
1. Introduction
 The introduction of Landsat analysis-ready surface temperature (ST) data enabled 

comprehensive use for a larger scientific community.

 However, in this analysis-ready data presence of artefacts is reported by different 
literatures [1-5].

 Popular existing strategy for dealing with such artefacts are strict cloud filtering (using 
metadata) and application of cloud masking at pixel level [4-5].

 Regardless of such strategies, artefacts still appears in the analysis-ready ST data.

 Applying strict cloud filter, reduce the data which hinders long-term time series analysis 
of thermal dynamics, especially in the cloud prone tropical regions [6].

 A systematic approach to filtering these artefacts is still missing in the existing 
literature.

 This study developed a systematic artefact filtering approach, TempEdge, for Landsat 
analysis-ready ST data in tropical regions.
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2. Study area, data and methods
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Figure 1:Study area (Phnom Penh, Cambodia)

 cross-site validation areas: Kuala 
Lumpur (Malaysia), Lagos 
(Nigeria), Mérida (Mexico), and 
Presidente Prudente (Brazil).

 243 Landsat analysis-ready ST 
data from Landsat 8 and 9 is used 
in the study for the period of 2014 
to 2023.

Figure 2:Conceptual workflow of the TempEdge

3. TempEdge equations

      𝑋 = 𝑥௜௝   𝑖 ∈ 1, 2, … , 12 , 𝑗 ∈ {1,2, … , 𝑛௜}} (1)

𝑗௜
∗ = arg 𝑚𝑖𝑛 𝑚௜௝  𝑗 = 1, 2, … , 𝑛௜} (2)
𝑋௜

∗ =   𝑥௜௝ᇱ such that 𝑗 = min{𝑗′ |𝑥௜௝ᇱ  ∈ 𝑥௜  , min 𝑥௜௝ᇲ ≥ 10°𝐶, max (𝑥௜௝ᇲ  ≤ 65°𝐶)}  (3)
If no such 𝑥௜௝ᇱ exists, then: 𝑋௜

∗ =   ∅

𝑀𝑖𝑛்ு = min
௜∈{ଵ,ଶ,…,ଵଶ}

  (min (𝑋௜
∗) (4)

𝑀𝑎𝑥்ு = max
௜∈{ଵ,ଶ,…,ଵଶ}

  (max (𝑋௜
∗) (5)

Where,
𝑋 is the full dataset with LST observations organised by month,
𝑖 is the month (1 to 12),
𝑗 indexes each observation within month 𝑖,
𝑛௜ is the number of observations in month 𝑖,
𝑥௜௝ denotes each observation.
𝑋௜

∗ is the final selected observation for each month,
𝑗௜

∗ is the index of the observation with the least missing pixels in month.
𝑀𝑖𝑛்ு is the minimum threshold value from minimum LST
𝑀𝑎𝑥்ு is the maximum threshold value from maximum LST. 
Pixels with LST values lower than 𝑀𝑖𝑛்ு  or higher than 𝑀𝑎𝑥்ு  are flagged as potential artefacts. 

4. TempEdge comparison with other existing thresholding methods

Figure 3:Comparative visualisation of thresholds derived from different methods across the minimum (left) and 
maximum (right) LST distributions.

5. TempEdge cross-site validation 6. Overview of analysis-ready ST data distributions

Figure 4:Comparison of raw (pre-TempEdge) and filtered (TempEdge) minimum and maximum LST values across 
five tropical cities.

7. Conclusion and outlook

Figure 5:Distribution and normality assessment of minimum (left), mean (center), and maximum (right) LST.

 TempEdge successfully derived plausible threshold for the primary study area (Phnom 
Penh) and all four cross-sites.

 TempEdge evidently flagged artefacts better than existing thresholds.

 Cross-site validation indicates that TempEdge has the scalability across the tropical 
region.

 Future study can test the TempEdge on temperate regions and in other thermal sensors.
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