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Abstracts  
 

Thermal remote sensing data generally have coarser spatial resolution than panchromatic imagery, limiting the 
representation of fine-scale spatial variations. This study develops a parameterized High-Pass Filtering (HPF) 
approach to enhance the spatial detail of Landsat 9 Band 10 thermal data from a 30 m grid to a target 15 m grid 
using panchromatic information from Band 8. The method applies Gaussian filtering to extract high-frequency 
spatial detail, followed by normalization and controlled detail injection using three α values (0.25, 0.50, and 1.00) 
and three σ values (1, 2, and 3), resulting in nine experimental combinations. The sharpened thermal rasters were 
evaluated using descriptive statistics, RMSE, MAE, Bias, R², Pearson correlation, and B10–PAN spatial correlation. 
The results show that increasing α produces more spatially focused thermal patterns and strengthens the 
relationship with PAN, with B10–PAN correlation increasing from approximately 0.336–0.338 before sharpening to 
0.6680 at the highest tested combination. However, stronger detail injection also increases thermal variability and 
deviation from the original thermal values, while the mean remains relatively stable at approximately 23.05°C. 
Increasing σ primarily affects the filtering characteristics and valid-data coverage, with the number of valid pixels 
decreasing across the tested σ levels. Overall, the parameterized HPF framework provides a simple approach for 
investigating thermal spatial-detail enhancement while demonstrating a clear trade-off between spatial association 
with PAN and consistency with the original thermal data. 
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Introduction 
 

The spatial resolution of satellite-derived 
thermal information is generally coarser than 
that of optical and panchromatic observations, 
limiting the representation of fine-scale spatial 
variations. This limitation is particularly relevant 
when thermal information is used to 
characterize heterogeneous surfaces, where 
individual thermal pixels may contain multiple 
surface components [1], [2], [3]. Spatial 
sharpening and downscaling have therefore 
been widely investigated to enhance the spatial 
representation of thermal information while 
maintaining consistency with the original 

thermal data [1], [4]. For Landsat 8/9, the OLI 
sensor provides a 15 m panchromatic band that 
can be utilized as a source of higher-resolution 
spatial information for thermal-data 
enhancement [2], [5]. 

Pan sharpening and related spatial-
enhancement approaches commonly integrate 
spatial information from higher-resolution 
imagery into lower-resolution data. Within 
multiresolution analysis (MRA), spatial details 
can be extracted from the higher-resolution 
image using spatial filtering and subsequently 
injected into the lower-resolution image [4], [5], 
[6]. High-pass filtering (HPF) is one of the MRA-
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based approaches in which high-frequency 
spatial information is extracted from the 
panchromatic image and incorporated into the 
target image [4], [7]. Similar spatial-detail 
extraction and injection principles have also 
been investigated using different filtering 
strategies, demonstrating the importance of 
spatial-detail representation in image fusion [7], 
[8]. 

The characteristics of the filtering and 
detail-injection process can influence the 
balance between spatial enhancement and 
preservation of the original thermal 
information. Previous studies have shown that 
increasing spatial detail does not necessarily 
result in improved radiometric or spectral 
consistency, making quantitative evaluation an 
important component of image-sharpening 
studies [4], [9]. In a Gaussian-based HPF 
framework, the standard deviation (σ) 
determines the scale of the smoothing 
operation and consequently affects the 
characteristics of the extracted high-frequency 
detail, whereas the injection coefficient (α) 
determines the magnitude of the spatial detail 
incorporated into the target raster. The effects 
of filtering parameters and spatial-detail 
extraction have been examined in previous 
image-fusion studies, where different 
parameter settings produced variations in 
spatial and spectral fidelity [7], [9]. Therefore, 
both spatial enhancement and preservation of 
the original thermal information need to be 
considered when evaluating a sharpening 
approach [1]. 

This study develops a parameterized HPF-
based approach for enhancing the spatial detail 
of a Landsat 9 thermal raster represented on a 
30 m grid to a target 15 m grid using the 
panchromatic band as the source of high-
frequency spatial information. The approach 
applies Gaussian filtering, high-frequency detail 
extraction, detail normalization, and controlled 
detail injection. Three α values (0.25, 0.50, and 
1.00) and three σ values (1, 2, and 3) are 
evaluated, resulting in nine experimental 
combinations. The resulting thermal rasters are 
assessed using descriptive statistics, difference-
based error measures, reconstruction 

consistency, coefficient of determination (R²), 
Pearson correlation, and the spatial correlation 
between thermal and panchromatic data [1], 
[5]. This evaluation follows the general principle 
used in thermal sharpening and image-fusion 
studies, in which both preservation of the 
source information and enhancement of spatial 
characteristics are considered [6]. 
 
Material and Methods 
 

The methodology was designed to evaluate 
a parameterized High-Pass Filtering (HPF) 
approach for enhancing the spatial detail of 
Landsat 9 Band 10 (B10) thermal data 
represented on a 30 m pixel grid toward a target 
15 m pixel grid. Landsat 9 Band 10 (B10), 
distributed on a 30 m pixel grid, was used as the 
thermal input, while Band 8 (PAN) provided the 
15 m target pixel grid. Spatial sharpening of 
thermal information commonly utilizes higher-
resolution optical or panchromatic data to 
introduce additional spatial detail into lower-
resolution thermal data [1], [10]. Quantitative 
evaluation is also important for assessing the 
consistency of the sharpened results with the 
original thermal information [4]. 

 In this study, the workflow consists of 
thermal and panchromatic data preprocessing, 
spatial alignment and resampling, Gaussian 
filtering, high-frequency detail extraction, detail 
normalization, and controlled detail injection. 
The B10 thermal raster is first aligned to the 15 
m panchromatic grid using bilinear resampling, 
after which high-frequency spatial information 
derived from the panchromatic data is 
incorporated into the resampled thermal raster. 
This follows the general principle of extracting 
spatial detail from a higher-resolution image 
and injecting it into a lower-resolution image 
[4], [7]. Two parameters, the injection 
coefficient (α) and Gaussian standard deviation 
(σ), are systematically varied to produce nine 
experimental combinations. The resulting 
sharpened thermal rasters are subsequently 
evaluated based on the preservation of the 
original thermal information and their spatial 
relationship with the panchromatic data.

https://doi.org/10.57102/jsis.v2i1.114


J. Sci. Inform. Soc. 2026, Vol. 2, No. 1   ISSN 3024-9074 
   

 
 
https://doi.org/10.57102/jsis.v2i1.114  
Journal of Science and Informatics for Society Volume 2 No 1, 2026  
Published and managed by Faculty of Science and Computer Science Universitas Pertamina 34 

Table 1. Methods used in this research 

Equation Description Number 

𝑃𝐴𝑁𝑙𝑜𝑤 = 𝐺𝜎(𝑃𝐴𝑁) 

PANlow = Gaussian low-pass filtered 
panchromatic data 

Gσ = Gaussian filtering operation 
σ = Gaussian standard deviation. 

(1) 

𝑃𝐴𝑁ℎ𝑖𝑔ℎ = 𝑃𝐴𝑁 − 𝑃𝐴𝑁𝑙𝑜𝑤 

PANhigh = high-frequency spatial detail 
extracted from the panchromatic data 

PAN = original panchromatic data 
PANlow = Gaussian low-pass filtered 

data. 

(2) 

𝑃𝐴𝑁𝑑𝑒𝑡𝑎𝑖𝑙 = [
𝑃𝐴𝑁ℎ𝑖𝑔ℎ−mean(𝑃𝐴𝑁ℎ𝑖𝑔ℎ)

std(𝑃𝐴𝑁ℎ𝑖𝑔ℎ)
] ×

std(𝐵10)  

PANdetail = normalized high-frequency 
detail 

mean(PAN_high) = mean of high-
frequency detail 

std(PAN_high) = standard deviation of 
high-frequency detail 

std(B10) = standard deviation of the 
thermal raster 

(3) 

𝐵10𝑠ℎ𝑎𝑟𝑝 = 𝐵10𝑟𝑒𝑠𝑎𝑚𝑝𝑙𝑒𝑑 +

𝛼(𝑃𝐴𝑁𝑑𝑒𝑡𝑎𝑖𝑙)  

B10sharp = sharpened thermal raster 
B10resampled = thermal raster 

resampled to the target PAN grid using 
bilinear 

PAN_detail = normalized spatial detail 
α = injection coefficient controlling the 

magnitude of injected spatial detail. 

(4) 

𝛼 =  {0.25, 0.50, 1.00} 
The three injection coefficient values 

used in the experiment. 
(5) 

𝜎 =  {1, 2, 3} 
The three Gaussian standard deviation 

values used in the experiment. 
(6) 

𝑅𝑀𝑆𝐸 = √[
1

𝑛
∑(𝐵10𝑖 − 𝐵10𝑟𝑒𝑐,𝑖)

2
]  

RMSE = root mean square error 
B10i = original thermal value 

B10rec,i = reconstructed thermal value 
n = number of valid pixels. 

(7) 

𝑀𝐴𝐸 =
1

𝑛
∑|𝐵10𝑖 − 𝐵10𝑟𝑒𝑐,𝑖| 

MAE = mean absolute error between 
the original and reconstructed thermal 

raster. 
(8) 

𝐵𝑖𝑎𝑠 =
1

𝑛
∑(𝐵10𝑟𝑒𝑐,𝑖 − 𝐵10𝑖) 

Bias = mean difference between 
reconstructed and original thermal values. 

(9) 

𝑅2 = 1 −
∑ (𝐵10𝑖 − 𝐵10𝑟𝑒𝑐,𝑖)

2𝑛
𝑖=1

∑ (𝐵10𝑖 − 𝐵10)
2𝑛

𝑖=1

 

R² = coefficient of determination 
calculated from the residual sum of squares 

between the original and reconstructed 
thermal values. (B10 mean) = mean of the 
original thermal values. Accordingly, R² is 

(10) 
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Equation Description Number 

not assumed to be equivalent to the 
squared Pearson correlation coefficient (r²) 

𝑟𝑃𝑒𝑎𝑟𝑠𝑜𝑛 =
∑[(𝐵10𝑖−mean(𝐵10))(𝐵10𝑟𝑒𝑐,𝑖−mean(𝐵10𝑟𝑒𝑐))]

√∑(𝐵10𝑖−mean(𝐵10))
2

×∑(𝐵10𝑟𝑒𝑐,𝑖−mean(𝐵10𝑟𝑒𝑐))
2
  

Pearson correlation coefficient (r) = 
linear correlation between the original and 
reconstructed thermal raster. Values closer 
to ±1 indicate stronger linear association, 

whereas values closer to 0 indicate weaker 
linear association. 

(11) 

𝑟(𝐵10, 𝑃𝐴𝑁) =
∑[(𝐵10𝑖−mean(𝐵10))(𝑃𝐴𝑁𝑖−mean(𝑃𝐴𝑁))]

√∑(𝐵10𝑖−mean(𝐵10))
2

×∑(𝑃𝐴𝑁𝑖−mean(𝑃𝐴𝑁))
2
  

B10–PAN Pearson correlation 
measures the linear relationship between 

thermal values and corresponding PAN 
values at the same spatial locations. The 

correlation is calculated for both the 
original B10 and sharpened B10 to quantify 
the change in their spatial association with 

the PAN image 

(12) 

 
 
Landsat 9 Band 10 (B10), distributed on a 30 m 
pixel grid, was used as the thermal input, while 
Band 8 (PAN) is used as the source of higher 
spatial detail at the target 15 m grid. The B10 
raster is reprojected and resampled to the PAN 
grid using bilinear interpolation, producing a 
thermal raster aligned with the target spatial 
grid. The use of the 15 m panchromatic band as 
a source of spatial information for thermal 
sharpening is consistent with previous Landsat 
8/9 thermal sharpening studies [1], [5] . Both 
datasets are then processed as two-dimensional 
raster matrices for subsequent filtering and 
sharpening operations. 

The Gaussian low-pass filter is applied to 
the PAN raster to produce a smoothed version 
of the image. The Gaussian standard deviation 
(σ) controls the spatial scale of the smoothing 
operation. The difference between the original 
PAN and its smoothed version is then used to 
extract high-frequency spatial information. This 
subtraction-based extraction of spatial detail 
follows the general principle of multiresolution 
and filtering-based image fusion, in which high-
frequency information is separated from the 
higher-resolution image and subsequently 
incorporated into the lower-resolution image 
[4], [7] . The resulting detail represents local 
spatial variations and fine-scale features that 

can be incorporated into the thermal raster. The 
extracted spatial detail is then normalized using 
the mean and standard deviation of the PAN  

 
detail and the standard deviation of B10. The 
normalized detail is added to the resampled B10 
using the injection coefficient (α), producing the 
sharpened thermal raster on the target 15 m 
grid.  

This experiment uses three values of α 
(0.25, 0.50, and 1.00) and three values of σ (1, 2, 
and 3), resulting in nine HPF parameter 
combinations. The injection coefficient (α) was 
defined as an experimental control parameter 
representing the strength of panchromatic 
spatial-detail injection. Three levels (α = 0.25, 
0.50, and 1.00) were selected to represent 
weak, moderate, and strong detail injection, 
respectively, enabling a controlled sensitivity 
analysis of the effect of injection strength on 
thermal-data preservation and spatial 
enhancement, These values were defined as 
experimental levels rather than as universally 
optimal coefficients. 

The coefficient of determination (R²) was 
calculated from the residual sum of squares 
between the original and reconstructed thermal 
data. Pearson correlation (r) was calculated 
separately to quantify their linear association. 
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Therefore, R² in this study is not interpreted as 
the squared Pearson correlation coefficient (r²). 

These combinations are used to examine 
how the strength of detail injection and the 
spatial scale of Gaussian filtering affect the 
resulting 15 m thermal raster. The sharpened 
thermal rasters are reconstructed to the original 
B10 grid using bilinear resampling before 
quantitative validation. This step allows the 
sharpened results to be compared directly with 
the original 30 m B10 raster using the same 
spatial grid. Quantitative evaluation is used to 
assess both the consistency of the sharpened 
thermal information and changes in its spatial 
characteristics [1], [10] . RMSE and MAE are 
used to measure the magnitude of differences, 
while Bias measures systematic differences 
between the reconstructed and original thermal 
data, R² measures the agreement between the 
reconstructed and reference thermal values 
based on the residual sum of squares. Pearson 
correlation is used to assess the linear 
consistency between the original and 
reconstructed thermal data. The spatial 
relationship with the PAN raster is also 
evaluated by comparing B10–PAN correlations 
before and after sharpening. 

After acquiring the results, the 
percentage contributions were calculated using 

a descriptive factorial sum-of-squares 
decomposition of the nine α–σ experimental 
combinations. The observed variation in each 
response metric was partitioned into 
contributions from α, σ, and their α × σ 
interaction, with each component expressed as 
a percentage of the total sum of squares. 
 
Results and Discussion 
 

The results of the nine HPF experimental 
combinations were evaluated to examine the 
effects of the injection coefficient (α) and 
Gaussian standard deviation (σ) on the resulting 
thermal raster. The analysis focused on changes 
in the overall thermal distribution, consistency 
with the original B10 data, and spatial 
association with the panchromatic image. 
Descriptive statistics were first used to examine 
changes in thermal values and valid-data 
coverage, followed by quantitative evaluation 
using RMSE, MAE, Bias, R², Pearson correlation, 
and B10–PAN correlation. A descriptive factorial 
decomposition was subsequently applied to 
assess the relative contributions of α, σ, and 
their interaction to the observed variation in the 
response metrics. 

 

 
Table 2. Descriptive statistics of the original and sharpened thermal rasters 

Methods α σ Valid Pixel(N) Min (°C) Max (°C) Mean (°C) Std. Dev. (°C) 

Original B10 – – 18,803,698 10.97 30.98 23.0470 1.1474 

HPF 0.25 1 18,428,867 13.21 30.26 23.0519 1.1922 

HPF 0.25 2 18,139,557 13.22 30.66 23.0524 1.2008 

HPF 0.25 3 17,882,083 13.21 30.50 23.0526 1.2078 

HPF 0.50 1 18,428,867 13.42 35.63 23.0519 1.2973 

HPF 0.50 2 18,139,557 13.44 35.30 23.0524 1.3118 

HPF 0.50 3 17,882,083 13.41 34.97 23.0526 1.3241 

HPF 1.00 1 18,428,867 6.95 48.51 23.0519 1.6432 

HPF 1.00 2 18,139,557 8.58 44.57 23.0524 1.6653 

HPF 1.00 3 17,882,083 12.59 44.23 23.0526 1.6841 

 
 

Table 2 presents the descriptive statistics 
of the original B10 raster and the nine HPF 
experiments in terms of overall thermal level, 

thermal-value variability, extreme-value range, 
and valid-data coverage. The mean is used to 
examine changes in the overall thermal level, 
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the standard deviation represents changes in 
thermal-value variability, the minimum and 
maximum values describe the resulting thermal 
range, and the number of valid pixels indicates 
valid-data coverage. The original B10 raster 
contains 18,803,698 valid pixels, with values 
ranging from 10.97 to 30.98 °C, a mean of 
23.0470 °C, and a standard deviation of 1.1474 
°C. Across all HPF combinations, the mean 
remains highly consistent, ranging from 23.0519 
to 23.0526 °C. This indicates that the HPF 
procedure preserves the overall thermal level of 
the input raster despite the injection of spatial 
detail. 

At α = 0.25, the standard deviation 
increases only slightly from 1.1922 to 1.2078 °C 
as σ increases from 1 to 3, while the minimum 
and maximum values remain relatively close to 
the original thermal range. At α = 0.50, the mean 
remains similarly stable, but the standard 
deviation increases to 1.2973–1.3241 °C and the 
maximum values increase to 34.97–35.63 °C. 
The largest changes occur at α = 1.00, for which 
the standard deviation reaches 1.6432–1.6841 
°C, while the thermal range expands 
substantially, with minimum values of 6.95–
12.59 °C and maximum values of 44.23–48.51 
°C. These results indicate that increasing α 
primarily affects the magnitude of local thermal-
value variation rather than the overall mean. In 
other words, stronger spatial-detail injection 
increases the dispersion and extreme values of 
the sharpened raster while leaving its mean 
relatively stable. 

This behavior is consistent with the 
general characteristics of spatial-detail injection 
reported in previous image-fusion studies. [7]  
demonstrated that the extraction and transfer 
of high-frequency information from PAN 
imagery can substantially influence the spatial 
characteristics of the fused image, and their 
parameter analysis showed that filter settings 
affect fusion performance. Similarly, [5]  found 

that HPF and other multiresolution-analysis 
methods can enhance spatial reconstruction in 
thermal image pan sharpening, although the 
resulting products still exhibit differences in 
radiometric quality. 

Increasing variation observed in the 
present study is also relevant to the thermal-
consistency issue reported by [11]. Their 
Landsat 8/9 thermal sharpening experiments 
showed that increasing spatial enhancement 
involves a balance between spatial detail and 
thermal consistency; their comparison found 
that conventional PAN-based sharpening could 
maintain relatively high radiometric accuracy 
but was weaker in spatial enhancement, 
whereas approaches producing stronger spatial 
detail could experience greater losses in thermal 
consistency. Therefore, the widening thermal 
range observed at α = 0.50 and particularly at α 
= 1.00 can be interpreted as evidence that 
stronger detail injection introduces greater local 
variation into the thermal raster. This does not 
necessarily indicate improved thermal accuracy, 
but rather a stronger modification of the original 
thermal-value distribution. 

The number of valid pixels decreases as σ 
increases, from 18,428,867 at σ = 1 to 
18,139,557 at σ = 2 and 17,882,083 at σ = 3. The 
same valid-pixel counts are observed across the 
three α values for each σ level, indicating that 
the variation in valid-data coverage is associated 
with the σ configuration rather than the 
injection coefficient. In contrast to α, which 
primarily changes the magnitude of the injected 
spatial detail, σ affects the filtering 
configuration and is associated with changes in 
valid-data coverage. Previous thermal pan 
sharpening research has likewise emphasized 
that filtering and parameter selection can 
influence the spatial and radiometric 
characteristics of the resulting image [4], [7] . 

 
 

 
Table 3. Thermal preservation and spatial correlation results 

α σ 
RMSE 
(°C) 

MAE 
(°C) 

Bias (°C) R² 
Pearson 

r 

B10–PAN 
r 

(Original) 

B10–PAN r 
(Sharpened) 

0.25 1 0.2870 0.1492 0.00003 0.9378 0.9706 0.3376 0.4427 

0.25 2 0.2870 0.1546 0.00000 0.9380 0.9711 0.3366 0.4632 
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0.25 3 0.2870 0.1579 −0.00001 0.9380 0.9715 0.3356 0.4731 

0.50 1 0.5740 0.2983 0.00006 0.7514 0.8969 0.3376 0.5142 

0.50 2 0.5740 0.3092 0.00001 0.7519 0.8994 0.3366 0.5523 

0.50 3 0.5740 0.3158 −0.00001 0.7521 0.9017 0.3356 0.5709 

1.00 1 1.1479 0.5966 0.00013 0.0055 0.7157 0.3376 0.5755 

1.00 2 1.1480 0.6185 0.00001 0.0074 0.7252 0.3366 0.6373 

1.00 3 1.1480 0.6315 −0.00002 0.0085 0.7333 0.3356 0.6680 

* Although the original B10 raster remains unchanged, its B10–PAN correlation varies slightly across σ 
levels because the number of valid pixels used in the calculation decreases as σ increases. 

The table above presents the quantitative 
evaluation of the nine HPF experiments using 
error, consistency, and spatial-correlation 
metrics. Before calculating the validation 
metrics, each sharpened thermal raster was 
reconstructed to the original B10 grid using 
bilinear resampling, allowing direct comparison 
with the original thermal raster. RMSE, MAE, 
and Bias represent the magnitude and 
systematic differences, while R² and Pearson 
correlation indicate the consistency between 
the reconstructed and original thermal data. The 
B10–PAN correlation is used separately to 
examine changes in the spatial relationship with 
the panchromatic data. This separation 
between thermal consistency and spatial 
consistency follows the evaluation framework 
commonly applied in thermal image fusion 
studies [11] . 

RMSE, MAE, Bias, R², and Pearson r 
evaluate the consistency between the original 
and reconstructed thermal data. B10–PAN 
correlation indicates the spatial association 
between the thermal raster and the 
panchromatic image and is interpreted as a 
spatial enhancement indicator rather than a 
measure of thermal accuracy. The distinction 
between R² and Pearson correlation (r) was 
particularly evident at higher injection strength. 
For example, at α = 1.00 and σ = 3, the 
reconstructed thermal data produced an R² of 
0.0085, whereas Pearson correlation reached 
0.7333. This indicates that the reconstructed 
data maintained a relatively strong linear 
association with the original thermal data, while 
still exhibiting substantial deviations in absolute 
values. 

Because the PAN image is the source of 
the injected spatial detail, an increase in B10–

PAN correlation is expected when the HPF 
process successfully transfers PAN-derived 
spatial variation into the thermal raster. 
Therefore, B10–PAN correlation is used in this 
study only as a supporting indicator of increased 
spatial association with the high-resolution PAN 
image, rather than as an independent measure 
of thermal accuracy. Thermal consistency is 
evaluated separately using RMSE, MAE, Bias, R², 
and Pearson correlation, while spatial 
characteristics are further examined through 
the spatial patterns of the sharpened rasters. 

For α = 0.25, RMSE remains 
approximately 0.2870 °C, while R² remains high 
at 0.9378–0.9380 and Pearson correlation at 
0.9706–0.9715. At the same time, B10–PAN 
correlation increases from approximately 
0.336–0.338 to 0.4427–0.4731 after sharpening. 
This indicates that relatively weak detail 
injection can increase the spatial relationship 
with PAN while maintaining high consistency 
with the original thermal raster. This pattern is 
consistent with previous thermal pan 
sharpening studies showing that 
multiresolution-based approaches can improve 
spatial reconstruction while retaining relatively 
strong radiometric consistency [4], [12] . In their 
thermal-image experiment, HPF also produced 
relatively strong spatial reconstruction, 
although differences in dataset and evaluation 
metrics prevent direct comparison of the 
numerical values. 

When using α = 0.50, RMSE increases to 
approximately 0.5740 °C, while R² decreases to 
0.7514–0.7521 and Pearson correlation to 
0.8969–0.9017. Conversely, B10–PAN 
correlation increases to 0.5142–0.5709. The 
same pattern becomes stronger at α = 1.00, 
where RMSE reaches approximately 1.1480 °C 
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and R² decreases to only 0.0055–0.0085, while 
B10–PAN correlation reaches 0.5755–0.6680. 
These results demonstrate a clear trade-off: 
stronger injection produces a stronger spatial 
relationship with PAN but greater deviation 
from the original thermal raster. A similar trade-
off was reported by [11], who found that 
thermal sharpening methods may differ 
substantially in the balance between spatial 
enhancement and thermal consistency. 

Across σ = 1–3, the changes were 
considerably smaller than those produced by α. 
For example, at α = 0.50, B10–PAN correlation 
increased from 0.5142 to 0.5709, whereas R² 
changed only from 0.7514 to 0.7521. This 
indicates that α has a stronger influence on the 
magnitude of the thermal–spatial trade-off in 
this experiment, while σ produces more gradual 

changes. This is generally consistent with 
filtering-based fusion research showing that 
filter parameters influence the resulting spatial-
detail characteristics [7]. To further quantify the 
relative influence of the two experimental 
parameters, a descriptive factorial effect 
decomposition was performed across the nine 
α–σ combinations. The analysis separated the 
observed variation in each response metric into 
contributions from α, σ, and their α × σ 
interaction. Because each parameter 
combination represents a single experimental 
result and the raster observations are spatially 
dependent, this decomposition was used as a 
descriptive sensitivity analysis rather than an 
inferential statistical test. 

 

 
 

Table 4. Descriptive factorial effect decomposition of α, σ, and their interaction. 

 
 

Metric 
α contribution (%) σ contribution (%) α × σ interaction (%) 

RMSE 100.000 0.000 0.000 

MAE 99.754 0.191 0.055 

Bias 7.931 71.609 20.460 

R² 99.9997 0.0002 0.0002 

Pearson r 99.828 0.093 0.079 

B10–PAN r 86.415 11.509 2.077 

Std. Dev. (°C) 99.628 0.327 0.046 

*The percentage decomposition of Bias should be interpreted cautiously because the absolute variation 
in Bias across the nine experiments is very small.  

 
This decomposition showed that α was 

the dominant contributor for most thermal-
consistency metrics. α accounted for 100.000% 
of the observed variation in RMSE, 99.754% in 
MAE, 99.9997% in R², 99.828% in Pearson r, and 
99.628% in thermal standard deviation. For the 
B10–PAN spatial correlation, α remained the 
dominant contributor (86.415%), while σ 

contributed 11.509% and the α × σ interaction 
contributed 2.077%. These results 
quantitatively support the interpretation that α 
primarily controls the magnitude of injected 
spatial detail, whereas σ has a comparatively 
smaller influence on thermal-consistency 
metrics but a more noticeable influence on the 
spatial relationship with PAN. 
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Figure 1. Spatial comparison of the nine HPF-sharpened thermal rasters generated using different α and σ combinations 

The spatial distribution of the thermal 
data across the Bangka Belitung Islands shows 
noticeable changes with variations in the HPF 
parameters. Increasing σ is associated with a 
reduction in the number of valid pixels, 
particularly in the spatial extent of the filtered 
output, resulting in more limited valid-data 
coverage. In contrast, increasing α produces 
more pronounced changes in the local thermal-
value distribution and spatial contrast. The 
observed spatial differences therefore reflect 
the different roles of the two parameters in the 
HPF process. 

Increasing α produces a more 
pronounced effect on the spatial appearance 
and local distribution of thermal values. At the 
lower injection coefficient alpha (α = 0.25), 
thermal patterns in areas such as Bangka 
Regency, South Bangka Regency, and East 
Belitung Regency appear relatively diffuse and 
blurry, with high-temperature areas 
represented by broader red regions and less 
distinct spatial contrasts. At the highest 
injection coefficient alpha, where α reaches 

1.00, the thermal patterns appear more spatially 
detailed and concentrated. High-temperature 
areas that previously appeared broadly 
distributed become more localized and spatially 
focused, producing more pronounced spatial 
contrasts across the study area. 

This increase in spatial detail is 
accompanied by a wider range of thermal 
values. At α = 0.25, the maximum values range 
from 30.26 to 30.66°C, whereas at α = 1.00, the 
maximum values increase to 44.23–48.51°C. The 
minimum values also extend farther from the 
original thermal range at higher α values. 
Despite these changes, the mean thermal value 
remains highly stable at approximately 23.05°C. 
This indicates that increasing α does not 
substantially alter the overall thermal level of 
the study area, but instead increases local 
thermal variability and strengthens spatial 
contrasts within the raster. 

Overall, the spatial results indicate that σ 
primarily affects the spatial characteristics and 
valid-data coverage of the filtering process, 
whereas α controls the magnitude of spatial 
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detail injected into the thermal raster. Higher α 
values produce more focused and spatially 
distinct thermal patterns, particularly in Bangka 
Regency, South Bangka Regency, and East 
Belitung Regency, but also generate increasingly 
extreme thermal values and increase range. 
Thus, greater spatial detail is accompanied by 
greater deviation from the original thermal-
value range, even though the overall mean 
remains largely preserved. 
 
Conclusion 
 

This study demonstrates that a 
parameterized High-Pass Filtering approach can 
enhance the spatial detail of Landsat 9 Band 10 
thermal data represented on a target 15 m grid 
through controlled injection of panchromatic 
spatial detail. Across the nine experimental 
combinations, increasing the injection 
coefficient (α) produced stronger spatial 
association with the PAN image and more 
pronounced spatial patterns, but also increased 
thermal-value variability and deviation from the 
original thermal data. In contrast, the Gaussian 
standard deviation (σ) primarily influenced the 
filtering characteristics and valid-data coverage, 
with a comparatively smaller effect on thermal-
consistency metrics. The descriptive factorial 
analysis further showed that α was the 
dominant contributor to the observed variation 
in RMSE, MAE, R², Pearson correlation, and 
thermal standard deviation, and also remained 
the dominant contributor to B10–PAN 
correlation. Overall, the results demonstrate a 
clear trade-off between spatial-detail 
enhancement and consistency with the original 
thermal information, with α primarily 
controlling the magnitude of this trade-off. The 
proposed HPF framework therefore provides a 
simple parameterized approach for 
investigating the spatial enhancement of 
thermal raster data without requiring machine-
learning-based methods. 
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  P A   N  d e t a i l =  [   P A   N  h i g h − mean  ( P A   N  h i g h )  std  ( P A   N  h i g h ) ] × std  ( B 10 )


  B  10  s h a r p = B  10  r e s a m p l e d + 𝛼  ( P A   N  d e t a i l )


  𝛼   =   { 0 . 25 ,   0 . 50 ,   1 . 00 }


  𝜎   =   { 1 ,   2 ,   3 }
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