Mean Squared Error (RMSE) are used to assess the performance. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(yi − ŷi)

2

√
√
√
√ (8)  

R2 =
SSregression

SStotal
= 1 −

SSresidual

SStotal
= 1 −

∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − yi)

2 (9)  

where yi is the observed LSTs value, ŷi represents the reconstruction 
LSTs value, yi means the average of LSTs, N denotes the number of 
pixels, SStotal represents the sum of squared deviations, SSregression repre
sents the regression sum of squares, and SSresidual represents the residual 
sum of a square. 

4. Results 

4.1. Performance of 3D-CNN model 

At the beginning of training, the MAE value with the 3D-CNN model 
reaches the maximum, followed by a rapid decrease. It further reaches a 
stable state with slight fluctuations when the iterations reach 500 for 
both Landsat 8 LSTs and MODIS LSTs (Fig. 4 and Fig. 5). The minimum 
validation (Val) Loss values are 0.27 K (iterations = 2540), 0.26 K 

Fig. 3. the proposed 3D-CNN model for the fine spatiotemporal reconstruction of LSTs.  

Table 2 
Experimental groups.  

Reconstruction models ATCs ATCe SATs 3D-CNN 

Landsat ATCs √    
Landsat ATCe  √   
Landsat ATCs & CNN √   √ 
Landsat ATCe & CNN  √  √ 
Landsat ATCs & CNN & SATs √  √ √ 
Landsat ATCe & CNN & SATs  √ √ √ 
MODIS ATCs √    
MODIS ATCe  √   
MODIS ATCs & CNN √   √ 
MODIS ATCe & CNN  √  √ 
MODIS ATCs & CNN & SATs √  √ √ 
MODIS ATCe & CNN & SATs  √ √ √  
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(iterations = 3060), 0.23 K (iterations = 2540), 0.28 K (iterations =
3080) for Landsat ATCs&CNN, Landsat ATCe&CNN, Landsat 
ATCs&CNN&SATs and Landsat ATCe&CNN&SATs respectively. The 
corresponding train Loss values are 0.31 K, 0.37 K, 0.36 K, 0.29 K, 
respectively. 

The minimum Val Loss values are 0.46 K (iterations = 3120), 0.48 K 
(iterations = 2300), 0.34 K (iterations = 2820), and 0.39 K (iterations =
3080) for MODIS ATCs&CNN, MODIS ATCe&CNN, MODIS 
ATCs&CNN&SATs, and MODIS ATCe&CNN&SATs respectively. Their 
corresponding train Loss values are 0.9 K, 0.51 K, 0.62 K, and 0.70 K, 
respectively. We notice that ATCs&CNN&SATs owns the lowest Val Loss 
in both Landsat 8 LSTs and MODIS LSTs. Compared with Landsat LSTs 
(0.3–1.0 K), the fluctuation of Loss values in MODIS LSTs (0.5–3.0 K) is 
more intense than that in Landsat LSTs (0.3–1.0 K). 

4.2. Spatiotemporal pattern of reconstruction LSTs 

The reconstruction results from different models are displayed in 
supplementary materials (see Section1-Reconstructed Landsat LSTs and 
Section2-MODIS LSTs), where columns 1–8 respectively represent the 
original LSTs data, LSTs to be reconstructed, LSTs reconstructed by 
ATCs, ATCe ATCs&CNN, ATCe&CNN, ATCs&CNN&SATs, and 
ATCe&CNN&SATs. Fig. 6 and Fig. 7 only present the spatiotemporal 
patterns of reconstructed Landsat LSTs and MODIS LSTs on different 
seasons with cloud cover percentages of more than 60%. 

For Landsat LSTs, Except for the selected 5% as the validation set, the 
rest of the data are all clear-sky pixels for the day of year (DOY) 31, DOY 
63, DOY 127, DOY 143, DOY 191, DOY 255, DOY 271, DOY 303, DOY 

319, DOY 335, and DOY 351 (see Supplementary materials: Section1- 
Reconstructed Landsat LSTs). The simulated LSTs from Landsat 
ATCe&CNN, Landsat ATCe, and Landsat ATCe&SATs&CNN are similar 
to the observed LSTs for DOY 31, DOY 335 and DOY 351 images (all in 
winter), respectively. For DOY 31, we notice that the reconstructed LSTs 
from Landsat ATCs, Landsat ATCe, Landsat ATCs&CNN, and Landsat 
ATCe &CNN are higher than observed LSTs, especially in urban centers 
with high impervious surface coverage. The reconstructed LSTs for 
Landsat ATCe&SATs&CNN are lower than observed LSTs. For DOY 335, 
the estimated LSTs from Landsat ATCs, Landsat ATCs&CNN, Landsat 
ATCe&CNN, Landsat ATCs&SATs&CNN, Landsat ATCe&SATs&CNN are 
all higher than the actual LSTs. For DOY 351, the reconstructed LSTs for 
Landsat ATCs, Landsat ATCe Landsat ATCs&CNN, Landsat ATCe&CNN, 
and Landsat ATCs&SATs&CNN are all higher than the actual satellite 
data LSTs. In spring, the reconstructed LSTs from Landsat ATCs and 
Landsat ATCe are lower than the observed LSTs on DOY 63 and DOY 127 
(Fig. 6), especially in urban cores. However, the opposite patterns can be 
observed on DOY 143. The reconstructed LSTs from Landsat 
ATCs&CNN, Landsat ATCe&CNN, Landsat ATCs&CNN&SATs, Landsat 
ATCe&CNN&SATs are similar to the actual observed LSTs on DOY 63 
and DOY 127. In summer, the LSTs reconstructed by Landsat ATCs and 
Landsat ATCe are generally higher than the observed LSTs (Fig. 6). In 
autumn, the reconstructed LSTs are close to the original LSTs on DOY 
255 and DOY 271, except for the LSTs derived from Landsat ATCs. On 
DOY 303, the reconstructed LSTs fromLandsat ATCs, Landsat ATCe and 
Landsat ATCs&CNN&SATs are all lower than the observed LSTs. Such a 
pattern occurs in both urban and rural areas. On DOY 319, the recon
structed LSTs from Landsat ATCs&CNN and Landsat ATCe are lower 

Fig. 4. Train Loss and Validation Loss from Landsat LSTs (A-D represent for Landsat ATCs&CNN, Landsat ATCe&CNN, Landsat ATCs&CNN&SATs, and Landsat 
ATCe&CNN&SATs, respectively). 

H. Fu et al.                                                                                                                                                                                                                                       



International Journal of Applied Earth Observation and Geoinformation 108 (2022) 102733

7

than the original satellite LSTs, while the LSTs from Landsat ATCe&CNN 
are similar to the actual LSTs. 

For images with a clear sky pixel ratio of about 60%, images on DOY 
95 and DOY 111 were both obtained in spring. The missing pixels of 
DOY 95 and DOY 111 are mainly in the east and southeast and in the 
mountainous areas in the northwest, respectively. In general, in these 
two images, the reconstructed LSTs from all models in the urban cores 
and the southern suburbs are close to the observed LSTs, except for the 
LSTs from Landsat ATCs and Landsat ATCe. 

The reconstructed LSTs from MODIS ATCs and ATCe are higher than 
observed LSTs on DOY 127 (spring), DOY 191 (summer), and DOY 351 
(winter), but lower than actual LSTs on DOY 303 (autumn). The results 
of MODIS LSTs are generally consistent with the results of Landsat LSTs. 
MODIS LSTs from different models are shown in supplementary mate
rials (see Section2-Reconstructed MODIS LSTs). 

4.3. Accuracy assessment 

4.3.1. Different clear-sky pixel percent 
To understand the impacts of clouds (or the number of samples 

available on a per-pixel basis) on the LST reconstruction accuracy, we 
validate the reconstructed results given the proportion of clear sky 
pixels: 0–30%, 30–60%, 60–100%, and 30–100%. The use of a large 
interval (30%) rather than a small one (e.g., 5%, 20%) is to provide 
variation in the number of images (or samples) for understanding such 
impacts on the reconstruction accuracy. The scatter density plot be
tween Landsat/MODIS LSTs observed values and the reconstructed from 

different models under different clear-sky pixel percent are shown in Fig. 
S1 (Landsat LSTs: 30–60%), Fig. S2 (MODIS LSTs: 30–60%), Fig. S3 
(Landsat LSTs: 60–100%), Fig. S4 (MODIS LSTs: 60–100%), Fig. 8 
(Landsat LSTs:30–100%) and Fig. 9 (MODIS LSTs: 30–100%) (see Sup
plementary materials: Section3-Appendix). Sub-figures A-F respectively 
show the reconstructed results observations from Landsat ATCs, Landsat 
ATCe, Landsat ATCs&CNN, Landsat ATCe&CNN, Landsat 
ATCs&CNN&SATs, and Landsat ATCes&CNN&SATs. 

Compared with 60–100% (Fig. S2) and 30–100% (Fig. 8), the RMSE 
of 30–60% (Fig. S1) is the lowest in all models, except for Landsat ATCs 
(R2 = 0.55, RMSE = 3.23 K) and Landsat ATCe (R2 = 0.58, RMSE = 2.66 
K). In general, the reconstruction accuracies are similar under clear-sky 
pixel percentages of 60–100% and 30–100%. Note that there are only 
two scenes with clear sky pixels between 30% and 60% (DOY 95 and 
DOY 111). Such a small amount of validation data is responsible for the 
low RMSEs. Fig. 8 (Fig. 9) presents the RMSE and R2 between the 
observed LSTs from Landsat (MODIS) images and the fitted LSTs. The R2 

values of Landsat ATCs and Landsat ATCe are 0.88 and 0.93, respec
tively, while the RMSEs are 4.21 K and 3.25 K, respectively. The 
auxiliary data (NDVI and SATs) lead to the improved reconstruction of 
LSTs compared with ATCs. The reconstruction accuracy of the 3D-CNN 
model is about 2–3 times better than the ones of the ATCs and ATCe 
model. The R2 of Landsat ATCs&CNN, Landsat ATCe&CNN, Landsat 
ATCs&CNN&SATs, Landsat ATCe&CNN&SATs are 0.97, 0.99, 0.98, 
0.99, respectively, and the RMSEs are all within 2 K (1.85 K, 1.13 K, 
1.56 K, and 0.96 K) and evenly distributed around the 1:1 line, indi
cating no observable biases in their reconstruction results. The RMSE of 

Fig. 5. Train Loss and Validation Loss for MODIS LSTs（A-D represent MODIS ATCs&CNN, MODIS ATCe&CNN, MODIS ATCs&CNN&SATs, and MODIS 
ATCe&CNN&SATs, respectively） 
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Landsat ATCe&CNN is smaller than Landsat ATCs&CNN. We notice that 
Landsat ATCe&CNN outperforms Landsat ATCs&CNN&SATs. Note that 
the RMSE from Landsat ATCe&CNN&SATs (RMSE = 0.96 K) is one- 

fourth of the one from Landsat ATCs (RMSE = 4.21 K) and half of the 
one from Landsat ATCs&CNN (RMSE = 1.85 K), indicating that the 
involvement of SATs as auxiliary data during the LST reconstruction 

Fig. 7. The reconstructed LSTs for MODIS in DOY 127 (spring), DOY191 (summer), DOY303 (autumn), DOY351 (winter). Images in columns 1–8 respectively 
represent the original MODIS LSTs data, LSTs to be reconstructed, reconstructed LSTs from MODIS ATCs, MODIS ATCe, MODIS ATCs&CNN, MODIS ATCe&CNN, 
MODIS ATCs&SATs&CNN, and MODIS ATCe&SATs&CNN. 

Fig. 6. The reconstructed LSTs for Landsat in DOY 127 (spring), DOY191 (summer), DOY303 (autumn), DOY351 (winter). Images in columns 1–8 respectively 
represent the original Landsat LSTs data, LSTs to be reconstructed, LSTs reconstructed from Landsat ATCs, Landsat ATCe, Landsat ATCs&CNN, Landsat ATCe&CNN, 
Landsat ATCs&SATs&CNN, and Landsat ATCe&SATs&CNN. 
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process improve the reconstruction accuracy. 
For MODIS LSTs, the reconstructed results are very similar compared 

with Landsat LSTs: the best results come from clear sky pixel percentage 
of 60–100% (Fig. S4), followed by 30–100% (Fig. 9), and 30-60% (Fig. 
S3). Taking the 30-100% as an example, the reconstructed result from 

MODIS ATCe (R2 = 0.93, RMSE = 3.15 K) is better than the one from 
MODIS ATCs (R2 = 0.90, RMSE = 3.83 K). The RMSEs of MODIS 
ATCs&CNN (0.78 K), MODIS ATCe&CNN (0.71 K), MODIS ATCs 
&CNN&SATs (0.61 K), MODIS ATCe &CNN&SATs (0.75 K) are all 
within 1.0 K and the R2 all reach 0.99. The reconstruction accuracy of 

Fig. 9. Accuracy assessment for MODIS LSTs with clear-sky pixel percentages of 30–100%.（A-F 1–6 present Landsat ATCs, MODIS ATCe, MODIS ATCs&CNN, 
MODIS ATCe&CNN, MODIS ATCs&CNN&SATs, and MODIS ATCe&CNN&SATs, respectively. 

Fig. 8. Accuracy assessment for Landsat LSTs with clear-sky pixel percentages of 30–100%.（A-F present Landsat ATCs, Landsat ATCe, Landsat ATCs&CNN, Landsat 
ATCe&CNN, Landsat ATCs&CNN&SATs, and Landsat ATCe&CNN&SATs, respectively. 
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MODIS ATCe&CNN is similar to that of MODIS ATCs&CNN with an 
RMSE difference of only 0.07 K. MODIS ATCs&CNN&SATs outperforms 
MODIS ATCs&CNN, evidenced by its reduced RMSE (from 0.78 K to 
0.61 K). RMSEs from MODIS ATCe&CNN&SATs and MODIS ATCe&CNN 
are relatively close, with a difference of only 0.04 K. Therefore, we can 
conclude that involving the 3D-CNN model results in improved recon
struction performance, while the addition of SATs as auxiliary data fails 
to further improve the reconstruction results. 

Fig. 10 represents the error distribution of reconstructed LSTs and 
observed LSTs from Landsat and MODIS. For Landsat LSTs and MODIS 
LSTs, ATCs&CNN, ATCe&CNN, ATCs&CNN&SATs, ATCe&CNN&SATs 
tend to have a relatively concentrated error distribution. Table 3 shows 
the percentage of the error distribution in different ranges. For Landsat 
LSTs, the proportions of errors within 1 K are 13% for ATCs, 27% for 
ATCe, 57% for ATCs&CNN, 60% for ATCe&CNN, 61% for 
ATCs&CNN&SATs, and 75% for ATCe&CNN&SATs, respectively. We 
observe that the involvement of the 3D-CNN model leads to a higher 
proportion of errors within 1 K (increased from 13% to 57%). The 
proportion of errors within 1 K, 2 K, and 4 K for ATCe&CNN&SATs have 
reached 75%, 93.72%, 99.78%, respectively. The proportion of errors 
within 4 K are 63% for ATC, 80.64% for ATCe, 90.26% for ATCs&CNN, 
91.48% for ATCe&CNN, 94.60% for ATCs&CNN&SATs, and 99.77% for 
ATCe&CNN&SATs, respectively. 

In general, the error distribution of MODIS LSTs is similar to the one 
of Landsat LSTs. ATCs&CNN presents the highest error distribution 
within 1 K (83.08%), followed by ATCe&CNN (83.87%), 
ATCs&CNN&SATs (79.20%), and ATCe&CNN&SATs (71.01%). The 
ATCs and ATCe models have the lowest error distribution within 1 K, i. 
e., 17.07% and 24.65%, respectively. Except for ATCs (35.05%) and 
ATCe (46.65%), errors within 2 K account for above 96%. 

4.3.2. Validation of LSTs reconstruction results under different land cover 
types 

In this session, we validate the reconstruction results under different 

land cover types and establish the regression function by comparing 
them against the satellite-observed LSTs in each land cover type (see 
Supplementary materials: Section3-Appendix Table S1 and Table S2). 
Fig. 11 shows the RMSE of the different models for different land cover 
types from Landsat and MODIS. 

For Landsat LSTs (see Supplementary materials: Section3-Appendix 
Table S1 and Fig. 11.A), the reconstruction accuracy of different land 
cover types basically shows the following pattern: ATCe&CNN&SATs >
ATCe&CNN > ATCs&CNN&SATs > ATCs&CNN > ATCe > ATCs. The 
RMSE of the ATCs model is the highest in Grassland (4.48 K) and the 
lowest in Water bodies (2.7 K), with an R2 of 0.86 and 0.94. The RMSEs 
of Cropland, Forest, shrubland, and bareland are all above 4 K. However, 
the RMSEs of the ATCe model are improved around 0.7 to 1.4 K for 
different land covers, especially in vegetation (up to 1.1 K). The results 
are comparable with a study by Zou et al. (2018), who stated that the 
NDVI data could improve the performance of the ATC in vegetation 
areas, as phenology plays a vital role in the LST fluctuations. The RMSEs 
of ATCs&CNN and ATCe&CNN display a sharp decrease, ranging from 
1.0 K/1.6 K(ATCs&CNN/ ATCe&CNN) in water bodies to 3.0 K/3.5 K 
(ATCs&CNN/ATCe&CNN) in vegetation area. The results illustrate that 
3D-CNNs models can effectively complement and enrich the perfor
mance of the ATC model. However, the accuracy of ATCs&CNN& SATs 
and ATCe&CNN& SATs show a gentle increase around 0.1–0.3 K 
compared with the ATCs&CNN/ATCe&CNN, presumably relating to the 
location of stations, the interpolation method, and the time difference 
between the SATs and satellite observation. The best accuracy comes 
from ATCe&CNN&SATs, with RMSEs all close to 1 K (0.84–1.10 K). 

The mean value of the reconstructed LSTs is closer to the one of the 
observed LSTs, fluctuating around 1 K. However, great differences can 
be observed between the maximum and minimum values. For example, 
the difference between the maximum value of the ATCe model (348.61 
K) and the maximum value obtained by satellite observation (327.00 K) 
in farmland is 21.61 K, and the difference between the minimum value is 
nearly 10 K (253.21 K/262.09 K). 

Fig. 10. The histogram of the error distribution between observed LSTs and reconstructed LSTs from selected models. (A) Landsat LSTs (B) MODIS LSTs.  

Table 3 
The percentage of the error distribution between observed LSTs and reconstructed LSTs.  

Landsat/MODIS 

Percents ATCs ATCe ATCs&CNN ATCe&CNN ATCs&CNN&SATs ATCe&CNN&SATs 

<1 K 13.41/17.07 27.49/24.65 57.38/83.08 60.03/83.87 60.71/79.2 74.68/71.01 
<2 K 16.81/17.99 24.05/22 14.58/14.31 16.93/13.54 23.24/18.32 19.04/25.26 
<4 K 32.74/31.77 29.1/31.96 18.3/2.37 14.51/2.38 10.65/2.3 6.05/3.47 
<6 K 21/19.82 12.06/14.99 6.28/0.19 7.06/0.17 4.15/0.14 0.19/0.22 
>6 K 16.04/13.35 7.29/6.41 3.46/0.04 1.46/0.04 1.25/0.03 0.03/0.04 
MIN − 37.09/− 23.54 − 40.83/− 20.67 − 21.55/− 16.82 − 16.18/− 15.32 − 20.28/− 17.76 − 13.63/− 15.25 
MAX 24.2/16.31 28.23/13.76 9.34/12.53 10.42/13.47 8.36/14.91 7.22/13.63 

Note: all values are in percentages. 
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The reconstruction results of MODIS LSTs are slightly different from 
Landsat LSTs(see Supplementary materials: Section3-Appendix Table 
S2). In general, ATCs&CNN&SATs shows the best performance while 
ATCs shows the worst. Except for bare land, models’ performances show 
the following pattern:ATCs&CNN&SATs > ATCe&CNN >

ATCe&CNN&SATs > ATCs&CNN > ATCe > ATCs (see Supplementary 
materials: Section3-Appendix Table S2). The reconstructed MODIS LSTs 
from the ATCs and ATCe models are similar to Landsat, with higher 
RMSEs in cropland, forest, grassland, shrubland, and bareland. 
ATCs&CNN&SATs presents the best performance among all the land 
cover types. Water shows the largest RMSE (0.72 K), while the imper
vious surface shows the smallest RMSE (0.49 K). Meanwhile, the RMSEs 
from 3D-CNN and models with SATs as auxiliary data are less than 1 K in 
all land cover types(Fig. 11 B). 

5. Discussion 

5.1. Comparison of different methods and data sources 

5.1.1. Accuracy of different methods 
From the experimental results, we observe that the ATCe model for 

both Landsat and MODIS data outperforms ATCs. This result is mainly 
due to the fact that the ATCe model considers the LST short-term fluc
tuations due to the synoptic conditions (SATs) and surface properties 
(Zou et al., 2018). The accuracies for ATCs&CNN, ATCe & CNN, 
ATCs&CNN&SATs, and ATCe&CNN&SATs are improved by incorpo
rating spatial and temporal information. ATCs and ATCe belong to the 
temporal framework, thus lacking the capability to capture spatial in
formation. 3D-CNNs is able to complement and enrich the ATCs and 
ATCe models by embedding spatiotemporal information of LSTs. 

5.1.2. Uncertainty induced by different data sources 
By comparing the model performances for reconstructing Landsat 

and MODIS LSTs, we find that these models commonly perform better in 
MODIS than Landsat LSTs. This phenomenon may be attributed to the 
fact that the yearly data volume greatly differs between Landsat (22 
scenes, 16 days) and MODIS (365 scenes, daily). MODIS LSTs can cap
ture more temporal details compared with Landsat LSTs. We further 
observe that the addition of SATs has a gentle greater impact on Landsat 
LSTs and MODIS LSTs in the construction 3D-CNN model. This finding 
can be explained from the following aspects. First, the differences be
tween the satellite overpass times and instantaneous SATs introduce a 

certain level of uncertainties to the model. Meanwhile, the influence of 
the IDW interpolation algorithm that leads to spatially continuous 
temperature distribution is also one of the factors that should be 
considered. Finally, the SATs are represented by the pixel-wise LST 
values. However, the land cover types contained in Landsat and MODIS 
pixels can be different, given their different spatial resolutions, leading 
to disparities in received solar radiation and the influence of sur
rounding ground objects (i.e., different surface-specific emissivity). 

5.2. Limitations and future works 

This study proposes a hybrid framework by combining ATC and 3D- 
CNN for reconstructing spatially and temporally continuous LSTs. The 
reconstruction framework shows better performance and flexibility 
compared with different competing methods. However, we acknowl
edge several limitations of the proposed method. First, insufficient 
auxiliary data (e.g., SATs and NDVI) may fail to completely capture the 
short-term fluctuations. Second, the inaccurate interpolation of SATs 
can introduce a certain level of uncertainties to the model performance. 
We believe this study can benefit from an improved interpolation 
method SATs. In addition, our proposed method presents better suit
ability under clear-sky conditions. Additional data should be used and 
expriments should be conducted to reflect conditions that include sur
face radiation fluxes, different cloud percentages, and microwave im
ages. Finally, the effectiveness of the proposed LST reconstruction 
method should be further evaluated in more studies areas using multi- 
year data. 

6. Conclusion 

LST is a key indicator for understanding various important issues. 
However, the pixel quality of satellite-observed LSTs is largely affected 
by cloud, cloud shadow, and other atmospheric conditions, resulting in 
spatial discontinuity and temporal irregularity and posing great chal
lenges to the spatiotemporal analysis in urban thermal environments. 
Most existing reconstruction algorithms target small spatial scale, single 
scene/several scene images, and large-scale (city/regional) and long- 
time series of LSTs data reconstruction are not universal. 

In this study, we use SATs as auxiliary data and propose a hierar
chical reconstruction method combining ATC models and 3D-CNN 
methods for reconstructing high spatiotemporal LSTs in urban areas. 
To validate the feasibility and effectiveness of the proposed method, we 

Fig. 11. RMSE of the different models for different land cover types from Landsat (A) and MODIS (B).  
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retrieve 22 scenes of Landsat LSTs and 365 scenes of MODIS LSTs that 
cover Beijing, China, in the year 2017. We conduct experiments on six 
groups, i.e., ATCs, ATCe, ATCs&CNN, ATCe&CNN, ATCs&SATs&CNN, 
and ATCe&SATs&CNN. The LST reconstruction results are verified 
under different clear sky pixel percentages and different land cover 
types. 

The results show that the reconstruction results involving auxiliary 
data and the RMSEs for the 3D-CNN model are at least three times lower 
than the ones from ATCs and ATCe models (RMSE: Landsat 
ATCe&SATs&CNN = 0.96 K, Landsat ATCs = 4.21 K; MODIS ATCs =
3.83 K; MODIS ATCs&SATs&CNN = 0.61 K). The RMSE is less than 2 K 
for Landsat and 1 K for MODIS, between the reconstructed LSTs and the 
observed LSTs. The conceptual, methodological, and experimental 
knowledge of this study is expected to benefit a variety of domains that 
require spatiotemporal continuous LSTs. 
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