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ABSTRACT

Land Surface Temperature (LST) is a key parameter for monitoring the Earth’s surface
energy balance and water cycle, playing an important role in assessing environmental
changes from local to global scales. Despite advances in remote sensing and the
availability of time-series data, limitations in sensor design and the trade-off between
spatial and temporal resolution remain major challenges for generating accurate LST
time series. To address these issues, various spatiotemporal fusion (STF) methods have
been developed. In this study, four ensemble learning algorithms, namely Extreme
Gradient Boosting (XGBoost), Gradient Boosting Machine (GBM), Random Forest
(RF), and Deep Forest, were used as the core of a spatiotemporal fusion framework
to simulate daily LST from Landsat 8 and Landsat 9 imagery. The Enhanced Spatial
and Temporal Adaptive Reflectance Fusion Model (ESTARFM) was also employed as
a benchmark for comparison. The results showed that XGBoost achieved the best
performance, with Root Mean Square Error (RMSE) values of 2.76 K, 1.60 K, 1.68 K,
and 1.54 K for 2016, 2021, 2022, and 2023, respectively. Deep Forest showed the
highest errors among the ensemble models, while GBM and Random Forest performed
at an intermediate level. In addition, ESTARFM produced higher RMSE values
ranging from 1.69 K to 2.91 K, indicating lower accuracy compared to the machine
learning approaches. Overall, the results demonstrate that XGBoost provides the most
accurate and robust performance for LST spatiotemporal fusion, outperforming both
other ensemble methods and the ESTARFM model.
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Extended Abstract:

Introduction:

and surface temperature is a key parameter for monitoring surface energy balance, the

water cycle, and environmental changes (Ebrahimy & Azadbakht, 2019). However,
remote sensing data face an inherent trade-off between spatial and temporal resolution.
MODIS provides daily LST with coarse resolution (1 km), while Landsat offers fine
spatial resolution (30-100 m) but with multi-day revisit intervals. Cloud covers further
limit data continuity(Guo et al., 2024). To overcome this, spatiotemporal fusion methods
have been developed (Wang et al., 2023). The widely used ESTARFM method performs
poorly in heterogeneous areas( Zhu et al., 2010). Recent learning-based approaches like
CNN s require large training data and computational resources(Tan et al., 2019). Ensemble
learning algorithms offer a promising alternative due to their ability to handle nonlinearity
and heterogeneity(Galar et al., 2011). However, their application in LST fusion remains
underexplored.

This study evaluates four tree-based ensemble algorithms, GBM, Random Forest,
XGBoost, and Deep Forest, for daily LST simulation within an STF framework.
ESTARFM serves as the reference method. The findings will advance STF accuracy for
monitoring LST dynamics.

Methodology

As shown in Figure 3, LST data from MODIS and Landsat 8/9 were used to predict high-
resolution LST maps. Three time points were defined: T1 (before), T2 (target), and T3
(after). Landsat images (L1, L2, L3) and MODIS images (M1, M2, M3) were resampled
to 100 m. For spatiotemporal fusion algorithms, input data included Landsat at T1/T3 and
MODIS at T1/T2/T3. After training, 100 m LST maps were generated for T2. Five
downscaled LST outputs were produced per target date, enabling comprehensive
evaluation of ensemble algorithms for spatiotemporal fusion.

Results and discussion

As shown in Table 2 and Figure 3, in all evaluated years (2016, 2021, 2022, and 2023),
ensemble learning methods outperformed the physically based ESTARFM model. Among
them, the Gradient Boosting Machine (GBM) consistently achieved the best performance
in most metrics, recording the lowest RMSE values of 2.76, 1.60, 1.68, and 1.54 K,
respectively. In contrast, Deep Forest produced the highest errors in most years. The
comparison with ESTARFM indicated that this method is highly sensitive to the temporal
gap between image pairs and surface heterogeneity. Although ESTARFM performed
comparably to machine learning models in 2016 and 2022 (notably in 2022, with RMSE
~ 1.69 vs. 1.68 for GBM), its accuracy decreased significantly in 2021 and 2023.

The temporal gap analysis (Figure 4) showed that increasing the time interval does not
lead to a strictly linear increase in error. Ensemble learning models exhibited relatively
stable behavior under varying temporal conditions, whereas ESTARFM showed a clear
decline in accuracy under larger temporal gaps, especially in heterogeneous environments.

Statistical tests indicated that XGBoost performance differences were significant
compared to other machine learning models (p < 0.05), but its difference with ESTARFM
was not statistically significant (p = 0.1753), suggesting similar performance under some
conditions.

In terms of computational efficiency, XGBoost required the least memory and
extremely low execution time (<0.3 s), while Random Forest had the highest
computational cost. ESTARFM was fast but less accurate than the machine learning
approaches.
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Overall, Moran’s I value (=0.78—0.92) confirmed the presence of spatial structure in
residuals across all models. However, this spatial dependency was stronger in ESTARFM,
indicating more pronounced spatial patterns in its errors. Variogram results further
showed that ensemble models, particularly XGBoost and GBM, reduced spatial
autocorrelation in errors, producing more random-like residuals compared to ESTARFM.

Conclusion

This study compared ensemble learning methods with ESTARFM for spatiotemporal
fusion of land surface temperature over four years (2016, 2021, 2022, and 2023). The
results showed that ensemble models, especially XGBoost, consistently achieved higher
accuracy and stability than ESTARFM.

XGBoost provided the best overall performance across all years, demonstrating strong
robustness in heterogeneous and dynamic agricultural environments. In contrast,
ESTARFM showed higher sensitivity to temporal gaps and surface heterogeneity, leading
to reduced accuracy under complex cond

itions. Overall, ensemble learning methods proved to be a more accurate and reliable
alternative to the physically based ESTARFM model for LST spatiotemporal fusion,
although further validation in different regions is still needed.
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22 Bagging

23 Bootstrapping
24 Out-of-Bag

25 Grid search

26 Gradient Descent
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27 Node-level Parallel Processing
28 Regularization

29 Overfitting

30 Subsample and colsample_bytree
31L2 (lambda)

32 L1 (alpha)

33 Cascade

34 Multi-grained Scanning
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35 5-fold cross-validation

36 Correlation Coefficient

37 Root Mean Square Error (RMSE)
38 Root Mean Square Error (RMSE)
39 Mean Absolute Error

40 Residual

41 Moran’s I
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Table 2. Results of LST data generation using Ensemble Learning algorithms on different dates
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Figure 3. Scatter plots of reference images and predicted LST results
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