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Nowadays there are many algorithms for statistical downscaling of land surface temperature (LST) that can
improve the spatial resolution of this data (Zhan et al., 2013). The problem of existing algorithms is the necessity
to select features and adjust the algorithm parameters depending on land surface classes present in the image. For
example, DisTrad algorithm, based on the assumption about unambiguous relationship between Normalized
Difference Vegetation Index (NDVI) and LST, shows good results when observing agricultural areas, but has
worse performance for urban areas (Kustas et al., 2003).
The objective was to develop an algorithm for downscaling land surface temperature with parameters minimally
dependent on the land surface classes.
Brightness temperature (BT) was calculated for cloudless Landsat-8 TIR images and then it was downscaled to
spatial resolution of Landsat-8 OLI VNIR bands (30 m). Since the Landsat-8 TIR data disseminated by the
USGS EROS Archive (eros.usgs.gov) is of 30 m spatial resolution derived from the original 100 m resolution by
means of cubic convolution (Roy et al., 2014), 90 m resolution images generated by aggregation with a factor 3
were used instead.
Downscaling was performed for test areas with prevailing land surface classes "vegetation", "urban" and
"water".
The features for predictive model were Landsat-8 OLI spectral bands, excepting panchromatic band,
{ , … , , }, as well as spectral indices: Normalized Difference Vegetation Index (NDVI), Normalized
Difference Water Index (NDWI) (Xu, 2006) and Normalized Difference Built-up Index (NDBI) (Landsat). Let
denote raster feature stack as: = { , … , , , , , }.
The inputs to the algorithm are low-resolution brightness temperature  and high-resolution feature stack

= { , … , , , , , }.
Algorithm stages:
1. Build a regression model relating the initial low-resolution BT ( ) with low-resolution feature stack  (
is generated by spatial averaging of ):

^ = ( ).
The ElasticNet was used as regression method (Zou and Hastie, 2005). It retains the simplicity of linear
regression and, due to the presence of regularization terms of the 1st and 2nd orders, allows to automatically
remove features insignificant for a given area.
2. Calculate residuals  – difference between modelled and observed low-resolution BT:

= − ^ .
3. Approximate the residuals  using Random Forest method:

^ = ( ) + .
The residual approximation plays a smoothing role. Random Forest is used because it allows to approximate
substantially nonlinear relations and select the most significant features.
4. Increase spatial resolution of residuals ^  from low to high (^ ) using bilinear interpolation.
5. Generate simulated high-resolution BT ( ^ ) using  model:

^ = .
Add residuals ^  to the result and get the final high-resolution BT ( ):

= ^ + ^ .



To assess the quality of results, the mean absolute error (MAE) and root mean square error (RMSE) were
calculated for the following situations (Cho et al., 2018):
1. Synthesis. The TIR and VNIR bands are proportionally upscaled, and downscaling is applied to the

upscaled images. The VNIR resolution after upscaling is the same as the original TIR resolution (90 m).
BT calculated from the original image (90 m resolution) is used as a reference.

2. Consistency. Downscaling is performed first, and then the resulting BT (30 m) is upscaled to initial
resolution of 90 m. The original BT with 90m resolution is used as a reference.
The results of the algorithm are shown in Fig. 1.

Figure 1.

The MAE and RMSE errors (in Kelvin) are shown in Table 1.

Table 1. MAE and RMSE errors (K) of LST statistical downscaling algorithm
MAE (synthesis) RMSE (synthesis) MAE (сonsistency) RMSE (сonsistency)

vegetation 0.98 1.29 0.83 1.10
urban 1.02 1.37 0.85 1.15
water 1.02 1.40 0.81 1.11

As can be seen, errors are stable for areas with different land surface classes.
The developed algorithm for land surface temperature downscaling from Landsat-8 OLI/TIR data based on the
ElasticNet regression method minimally depends on the land surface classes with MAE up to 1.02 K and RMSE
up to 1.40 K. The resulting temperature maps are characterized by the presence of fine details visually
indistinguishable in the original images. In the future, the algorithm can be improved, for example, for
downscaling Landsat-8 TIR data to the spatial resolution of Sentinel-2 VNIR bands (10 m).

References
Cho, K., Y. Kim, Y. Kim. 2018. Disaggregation of Landsat-8 thermal data using guided SWIR imagery on the

scene of a wildfire. – Remote Sensing, 10, 2, 105. https://doi.org/10.3390/rs10010105
Kustas, W. P., J. M. Norman, M. C. Anderson, A. N. French. 2003. Estimating subpixel surface temperatures

and energy fluxes from the vegetation index radiometric temperature relationship. – Remote Sensing of
Environment, 85, 4, 429–440. https://doi.org/10.1016/S0034-4257(03)00036-1

Landsat normalized difference vegetation index. U.S. Geological Survey [Online]. Available:
https://www.usgs.gov/land-resources/nli/landsat/landsat-normalized-difference-vegetation-index

Roy, D., M. Wulder, T. Loveland, C.E. Woodcock, R. Allen, M. Anderson, D. Helder, J. Irons, D. Johnson, R.
Kennedy, T. Scambos, C. Schaaf, J. Schott, Y. Sheng, E. Vermote, A. Belward, R. Bindschadler, W. Cohen,
F. Gao, J. Hipple, P. Hostert, J. Huntington, C. Justice, A. Kilic, V. Kovalskyy, Z. Lee, L. Lymburner, J.
Masek, J. McCorkel, Y. Shuai, R. Trezza, J. Vogelmann, R. Wynne, Z. Zhu. 2014. Landsat-8: Science and
product vision for terrestrial global change research. – Remote Sensing of Environment, 145, 154–172.
https://doi.org/10.1016/j.rse.2014.02.001

Xu, H. 2006. Modification of normalised difference water index (NDWI) to enhance open water features in
remotely sensed imagery. – International Journal of Remote Sensing, 27, 14, 3025–3033.
https://doi.org/10.1080/01431160600589179

Zhan, W., Y. Chen, J. Zhou, J. Wang, W. Liu, J. Voogt, X. Zhu, J. Quan, J. Li. 2013. Disaggregation of remotely
sensed land surface temperature: Literature survey, taxonomy, issues, and caveats. – Remote Sensing of
Environment, 131, 119–139. https://doi.org/10.1016/j.rse.2012.12.014

Zou, H., T. Hastie. 2005. Regularization and Variable Selection via the Elastic Net. – Journal of the Royal
Statistical Society, Series B, 67, 2, 301–320. doi:10.1111/j.1467-9868.2005.00503.x



Figure 1. Fragments of LC08_L1TP_178026_20180511_20180517_01_T1 image (Kelvin) of different spatial resolution: а
– urban area (90 m); b – vegetation area (90 m); c – water area (90 m); d – urban area (30 m); e – vegetation area (30 m); f –
water area (30 m).


