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ABOUT

dvances in Geomatics (AIG) is a peer-reviewed scientific journal dedicated to the
Adissemination of cutting-edge research in the field of geomatics. The Journal pub-

lishes English language original research articles, review papers, and technical notes
in the multidisciplinary domain of geomatics.

AIM

dvances in Geomatics has started its publication life in 2023. This journal has em-
Abarked on the Open Access Policy with the idea that scientific information produced

by academics, professionals, and others can be accessed by anyone, both locally and
internationally, without any limitation. The journal aims to publish high-quality research
articles, review papers, and technical notes that contribute to the understanding, develop-
ment, and application of geomatics principles, technologies, and methodologies.

SCOPE

dvances in Geomatics welcomes contributions from researchers, academicians, pro-
Afessionals, and practitioners in the multidisciplinary domain of geomatics, including

but not limited to the following areas: Geospatial data acquisition, geospatial data
processing and analysis, geospatial data management, geospatial information systems, geo-
spatial applications, geomatics for sustainable development, the journal encourages original
research that pushes the boundaries of geomatics, promotes interdisciplinary collaborations,
and addresses emerging challenges in the field.

PUBLICATION POLICIES

dvances in Geomatics is an international refereed journal that adopts double-blind
peer-review process. Editorial board of our journal follows Editorial Policy of the
Council of Scientific Committee.

PUBLICATION PERIOD

dvances in Geomatics is published twice a year in October and March. Publications
Aare made from the following areas, which will contribute to the development of

geomatics discipline and contribute to the literature: Other disciplines assessed in
relation to geomatics, civil, geography, geophysics, geology, environmental and other engi-
neering sciences, etc.
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FROM THE EDITOR

Dear academics, practitioners and our readers;

It is with great pleasure and enthusiasm that [ welcome you to the inaugural issue of
"Advances In Geomatics." As the Editor-in-Chief of this esteemed journal, I am hon-
ored to present a platform dedicated to the dissemination of cutting-edge research and
innovation in the field of geomatics.

Geomatics, as a multidisciplinary science, plays a pivotal role in our understanding

and management of the Earth's resources. The articles in this issue reflect the diverse
range of topics within the geomatics domain, from geospatial technology and remote
sensing to geographic information systems (GIS) and spatial analysis.

Our goal with "Advances In Geomatics" is to foster collaboration and exchange of
knowledge among researchers, academics, and professionals in the geospatial com-
munity. The peer-reviewed articles featured in this issue represent the latest advance-
ments and contribute to the ongoing discourse in geomatics.

[ extend my gratitude to the authors for their valuable contributions and to the dedi-
cated reviewers who have rigorously evaluated the manuscripts. Their commitment to
maintaining the highest standards of scientific excellence is commendable.

As we embark on this scholarly journey together, I encourage readers to explore the
diverse perspectives presented in this inaugural issue. "Advances In Geomatics" aims
to be a catalyst for further advancements, discussions, and collaborations in the dy-
namic field of geomatics.

[ look forward to your continued support and engagement with "Advances In Geo-
matics." May this journal serve as a source of inspiration and knowledge for all those
passionate about advancing the frontiers of geomatics.

Sincerely,

Erman SENTURK, Assoc. Prof.
Editor
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ABSTRACT

Land Surface Temperature (LST) is an important geophysical parameter in global energy balance studies and
hydrologic modeling. Many studies have suggested that there is a strong correlation between LST and Land Co-
ver (LC) changes due to its sensitivity to vegetation cover. Due to rapid urbanization and population growth,
significant changes in LC are caused, which directly contribute to climate change through a variety of pro-
cesses causing changes in LST. Thermal remote sensing is sensitive to an object's temperature and emittance
depending on the wavelength. The objective of this experiment is to build a mathematical model to investigate
the relationship between LST and the LC changes in Sri Lanka. The model built in the study could be used to
analyze relationships between parameters depending on their frequency distributions, which is quite useful in
the applied science domain. The model is based on Bayes' theorem, which determines the conditional proba-
bility of the events. Landsat 8 OLI/TIRS images throughout 2015 to 2020 were classified into five LC classes
as water, soil, vegetation, impervious, and cloud using Support Vector Machine (SVM) classification. LST was
retrieved for the same period using the standard equations for LST retrieval by Landsat 8 using the normalized
difference vegetation index (NDVI). Multispectral bands were used for the LC classification, and thermal bands
were used to obtain the LST. Vegetation cover has been significantly affected by the changes in LST, while other
LC types show a less significant relationship with the LST. The novelty of this study lies in applying a Bayesi-
an probabilistic framework to quantify the degree of association between LC types and LST using frequency
distributions. Unlike traditional correlation-based approaches, this model enables a more robust conditional
probability estimation, offering a more nuanced understanding of how each LC type interacts with LST variati-
ons. This probabilistic insight can be particularly useful for predictive land management and climate modeling.

Keywords: Land Surface Temperature, Land Cover, Bayesian Theorem, Landsat 8, Support Vector Machine.

Cited As: Nadeeka, A. M. T., & Welikanna, D. (2026). A Bayesian Approach to Integrate and
Predict Land Cover Changes in the Context of Land Surface Temperature Variations
Using Multispectral Remote Sensing Data, Advances in Geomatics, 4(1), 1-34. https://
doi.org/10.5281/zenodo.20541417
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INTRODUCTION

Land surface temperature (LST) serves as a manifestation of the energy flow in the interactions link-
ing the land surface with both atmosphere and biosphere (Tan et al., 2020) which is an important
geophysical parameter in many aspects of the Geosciences mainly to get an overall understanding of
land-surface processes at different scales. The temperature felt when the land surface is touched with
the hands or the skin temperature of the ground is defined as the LST (Avdan & Jovanovska, 2016).
Climate change and global warming have become two of the major concerns in recent decades. Global
climate change, hydrological and agricultural processes, urban land use/land cover, Land and atmo-
spheric effects, Crop management, water management, forest fire monitoring, urban heat islands,
deforestation, draughts, surface water evapotranspiration are some of the applications of studying
and measuring LST variations. Due to rapid urbanization and population growth significant changes
in Land Cover (LC) are caused. Human activities are hugely affected by the Earth’s vegetative cover
which directly contributes to climate change through a variety of processes causing changes in LST.
Many studies have suggested that there is a high correlation of LST the LC changes due to its sensi-

tivity to vegetation cover and soil moisture.

Thermal remote sensing is sensitive to objects' temperature and emittance depending on the wave-
length. Further, it also provides regional and global coverage at good temporal and spatial resolutions.
Land surface temperature has a strong correlation with LC Changes and it could be estimated with
a mathematical model developed using Bayes theorem. LST and LC are inherently related spatial
parameters that could be assessed using Thermal and multispectral remote sensing respectively. LST
varies spatially according to soil type, LC, and land use and temporally with the time of day and sea-
son of the year. Satellite observations are important for observing LST due to their spatial and tempo-
ral coverage (Richards & Jia, 2005, p. 195). Due to LC changes, rapid urban expansions are caused,
which is highly affecting the ecological environmental process at local and regional levels (Guha et
al., 2020).

Sun. Q. et al. have integrated remote sensing, GIS, landscape ecology, and statistical analysis methods
to study the urban thermal environment in Guangzhou, China. They have focused on the different
indices (NDVI, NDBI, NDBal, and MNDWI) to analyze the relationships between land surface tem-
perature (LST) and land use land cover (LULC) using multiple regression analysis with the Landsat
7 TM data. The elevation data extracted from the DEM has been added to the computation. The
maximum likelihood classification method has been used for the LC classification. Finally, the study
has revealed that LST increased with the density of urban built-up and barren land due to sparse veg-
etation and bare soil in barren lands. LST has decreased with vegetation cover (forest, grassland, and
cropland), where forest had the highest mean NDVI. Water has the lowest mean NDVI but not the
highest mean LST, which is due to the high thermal inertia and convection of water. The correlation

between MNDWI, DEM, and LST was found to be negative, which implies that pure water would
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decrease the surface temperature and polluted water would increase the surface temperature. Both
the qualitative and quantitative analysis of this study showed that land use has a great influence on
LST. Therefore, the results obtained by the study could be used to mitigate the urban heat island effect

with appropriate land use planning,

Sandipta Das, S., and Angadi, D.P, have used Landsat TM/ETM+ data seasonally (January, April, and
November) to identify LST variations for two different periods of 1990 and 2016 in their case study of
Barrackpore Subdivision, West Bengal, India. Different indices; the normalized difference vegetation
index (NDVI), the normalized difference moisture index (NDMI), the normalized difference built-up
index (NDBI), and the normalized difference water index (NDWI) were derived, and regression anal-
ysis was used to analyze and validate the relationship between LST and LULC. The spatial autocor-
relation method of the Getis-Ord Gi formula has been used to delineate the concentration of hotspot
and cold spot areas. The positive correlation between LST and NDBI has confirmed that impervious
surfaces have strongly influenced the increase in surface temperature. They could have revealed that
vegetation, water bodies, and wetlands are negatively related to LST while built-up land is positively
related. The positive correlation exhibited by the Seasons statistical relationship between LST and
NDBI has confirmed that impervious surfaces have strongly affected surface temperature. The regres-
sion line has shown a negative relationship between LST and wetlands and waterbodies, which shows
the LST effects are very low over extremely humid or moist areas. They have considered only two
years for the analysis. The obtained results may be stronger if they could consider some more years
between the considered 25 years. The study could be used by the municipal authority to implement
new decision policies and management to reduce the effects of LST on sustainable development in

the future

A time series analysis was carried out as a case study in the Atlanta metropolitan area by Fu. P. and
Weng. Q. to illustrate LULC change and its impact on land surface temperature (LST) variations us-
ing the Landsat TM/ETM+ images from 1984 to 2011. The LCs were classified as water, barren land,
shrub land, urban-low intensity, urban medium intensity, urban-high intensity, crops, herbaceous,
pasture, and woody wetlands using the Continuous Change Detection and Classification (CCDC)
algorithm. The classification accuracy was checked with the Random Forest. The time series LSTs
were determined using the single channel algorithm, which can derive LSTs independent of most of
the necessary atmospheric profiles in empirical ways with high accuracy. This algorithm required only
the parameters of water vapor and land surface emissivity. The final results were performed with an
average classification accuracy of 89% and a change detection accuracy of 92%. The cloud-, cloud
shadow and snow-contaminated pixels are excluded from the analysis. The larger trend change of
the urban LCs has shown the LSTs were influenced by the urbanization-induced LC changes. They
have identified that the conversion of evergreen forests to medium-intensity urban land generated the

largest difference in annual LST variation. To reduce the outlier effects, the study has used the locally
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weighted regression smoother (LOESS) scheme for the decomposition analysis. The effectiveness of

the algorithm may depend on the number of clear-sky pixels available for the study area.

Guha, S., et al. have focused on estimating the land surface temperature of Raipur City in India, em-
phasizing the urban heat island (UHI) and non-UHI inside the city boundary and their relationship
with LULC using Landsat 8 (OLI/TIRS) data. NDVI, NDWI, and NDBI were used to perform LULC
classification for vegetation, water, and built-up areas, respectively, and the NMDI index for dry soil
and bare lands. The study has been carried out on four satellite images, considering four different
seasons: pre-monsoon, monsoon, post-monsoon, and winter in the same year. The mono-window
algorithm was used to derive LST, where ground emissivity, atmospheric transmittance, and effective
mean atmospheric temperature are considered the three required parameters. MODIS datasets have
been used for the validation of LST values as a reference image instead of taking in situ field mea-
surements. They could identify the strongest correlation between LST and the LULC indices during
the monsoon and post-monsoon seasons, while winter and pre-monsoon images show a compara-
tively weak correlation. In this study, the relationship between LST and some weather and terrain
components has been analyzed, including elevation, wind speed, humidity, air temperature, and air
pressure. A strong positive relationship was identified between air temperature and LST, while LST
and air pressure had a strong negative relationship. LST and wind speed correlate moderately neg-
atively, and humidity and LST have a weakly negative relationship. No linear correlation was found
with the elevation. A negative relationship was observed between NDVI and NMDI with LST, while
a positive relationship was observed with NDBI. No significant relationship has been identified be-
tween LST and NDWI. Furthermore, the relationships of LST to NDVI, NDWI, NDBI, and NMDI
have been interpreted quantitatively by linear regression analysis (using Pearson’s product-moment
correlation coefficient) at the pixel level. This study can be further developed by considering other
LULC indices such as the enhanced vegetation index, soil adjusted vegetation index, modified nor-
malized difference water index, normalized difference mud index, burn area index, etc. to examine
the better correlation with LST and other statistical methods and algorithms like the Spearman Rank
Correlation Coefficient, the Kendall Correlation Coefficient, etc. to estimate the correlation between
LST and different LULC indices.

Tan. J. et al. have studied the Dongting Lake area (China), which is a climate change-sensitive and
ecologically fragile area, to determine the relationship between LST and LULC using Landsat TM/
ETM+, DEM, and MODIS data. A single-window algorithm was used for the LST retrieval, which
had the greatest consistency with the actual measurements. Also, the results were compared with the
MODIS temperature products from the same time and identified a relative error of 2% or less. Using
the decision tree methodology, which is based on the classification and regression tree (CART) algo-
rithm for the LULC classification, the area was categorized into nine categories: water bodies, riparian

forest, marshland, paddy fields, reed beach land, mud beach land, dry land, built-up land, and forest
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land. The results showed that LST is significantly affected by LULC types. The LST of forest land and
dryland is higher than that of other land types, and the LST of water bodies is much lower than that
of other land types and also much lower than the mean LST of the study area. The NDMI showed
a strong negative spatial correlation with LST, while the DEM, NDVI, and distance showed a weak
spatial correlation with LST. This exploration of regional LULC and climate change patterns and pro-

cesses can provide a typical case for a larger range of global change studies

Rheea ]. et al. have investigated the relationship between LC patterns and surface temperature using
an advanced machine learning technique (random forest as well as simple linear regression). The
purpose was to derive important spatial metrics of LC affecting surface temperature to provide infor-
mation for alleviating heat stress and reducing the adverse impacts of drought in urban areas, con-
sidering two urban sites in Denver, Colorado, USA. Random forest is based on an ensemble approach
to predicting a target variable by combining predictions from multiple Classification and Regression
Trees (CART), which has the robustness to counteract noise, outliers, and overfitting. The LC map
was derived from light detection and ranging (LiDAR) data with 0.5 m spatial resolution, and the LST
map was derived using Landsat 5 Thematic Mapper (TM) data with 120 m spatial resolution. Maps
were classified into four LC types: buildings, trees, grass, roads, and parking lots. Only trees, roads,
and parking lots showed significant spatial metrics affecting surface temperature using both methods
in their study. The results of this study provide information that can be used for planting trees and
locating parking lots to alleviate heat stress in urban areas, especially during the summer. These mea-
sures can be used to reduce the adverse impacts of urban drought since the heat wave and drought are
closely related and affect each other. The effect of land use on surrounding regions was not considered
for analyses such as those of nearby large waterbodies, which affect large-scale circulations of climate

and meteorological events

Many studies have suggested that there is a strong correlation between LST and LC changes due to
their sensitivity to vegetation cover. The relationship between these two parameters has been scruti-
nized using regression-based analysis, mainly linear regression, in previous studies. However a model
to integrate these parameters into a single framework is not being investigated or developed. The
problem is to be addressed using a contextual Bayesian approach in the study. In regression analysis,
the best-fitting value is determined by considering all the available data without considering the pre-
cision of the values, where outliers are also considered. The proposed Bayesian method directly gives
the actual probability according to the occurrence of the events. It calculates the exact conditional
probability of each single event within the 3*3 moving window, which is not affected by all the values

in the dataset.

This experiment was performed to investigate the relationship between LST and LC using a mathe-
matical model based on Bayes Theorem. Time series analysis was performed in this study from 2015-

2020 to obtain LST and LC for each selected study area using the standard equations provided for



NADEEKA & WELIKANNA

LST retrieval by Landsat 8 and SVM classification respectively. Here, five different cities with diver-
gent climate conditions and three national forests were selected as the study area. Based on satellite
images, vegetation Indices are used to estimate the percent vegetation cover in each pixel (Purevdor]
et al., 2010) which is used for emissivity calculation in the LST retrieval process. The model built in
the study could be used to analyze the relationship between parameters depending on their frequency

distributions, which is quite useful in the applied science domain.
DATA AND METHOD

Model development

The model is developed based on two sample datasets (8 by 8 matrices) of LST and LC values, includ-

ing five LC classes and five LST values.

29| 29 1 1 1
29| 29 1 1 2
29| 28 1 2 2
28| 28 2 2 2
28| 28 2 2l 3
29| 26 1| 4, 3
28| 28 2 2 2
28| 28 2 2 2

Figure 1. (a) sample dataset for LST with values 26,27,28,29; (b) sample dataset for LC with values
1,2,3,4. Highlighted pixels show the respective LC classes when the LST value is 27.

A 3 by 3 moving window is considered to check the direct influences of neighboring pixels for prob-
ability calculation in each center pixel, and the resultant probability images are used for the analysis.

The model development coding was done with MATLAB programming language.

P(1) =(59)
P (27]1) = (2/5)
P(27) = (5/9)

Figure 2. Probability calculation for the center pixel being LC class 1 for given LST value 27.
P (1127) =P (1) *PQ7I1)/P (27)
= (5/9) *(2/5)/ (5/9)

= (2/5)
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Resulting probability - Conditional Probability of LC with respect to LST

The model was developed using equation (1), which calculates the conditional probability of each LC
class concerning each LST value.
Pi(wnT) Pi(w) * P (T | @)
1(60 | ) PH(T) mezs(mpﬂ(T) *Pﬂ(T | w) (D

There are four unique LST values and four unique LC values included in the sample dataset. There-

fore, four probability images per one LST class were generated by the model (for example: for LST
value 26, the created probability images are related to the P (1126), P(2]26), P(3|26), and P(4(26)).
The same procedure was followed for each LST value, and finally, 16 probability images (4*4) were
created. The highly affected LC for each LST value can be determined by the images with the highest
probability; therefore, the highest probability images were selected by image plot analysis, and the
percentage for the highest probability was calculated. Then the LC with the highest percentage was
assigned to each LST value. See Appendix A for all probability images generated by the model for

each area.
Table 1. Percentage for each LC in the highest portability images.
LST LC Percentage
26 4 100
27 3 62.5
28 2 81.5789
29 1 100
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Figure 3. Highest probability for LST 26 with LC 4, LST 27 with LC 3, LST 28 with LC 2, and LST

29 with LC 1.

P(4)26) P27
oo |o 0o |0 [0 |0 |0 oo |0 |0 |o067|08]|0 0
o |0 1 1 |1 |0 |o |0 o (oo [o35]o0 o |0 0
o |0 1 1 |1 |0 |o |o o |o|o |0o5|05 |o7]|0 0
o |0 1 1 |1 |0 |o |o oo o o |o 0 | 0331
1|1 1 0o |0 (o |o |0 oo |o |0 |04 |02]|0 0
1|1 1 0o |0 (o |o |0 oo |o |0 |04 |02]|0 0
1|1 1 o |0 (o |1 [1 oo |0 |0 |06 |04]|033]0
oo |o o |0 [0 |1 [1 oo |1 |1 |1 1|1 0

P(2)28) P(1)29)
0|1 0 o |0 (o |0 |0 1 lofo |1 |o o |0 0
1 (o |o 0 |0 [0 |05|o0s oo fo |1 |o 0o |0 0
oo |o 0o |0 [0 |0 |0 oo fo |0 |0 0o |0 0
0|0 [o71|os5|0o [0 |0 [0 11 ]o |0 |o 0o |0 0
1 o710 040 [0 |0 |0 1 (1|0 |0 |0 o |0 0
1 o710 060 [0 |0 |0 1 (1|0 |0 |0 o |0 0
1 |086|0 o |1 (0o |0 |0 1 (1|0 |0 |0 o |0 0
1|1 0 o |1 |1 |o |0 oo o |1 |1 1|1 0

Figure 4. Highest probability Images for sample data sets which representing the best relationship
of LC classes with each LST value; LST 26 with LC class 4, LST 27 with LC class 3, LST 28 with LC
class 2 and LST 29 with LC class 1.
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Model validation

The model validation is performed for a well-known area where the LC had a significant change in
two consecutive years with Landsat OLI/TIRS Level-1 thermal and multispectral bands data by ob-
taining their LST and LC classification respectively. The LST estimation has done using the standard
equations related with the NDVI and the Support vector machine (SVM) is used for the LC classifica-

tion. Google earth and the Land Use LC maps are used as reference for LC classification.

Figure 5. False color composite image in 2015, Belihuloya showing the area before the huge land-
slide occurred in 2016 with the zoom image; where the LCs were identified as vegetation and

cloud.
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Figure 6. Comparison of LC change in Belihuloya, Sri Lanka area with Landsat 8 OLI\TIRS
false-color composite images in 2016 where a huge landslide occurred and the vegetation cover has

altered into Soil which is represented by the blue color patch of the zoomed image.

Figure 7. Model validation results that show Highly affected LCs percentage for LST ranges in 2015
and 2016 in the Belihuloya area with the changes of land covers in 2016 due to the landslide in this

area.

10
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The average LST for Belihuloya in 2015 was 18.76 C, and in 2016, it was 19.86 C. The highly affected
LC classes were analyzed for each land surface temperature range. The model clearly shows that the

LST increment has occurred due to the change of LC from vegetation to soil in 2016.

Regression analysis was performed with the R programming language and checked the relationship
between the LST and LC classes for the selected area. It showed that the lowest LST values occurred
due to the cloud cover, and the middle LST values were created by vegetation cover. The highest LST
values occurred due to the soil cover in 2016. The regression analysis has also proved that the LC

change has had a significant impact on the LST increment in 2016.

Figure 8. Regression Analysis for LST vs LC in 2015 and 2016 in Belihuloya area.

Land surface temperature calculation

Thermal band (Band 10, wavelength 10.60 pm —11.19 um), Near Infrared band (band 5, wavelength
0.85 pm — 0.88 pm), and red band (band 4, wavelength 0.64 pm —0.67 pm) in Landsat 8 OLI/TIRS
sensor data were used for LST calculation as shown in the following equations. The thermal band,
Band 11, has not been used for the calculations due to its larger uncertainty in calibration with the
recommendations of the USGS following January 6, 2014. This thermal band (band 10) was resam-

pled using the nearest neighbor algorithm with a pixel size of 30 m to match the optical bands.

n
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Top of atmospheric spectral radiance
LA =ML * Qcal +AL — O; 2)

where ML represents the band-specific multiplicative rescaling factor (0.000342), Qcal is the Band
10 image, AL is the band-specific additive rescaling factor (0.1), and Oi is the correction for Band 10
(0.29) (Barsi et al., 2014).

Conversion of radiance to at-sensor temperature

_ K2
" In[(K1/LA)+1

where K1(1321.08) and K2 (777.89) stand for the band-specific thermal conversion constants from

BT

] —273.15 3

the metadata. For obtaining the results in Celsius, the radiant temperature is revised by adding the
absolute zero (approx.-273.15 C) (Xu et al., 2004).

Calculating NDVI

Normalized Difference Vegetation Index (NDVI) can be used to calculate the Emissivity using percent
vegetation of each pixel. For Landsat 8 OLI/TIRS images, Band 5 is representing NIR band and Band
4 is representing the red band. Following equation is used to calculate the NDVI

NIR (Band5) — R (Band4)
NIR (Band5) + R (Band4)

NDVI was calculated in order to estimate land surface emissivity (LSE), which is a critical parameter

NDVI =

4)

for accurate LST retrieval. Since emissivity varies with vegetation density, NDVI provides a reliable
way to determine the proportion of vegetation in each pixel. This step is therefore essential to correct

for emissivity differences across land cover types and to improve the accuracy of the LST calculation

Calculating the proportion of vegetation

_( NDVI—NDVIL, Y
Pr= (NDVIMM —NDVI, ) )
Calculating land surface emissivity (LSE)
€ =0.004 * P, + 0.986 6)

LSE is the efficiency of transmitting thermal energy across the surface into the atmosphere which is
a proportionality factor that scales blackbody radiance (Planck’s law) to predict emitted radiance.
(Sobrino et al., 2004; Qin et al., 2001)

The constants 0.004 and 0.986 in the LSE equation are derived from empirical studies (e.g., Sobrino
et al., 2004; Qin et al., 2001) that established a linear relationship between vegetation proportion

(PV) and emissivity. These values have been widely used in LST retrieval studies using Landsat data
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and are recommended in the remote sensing literature. They were chosen to ensure methodological

consistency with previous research and to allow comparability of our results with other studies.

Retrieving the LST
Ts— BT )
ST\ 1+[(ABT/p)Inel]
where Tsis the LST in Celsius (C, (2)), BT is at-sensor BT(C), A is the wavelength of emitted radiance

(7)

(for which the peak response and the average of the limiting wavelength (A=10.895) (Markham et
al., 1985).

0= hg = 0.01438mK (8)

where o is the Boltzmann constant (1.38 x 10** J/K), h is Planck’s constant (6.626 x 10->*] s), and ¢
is the velocity of light (2.998 x 108 m/s) (Weng et al., 2004).

Using the above equations LST maps were generated and LST classes were assigned according to the
color density of the generated map using density slice analysis. Finally obtained LST classes were
transformed into .txt format and used as the LST input for the model. See appendix B for the LST

Class maps of each area in each year.

Figure 9. LST map (A) Generated for Colombo Area in 2016 and the LST class map (B) for the

same area.
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Land cover classification

Figure 10. True color composite image(A) for Colombo Area in 2018 and the LC classification map

(B) of the same image using SVM Classification showing the completed port city area.

Five major LCs were considered in the study as Vegetation, Water Impervious, Soil and Cloud. LC
classification was performed with the Support Vector Machine Classification for each selected area.
Google earth maps and Land Use LC maps by the Survey Department Sri Lanka were used as the

reference data for sample generating.

Following the above procedure, the processing of LST retrieval and LC classification was done for the
selected five cities from 2015 to 2020.These images were the input for the developed model in text
format. As the output of the model, conditional probability of each LC class with respect to each LST
values in each pixel of the image were calculated and after analyzing the obtained probability mages

highly affected LC classes for each LST class was identified.

RESULTS

Colombo is the commercial capital and the largest city in Sri Lanka by population, which makes it
a highly urban area. The LC maps are clearly showing how the LCs are changed in Colombo from
2015. The major change has occurred due to the construction of the port city, which spans 269
hectares of reclaimed land from the sea. Due to the absence of vegetation cover, the area is showing a
higher LST compared with the other areas in the study, which have an average of 25.52 C. The model
shows the lowest LST values are due to the water surface, and the highest are due to the impervious
surface. The regression analysis shows that both the impervious and soil classes are highly affected
by the higher LST values, and the Bayesian model has proven that impervious surfaces have had the

greatest effect on the highest LST in each year except for 2020.
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Highly effected L.C classes for each LST range for Colombo area from 2015 to 2020
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Figure 11. LST map, LC map, highly affected LCs and regression analysis of Colombo area from
2015-2020.

Ratnapura is very famous for being the gem trading center of Sri Lanka, which has a tropical rainfor-
est climate. The study area consisted of a part of the ‘Kalu River', which is the main irrigation source
in the area. The area contains around 68% vegetation and 29% impervious surface. The model has
shown that the impervious surface has contributed to the highest LST in the town area, and cloud
cover and vegetation have affected the lower values of LST. The average LST has been recorded at
24.20 C throughout the 6 years, and the highest LST has been recorded in 2019 at 26.02 C while the
minimum has been recorded in 2015 at 22.95 C. The regression analysis shows that the soil and im-
pervious surfaces are highly affected for the highest LSTs in the area, while the clouds and vegetation

are affected for the lowest LST.
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Highly effected I.C classes for each ST range for Ratnapura area from 2015 to 2020
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Figure 12. LST map, LC map, highly affected LCs and regression analysis of Ratnapura area from
2015-2020.

Kandy is a major tourist destination with a cooler climate than the coastal regions of Sri Lanka. The
LC maps show the area contains a highly vegetated area of around 54% and an impervious surface
of around 22%. The average LST has recorded as 24.67 C where the minimum and maximum LST
has recorded as 22.4276 C and 28.53 C. The model has shown that the higher LST values are caused
by the impervious surface, while the lower LST values are highly affected by the vegetation cover.
According to the regression analysis, water and soil have contributed to the middle LST values, and
impervious has contributed to the highest LST values in each year. The trend analysis of this Kandy
area shows the LST has a great positive correlation with the impervious surface and a negative cor-

relation with the vegetation.
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Highly effected LC classes for each LST range for Kandy area from 2015 to 2020
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Figure 13. LST map, LC map, highly affected LCs and regression analysis of Kandy area from 2015-
2020.

The Belihuloya area has a tropical rainforest climate and is at an elevation of 616 m above the mean
sea level. The study area contains a part of the Samanala Wewa reservoir, where the third largest hy-
dropower plant in Sri Lanka was commissioned. Finding cloud-free images for each year was a quite
challenging task, and we had to select the images with the minimum amount of cloud cover (less than
10% for the area). According to the LC classification maps, 70% of the area is covered by vegetation
and 20% by impervious surfaces. The lowest average LST over the selected main cities was recorded
in the Belihuloya area with 21 C. The highest LST and the lowest LST were recorded at 19.780 C in
2017 and 23.880 C in 2019, respectively. According to the model, the highest LST values were ob-
tained due to the soil and impervious LCs, the middle LST values were caused by the water surface,
and the lowest LST values were caused by the clouds and vegetation covers. Regression analyses have
also proved that the highly affected LCs for the LST changes are similar to the LCs obtained by the

model.
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Highly effected L.C classes for each LST range for Belihuloya area from 2015 to 2020
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Figure 14. LST map, LC map, highly affected LCs and regression analysis of Belihuloya area from
2015-2020.

Jaffna features a tropical savanna climate, which is recorded as the highest temperature area in Sri
Lanka. The selected area for the study is very close to the sea surface and has a flat terrain with
around 10 m above the MSL. Both the Bayesian model and the regression analysis have shown that
the highest LST has occurred due to the impervious surface in each year, but in 2016, the soil LC has
been highly affected by the highest LST. The vegetation cover in 2015 was 38.9%, and in 2020 it was
33.9%. The impervious surface has increased from 47.6% to 57.9% in 2015 and 2020, respectively.
The increment of the impervious surface while decreasing the vegetation surface have highly affected
the LST change through the years. The highest LST has been recorded in 2018 at 28.01 C and the
minimum LST was 23.81 Cin 2017. The huge variation between these two consecutive years can be
attributed to the misclassification of the 2018 image, which shows a waterbody inside the land area

that does not really exist there, and the unexpected vegetation cover increment.
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Highly effected L.C classes for each L.ST range for Jaffna area from 2015 to 2020
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Figure 15. LST map, LC map, highly affected LCs and regression analysis of Jaffna area from 2015-
2020.

The LC classification map shows that around 92% of the area is covered with vegetation and 4% is
covered with water (Figure 16). The impervious and soil surface had the greatest influence on the
LST, according to the e model, while the cloud and vegetation cover had the greatest influence on the
lowest LST values. The average LST for the three years 2015, 2017 and 2020 has been recorded at
23.25718 C. The highest and lowest LSTs were obtained in 2017 and 2015, respectively.

Sinharaja is a forest reserve and a biodiversity hotspot in Sri Lanka that has been designated a Bio-
sphere Reserve and World Heritage Site by UNESCO. The average LST was recorded at 21.36 C,
where the vegetation cover is around 79% and the water cover is around 7% over the area (Figure
17). The model has shown that the highest LST values are mostly affected by the impervious LC,
while vegetation and cloud cover affect the lowest LST values. Regression analysis shows that the
middle LST values are caused by the soil and water surfaces, while the impervious surface is highly
affected by the highest LST values.

24



) ADVANCES IN GEOMATICS VOLUME 04 ¢ ISSUE 01 * APRIL 2026

Highly effected LC classes for each LST range for Wilpattu area
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Figure 16. LST map, LC map, highly affected LCs and regression analysis of Wilpattu area from
2015-2020.
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Highly effected L.C classes for each LST range for Sinharaja area
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Figure 17. LST map, LC map, highly affected LCs and regression analysis of Sinharaja area from
2015-2020.

The LC maps have shown the vegetation cover at around 68%, soil at 21%, water at 4%, and imper-
vious at 4% over the area (Figure 18). The lowest LST has been recorded in Horton Plains when com-
pared with the other areas in the study, which are 17.93 0C on average. Soil and impervious surfaces
have been highly affected for the highest LST values, and vegetation and cloud covers are affected for
the lowest LST values. The middle LST values have been affected by water, but not the highly affected
LC for those values. Regression analysis also shows that the highest of the LST values are affected by

the soil and impervious surface.
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Highly effected L.C classes for each LST range for Horton Planes area
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Figure 18. LST map, LC map, highly affected LCs and regression analysis of Horton Plains area
from 2015-2020.

DISCUSSION

Incorporating the three parameters LST and LULC into a single Bayesian framework for estimate
and prediction was the main goal of this study. The model was built using two sample datasets (8x8
matrix) for LST and LC while taking into consideration a 3x3 moving window. It was based on the
Bayes theorem. Finally, model validation was carried out for a well-known area where LC changes
happened in two consecutive years as a result of a huge landslide and the area's vegetation cover
changing into soil. The association between LST and LC changes for each chosen research area was
then investigated using the model using a time series analysis, and the most affected LCs for each
temperature class were discovered. There, the LC classification and all of the LST values for each area
were determined. The average LST for each region (main cities) in each year is shown in the table
below. Ultimately, an average LST for six years was determined. There all the LST values for each area

was calculated and LC classification was performed.

The present study developed and applied a Bayesian framework to integrate Land Surface Tempera-
ture (LST) and Land Use/Land Cover (LULC) information for estimating and predicting spatial tem-
perature variations. The proposed model successfully incorporated both parameters into a unified

probabilistic structure, enabling a more comprehensive understanding of the dynamic relationship

29



NADEEKA & WELIKANNA

between surface temperature and land cover transitions. Model validation conducted in an area af-
fected by a major landslide further demonstrated the framework’s capability to identify temperature
changes corresponding to vegetation loss and conversion to bare soil, highlighting the strong depen-

dency of LST on LULC variations.

Following table is showing the average LST for each area (major cities) in each year and finally average

LST was calculated for 6 years.

Table 2. Average LST for major cities (Colombo, Kandy, Belihuloya, Ratnapura and Jaffna) from
2015 to 2020.

Area 2016 2017 2018 2019 2020 Average

Kandy 224276 [23.5284 |22.7608 |22.6021 |28.1680 |28.5294 |24.6694
Colombo 24.0286 [26.2861 |24.6971 |25.1572 |25.5283 |27.4104 |25.5179
Belihuloya 19.8269 |21.0165 |19.7809 |20.8733 |23.8845 |20.6441 [21.0044
Ratnapura 22.9479 123.9633 ]23.0841 |23.4869 |26.0189 |25.7265 |24.2046
Jaffna 25.6564 |27.8384 |25.8820 |23.8142 |28.0135 ]26.9540 |26.3597

Among the major cities in Sri Lanka that were chosen, Belihuloya has the lowest average LST and
Jaffna has the highest average LST, with a mean LST of 26.36 OC throughout the years from 2015
to 2020. This pattern aligns with the climatic and land cover characteristics of these regions. Jaffna,
located in the dry zone with limited vegetation and higher impervious surface proportions, tends to
accumulate more heat, whereas Belihuloya, situated in a highland environment with dense vegeta-
tion and greater elevation, promotes cooling through evapotranspiration and canopy shading. These
results are consistent with findings by Weng et al. (2004) and Guha et al. (2020), who reported that
vegetation cover substantially mitigates LST by enhancing latent heat flux and surface moisture avail-

ability.

The temporal analysis further demonstrated a gradual increase in mean LST values from 2015 to
2020 in most cities, suggesting possible urbanization and reduction in vegetation density. This obser-
vation aligns with Fu and Weng (2015) and Tan et al. (2020), who highlighted that urban expansion
and impervious surface growth significantly contribute to the intensification of surface temperatures
and the urban heat island effect. The lowest LST ranges are induced by cloud and vegetation cover
when taking into account the heavily affected LC classes for each LST range, whereas water class has
a significant impact on the intermediate LST values. Highest LST Values are caused due to the imper-

vious and Soil classes.
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Figure 19. Average LST Graph for major cities (Colombo, Kandy, Belihuloya, Ratnapura and Jaffna)
from 2015 to 2020.

Three national parks have been taken into consideration for the study to evaluate how the relation-
ship between LST and LULC when the LCs are substantially vegetated, in addition to the major cities
chosen for the study area. The Horton Plains, considered Sri Lanka's most significant watershed, a
montane grassland ecosystem, exhibited the lowest average LST (17.93 °C), attributable to its high
elevation, extensive vegetation, and minimal anthropogenic influence. The forest canopy rises to a
height of 20 meters, and Horton Plain has the lowest impervious LC and the greatest soil LC of the

other two forest sections.

potentially due to its mixed vegetation structure and seasonal dry conditions. These findings reinforce
the conclusions of Sun et al. (2011) and Purevdorj et al. (2010), who emphasized that denser vege-

tation cover and soil moisture availability are key determinants of lower LST in forested landscapes.

Regression analyses confirmed a statistically significant relationship between LST and LC variations,
particularly highlighting that the soil and impervious classes are dominant contributors to elevated
LST values, while vegetation and cloud classes are associated with lower LST. The water class was
found to moderate temperature, aligning with intermediate LST ranges. This classification-dependent
temperature gradient supports the theoretical understanding of surface emissivity and albedo differ-
ences as described by Qin et al. (2001) and Sobrino et al. (2004). The model thus provides a practical
basis for quantifying how land conversion processes, such as deforestation or urbanization, modify

thermal conditions over time.
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Table 3. Average LST for Wilpattu, Sinharaja and hortan planes forest areas in 2015,2017 and
2020.

Area Average

Wilpattu 21.7801 24.5391 23.4523 23.2572
Sinharaja 21.1882 20.2056 22.6790 21.3576
Hortan Planes 15.8388 15.8044 22.1362 17.9264

The model's outcome probability for each area demonstrates that LST is significantly impacted by LC
changes, and that as vegetation cover shifts to other LCs such soil and impervious, LST increases with
time. Each location underwent regression analysis to look into the relationship between LST and LC
variations. It reveals how soil and impervious classes have a significant impact on the highest LST
in forest areas while vegetation and cloud cover have an impact on the lowest LST. The middle LST

values are affected by the water class.

While the Bayesian approach demonstrated robustness and interpretability, certain limitations should
be acknowledged. The model’s reliance on two sample datasets (8 x 8 matrices) and a fixed 3 x 3 mov-
ing window may have restricted spatial generalization. Moreover, the LST retrieval accuracy depends
on atmospheric correction and emissivity estimation methods (e.g., Barsi et al., 2014; Avdan & Jova-
novska, 2016), which could introduce uncertainty in highly heterogeneous surfaces. Future research
could extend this framework using finer-resolution data, multi-seasonal imagery, and additional pa-
rameters such as NDVI, albedo, and soil moisture to improve prediction accuracy and applicability in

complex urban-rural landscapes.

Overall, the findings emphasize that LULC change plays a decisive role in controlling spatial and
temporal variations of LST. The integration of both parameters within a Bayesian framework provides
a statistically consistent and spatially flexible method for monitoring environmental change. This ap-
proach can be applied to assess the thermal impacts of land transformation, aiding in sustainable land
management, urban planning, and climate adaptation strategies across Sri Lanka and similar tropical

regions.

CONCLUSION

The model can be used to find the conditional probability of each LC class with respect to the LST for
each year. The model built in the study could be used to analyze relationships between parameters

depending on their frequency distributions.

When comparing the regression analysis with this model, the regression analysis gives the best fitting
value considering all the available data without considering the precision of the values from which it

calculates the best estimate. Sometimes, there may be outliers. But this model is calculating the exact
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conditional probability of each single event within the 3x3 moving window, and it is not affected by
all the values in the dataset. The final output is taken with the most probable values, and if there were

some outliers within the window, they will be neglected at the final output.

This model was developed only considering the effect of LC changes on LST changes. The LST chang-
es can be affected by some other factors, such as surface soil moisture, urban heat island effect, wind
speed, rainfall, and elevation. So, the model should be developed to include the other affecting pa-

rameters as well.

The study can be performed by excluding all the cloud cover effects, which have shown a highly nega-
tive relationship with LST with techniques such as the CF mask algorithm, the fog stability index, etc.

The image acquisition date may be subjected to LST variations in the trend analysis due to the dry and

wet seasons, which can be highly affected by the vegetation cover and water bodies.
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ABSTRACT

Land cover maps are an important tool to understand global change and various landscape analyses. Accurate
land cover maps are important for their precise application in forest conservation and snow-melt analysis. Sa-
tellite images are used as a data source for preparing land cover maps. This review evaluates the use of Unman-
ned Aerial Vehicles (UAV) as an alternative technology to produce a more accurate land cover map. Throughout
the comparative study it is found that higher spatial resolution of the images generally leads to improved ove-
rall accuracy of the land cover product. UAV images are found to have the highest overall accuracy compared
to other satellite imagery. The review also highlighted that UAV images are not feasible from an economic pers-
pective if the land cover analysis needs to be carried out over a large area. Therefore, it is concluded that UAVs
are a good alternative tool for high-precision, local-scale land cover mapping, but satellite imagery is suitable
for regional and global monitoring.
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1. INTRODUCTION

Land cover maps are widely considered a tool to monitor global change (Verburg et al. 2011). The
land cover map represents the region by forest, wetlands, impervious surfaces, agriculture, water, and
other land types. A series of land cover maps over time can be used to monitor the various changes in
the land. The changes in land cover are rapid and significantly impact people, the economy, and the
environment (National Ocean Service 2024). Such land cover change data have many applications;
they are mostly used in climate change modeling, flood modeling, agricultural drought analysis, mon-

itoring environmental changes, and forest change detection (Mora et al. 2014).

Providing a highly accurate land cover map is still a challenge in today’s world. So far, satellite images
are being used to determine the land cover maps, whose resolution is very low compared to that of
UAV images. The most used satellite image, Landsat 7, has a spatial resolution of 30m (Dewitz and
USGS 2021), and MODIS imagery has a spatial resolution of 250m, 500m, and lkm according to
data type (NASA 2026). The National Land Cover Database (NLCD), created by the US Geological
Survey, used Landsat 30m resolution images (Dewitz and USGS 2021). The land cover output from
these images may not provide an accurate result of the places where there are drastic changes in land
cover types. Many components, such as the amount of glacier melt and change in river pattern, are
subject to annual changes between a few inches and a few meters each year (Lindsey 2020). Landsat
and MODIS imagery with a pixel spatial resolution of 30m and 250m will not be able to monitor the
change of 1-2 meters. The understanding of change in river pattern is important to estimate the flood
probability. Understanding the flood probability would help people prepare for land erosion and sev-
eral other losses. Furthermore, approximately 1.2 trillion tons of ice are melting each year, resulting in
rising sea levels (Mooney and Freedman 2021). An accurate land cover map can be used to correctly
monitor such ice melt. To address such issues, it is important to determine land cover change using

imagery with high spatial resolution.

Unmanned Aerial Vehicles (UAVs) are also capable of monitoring land cover change. The UAV images
are captured at low elevation, which provides high-resolution images. Satellite image issues, such as
cloud cover or lack of data on the desired date, can be addressed using UAV imagery (Jumaat et al.
2018). In recent days, the UAVs have advanced from the experimental phase to ultra-high resolution
mapping, driven by the integration of diverse technologies such as radar, RF sensors, acoustic detec-
tors, and optical imaging systems. The integration of Machine Learning and Artificial Intelligence in
this technology has enabled more accurate and reliable systems (Semenyuk et al. 2025). The inte-
gration of LiDAR in airborne systems has allowed a new dimension toward the classification feature
space, where distinguishing elevated features (such as buildings, trees) from ground features is not
possible using a single satellite remote sensing image. Further, LiDAR intensity data collects the back-
scattered laser energy at the NIR wavelength, which allows for the differentiation of the land cover

types. This allows for differentiating man-made features and ground features (Yan et al., 2015). Thus,
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this review aims to use high-resolution UAV images over satellite images to provide a more accurate

land cover map for forest conservation and various climate change analyses.

The accurate land cover map can be used as a key component to determine the global change (Ge et
al. 2007). It can be used to analyze the change in land cover, hydrography, and snowmelt over time.
The accurate map will help government bodies to engage in good land planning, determine the snow-
melt, understand the pattern of land cover change, and predict the future landscape in a particular
area. It helps the nation to control problems like rapid urbanization, uncontrolled development, loss

of forest and wildlife, and decreases in agricultural land.

1.1. Problem Statement

While numerous studies have been carried out to study the use of UAVs for land cover analysis, the
accuracy of UAVs, a comprehensive synthesis comparing UAV and satellite imagery in terms of their
relative accuracy, cost, and scalability is still lacking. Previous studies have focused on generating
accuracy assessments for UAVs through confusion matrices or have emphasized their applications.
Others have concentrated on single case studies or specific sensor comparisons. Furthermore, the

economic trade-off between these technologies has not been evaluated across different project scales.

2. APPROACH

A narrative literature review approach is adopted to understand the impact of UAVs on land cover
classification. The existing literature on land cover mapping is highly heterogeneous in terms of clas-
sification methods, number of classes, sensor spectral/radiometric properties, and scale of the project.
This makes it difficult to conduct a systematic review with standardized criteria and directly compa-

rable quantitative metrics.

Literature was identified through targeted searches using the keywords “landcover”, “Remote Sens-
ing”, “UAV”, and “Accuracy assessment”. Rather than cataloging all available studies, the available
journal articles and conference papers were manually screened. Priority was given to papers that in-
clude classification accuracy metrics (e.g., overall accuracy, confusion matrices, and kappa index) and
also discuss other constraints such as cost, processing time, and project scale, and studies after 2000

were given more preference.

3. LITERATURE REVIEW

3.1Land Cover, Land Use, and Resolution

The Food and Agriculture Organization (FAO) defines land cover as the observed (bio) physical

cover on the earth’s surface (Di Gregorio and Jansen 2000). The different types of physical coverage
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could be forest, grassland, cropland, lakes, wetland, etc. Land use is the second important term that
is mostly used together with land use. The ocean services describe land cover as the representation of
the physical land type, such as forest or open water, whereas land use documents how people are us-
ing the land, whether for development, conservation, or mixed uses (National Ocean Service 2024).
The report of Environment (ROE) published by the United States Environmental Protection Agency
describes land use as the representation of economic and cultural activities such as agricultural, resi-
dential, industrial, mining, and recreational uses that are practiced in a given map (US Environmental

Protection Agency 2008).

Land cover maps can be used for various purposes such as environmental monitoring, land manage-
ment, and policy making. Land cover datasets are a tool for decision-making and shaping policies
worldwide (Kovacic 2025). The land cover data and maps are also used by coastal managers to un-
derstand the current landscape. The land cover map helps coastal managers to assess urban growth,
model water quality issues, predict and assess impacts from floods and surges, track wetland losses,
determine impacts of sea level rise, prioritize areas for conservation, and compare the land cover

changes (National Ocean Service 2024).

Resolution refers to the smallest size at which an object or detail can be represented in an image.
Higher-resolution images have a smaller pixel size, which provides more details, while lower-resolu-
tion images have a larger pixel size, which provides fewer details (Setyawan, 2019). There are four

types of resolutions for satellite imagery (Navulur 2006):

i. Spatial resolution: It represents the length of the side of the pixel. The greater spatial resolu-
tion allows precise identification of features. The use of spatial resolution can be considered depend-
ing on the application. For large area change detection, it is economical to use medium resolution
imagery, and for planimetric applications, it is recommended to use imagery with the highest possible

resolution that can be used to extract various features such as pavements, roads, etc.

ii. Spectral resolution: This represents the number of spectral bands of the given sensor. For
most GIS applications where images are primarily used as a backdrop, three-band natural color im-
agery in RGB format is commonly used. For extracting information such as impervious surfaces and
vegetation classification, visible and near-infrared (VNIR) bands are utilized, whereas applications

like mineral exploration and forest species classification rely on multispectral or hyperspectral data.

iii. Radiometric resolution: This represents the number of gray levels that can be recorded for a

given pixel. The higher radiometric resolution gives better discrimination of variations in reflectance.

iv. Temporal resolution: This represents the time frequency at which the sensors cover the same
area of interest (AOI). Issues such as cloud cover can be minimized by using satellites with higher

temporal resolution (Navulur 2006).
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Table 1 briefly describes the representation and characteristics of the four types of resolutions dis-

cussed.

Table 1. Types of Resolution for satellite imagery (Navulur 2006).

Resolution

Type

Representation Characteristics

Spatial Resolution is defined by Ground Sampling Distance
(GSD). Commonly, Low resolution is defined as pixels with
Length of the side of |a GSD of 30 m or greater resolution, medium resolution is
a pixel GSD in the range of 2.0-30 m, high resolution is GSD 0.5—
2.0m, and very high resolution is pixel sizes < 0.5m GSD.

Spatial

The smaller the pixels, the more details are visible.

Multispectral sensors have fewer than ten bands, superspec-

tral sensors have bands greater than ten, and hyperspectral
Number of bands of . _ _
Spectral . sensors usually have bands in hundreds. With higher spec-
the given sensor _ . ,
tral resolution, one can extract better information, such as

impervious surfaces, vegetation classification, etc.

A radiometric resolution of 8 bit radiometric resolution can
Number of gray levels _
_ _ capture DN values ranging from 0 to 255. The value can be
Radiometric |that can be recorded A . .
. . calculated using the equation N = 2% where N is the range,
for a given pixel . . .
and R is the radiometric depth.

Time frequency at|The sensor that visits the AOI every day has higher tempo-

Temporal which the sensors |ral resolution than the sensor that revisits the AOI monthly.

cover the same AOL | Temporal resolution is important for change detection.

3.2 History of Land Cover Maps

The era of land cover mapping started in the early 1970s. Civil space-based remote sensing came into
the age in the early 1970s. The 1970s are the foundational period for space-based land cover map-
ping. The 1970s era was influenced by two major events of the mid-1960s. First, William Pecora (Di-
rector of the US Geological Survey) proposed an idea about a civilian remote sensing satellite program
to collect information about the natural resources of the Earth. Second, NASA conducted a series of
remote sensing investigations using an image-capturing infrastructure mounted on an aircraft. These
two events resulted in the launch of NASA's Earth Resources Technology Satellite in 1972, which is
now known as Landsat. Later, a draft 'A Land Use and Land Cover Classification System for use with
remote sensor data’ was published in 1976, which provided a classification legend that defined land

use and land cover categories to be derived from remote sensing images (Anderson et al. 1976). The
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launch of Landsat and the framework for land cover mapping today serve as a framework for land
cover mapping using satellite images, even though it was a manual approach rather than a comput-
er-assisted method (Giri 2012).

The 1980s were the point where the rapid growth of land cover mapping methods and projects hap-
pened. Three major factors influenced this decade in land cover mapping. First, computer-assisted
methods were developed for land cover mapping. Second, Landsat data quality was improved with
the Thematic Mapper instrument, and Landsat was commercialized, which made a heavy impact on
the land cover initiative. The spatial details obtained from Landsat needed some improvement to gain
efficiencies through the digital imagery. Anderson from USGS recognized this need and led his team
in the initial research of land cover classification. He tried to provide an accurate land cover map with
Landsat data and developed an automated classification method (Anderson et al. 1976). In the late
1970s and early 1980s, many land cover mapping programs were initiated across the United States
in Arizona, Kansas, Nebraska, North Dakota, South Dakota, and Texas. The land cover mapping
again boosted in 1982 when Landsat launched a new sensor called 'Thematic Mapper (TM)', which
improved the accuracy of the data with spatial and multispectral capabilities. The Landsat resolution

was improved from 79 meters to 30 meters (Giri 2012).

The 1990's is when the start of national to global land cover mapping happened. The Advanced Very
High-Resolution Radiometer (AVHRR) based land cover project was started in this global land cover
mapping era. The 1990s can also be called the end of the commercial Landsat era, which contributed
to the growth of national-scale Landsat-based land cover mapping and allowed investment in land
cover programs. The use of the time-series dataset and derived seasonal metrics excluded the limited
coarse-resolution imagery. The seamless dataset was available, which reduced the problem of scene
boundaries. The use of ancillary data and stratification helped increase classification accuracy. The
data were available for new satellite missions like the India Remote Sensing satellite, which increased

the innovation in the land cover mapping (Giri 2012).

The first decade of the twenty-first century was when operational mapping became more mature, and
researchers’ emphasis on land cover change studies increased. The land cover monitoring matured
in this period with the launch of NASA Terra and Aqua Terra with the Moderate Resolution Imaging
Spectroradiometer (MODIS). The accuracy assessment was less common, but the accuracy standards
for land cover products were established and matured significantly. Most land cover practices started

to include validation as a standard practice (Giri 2012).

During the second decade of the twenty-first century, the European Space Agency’s (ESA) Copernicus
program introduced the launch of Sentinel Satellites. The first of the Sentinel series, Sentinel-1A, was
launched on 3 April 2014, followed by Sentinel-1B on 25 April 2016. For land monitoring, Senti-
nel-2A was launched on 23 June 2015, followed by Sentinel-2B on 7 March 2017. Sentinel-2 is a

40



VOLUME 04 ¢ ISSUE 01 » APRIL 2026

polar-orbiting, multispectral high-resolution imagery at spatial resolutions from 10m to 60m across
13 spectral bands, with its core applications including land cover classification and forest monitoring.
On 5 September 2024, Sentinel-2C was launched into orbit to ensure the continuous provision of

high-resolution data from the mission (ESA, n.d.).

Similarly, the use of Very High Resolution (VHR) satellite imagery has significantly advanced in land
cover mapping. DigitalGlobe's QuickBird was launched on 18 October 2001, which was the first
commercial satellite to offer sub-meter imagery, collecting data at 0.65m resolution. The QuickBird
satellite was switched off on January 27, 2015, after completing 70,000 trips around the globe and
capturing around 636 million sq km of high-resolution imagery. WorldView-1 was launched on 18
September 2007, with a resolution of 0.50 m and has a daily collection capacity of up to 750,000

square kilometres (Satellite Imaging Corporation, n.d.).

Under the French-Italian ORFEO programme, Pléiades-1A was launched on 17 December 2011,
followed by Pléiades-1B on 2 December 2012, both operating at 0.5 m resolution with daily revisit
capability over any point on Earth. (CNES, 2025) Concerning the history, it is assumed that the land
cover technology will lead towards innovation in the future, and the remote sensing satellite imagery
will be much cheaper (Giri 2012).

3.3 Accuracy in the land cover map

Unlike the satellite image, the land cover map is not the perfect representation of reality. In remote
sensing, the term accuracy means the degree of correctness of the map. No map is 100% perfect, and
to determine the degree of correctness, it is necessary to conduct an accuracy assessment. The result
of the accuracy assessment gives the overall accuracy of the whole map as well as the accuracy of
each class in the map (Horning 2004). There is no accepted standard method of accuracy assessment.
However, the confusion matrix is the most popular method for accuracy assessment. The confusion
matrix will determine the confusion between each class within the map. In the confusion matrix,
commonly, the data is represented in percentage cases, as it is easy to interpret. The confusion matrix
provides a summary of two types of thematic error present: omission error (producer's accuracy) and
commission error (consumer's accuracy). Producer's accuracy determines how well the reference
pixels from the ground are classified in the map, and consumer's accuracy determines how well the
classified category in the map represents the ground. However, the non-thematic error is not repre-
sented in the confusion matrix, which may be large and could have a larger effect. The problems, like

mixed pixels and misregistration of the data set, may not be incorporated (Foody 2002).

Liang et al. (2019) studied the accuracy evaluation and consistency analysis of different land cover
products. The study was conducted in the Arctic Region. Land cover products from four different
sensors - Climate Change Initiative Land Cover (CCI-LC), GlobelLand30, Global Land Cover by the
National Mapping Organization (GLCNMO), and Moderate Resolution Imaging Spectroradiometer
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(MODIS) were utilized. The land cover product was refined to nine different classes: Shrub, sparse
vegetation, Wetland, Snow/Ice, Trees, Herbaceous, Cropland, Artificial Surface, and Water. For ac-
curacy assessment, validation point data were collected, and a confusion matrix was prepared. The
accuracy assessment proved CCI-LC to be the most accurate product with an overall accuracy of
63.5%. GlobelLand30 and GLCNMO were found to have an overall accuracy of 62.2% and 48.8%,
respectively. The MODIS land cover product was found to have the lowest overall accuracy of 29.5%.
The spatial resolution of Globe30 is highest at 30m, followed by CCI-LC and MODIS with 300m for
both. GLCNMO has the lowest resolution of 1 km. CCI-LC was found to have the highest overall
accuracy and has good accuracy for the forest, shrubs, sparse vegetation, snow/ice, and water bodies.
GlobelLand30 and CCI-LC have a good output for the classification of the shrub. MODIS and GLCN-
MO product having a very low resolution are omitted for classification in the Arctic region. CCI-LC
and GLCNMO have comparatively better accuracy, but the author believes the current land cover
products are not ideal in terms of accuracy for classification studies in the Arctic Region (Liang et al.
2019). The comparison of accuracy of the selected land cover products in Arctic region is presented
in Table 2, where CCI-LC with resolution of 300m demonstrates the highest overall accuracy among

the datasets.

Table 2. Land Cover Products accuracy in the Arctic Region.

Objective Sensors  Resolution Accuracy Conclusion

CCI-LC  [300m 63.5%
Accuracy evalua-

. . Land cover products
tion and consis-|Globe - 0 _ _
. . 30m 02.2%  |are not ideal in terms
Liang et al |tency analysis of |Land30

(2019) different land cov-

er products in the

of accuracy for classi-

GLCNMO | 1 km 48.8% fication studies in the
Arctic Region

Arctic Region
MODIS 300m 29.5%

3.4 Impact of Spatial Resolution on Map Accuracy

The spatial resolution of the image is a basic characteristic of a remote sensing image, which makes a
heavy impact on the accuracy of the image classification. The improper selection of spatial resolution
may lead to an ambiguous interpretation of the products. Land use, land cover classification using a
single sensor may result in limitations like low classification accuracy and adaptability. Mishra et al.
(2016) evaluated the land use, land cover classification accuracy using 3 different sensors. LISS IV

with 5.8 meters, Landsat 8 with 30 meters, and AWiFS with 56 meters spatial resolution were used for
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the study. Images were imported to ENVI (remote sensing image processing software) for classifica-
tion and were classified into seven different classes as Agriculture land, Dense vegetation, Sparse veg-
etation, fallow land, built-up, water bodies, and sand. For the accuracy assessment, 438 sample points
with 30-43 points for the individual class were checked. The overall accuracy of 83.28%, 77.93%,
and 74.61% was determined for LISS 1V, Landsat 8, and AWiFS sensors. The result indicates a slight
increase in overall accuracy with an increase in spatial resolution from 56m to 5.8m. The study con-
cludes that better spatial resolution reduces mixed pixel problems, which helps in providing a greater
extent of information from land use/land cover data sets. Thus, the increase in spatial resolution re-

sults in an increase in the overall accuracy of the land use/land cover map (Mishra et al. 2016).

Fisher et al. (2018) project has researched to determine the impact of satellite imagery resolution on

land use classification to model the water quality. The objective of their study were:

To assess the influence of the spatial resolution of satellite images on the accuracy of the land

cover classification and the estimated sediment load at the plank intake.

To evaluate the technical and economic trade-offs associated with using two images of differ-

ent resolutions.

DigitalGlobe's Quickbird and Worldview 2 satellites of spatial resolution 0.6m and 0.5m, respectively,
and Landsat of 30m were considered for the study. The DigitalGlobe images were resampled to 1m,
as the DEM used for the study was 1 m. Land use classification was conducted via ArcGIS feature
analyst and on the total suspended solids (TSS) load estimates from the Soil and Water Assessment
Tool (SWAT). The study was conducted for the Camboriu watershed in southeastern Brazil. The land
use accuracy from DigitalGlobe with 1m spatial resolution was determined 82.3%, and for Landsat
data with 30m spatial resolution was calculated as 75.1%. For annual and peak TSS load in the whole
study area, however, Landsat data with 30m resolution predicted better only in the sub-watershed.
(Fisher et al. 2018)

There have been lots of investments to obtain the accuracy of land cover datasets. However, the accu-
racy may not hold the same importance when the products are on different scales. It is important to
understand the relationship between map error, the scale of observation, and scene spatial structure to
understand the scaling issues and their implication of accuracy in land cover data. Moody and Wood-
cock (1994) have tried to develop an understanding of the factor of scale in errors in the estimation
of land cover proportions for the implications of the global land cover dataset. The authors tried to
develop an understanding of the size and spatial pattern of vegetation classes, which influenced errors
in estimating cover type proportions as the classified scene was progressively aggregated to coarser
resolutions. The purpose of the study is to understand the relationship of the proportional error to
scale or spatial resolution. The study focuses on the use of land cover data at various scales using re-

motely sensed data, and the subsequent use or further aggregation of the datasets. The study area was
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in the western part of the Plumas National Forest in the Sierra Nevada, California. The images were
collected from Landsat Thematic Mapper imagery, which is of 30m resolution, and an unsupervised
image classification approach was used to produce a land cover map. The research deals with vegeta-
tion classes, so the land cover classes for the study include barren/grass, brush, hardwood, meadow;,
conifer, and water. The 30m resolution per pixel land cover map of the Plumas National Forest study
was used as a base data to compare it with coarser resolution maps. Resolutions of 30, 90, 150, 240,
510, 1020, 3000, and 6000 meters were considered for the study. The 240-, 510-, and 1020- meter
resolution is roughly close to the MODIS spatial resolution. Each resolution of interest was created
using a polygon grid as a sampling frame. It was seen that the proportional errors in a forested area
(such as conifer class) increased as the resolution exceeded 90 meters. Classes that are characterized
by highly clumped distribution but small in size decreased in size as the resolution was increased.
Small classes with fragmented units disappeared as they were dominated by large cover types through
the aggregation procedure. The author considers that these errors may pose difficulties for the use of
land cover products derived from coarse resolution sensors such as MODIS (Moody and Woodcock
1994). Table 3 summarizes the studies from Mishra et al. (2016), Fisher et al. (2018) and Woody and
Woodcock (1994), highlighting imagery with higher spatial resolution has more accuracy.

Table 3. Impact of spatial resolution on map accuracy.

Land Cover Imagery Source

Accuracy Result Conclusion

Classes (Resolution)

LISSIV (5.8m)  |83.28% Higher  resolu-

tion reduces the

7 classes (Agri, ' '
"mixed pixel"

Landsat 8 30m) [77.93% problem, leading

to better accuracy

Mishra et  al.|Dense/Sparse Veg,
(2016) Fallow, Build-up,
Water, Sand)

AWIFS (56m) B 1% and more detailed

information.
DigitalGlobe -
QuickBird (0.6m)
Not specified :
Fisher et al pect and WorldView 2 g7 39, High resolution is

(used for TSS (0.5m)

(2018) more accurate

Load modeling)
Resampled to 1m

Landsat (30m) 75.1%
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Moody & Wood-
cock (1994)

6 classes (Bar-
ren/Grass, Brush,
Hardwood, Mead-
ow, Conifer, Wa-

ter)

Landsat, Coarser

Resolution Land
of

Nation-

Cover Map
Plumas
al Forest (30m to

6000m aggregat-

Errors increased
significantly once
the resolution ex-

ceeded 90m.

Coarse resolution
small or
land

classes to "disap-

causes

fragmented

pear" as they are

absorbed by larg-

er, dominant cov-

ed)

er types.

3.5 Operational and Technical aspects of Satellite Image and UAV

In Fisher et al. (2018)’s research, the authors determined that the cost of using 1m high-resolution
data from DigitalGlobe is $6969, whereas there is no cost for a 30m resolution Landsat image. Using
high-resolution images takes extra storage and a longer processing time. The author evaluates that it
takes 4 times longer to process for land-use classification using the same hardware device. In terms
of technical and economic tradeoff, it is beneficial to work on low-resolution images rather than

high-resolution images (Fisher et al. 2018).

Foster et al. (2024) and team discuss the cost-effectiveness of remote sensing technology for spruce
budworm monitoring in Maine, USA. The study analysed comparing remote sensing data and ground
sampling techniques, with an integrated monitoring approach that combines remote sensing change
detection with field sampling. For the remote sensing technique, Sentinel-2 imagery, PlanetScope
imagery, and UAV images were taken. The study presented that Sentinel 2 is the most cost-effective
option, with costs ranging from US $33 to $63 per sq km to accomplish the task. PlanetScope ranged
from US $ 77 to US $ 241 per sq km, and UAV imagery had a great variation from US $9,220 to US
$58,481 per sq km. The integrated approach ranges from $144 to $213. The integrated monitoring
approach proposed in this study costs range from US $144 to US$213 per sq km. It was found that
labour costs accounted for the highest for remote sensing analysis, making up about 30% of the total
cost, while in field sampling, the labour cost accounts for nearly 80% of the total cost (Foster et al.
2024).

Sozzietal. (2021) and team conducted an economic comparison of satellite, plane, and UAV-acquired
NDVI images to define a decision-making process for site-specific nitrogen application. The study
was carried out in Italy, where the price of satellite, plane, and UAV were considered to acquire vege-
tation indices. The result was compared to the economic benefit resulting from variable-rate nitrogen
application. The results showed that the medium resolution satellite (10m to 15m) is profitable for
a minimum field size of 2.52 ha. The high-resolution satellite imagery becomes profitable from 13.2
ha, while the very high-resolution satellite imagery becomes profitable after 76.8 ha. Similarly, an air-

plane-acquired NDVI is profitable after a field size of 66.4 ha. The UAV was not found economically
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profitable for variable rate nitrogen fertilization of grains, as the average price per hectare was higher

than the average economic benefits resulting from their use. The break-even costs were found at

€83.1 for medium-resolution satellites, €434 for high-resolution satellites, €2,191 for aircraft imagery,

and €2,536 for very high-resolution satellite imagery, while UAV imagery did not reach a profitable

break-even point (Sozzi et al. 2021). Table 4 summarizes the studies from Fisher et al. (2018), Foster

et al. (2024), and Sozzi et al. (2021), where UAVs are generally not economically viable, and satellite

or aircraft imagery are found cost-effective only for larger field sizes.

Study

Table 4. Economic aspect of Satellite imagery and UAV.

Data used

Findings

Conclusion

Fisher et al.
(2018)

DigitalGlobe’s -
QuickBird and Worl-
dView 2, and Land-

sat

Cost:

DigitalGlobe: $6,969 and Landsat:
$0

Processing:

High resolution image takes higher
storage and 4 times more processing

time than lower resolution images

Purchasing and pro-
cessing high-resolution

imagery is costly.

Foster et al.
(2024)

Sentinel -2, Planet-
Scope, UAV imagery,
and integrated mon-
field

itoring  with

sampling

Sentinel-2: $33-$63 per sq km
PlanetScope: $77-$241 per sq km
UAV: $9,220 - $58,481/ sq km

Integrated approach: $144 - $213
per sq km

The operational cost of
UAV is very high than
using satellite imagery.
Labour cost accounts
30% for remote sens-

ing cost and 80% for

field sampling cost
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Break-even costs: Medium-resolu-
tion satellite: €383.1

High-resolution satellite:€434
Aircraft €2,191

Very high-resolution satellite €2,536
UAV: not profitabl

Satellite  (medium, HIot profitable
Sozzi et al.|high, very high res- | Profitability on field size: UAV imagery was not

(2021) olution), aircraft im-
agery, and UAV

icall fitabl
Medium-resolution satellites: 2,52 | oY PIOTADIE
ha
High-resolution: 13.2 ha
Aircraft: 66.4 ha

very high-resolution satellites: 76.8
ha

UAV: not profitable

3.6 Comparing the satellite image and the UAV image

There are numerous benefits of using UAVs over satellite images for landscape analysis, such as the
study of land use and land cover. The major disadvantage of using satellite data is cloud cover, which
makes it difficult and sometimes impossible to detect and analyze the land under the cloud. Although
numerous high-resolution satellites are available, such as GeoEye and WorldView, their output may

contain less visible and analyzable scene due to cloud cover (Sanga et al. 2012).

lizuka et al. (2018) conducted a study to demonstrate the advantage of drone photogrammetry for
collecting more detailed and useful local landscape information than satellite data. The postmining
site in Indonesia was selected as a study area considering its complex topography and landscape. For
the UAV image, considering flying height regulations, the study area was further divided into two
sites, where Site 1 is in the south-central part of the island, and Site 2 is in the eastern part of the
island. The satellite remote sensing data were obtained from the Advanced Land Observation Satel-
lite-2 (ALOS-2) Phased Array L-band Synthetic Aperture Radar-2 (PALSAR-2). SAR sensor data was
used to avoid cloud cover. Another dataset used was drone-based aerial photos with a DJI Phantom 4
quadcopter. Two products of land use land cover maps were generated by Satellite image (SAR) based
and UAV-based data. Then, a conventional accuracy assessment was conducted with random sample

points. The result of the accuracy assessment of satellite images was found to be 78.1%. Further, for
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UAV image processing, 655 drone images were captured in site 1 and 517 images in site 2. Photoscan
Pro software was used to generate an orthophoto. The land cover map was then generated consid-
ering four land cover classes: water bodies, vegetation, bare soil, and houses. Accuracy assessment
was carried out using the ground truth points collected through imagery. The overall accuracy result
was 89.9% and 94.7% for site 1 and site 2, respectively. The land cover map generated from each
source has a distinct difference. The spatial resolution is the main factor, as the SAR satellite image is
7.5 and the drone image is 0.05 m. The accuracy of SAR satellite data is specifically low due to the
scattering mechanism of the microwave, depending on land objects, moisture content, topography,
etc. Therefore, the author believes that conventional accuracy assessment does not make sense. To
compare the two maps, the Kappa index of agreement (KIA) was computed to quantify the reliabil-
ity of the SAR map to the drone map. The drone Land cover map was resampled to 7.5 m using the
nearest neighbor algorithm with a 3x3 mode filter. The resulting KIA value was 0.42 and 0.33 for
site 1 and site 2, respectively. According to the benchmarks established by Landis and Koch (1977),
a value between 0.21 and 0.40 is classified as ‘fair’, while 0.41 to 0.60 is considered ‘moderate’. The
overall result of this study falls within a fair range. Consequently, lizuka et al. (2018) conclude that
drone technology serves as a superior alternative for high-resolution local landscape analysis. Hence,
the author concludes by describing drone Technology as the alternative for local landscape analysis
(Tlizuka et al. 2018).

Jumaat et al. (2018) studied the capability of high-resolution satellite images and UAVs to study
the change in land cover patterns in Cameron Highlands, Malaysia. Further, the land cover change
pattern is also studied for the time frame of 12 years. Two satellite images from IKONOS imagery
acquired in March 2001 and QuickBird imagery acquired in March 2007 were used for the study. 591
UAV images acquired in November 2013 were used to produce an orthophotography and hence for
classification. The image classification was conducted in ArcGIS software with an object-based clas-
sification approach. A total of seven classes were defined as follows: agriculture, water body, forest,
bare soil, grass, urban area, and landslide. After the classification, accuracy assessment was carried out
in each class based on overall accuracy, kappa coefficient, commission errors, and omission errors.
The overall accuracy has resulted as 86.67%, 83.89%, and 93.80% for the IKONOS satellite image,
Quickbird satellite image, and UAV-developed orthophoto, respectively. The author concludes that all
three images are an effective way for mapping land cover. However, the overall accuracy of the result
from the UAV image is highest, so there is an advantage of flying UAVs for more accurate data. UAV
images can collect precise information even in hilly terrains, which makes the overall accuracy higher
(Jumaat et al. 2018).

Duke et al. (2022) studied the comparison of crop classification using UAV and SAR data using
machine learning algorithms. The study was conducted in experimental plots using high-resolution

multispectral 12cm UAV data (resampled to 50cm for efficient data handling) with the Sentinel 1A
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SAR dataset. The Support Vector Machine (SVM) classifier produced an overall accuracy of 94.78%
for the UAV and 81.72% for the SAR dataset. However, with Random Forest (RF), SAR performed
92.58% and became comparable to UAV 93.84%. The author suggests that this study would be useful
in mapping small farm holdings and for precision agriculture. In contrast, SAR only data provides
large area coverage, making it more suitable for larger fields. Further, the study also highlighted that
spatial resolution has a strong influence on classification accuracy. The finer resolutions (50 cm) pro-
duced higher accuracies, while coarser resolutions (1-10 m) led to a decline in performance, although
some classes, lake and mucuna, were less affected. Moderate resolutions (around 2—5 m) still provid-
ed acceptable results, but very coarse resolution significantly reduced classification accuracy (Duke
et al. 2022). Table 5 summarizes studies by lizuka et al. (2018), Jumaat et al. (2018), and Duke et
al. (2022) that compare satellite imagery with UAV data, clearly showing that UAV imagery provides

higher accuracy than satellite images.

Table 5. Comparing satellite imagery with UAV imagery.

Objective Data Source Accuracy Conclusion
Site 1:  89.9% | UAVs can be con-
UAV: DJI Phantom (KIA: 0.42) sidered an alter-
Compare  Drone | 4 (0-05m) St 2: 94.7% ?aﬁlve IiChzObgy
or local landscape
. | | s satellite (SAR) (KIA: 0.33) s P
izuka et al analysis. Conven-
for local landscape . Y v
(2018) lusis i tional accuracy as-
analysis in com- .
plex topography; Satellite: ALOS-2 sessment is flawed
PALSAR-2 (SAR) | 78.1% for SAR due to the
(7.5m). scattering mecha-
nism
Analyze  LULC UAV. Fixed wing 93.80% Overall - accuracy
Helang of UAVs is highest,
change over a 12- : .
Jumaat et al , Satellite: IKONOS hence there is an
year  timeframe 86.67%
(2018) , , (Im) advantage of fly-
using Satellite and . . .
UAV data Satellite:  Quick- 43,809 ing UAVs for more
' Bird (0.65m) o7 accurate data.
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RF Classifier: .

. . UAV is more ac-
Comparison of UAV (12cm, resa- 93.84% curate due to
UAV and SAR per-

: an ; Cper mpled to 50cm) | gyM  Classifier: | finer resolution,
ormance .O.r fOP 94.78% but SAR can still
Duke et al. (2022) | type classification RE Classifier: | achieve competi
assifier: -
using machine ; i
v W Sentinel 1A SAR |92.58% tive accuracy with
robust algorithms
rithms (10m) SVM  Classifier: e RE &
ike
81.72%

4.SYNTHESIS OF REVIEWED STUDIES

Land cover mapping technology has evolved from 1970 to the present day. In this time, various
classification systems and satellite systems have been developed, which have helped to obtain great
accuracy. With time, the availability of satellite images will be easier and less costly. With the help of a
land cover map, one has been able to determine the change in the forest, agricultural, and urban land,

which has helped the community to preserve the forest.

The spatial resolution of the image makes a great impact on the accuracy of land cover products. The
higher spatial resolution makes it easy for a user to identify the object in the image, through which
the user can provide a correct spectral signature for image classification. It is found that the increase
in spatial resolution increases the overall accuracy of the land cover map. The classified image scale
is equally important to maintain accuracy. For land cover classification using images from the coarse
resolution satellites like MODIS, pose difficulties like the disappearance of small classes and an in-
crease in proportional error in forested area classes. It is important to analyze the original spatial res-
olution of the image and the product scale of the classified image. The coarse satellite images should

not be used to represent the large-scale classification maps.

The use of UAVs is becoming popular and can serve as an alternative technology for landscape analysis,
including land cover classification. UAVs fly at a lower height and achieve a greater ground sampling
distance, which enables the capture of finer details from the image. With UAVs, there are no issues
with cloud cover, poor image quality, or difficulty collecting images on a desired date. Further, UAV
image resolutions are very high compared to satellite images. UAVs are capable of capturing images in
any landscape, which plays a great role in increasing the overall accuracy of the land cover product.
The SAR sensor satellite omits the cloud cover issue, but its accuracy is found to be low compared
to the UAV image. The accuracy of SAR images is highly sensitive to land objects, moisture contents,

topography, and the scattering mechanism of the microwave, which can be avoided by UAV images.

High-resolution satellite images, like Quickbird and Worldview 2, can also be used to increase the
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overall accuracy. Considering the technical and economic tradeoff, low-resolution satellite images can
be considered much more reliable. The use of images from DigitalGlobe is very expensive compared
to that of freely available, low-resolution, commonly used satellite images like Landsat and MODIS.
Processing a high-resolution image requires additional processing time and hardware storage. The
overall accuracy can be achieved with high-resolution images, but it is not reliable from the technical

and economic points of view.

The economic tradeoff for using UAV images over satellite images depends on the scale of the project.
The use of UAV images are found to be very costly for large-scale projects (eg, national-level land cov-
er classification or state-level land cover classification) (Fisher et al., 2018; Foster et al., 2024; Sozzi
etal., 2021). They are more economical for small projects covering a smaller area, such as local-level
or municipal-level projects. UAV images require additional processing before classification. Initially,
an orthomosaic must be developed using dedicated UAV processing software, which requires extra
technical resources. Collecting UAV images demands extra fieldwork, skilled human resources and
time. The UAV images are larger in size and need extra storage capacity. From a technical point of

view, using high-resolution satellite images can be much more reliable compared to UAV images.

5. HYPOTHETICAL ACCURACY ANALYSIS

From the literature review, a large set of data was found, discussing accuracy across different study
areas, sensors, classification methods, and the number of classes. A hypothetical accuracy analysis is
carried out to address the lack of a unified quantitative comparison across the cited literature. The
accuracy values compared here are drawn from studies with variation in numbers of classes, geogra-
phies, and classification algorithms. Across the cited literature, the geographies span tropical Indone-
sia, highland Malaysia, temperate Italy, and the Arctic, etc., and the classification algorithms include
object-based, pixel-based, Support Vector Machine, and Random Forest approaches, etc. Each of
these factors independently influences the overall accuracy. This analysis presents the descriptive
summary in broad trends rather than a statistical benchmark, hence, the result should be interpreted

considering these limitations.

5.1 Data Extraction

An overall accuracy across the sensors are collected from the cited literature. The sensors are then
classified as per their category: Very High Resolution (<1 m), High Resolution (> 1 m and < 10 m),
Medium Resolution (> 10 m and < 30 m), Low Resolution (>30 m), SAR Satellites, and UAV. Table 6

consolidates the overall accuracy values found across various literature cited in this paper.
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Table 6. Overall accuracy as per sensors from cited studies.

Study Sensor Resolution Sensor Category Accuracy
CCI-LC 300m Low resolution 63.5%
Liang et al.| GlobeLand30 30m Medium resolution 62.2 %
(2019) GLCNMO 1 km Low resolution 48.8%
MODIS 300m Low resolution 29.5%
LISS IV (5.8m) 5.8m High Resolution 83.28%
Mishra et al. _ )
(2016) Landsat 8 30m) |30m Medium resolution 77.93%
AWIFS (56m) 56m Low Resolution 74.61%
DigitalGlobe -
QuickBird (0.6m)
Fisher et al. | and WorldView 21, Very High Resolution |82.3%
Resampled to 1m
Landsat (30m) 30m Medium Resolution | 75.1%
DJI Phantom 4
0.05m UAV 89.9
(Site 1)
Lizukaetal. | DJI Phantom 4
0.05m UAV 04.7
(2018) (Site 2)
ALOS-2  PAL- . _
7.5m High Resolution / SAR | 78.1
SAR-2 (SAR)
Fixed wing Hel- ,
Not mentioned | UAV 93.80%
ang
Jumaat et . .
IKONOS Im Very High Resolution |86.67%
al. (2018)
QuickBird 0.65m Very High Resolution |83.89%
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UAV (Using SVM
Classifier)

UAV (Using RF
Classifier)

Duke et al.|Sentinel 1A SAR
(2022) (Using SVM Clas- | 10m High Resolution / SAR [ 81.72%
sifier)

Sentinel 1A SAR
(Using RF Classi- | 10m High Resolution / SAR | 92.58%

fier)

12cm UAV 93.84%

12cm UAV 94.78%

5.2 Hypothetical Analysis Summary

A group of 17 data were re-classified in Table 6 as per the sensor category, to provide a descriptive
accuracy performance. Three observations were considered in SAR as well as high-resolution imagery.
Table 7 presents the number of observations, minimum overall accuracy, maximum overall accuracy,

and mean overall accuracy as per the sensor category.

Table 7. Hypothetical Analysis of Sensor Accuracy.

Minimum Maximum M e a n

No. of Ob- Overall Overall Overall
Sensor Category

servations Accuracy Accuracy Accuracy

) ) )
UAV 5 89.9 94.78 93.40
SAR 3 78.1 92.58 84.13
Very High Resolution (<1 m) 3 82.3 86.67 84.29
High Resolution (> 1 m to <10 m) 4 78.10 92.58 83.92
Medium Resolution (> 10 mto <30 m) |3 62.20 77.93 71.74
Low Resolution (> 30 m) 4 29.50 74.61 54.10
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Figure 1. Hypothetical Analysis Chart of Sensor Accuracy.

The analysis presented represents the accuracy trend discussed from the literature review. Among all
of the sensor types, UAV consistently achieved the highest mean overall score with 93.40%, followed
by Very High resolution imagery with 84.29% and SAR imagery with 84.13%. The high resolu-
tion imagery was found with an overall accuracy of 83.92%, while medium resolution decreased to
71.74%, and low resolution with 54.10%. The SAR satellite category shows a wide range (78.10% to
92.58%), representing a wide range of sensitivity as per the classification algorithm choice (Duke et
al. 2022).

The trend highlights that UAV has the highest overall accuracy, and it can be understood that the
image resolution plays an important role in obtaining the overall accuracy. As UAV has the highest
resolution, it can be considered as an alternative technology for high accuracy land cover classifica-
tion. The 3 SAR imagery, which all being high resolution, the SAR imagery has higher mean overall
accuracy than the accuracy of very high resolution imagery. It can be understood that SAR imagery

can obtain higher

The trend indicates that UAV data achieves the highest overall accuracy, which can be understood as
spatial resolution plays a crucial role in obtaining classification accuracy. Due to its very high resolu-
tion, UAV imagery can serve as an alternative technology to achieve highly accurate land cover maps.
Among the three high-resolution SAR datasets, the mean overall accuracy is higher than that of very
high resolution optical imagery. This implies that SAR imagery can provide comparatively strong clas-
sification performance; however, the hypothetical analysis shows that its overall accuracy still remains
lower than that achieved by UAV data.
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6. DISCUSSION

6.1 Impact of resolution and other factors on accuracy

The studies in the literature review gave in-depth information about the importance of spatial resolu-
tion and its impact on the accuracy of land cover classification products. Most literature highlighted
that an increase in spatial resolution gives better accuracy; the UAV imagery was found to have the
highest accuracy compared to that of satellite imagery. It is understood that with an increase in spatial
resolution, one could identify the objects clearly in the image. With this, the user can provide a better

spectral signature that would correctly classify the image.

However, studies from coarse resolution products in the Arctic Region indicate that spatial resolution
cannot guarantee the accuracy of the classification. Liang and team (2019) showed that the accuracy
of GlobeLand30, having 30m resolution, was lower than that of CCI-LC, having 300m resolution, in
the Arctic. This suggests that landscape homogeneity, spectral signature, and sensor characteristics

can outweigh the resolution advantage.

Further, the literature suggests that several factors—such as the number of classes selected, the choice
of classification approach, the nature of the landscape, and data quality, also influence the overall
accuracy. It is necessary to apply atmospheric correction to an image before classifying, as this will
determine the true surface reflectance value, removing the atmospheric effect. (Themistocleous and
Hadjimitsis 2008). A study has shown that there is a decrease in 0.77% of maps' overall accuracy
with an increase in class (Thinh et al. 2019). There are two classification methods in remote sensing:
Pixel-Based Image Analysis (PBIA) and Object-based image analysis (OBIA), with supervised and un-
supervised classification approaches; these classification methods make a heavy impact on the overall

accuracy of the product.

Spectral resolution also plays a vital role in classification accuracy. Navulur (2006) suggested that for
most GIS applications where satellite images are used as a backdrop, three-band natural color imag-
ery in RGB format is commonly used. For vegetation classification, visible and near - infrared can be
used, and for more detailed applications such as mineral exploration and forest species classification,
multispectral or hyperspectral data can be used. The finer the radiometric resolution, the more it
can detect small features through the reflected or emitted energy. It can therefore be assumed that a
finer radiometric resolution increases classification accuracy. However, a detailed study is necessary

to understand the role of radiometric resolution for the overall accuracy of the land cover product.

6.2 Comparison of Sensors: Optical, SAR, and UAV

Optical sensors are considered a standard for monitoring global change; however, it is frequently

compromised by atmospheric conditions. UAVs can be considered as an alternative technology to ad-
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dress this gap, considering their capability of flying in lower elevations and avoiding the cloud cover,
and their ability to integrate sensors. Using a UAV, one can collect images on the desired date, and
there are no issues of cloud cover, weather, or bad image results. Fisher et al (2018) had to merge two
images from different dates to eliminate the cloud cover in the image. Such issues can easily be omit-
ted using UAVs. UAVs offer a greater ground sampling distance, which enables them to distinguish the
smallest element in the image. With high resolution and greater ground resolving distance, it makes

a great impact to increase the overall accuracy of the land cover classified image.

Synthetic Aperture Radar (SAR) sensors are capable of omitting cloud cover from the satellite images.
However, the literature found their accuracy of land cover products from SAR sensors is still low com-
pared to that of UAV imagery. Duke et al. (2022) found that SAR can still achieve competitive accuracy
with robust algorithms like Random Forest, but its accuracy is still low compared to UAV images.
The SAR sensors are not capable of interpreting the complex variable and are very sensitive to land
objects, moisture contents, topography, and the scattering mechanism of the microwave. lizuka et al.
(2018) mentioned that SAR maps give an average KIA of 0.375, which is not a satistying result for
landscape analysis. UAV devices can capture an image in any type of landscape. The UAV is equipped
with a 360-degree movable camera, this allows pilots to capture images from any angle. This capa-
bility enables effective imaging across diverse landscapes and topographies, while the integration of

sensors further enhances accuracy.

6.3 Scalability, Technical and Economic Trade-off

The reviewed literature presents the idea on technical and economic tradeoff for using UAV over sat-
ellite images, where it is found that the decision factor is to be made by the scalability of the project
(Fisher et al., 2018; Foster et al., 2024; Sozzi et al., 2021).

Image acquisition with UAV images in a small area would require less time and manpower, but in
a large area, it would require many UAV devices, manpower, and powerful computers to process
the images and prepare land cover maps. UAV images need additional processing before classifying
an image. The orthomosaic needs to be developed from a separate UAV image processing software,
which will later be used for land cover classification. Fisher et al (2018), determined that land use
classification time for high-resolution images was 4 times longer than using a low-resolution image.
The literature also evaluated the cost of using high-resolution satellite images with low-resolution
images. The operational cost of UAV is much higher than the satellite imagery. It can be suggested that
using UAVs over satellite images will require additional manpower and powerful computers, which

is not economical.

Considering the technical tradeoff, to collect data from a UAV, a licensed UAV pilot is necessary to
fly UAVs. Then, a separate processing software needs to be installed. Processing a UAV image is very

time-consuming, which requires a hardware device with a better computer processor and RAM. The
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image size is very large; this may require an additional storage device.

Therefore, from the technical and economic perspective, UAV-based land cover mapping is typically
feasible for the local level project covering a small area. For a national or state-level project, the eco-
nomic challenge, computational demands, and longer processing time make the satellite imagery a

more practical choice.

6.4 UAV as an alternative technology

The literature suggests that UAV images can be used by local bodies to evaluate their landscape (lizu-
ka et al. 2018). Highly accurate, high-resolution land cover imagery would help to determine an ac-
curate change in land pattern. It can be used to understand the change in the forest, agricultural land,
and urbanization growth. The climate change researchers need to work on the accuracy of inches to
determine the glacier melt, change in river pattern, etc. Even the high-resolution satellite will not be
able to capture the images to determine the change in inches. The use of UAVs would be a great ben-

efit for researchers to determine such a change.

To study climate change, determining the ice melt in the Arctic region, it is important to correctly as-
sess the land cover of the Arctic Region. Liang et al. (2019) came up with a conclusion stating there is
no ideal land cover product in terms of accuracy for studying land cover change in the Arctic Region.
The issue with the Arctic region is its divided and unevenly distributed surface, which is difficult to
analyze with satellite imagery. UAV is capable of capturing images on any landscape surface. UAV
being able to capture an image, adjusting its flying height, and having a better ground sampling dis-
tance, UAV can be taken as an alternative technology to assess the land cover of the Arctic region. It is

important to find out the capabilities of UAV images over satellite images to access the Arctic region.

The major threat of using UAV imagery over satellite imagery is the availability of old data. A series
of old satellite imagery data can be found on the web, which is ready for analysis. UAV is capable of
capturing data in the future date, but old data cannot be found. The change in landscape analysis
for past years cannot be determined using UAV images. For example, there will be no data to analyze
the glacier melt for the last 5 years, but the same analysis for the next 5 years can be conducted, with
more accurate data. It is necessary to store the safe for a long time for later use. Satellites keep mov-
ing on their own, and no extra effort is necessary to capture data from the satellite. Using a UAV, one

needs to go to the field on the desired date and should be able to collect data.

6.5 Application of an accurate land cover map

The review also highlights various purposes of an accurate land cover map. Dalle et al. (2006) used
it to monitor the impact of forest conservation. Dalle’s research is evidence of how the land cover

map can be used to solve real-world challenges like the conservation of a forest. Dalle has an overall
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accuracy of 81%. The research used a series of Landsat images from 1976, 1988, 1991, 1997, and
2000, whose spatial resolution is 30m. Regarding Varun Narayan Mishra et al. (2016) and lizuka et
al. (2018) research, we can understand that the use of high-resolution UAV images would produce
more accurate land cover maps. Dalle’s research, which monitors the change in the loss of forest land,
can be analyzed using UAV images for more accurate results. This would increase the overall accura-
cy, and the result will help the community and conservationists to understand the impact and make

necessary decisions.

Land cover classification technology has evolved with time. The accuracy of the land cover map and
availability of the satellite imagery have been the things to be most important. The current trends
indicate that the availability of data has been much easier, as most data can be ordered and down-
loaded from the web. The development of new sensors and high-resolution satellites has been able to
provide good resolution imagery, which has made a great impact in improving the overall accuracy
of the land cover products. With the end of commercialization of Landsat imagery in the 1990s, we
can predict that satellite imagery will become much cheaper and eventually all satellite images will

be freely available.

6.6 Limitations and Recommendations

This review is limited to a small number of manually selected literature; the findings of this review
contain narrative analysis but are limited mostly to classification accuracy. Future research should
prioritize a systematic review to statistically analyze classification methods, the number of land cover
classes, and the choice of different sensors. Such an analysis would allow quantitative comparison and

strengthen the review.

This review does not incorporate the temporal analysis and has limited information about the tech-
nological advancement of UAVs for land cover analysis. Future research can examine temporal resolu-
tion and determine how the accuracy of landcover analysis has been strengthened with the advance-

ment of UAV technology.

While this review touches on the potential of SAR imagery, this does not prioritize the nuances of
satellite imagery fusion, SAR fusion, and individual SAR bands. To strengthen the understanding of
SAR alongside UAV imagery, incorporating these factors in future systematic reviews would provide a

more definite roadmap for selecting accurate and cost-effective tools for landcover mapping.

7. CONCLUSION

This review analyzed the findings from various existing literature to understand the impact of UAV
images for an accurate land cover map, with a focus on comparing UAV and satellite imagery on

classification accuracy, operation cost, and scalability. The reviewed studies indicate that spatial res-
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olution has a great impact on the accuracy. UAVs can achieve higher accuracy than most satellite
imagery, with a mean overall accuracy of 93.40% in the hypothetical study. For comparison, very
high-resolution satellite imagery reached a mean overall accuracy of 84.13%, high-resolution SAR im-
agery achieved 84.29%, high-resolution imagery reached 83.92%, and medium- and low-resolution

imagery achieved 71.74% and 54.10%, respectively.

The reviewed literature also discusses the economic and technical tradeoff. UAVs offer high accuracy
and are found flexible for local scale mapping, with advantages of their sensor's high resolution, sen-
sor integration, and cloud cover constraints. However, UAVs are found most costly, which demands
a licensed pilot, high processing time, and processing software. It is suggested that satellite imagery
is indispensable for global applications due to its coverage, temporal continuity, and scalability of the
project. Low-resolution satellite imagery is identified as the most cost-effective, but it has low clas-
sification accuracy. High-resolution commercial satellites bridge the accuracy gap, but the financial
cost and processing time are high. In summary, it can be understood that UAVs can be preferred as
an alternative technology for local-scale land cover mapping where great detail and accuracy are re-
quired, whereas satellite imagery remains the practical and economic solution for large-scale global

monitoring,.

This study is limited to a few manually selected literature sources, and the findings are limited to the
selection criteria adopted. The future research should focus on a systematic review with defined in-
clusion and exclusion criteria, a comparative analysis that enables evaluation of sensor performance
and classification accuracy. Further, examining temporal trends can provide insights into the techno-

logical advancement of landcover analysis with UAV technology.

This review also recommends an understanding of other factors like the number of classes, classi-
fication methods, and sensor types, which have an important impact on the accuracy of land cover

classification.
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ABSTRACT

Indoor Positioning Systems (IPS) are essential for reliable navigation and location-based services inside buil-
dings. However, construction materials introduce signal attenuation that reduces the accuracy of these systems.
This study investigates the propagation of Wi-Fi signals through five different wall materials: concrete, drywall,
glass, white-faced hardboard, and wood. The research introduces the Wall Attenuation Factor (WAF) to qu-
antify signal loss and integrates it into Wi-Fi-based localization algorithms. Experimental results demonstrate
that incorporating WAF significantly enhances positioning accuracy, reducing errors from 1-2.5 m to 20-50
cm. Coordinate accuracy improved from 0.5-6 m (X) and 1-4 m (Y) to 10-65 cm (X) and 20-30 cm (Y).
Concrete walls caused the greatest signal attenuation, while wood and white-faced hardboard allowed signals
to pass with minimal degradation. Optimal router placement, within 4 meters of the receiver and with proper
alignment, further enhances performance. Future research will explore three-dimensional positioning and test
the impact of environmental variables such as humidity and air density.
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1. INTRODUCTION

A positioning system is a decision-making tool that determines the location of an object within an
environment. Currently, positioning systems can be categorized into three main types: Global Naviga-
tion Satellite System (GNSS), LiDAR Positioning System (LPS), and Hybrid Positioning System (HPS).
These systems are useful in both outdoor and indoor applications. GNSS, a satellite-based system, is
commonly used for outdoor tasks including positioning (Dow et al., 2009), navigation, vehicle track-
ing (Abulude & Akinnusotu, 2015), and other spatial science applications. However, GNSS is inef-
fective for indoor localization due to severe signal attenuation and Non-Line-of-Sight (NLoS) propa-
gation, resulting in positioning accuracies typically limited to approximately 2 to 6 meters (J, Wahab
etal. 2022). Indoor localization is further complicated by the presence of barriers that obstruct line of
sight, causing signal interference. Although mobile signals are often available indoors, Wi-Fi offers a

better opportunity for accurate indoor localization (Aileen, Suwardi et al. 2021, Ekahau 2024).

Wi-Fi-based indoor positioning techniques can be broadly categorised into model-based approaches
(e.g., Received Signal Strength Indication (RSSI) path-loss modelling and trilateration), fingerprint-
ing-based methods, probabilistic frameworks, and learning-based approaches such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs). Among these, Wi-Fi fingerprinting
and deep learning—based indoor positioning systems (IPS) have demonstrated improved accuracy un-
der certain conditions, often achieving sub-meter performance in controlled environments. However,
this accuracy is typically obtained at the expense of extensive site surveys, dense labelled datasets, and
periodic retraining to maintain performance as indoor environments evolve (Lymberopoulos et al.,
2015; Zafari et al., 2019; Hernandez et al., 2021).

Fingerprinting-based IPS methods rely on the construction of a radio map during an offline phase,
followed by online matching during operation. Although effective, their performance degrades sig-
nificantly when access point configurations, building layouts, or human occupancy patterns change,
necessitating costly and time-consuming recalibration (He & Chan, 2015). Similarly, learning-based
approaches including CNN and Long Short-Term Memory (LSTM)-based localization techniques re-
quire large training datasets and substantial computational resources, which limits their applicability

in small-scale deployments and resource-constrained environments (Hernandez et al., 2021).

Indoor environments, however, typically contain structural elements such as walls, floors, windows,
doors, and corridors that obstruct Wi-Fi signal propagation. Path-loss models are commonly em-
ployed to account for these obstructions by estimating the attenuation introduced by each barrier
along the signal path (Farid et al., 2013; Hernandez et al., 2021). In such models, signal degradation
is represented using loss factors associated with walls or floors that interfere with the direct line-of-

sight between the transmitter and receiver.

Moreover, Wi-Fi signal propagation is strongly influenced by the type of building materials encoun-
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tered, as different materials attenuate signals to varying degrees. Numerous studies have examined
the effects of materials such as concrete, drywall, glass, and wood on Wi-Fi signal attenuation and
transmission characteristics (Dao et al., 2014; Latif & Memon, 2011). Consequently, the impact of
building elements and their material properties must be carefully considered when designing and
deploying Wi-Fi-based indoor positioning systems, as they can significantly affect system accuracy

and reliability.

The Wall Attenuation Factor (WAF)-enhanced trilateration approach is proposed in this study which
adopts a lightweight, model-based strategy that avoids fingerprint databases, training datasets, and
probabilistic inference. Instead, it explicitly incorporates material-specific signal attenuation into the
RSSI path-loss model, thereby improving distance estimation accuracy while preserving the simplic-
ity and interpretability of traditional RSSI-based positioning. Table 1 presents a quantitative compar-

ison between representative IPS techniques reported in the literature and the proposed approach.

Table 1. Comparison of Wi-Fi-Based Indoor Positioning Approaches.

Typical Training/Survey Computational

Accuracy (m) required cost

RSSI Trilateration (Path-loss) (Farid

1-3 No Low
et al. (2013); Pahlavan (1998)
Wi-Fi Fingerprinting (He & Chan .
. 1-3 Yes Medium
(2015); Liu et al. (2007)
Models (Bayesian, Kalman) (Zafari et _ .
08-1.0 Partial Medium

al. (2019)

Deep Learning (CNN / LSTM)
(Hernandez et al. (2021); Lymbero-|0.3 -1.0 Yes High
poulos et al. (2015)

Proposed WAF-Based Trilateration |0.2-0.5 No Low

Under controlled indoor conditions, the proposed approach achieved distance and positional accu-
racies in the range of 0.2-0.5 m, which is comparable to or better than many reported fingerprint-
ing-based and learning-based methods, while maintaining significantly lower deployment complexity
and computational overhead. These results indicate that the proposed method is particularly well
suited to rapid-deployment scenarios, environments where site surveys are impractical, and applica-

tions that require transparent and easily interpretable positioning models.
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In this context, the present study focuses on quantifying the impact of various building elements and
materials on Wi-Fi signal propagation. By integrating a WAF into the Wi-Fi localisation process, the
proposed approach enhances positioning accuracy and robustness while retaining the advantages of

a simple and interpretable model-based framework.

2.STUDY AREA AND DATA COLLECTION

2.1 Study Area

The study was conducted at the Faculty of Geomatics, Sabaragamuwa University of Sri Lanka, which
consists of various building elements constructed from materials such as concrete, drywall, glass,
wood, etc. This variety provides an ideal setting to analyze the impact of different materials on Wi-Fi

signal propagation.

Figure 1. The study area is composed of different building elements and materials.

This experiment was intentionally conducted in a controlled indoor environment to isolate the effect
of building materials on Wi-Fi signal attenuation. Variables such as building layout, access point con-
figuration, and receiver geometry were kept fixed to ensure that observed variations in signal strength

could be primarily attributed to material-specific attenuation rather than environmental randomness.
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2.2 Data Collection

Received Signal Strength Indication (RSSI) in Wi-Fi signal was measured at known distances in both
open and obstructed indoor environments. Three Access Points (APs) were used, and signal strength
was recorded at nine receiver points. Measurements were taken for each wall material, both inside

and outside, to determine the Wall Attenuation Factor (WAF).

To address short-term signal variability and ensure repeatability, RSSI measurements at each obser-
vation point were recorded with different router angles continuously over a 20-second interval and
averaged. This procedure was repeated independently three times at each location and for each wall
material, with the router and receiver repositioned to the same surveyed coordinates. The reported

RSSI values and derived WAFs therefore represent the mean of multiple independent trials.

3.METHODOLOGY

During data collection, measurements were taken during low-occupancy periods to minimize the
influence of human movement and dynamic multipath effects. While this improves internal consis-
tency, it also implies that the reported accuracy represents best-case performance under steady-state

conditions.

The flow chart below illustrates the Methodology used in this study.

Wi-F1 RSSI Measurement

'

Data Pre processing

v

Path-Loss Modelling

!

WAF Computation

'

Error Analysis

'

Validation with Total Station

‘

Results & Discussions

Figure 2. Workflow of the research process showing data acquisition, WAF computation, and posi-

tioning accuracy evaluation.
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The methodology involved several key steps as follows:
Establishing Observation Points and Access Points (APs) Using a Total Station

Three indoor locations within the faculty were selected, each comprising three Wi-Fi access points
and three observation points situated around various wall materials. A closed traverse was conducted
from a known reference point to determine precise coordinates. All access points and observation

points were accurately positioned using a Total Station to ensure high spatial precision.
Measuring Wi-Fi Signal Strength

Wi-Fi signal strength was measured using the AirPort Utility App in an obstacle-free environment
to evaluate the basic signal attenuation characteristics. Signal readings were recorded at six known
distances as 1 m, 2 m, 3 m, 4 m, 5 m, and 6 m from each router. These measurements were used to
calculate the path loss exponent. Additionally, the orientation of the router antenna was varied to

assess its impact on signal strength.
The path loss equation

The distance between observation points and each Wi-Fi access point (AP) was calculated using the

path-loss equation (Dao et al., 2014): accuracy assessment of D model
P(d)[dB]1= P(d)[dB]1— 10nlogi (%) — n,WAF (p) (D

Where: P(d) is the esteemed signal strength at distance d, P(d ) is the reference path-loss at distance
d, and n is the path losss exponent that depends on the indoor parameters, type of building, room

size and other factors. n_ is the number of walls WAF is the wall attenuation factor.

To calculate the WAF for different wall materials, the router was positioned 4 meters away from the
observation point with a wall in between, minimizing the influence of free-space signal fluctuations

(Figure 3). The signal strength was recorded on both sides of the wall:

AVGLI: Average signal strength inside the wall (before penetration),

AVG2: Average signal strength outside the wall (after penetration).

Then WAF is calculated as:

WAF =| AVG2 - AVG1 | (dB) )

In which RSSI is measured in decibel-milliwatts (dBm). In this analysis, the values of WAF are ex-
pressed in the form of positive attenuation losses (dB). In this case, the values of WAF represent the
contribution of each material to the reduction of the signal power. For example, a decrease of -40
dBm to -50 dBm is equivalent to a +10 dB WAE There can be easy comparison of materials under

this convention, whereby the higher the WAF values, the higher the attenuation. The attenuation of
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concrete was the greatest, and that of wood and hardboard the least.
Determining and Comparing Locations

The trilateration method was applied to estimate positioning coordinates based on the measured dis-
tances from the receiver point to three access points (Farid et al., 2013; Elashry et al., 2019). The po-
sitioning accuracy was assessed by comparing these calculated coordinates with reference coordinates
obtained using a Total Station. For data processing and accuracy evaluation, Wi-Fi-based location
estimates were analyzed with the WAF model. Accuracy was evaluated by comparing the calculat-
ed distances and coordinates while incorporating the WAF values of individual wall materials. The
impact of each wall's WAF on signal attenuation was analyzed to determine the most suitable WAF

values for accurately modelling distance calculations in environments with mixed wall materials.

O 0
O|w O
A ¥
D L O .\_L Wi-Fi router location
L . .
Interior observation
D o Opoinm
O OE:-:terinr observation
O 4m points
S— .

Figure 3. The setup of measuring WAF of wall materials.

4. RESULTS AND DISCUSSION

This section presents the results of Wi-Fi signal propagation analysis with a focus on positioning
accuracy. It includes WAF measurements and evaluates the impact of various building materials on
the accuracy of indoor positioning. The findings demonstrate the relationship between Wi-Fi signal
strength at different distances and the signal attenuation caused by different wall materials, emphasiz-
ing how construction elements influence the overall performance of Wi-Fi-based positioning systems.

Figure 4 shows the signal strength and distance relationship in an obstacle-free environment.
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Figure 4. Represents the relationship between Wi-Fi signal strength and range from the Wi-Fi rout-

er. The estimated path loss exponent(n)= 2.51.

4.1 Accuracy analysis for distance calculation using Wi-Fi RSSI with and
without applying WAF

Table 2 presents the statistical analysis of distance accuracy for Wi-Fi-based indoor positioning, both
with and without considering wall materials. When wall materials are not accounted for, the position-
ing accuracy ranges from 1 to 2.5 meters, based on a 95% confidence interval for the mean received
signal strength. In contrast, when WAFs are applied, the mean distance error decreased from 1.77
m to 0.37 m, with a corresponding reduction in standard deviation from 1.37 m to 0.31 m. The
non-overlapping 95% confidence intervals confirm that the observed improvement is statistically
significant across independent measurements. These results highlight the importance of considering

building materials in enhancing the precision of Wi-Fi-based indoor positioning systems.

Table 2. Statistical results of distance calculation without and with applying WAE

Without Applying WAF Applying WAF

Mean(m)

Std. Deviation(m)

95% Confi-

dence Interval

Lower Bound

for Mean(m) Upper Bound

Range(m)
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4.2 Positional accuracy analysis with and without considering WAF

Table 3 and Figure 5 illustrate the differences in calculated coordinates with and without the appli-
cation of WAFs. These comparisons clearly demonstrate the improvement in positioning accuracy
achieved when WAF is integrated into the distance estimation model, emphasizing the effectiveness

of incorporating material-specific attenuation in Wi-Fi-based indoor positioning systems.

Table 3. Displacements of coordinates with and without applying WAE

Without applying WAF Applying WAF

Observation

e dx (m) dy (m) dx (m)

1 1.081 6.317 0.119 0.320
2 1.036 0.624 0.167 0.321
3 10.429 3.449 0.481 0.312
4 6.677 4.223 0.036 0.141
5 1.925 1.808 0.530 0.214
6 0.229 2.427 0.364 0.368
7 4.836 1.484 0.448 0.307
8 1.693 0.932 0.246 0.380
9 0.641 2.268 1.108 0.264
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Figure 5. Position variation with and without applying WAE

Table 4 shows the statistics of the above differences. It shows the clear enhancement of positional

accuracy when applying the specific WAE

Table 4. Statistical information for position calculations with and without WAE

Without applying WAF Applying WAF

X Coordinate Y Coordinate X Coordinate Y Coordinate

Mean(m)

Std. Deviation(m)

95% Con- Lower

fidence In- Bound

terval for Upper
Mean(m) Bound

Range(m)
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4.3 Distance accuracy analysis in a mixed environment

An actual indoor environment consists of various structural elements made from multiple construc-
tion materials. Therefore, it is important to evaluate the positioning accuracy with respect to different
building materials prior to deploying a Wi-Fi-based indoor positioning system. In this study, three
locations (A, B, and C) featuring diverse building elements: glass, white-faced hardboard, concrete,
and wood, were selected within the study area. The corresponding Wall Attenuation Factor (WAF)
values for these materials were calculated and are presented in Table 5. Three receivers were posi-
tioned behind different building elements relative to the Wi-Fi access points to compare the resulting

distance estimations, as illustrated in Figure 6.

Figure 6. The experimental layout illustrates the faculty floor plan, the placement of different mate-

rials at relevant locations, and the positions of access points and receiver points at each location.
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Table 5. Calculated WAF values of materials.

Materials

White Faced Hardboard
Concrete wall
Glass

Wooden Door

Initially, the distances were calculated by applying the actual Wall Attenuation Factors (WAF) cor-
responding to the specific materials encountered along the signal path. For example, at Location A,
the WAF for signals from AP1 to R1, R2, and R3 was based on white-faced hardboard, while the
WAF for AP2 and AP3 to the same receivers was based on concrete, as illustrated in Figure 6. This
approach resulted in a total of nine distance estimations (3 access points x 3 receivers), each utilizing
the appropriate WAF for the material in question. The differences between these estimated distances
and the actual measured distances were calculated, and the statistical analysis is presented in Table 6.
The results demonstrate that the method is capable of achieving sub-meter level accuracy in distance
estimation, highlighting the importance of incorporating material-specific WAF values in indoor po-

sitioning models.

Table 6. Statistical analysis of the displacement in distance between the Access Point and Receiver

after applying the WAF of the material present between them.

Location A Location B Location C

Mean(m)

Std. Deviation(m)

95% Confidence 1 gwer Bound

Interval for

() Upper Bound

Range(m)

Subsequently, distances were calculated using a variety of WAF values for each material, regardless
of the actual material present along the signal path. This mixing of WAF values simulates arbitrary
conditions and demonstrates how distance accuracy varies when incorrect or generalized attenuation
factors are used, as illustrated in Figure 6. The estimated distances were then compared with the actu-
al measured distances, and the degree of matching was expressed as a percentage, presented in Table

7. The results reveal that the highest matching percentages occur when the actual WAF values of the
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materials are used in the calculations. This confirms that accurate positioning in Wi-Fi-based indoor

systems strongly depends on applying the correct material-specific WAF values.

Table 7. The matching percentage between estimated and actual distance values after applying dif-
ferent WAF values. Negative values indicate that the calculated distances are greater than the actual

distances.

From AP1 to (%) From AP2 to (%) From AP3 to (%)

R1 R2 R3 R1 R2 R3 R1 R2 R3

Glass 97.3 18.5 -17.3 |-25.6 [49.6 44.7 73.9 75.8 43.3
White
Faced 41 72.5 86.8 90.2 60.1 61.1 50.4 49.6 62.6
Hardboard

Concrete
Wall

66.7 |82.1 |58.8 [534 |97.7 993 [81.9 |80.7 |98.2

Wooden

Door

824 544 |257 189 |793 | 774 |98.8 |99.7 (743

Without
applying [EBS 11.7 [-254 222 [43.9 |41.5 69.1 71.1 37.5
WAF

Glass 923 193 87.2 1663 [60.5 [48.83 |31.7 |52.2 9.2

White
Faced 36.9 42.8 45.1 53.4 55.7 60.4 67.2 59.1 76.2
Hardboard

Concrete
Wall

61.1 |70.8 [74.7 885 923 [999 |88.6 |97.8 |[73.7

Wooden

Door

74 859 1905 [92.7 |88.1 78.7 649 [8l4 |46.9

Without
applying ESNEEEY 82.9 61.3 553 [43.2 254 [46.6 |[2.1
‘WAF
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Glass -62.1 [-27.8 |-55 744 |-166 |704 [-143 |159 |-80.3
White
Faced 95.3 91 82.1 29.7 86.5 51.8 85.6 73.6 87.9
Hardboard

Concrete

69.5 865 |97.6 |37 922 645 (933 [91.7 |60.4

Wall
Wooden
Door
Without
YN0l -12.2 | 155 [33.6 |77.1 |-247 [655 |-223 |9 -90.8
WAF

-10.3 173 [35.1 |59.7 262 [96 28.1 |523 [-24.9

4.4 Repeatability and Robustness of the WAF Model

To evaluate repeatability, WAF-derived distance and position estimates were analyzed across multiple
observation points and material configurations. Consistent reductions in both mean error and vari-
ance were observed for all tested materials when WAF was applied, indicating that the improvement
is not limited to a single access point-receiver geometry. Although the experiments were conducted
within a single building, the consistent performance across different materials and spatial configura-

tions suggests that the proposed WAF-based correction is robust under controlled indoor conditions.

4.5 Suitable angle of the antenna

The orientation of the Wi-Fi router can significantly influence the received Wi-Fi signal strength.
To identify the most suitable angle that maintains a clear line-of-sight connection to the receiver, an
experiment was conducted to observe signal strength variations at different router orientations. The
instrumental setup used for this test is shown in Figure 7, while Figure 8 illustrates the variation in
signal strength with respect to both distance and router orientation angle. These observations help in
determining the optimal router alignment for improved signal reception and positioning accuracy. 0:
the angle measured from perpendicular to the router and the angle increased towards the receiver di-
rection. d: Distance from receiver to Wi-Fi router. The figure represents router antenna angle change

towards the signal receiver device.
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L Q
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d
Figure 7. Instrumental setup for finding Signal Strength variation with distances and receiver angle.

To determine the influence of antenna orientation on the signal strength, the transmitting antenna of
the router was turned about the vertical axis in set angular steps. The point at which the antenna was

facing the receiver perpendicularly (in the direction of the receiver) was set as the reference direction.

The antenna was tilted in 10-degree increments forward and backwards, with the horizontal orien-
tation held constant using a digital protractor (or manually marked angle scale on a rotating stand).
Receivable Signal Strength Indicator (RSSI) was measured at the following distances: 1 m, 2 m, 3 m,

4 m, 5m, and 6 m at every orientation.

This was done in order to make sure that any variation in signal level was only attributed to the ra-
diation pattern and polarization of the antenna and not to the distance or environmental differences.
The received RSSI data was then plotted against the angle and distance to determine the most appro-
priate antenna orientation that was optimal for receiving the maximum signal. The findings (Figure
8) showed that the signal strength was highest at around 60 degrees, which means that at this angle,

there was the most preferable propagation path in indoor settings.

Figure 8. Signal strength changes with the various distances and angles.
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According to Figure 8, a clear deviation in signal strength is observed at an angle of 60 degrees. At
this orientation, the signal strength remains more stable across varying distances compared to other
angles. Therefore, it can be concluded that the optimal angle for the router antenna, in relation to
the signal strength measuring device, is 60 degrees from the vertical axis. This orientation provides
more consistent signal reception, which is beneficial for accurate distance estimation in Wi-Fi-based

positioning systems.

5. LIMITATIONS AND FUTURE WORK

Although this study has been able to show the influence of building materials on the propagation
of Wi-Fi signals and positioning accuracy, it has a number of constraints. To begin with, the experi-
ments were performed in one building design and on one floor in an indoor environment. As a result,
quantitative evaluation of factors like multi-floor signal propagation and vertical attenuation was not
done. Second, the analysis has been conducted with a single type of Wi-Fi router on a fixed transmis-
sion power and antenna properties. Various router types, antenna gain, or frequencies (e.g., 5 GHz
and 6 GHz bands) might affect the attenuation characteristics and positioning characteristics. Third,
the experiments were carried out under a controlled environment, where there was no substantial
human movement. In practice, human presence, body blockages and dynamic obstacles may intro-
duce the short-term variations of the signal and multipath effects that were not explicitly modelled in
this work. This analysis should be further generalized and confirmed by extending it to multi-floor
contexts, mixed router setups, and dynamic conditions with human interactions to achieve further

generalization of the suggested WAF-enhanced positioning model.

Direct experimental benchmarking against fingerprinting or deep learning—based IPS methods was
not conducted in this study, as such techniques require extensive labeled datasets and site-specif-
ic training, which was beyond the scope of this controlled experimental investigation. However, a
quantitative comparison with representative results reported in the literature has been included to

contextualize the proposed method within the broader IPS research landscape.

6. CONCLUSIONS

This study examined how different building materials affect Wi-Fi signal propagation and indoor po-
sitioning accuracy using an LTE wireless router (ZLT S10) and the Airport Utility application. Exper-
iments were conducted in nine locations across three scenarios involving concrete walls, white-faced
hardboard, glass, and wooden doors. Signals were measured at 2.5 GHz to reduce reflection errors

and improve penetration through barriers.

The Wall Attenuation Factor (WAF) was calculated for each material and position. Without applying
WAE distance accuracy ranged from 1 to 2.5 m. After applying WAE accuracy improved significantly
to 20-50 cm. Coordinate accuracy also improved from X =0.5-6 m, Y = 1-4 m to X = 10-65 cm, Y =
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20-30 cm after applying WAE

The results clearly show that building materials significantly affect Wi-Fi performance, with concrete
walls causing the most attenuation. In contrast, white-faced hardboard and wooden doors had min-
imal impact. This study demonstrates that incorporating material-specific WAFs can significantly

improve Wi-Fi-based distance and position estimation in controlled indoor environments.

Additional experiments were conducted to evaluate the significance of incorporating actual WAF
values and ensuring proper router orientation for achieving precise indoor positioning. The results,
expressed as matching percentages, clearly indicate that selecting the correct WAF for each building
material is crucial for accurate distance estimation. Furthermore, a router orientation of 60 degrees
was found to provide optimal and consistent signal strength, reinforcing its importance in enhancing
the reliability and performance of Wi-Fi-based indoor positioning systems. However, some errors
were caused by signal reflection and interference from nearby people during data recording. The best
signal propagation angle was 60 degrees, and optimal accuracy was achieved when the receiver was

within 4 meters of the router.

While learning-based IPS techniques may achieve comparable accuracy, they incur significantly high-
er deployment and maintenance costs. The proposed WAF-based trilateration approach offers a prac-
tical trade-off between accuracy, complexity, and deployability, making it well suited for real-world
indoor environments where rapid setup and interpretability are required. Finally, this study provides
quantitative evidence of the impact of building materials on Wi-Fi signal propagation and positioning
accuracy. Future work could explore more materials, higher frequencies, and environmental condi-

tions such as humidity and air density.
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ABSTRACT

The ability to accurately determine land cover change and the direction of change provides the scientific basis
for policy implementation and predictable urban planning, and is one of the most reliable sources of data.
The utilisation of cloud-based platforms, such as Google Earth Engine (GEE), facilitates the acquisition of all
satellite data monitoring our planet, thereby offering substantial advantages. This facilitates specific or global
analyses of each region, enabling such studies to be conducted with minimal effort. This study examines the
district of Kandira in Kocaeli province, which has undergone significant land use transformation in recent ye-
ars due to increasing pressure from transport, urbanisation, industrialisation for food production and tourism.
The amount and spatial character of the transformation in question were analyzed between 2017 and 2024. In
this regard, the Random Forest classifier executed on Sentinel-2 satellite images on the Google Earth Engine
platform was cross-validated with the Landsat-based LandTrendr time series algorithm. The analysis revealed
that 2,503 hectares of agricultural land in the study area had been converted to artificial land. When compa-
ring the results of two different algorithms, the spatial overlap between the methods was calculated as 0.1041
using the Jaccard Similarity Index; the parcel-based details of the classification method and the complementary
role of LandTrendr in capturing vegetation damage were revealed. When examining the spatial characteristi-
cs of the change, it was determined that new developments were concentrated at an average distance of 727
meters from the Rural Housing Areas designated in the 1/25,000 scale Master Development Plan. This finding
proves that the transformation in Kandira is not a random scattering (leap-frog/outlying), but rather follows a
spread model defined in the literature as Edge Expansion, which extends beyond the boundaries of planned
rural settlements, and that the pressure of unplanned construction is concentrated on agricultural lands.

Keywords: Land Use/Land Cover Change, LandTrendr, Google Earth Engine, Edge-Expansion, Plan Incom-
patibility.
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1. INTRODUCTION

A significant challenge confronting Ttrkiye in the 21st century pertains to the interplay between
demographic mobility and spatial planning, a dynamic that has contributed to the proliferation of
unsustainable urbanisation practices. The process defined as the ruralization of cities rather than the
urbanization of villagers in the sociological perspective manifests itself in the spatial dimension as
infrastructure deficiencies, lack of disaster resilience, and crises in resource management (Kongar,
2002). Especially in metropolitan areas such as Kocaeli, where industry and agriculture are inter-
twined, this phenomenon manifests itself in the form of distorted urbanization and urban sprawl,
with the pressure of unplanned expansion irreversibly intensifying on productive agricultural land.
Since traditional mapping methods are insufficient for monitoring the scale of this rapid transforma-
tion and the damage to agricultural land, Remote Sensing (RS) technologies and Geographic Infor-
mation Systems (GIS) have become indispensable tools for accurately detecting large-scale changes
in land cover and land use. Indeed, the literature emphasizes that changes in land cover trigger envi-
ronmental risks associated with rapid urbanization and deforestation (Drummond & Loveland, 2010;

Agaton et al., 2016), leading to ecological degradation such as loss of biodiversity (Butt et al., 2015).

Nowadays, satellite imagery, and especially multispectral images that capture data across various
electromagnetic spectrum bands, have made it possible to map land cover in great detail on a large
scale (Tirmanoglu et al., 2023; Rogan & Chen, 2004). Satellite imagery reveals surface characteristics
that are crucial for numerous studies, including agricultural monitoring, urban planning, and envi-
ronmental research (Li et al., 2020; Gu et al., 2021). On the other hand, understanding not only the
extent of land change but also its formation process (trend) is vital for sustainable planning. Time
series algorithms based on the Landsat remote sensing system have been developed to determine
whether the pressure on agricultural and forest areas is a sudden break or a gradual deterioration
over time. Among these algorithms, Landsat-based Detection of Trends in Disturbance and Recovery
(LandTrendr) can model vegetation loss and recovery processes with high accuracy through its annu-

al pixel-based analysis capability (Kennedy et al., 2010).

Traditional remote sensing methods are generally based on comparing images from two different
dates and may be insufficient in fully reflecting the historical process and dynamics of change. To
overcome this limitation and process large volumes of satellite data more quickly, the cloud-based
computing platform Google Earth Engine (GEE) has become a revolutionary tool for researchers in
recent years (Gorelick et al., 2017). GEE allows for high-accuracy land cover classification and change
detection across large areas thanks to the integration of machine learning algorithms (such as Random
Forest) (Ghorbanian et al., 2020).

The literature contains a large number of studies that look at changes in land cover. Griffiths et al.

(2013), used the LandTrendr algorithm with high accuracy to determine the transition of all land
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cover changes, as well as the change in agricultural land across Europe, in addition to the issue of
abandoned deforestation. Huang et al. (2017), used the entire Landsat archive on the GEE platform
to map land cover dynamics in a complex metropolitan area such as Beijing, demonstrating the high
success and speed of cloud-based algorithms in tracking urban sprawl. Kennedy et al. (2018), used
GEE modules developed for the implementation of the LandTrendr algorithm in a cloud-based ar-
chitecture and for fast execution on large datasets. Nguyen (2020), analyzed land cover change in
Vietnam's northwestern region between 2003 and 2010 using Landsat imagery on the GEE platform.
In his study, he used the Classification and Regression Tree (CART) classification method to deter-
mine land cover classes and provided useful information about land cover change in Dien Bien prov-
ince and the mechanisms of this change. Chen et al. (2021), examined land use changes in China's
Bohai Rim coastal region using long-term time series analyses on the GEE platform. Their analyses
highlighted that the greatest loss occurred in agricultural areas. They found that the land cover lost
from agricultural areas was mostly converted into residential areas, cities, and port structures. Pande
(2022), analyzed land use/cover changes in India's Rahuri watershed area using GEE. Using Landsat
and Sentinel satellite imagery, he analyzed land use/land cover values for the years 2010, 2015, and
2020 on the GEE platform using the Random Forest classification method. As a result of his analyses,
he determined the amount of change for each land cover/land use class. Teja et al. (2024), studied
changes in land cover/use in India's Telangana state between 2002 and 2015 using Landsat-7 and
Sentinel-2 imagery via the GEE cloud platform. Okoduwa and Amaechi (2024), used the GIS and
GEE platform to analyze land cover changes in Nigeria's Abuja region. Using Landsat-8 remote sens-
ing images, they classified land classes with 92% overall accuracy using a Random Forest classifica-

tion algorithm, identifying land cover/use changes between 2014 and 2023.

This study aims to examine the loss of forest and agricultural land in the Kandira district of Kocaeli
province using a multidimensional approach. The study primarily aims to analyze remote sensing
images and the LandTrendr algorithm to determine the temporal change in forest and agricultural
areas within the Kandira district. Afterwards, based on the principle that the spatial distribution of
land change is not random, but rather that nearby objects are more related, as stated in Tobler's First
Law of Geography, the spatial dependency of change on distance from existing settlement centers was
analyzed. In this context, whether urban growth exhibits the characteristic of Edge Expansion has
been tested using the approaches proposed by Li and Yeh (2004). In order to systematically charac-
terize this spatial dependency, the urban growth typology proposed by Li and Yeh (2004) provides
a foundational framework. Li and Yeh (2004) proposed a conceptual framework for understanding
urban expansion, distinguishing between three distinct spatial patterns: infilling, edge-expansion,
and leapfrog development. These patterns were based on the topological relationship between newly
developed patches and existing urban boundaries. The integration of this conceptual approach is of
crucial importance to the present study, since it formally determines whether the loss of agricultural

land in Kandira is driven by contiguous outward growth from existing villages (edge-expansion) or
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by fragmented, disconnected sprawl (leapfrog). The study aims to reveal the spatial and temporal
dynamics of rural-urban transformation in the case of Kandira by using Sentinel-2 and Landsat data

with a hybrid methodology.

2. MATERIALS AND METHODS

The materials and methods used in the study are described in this section. The workflow methodol-

ogy created for the implementation of all these methods is shown in Figure 1.

Figure 1. Workflow methodology for the study.
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2.1 Study Area

Kandira, the district with the largest agricultural area in Kocaeli Province, was selected as the study
area for this study (Figure 2). Kandira is located in the northeast of Kocaeli and is the largest district
in the province with an area of 933 km2. The district, located on the Black Sea coast, stands out for
its fertile agricultural lands and natural beauty. The district's geographical coordinates range between
41°04' N and 30° 09' E. The elevation of the district center above sea level is 75 meters. The district's
climate is impacted by the climate of the Western Black Sea and Marmara regions. While it does not
have a stable climate, it exhibits transitional climate characteristics. Rainfall in summer is generally
irregular. Winters are generally not very cold, with rainfall mostly in the form of rain and little snow-
fall. Forests stretching along the coastline cover a significant area of the district (Kandira District
Governor's Office, 2025).

Figure 2. Study area.

2.2 Datasets

In this study, remote sensing data and spatial planning data were integrated to monitor land use dy-
namics in the Kandira district and analyze trends in unplanned construction. European Space Agency
(ESA) Sentinel-2 MSI satellite multispectral image bands ('B2', 'B3', 'B4', 'B8', 'B11', 'B12' and three
widely used spectral indices were calculated and added to the model as independent variables: NDVI,
NDWI, NDBI, spatial texture metrics were not included ) were used to monitor changes in the study

area during the 2017-2024 period. These data, with a spatial resolution of 10 meters, were processed
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on the GEE platform and formed the basis for Random Forest classification. Images were filtered for
the summer season and cloud masking was applied using the QA60 band. Landsat 8 satellite imag-
es were used to verify land change trends from a long-term perspective. These data were evaluated
using the LandTrendr algorithm to model the historical process of vegetation loss. To determine the
agricultural nature of areas undergoing transformation, Land Capability Classes (LCC) maps were
obtained from the Ministry of Agriculture and Forestry database. This dataset has been used to de-
termine whether areas removed from agriculture are absolute agricultural land. The 1/25,000 scale
Master Development Plan data, approved by the Kocaeli Metropolitan Municipality, was also used
to define the legal and planned settlements in the working area. The boundaries designated as Rural
Residential Areas under the plan have been accepted as Reference Centers (Hubs) in spatial analyses.
Any development identified outside these boundaries has been assessed as potential Degradation/

Unplanned Development.

2.3 Methods

A multi-stage methodology was followed to identify changes in land cover/use in the study area and
to analyze the spatial dynamics driving these changes. The first stage involved GEE-based image
processing and time series analysis, followed by change detection and validation, spatial statistical
analyses, and finally land suitability/proximity analyses. The processing of large-scale Sentinel-2 and
Landsat satellite image collections, the creation of annual image composites, and the execution of the
LandTrendr algorithm were carried out using the cloud-based Google Earth Engine (GEE) platform
and ArcGIS Pro software, respectively. To ensure a rigorous accuracy assessment, reference valida-
tion samples were collected completely independent of the training dataset, preventing any potential
data leakage. Ground truth reference data for both training and validation areas were derived from
high-resolution orthophotos for the year 2017, and from high-resolution Google Earth imagery for
the year 2024. This multi-source verification confirms the high reliability of the classification results.
The final adjustments to the change maps, spatial statistical calculations, and map designs were per-
formed using QGIS v3.40 desktop software. All spatial data and analysis outputs have been stan-
dardized in the WGS84 / UTM Zone 35N (EPSG: 32635) coordinate system for areal and positional

accuracy, in accordance with the geographical location of Kocaeli province.

A Distance to Nearest Hub analysis was applied to determine the spatial pattern of land conversion.
In this context, the Euclidean distance between each pixel converted from agriculture to artificial land
between 2017 and 2024 and the centroid of the nearest village or neighborhood settlement area was
calculated. The frequency distribution (histogram) and measures of central tendency (mean and me-
dian) of the obtained distance values were used to determine whether the growth type was Leapfrog

or Edge-Expansion.

The Jaccard Similarity Index (Intersection over Union - IoU) was used to determine the spatial overlap
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level between the results of the Sentinel-2-based classification (Random Forest) and the Landsat-based
time series (LandTrendr) analyses applied in the study. In computer vision and image processing lit-
erature, loU is preferred as a standard metric for measuring object detection and segmentation per-
formance, particularly because it does not include unchanged background areas (True Negatives) in
the success criterion (Szeliski, 2022).

Area of Intersection
Area of Union

IoU = (1

In this regard, the index calculated by dividing the intersection area of the change maps produced by
two different algorithms using Equation (1) by the union area was used to reveal the extent to which

the methods validate or complement each other.

2.3.1. Remote Sensing and Time Series Analysis

The analysis process was initiated by processing Sentinel-2 satellite images on the GEE cloud plat-
form. Cloud masking and atmospheric correction processes were applied to the image collection
covering the 7-year period between 2017 and 2024, and median composite images best representing

the study area for each year were produced.

The processing of Sentinel-2 satellite imagery is a rigorous workflow designed to transform raw
Top-Of-Atmosphere (TOA) data into scientifically viable Surface Reflectance (SR) products, which
is a fundamental step for ensuring that temporal analyses are based on actual land surface changes
rather than atmospheric artifacts. The primary objective of atmospheric correction is to eliminate
the scattering and absorption effects caused by atmospheric gases and aerosols, typically achieved
through the Sen2Cor processor. This process utilizes the libRadtran radiative transfer model to create
Look-Up Tables (LUTs) that account for varying conditions of water vapor, ozone, and aerosol opti-
cal depth. By applying these corrections, the imagery is converted from Level-1C (TOA) to Level-2A
(Bottom-of-Atmosphere) reflectance, ensuring the data represents the true physical properties of the
Earth's surface, while also utilizing the 1.375pm band to compensate for thin cirrus clouds that often
elude standard detection methods. Accurate cloud and shadow detection serves as a critical prerequi-
site for any automated remote sensing pipeline, primarily managed through the Scene Classification
Algorithm (SCA). This algorithm categorizes pixels based on multi-spectral thresholds, particularly
focusing on high reflectance in the blue and short-wave infrared (SWIR) regions, while simultaneous-
ly projecting cloud shadows geometrically based on solar azimuth and elevation angles to generate
high-quality Quality Indicators. While the standard SCL provides robust baseline classifications, re-
searchers frequently augment this process with advanced machine learning approaches, such as the
s2cloudless algorithm, which utilizes gradient-boosted trees to achieve superior precision in complex

or heterogeneous landscapes.

To improve classification accuracy and eliminate erroneous change signals caused by phenological
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changes, the LandTrendr algorithm, which performs pixel-based spectral trend analysis, was adapted
and applied to the dataset created from Landsat satellite images. This algorithm examined the thir-
teen-year spectral trajectories of pixels, considering only areas showing statistically significant distur-

bance as real changes.

LandTrendr (Kennedy et al., 2010) is a remote sensing-based spectral-temporal segmentation algo-
rithm designed to detect both abrupt and gradual land cover changes by analyzing Landsat satellite
image time series through piecewise linear models. The operational mechanism begins with the gen-
eration of annual spectral index composites, such as NBR or NDVI, followed by a despiking process to
filter noise and the identification of key vertices that represent significant breakpoints in the spectral
trajectory. Mathematically, the algorithm fits an optimal piecewise continuous linear regression to the

time series, defined as
yz:ﬁw‘"ﬁut'i'et )

for each segment j, while maintaining a continuity constraint at each intersection point (tv) such
that Bo;+ Bit, = Boje1+ Biit,. By utilizing Ordinary Least Squares (OLS) to minimize the Sum of
Squared Errors (SSE), LandTrendr iteratively simplifies complex models by removing weak vertices
and evaluating statistical significance via an F-statistic. This reduction process adheres to the princi-
ple of Occam’s Razor, ultimately selecting the simplest model that meets user-defined p-value thresh-

olds to accurately represent the temporal evolution of the landscape.
Table 1. The key control parameters used for the Landtrendr algorithm.

Parameter

Maximum Number of Segments
Vertex Count Overshoot Threshold
Spike Threshold

Recovery Threshold
P-Value Threshold
Best Model Proportion

Minimum Number of Obsevation

In order to guarantee complete transparency and the possibility of reproduction of the time-series
analysis, the specific control parameters configured for the LandTrendr algorithm are detailed in Ta-
ble 1. Furthermore, the temporal segmentation process is illustrated by Figure 7, which provides a
schematic representation of a pixel's spectral trajectory. This demonstration shows how the algorithm
filters out inter-annual noise (cloud masking and phenology differences) in order to identify perma-

nent structural disturbances (breakpoints).
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2.3.2. Change Detection

The study identified land cover transitions between 2017 and 2024 by applying the Raster Differenc-
ing method to time series data created from remote sensing images. Using the transition matrix creat-
ed at this stage, the conversion from agricultural to urban areas, the loss of forest areas, and changes
in water surfaces were calculated spatially and proportionally. In the Post-Classification Comparison
phase, the Pixel-Based Coding method was applied to determine the direction and character of tran-

sitions between classes.

In this method, a new Change Raster was generated using the following formula, where the T2017
class values for the starting year are represented in the tens place and the T2024 class values for the

ending year are represented in the ones place.
Dpizel = (S2017 * 10) + Sho (3)

Here, S, - defines the land cover class value for 2017 (Class code: 3 (Agricultural Areas)), while

S 004 defines the land cover class value for 2024 (Class code: 1 (Artificial Areas)). The matrix values
obtained as a result of this process indicate that a pixel with code 31’, which was Agriculture (3) in
2017, has been converted to Artificial Area (1) in 2024. Since the focus of the study is agricultural

land loss, the analyses were specifically conducted on pixels with code 31’.

2.3.3. Spatial Characteristics and Edge Expansion Analysis

In classifying expansion types, the conceptual framework of the Landscape Expansion Index (LEI)
developed by Liu et al. (2010), which is accepted as the fundamental reference in the literature, has
been applied. A Distance to Nearest Hub analysis was performed using the QGIS program to deter-

mine the spatial distribution pattern and type of expansion of the identified urban transformation and

: i @ old patch
@ ;m:w'l}' grown patch
buffer zone

(a) Infilling (b) Edge-expansion (c) Outlying

land losses.

Figure 3. Types of land cover growth (Liu et al., 2010).

In this analysis, unlike traditional methods, the aim is to measure plan-discrepancy. Within this scope,
the geometric centers (centroids) of polygons designated as Rural Residential Areas in the 1:25000

scale Master Development Plan data have been accepted as reference points (hubs). If the new de-
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velopment area shares more than 50% of its boundary with the existing urban fabric, it is defined as
infill development. If it shares between 0% and 50%, it is defined as edge expansion. If there is no

shared boundary and the development is isolated, it is defined as leapfrog or outlying development.

In this study, the topological relationships in question were interpreted using a distance-based ap-
proach, and statistics (mean and median distance) were obtained by calculating the Euclidean dis-
tances of each pixel converted from agricultural to artificial land to these reference points. These
statistics were used to determine whether the dominant growth characteristic in the region indicated
a theoretically defined Jumping structure or Edge Expansion adjacent to existing plan boundaries
(Figure 3). The threshold values used in the study were set as follows: infilling if the LEI index value
is between 50 < LEI < 100, Edge-Expansion if 0 < LEI < 50, and Outlying (or leapfrog) if the LEI

value is equal to 0.

2.3.4. Land Capability and Quality Analysis

Overlay analyses were performed to examine the physical nature of the change and the extent of
agricultural loss. The productivity status of areas converted from agricultural use was determined by
analyzing a change raster. This was done by overlaying it with digital data showing the Land Capabil-
ity Classes belonging to the Ministry of Agriculture and Forestry. The pixels where loss or conversion
occurred were then identified. As a result of this process, the proportion and area of land converted

to Absolute Agricultural Land (Class I and II) and Marginal Agricultural Land have been calculated.

3. RESULTS

This section presents the results of hybrid analysis obtained using Sentinel-2 and Landsat satellite
images under the headings of spatial change amount, comparison of methods, spatial characteristics

of change, and relationship with land capability classes.

3.1. Basic Change Statistics and Method Comparison

The Random Forest classification method on the GEE platform with 100 decision trees was used to
classify Sentinel-2 images from 2017 and 2024. The classification process was analyzed for accuracy,
and the overall accuracy was determined to be 99.01%, 95.04%, and the kappa statistic was 0.98
and 0.89, respectively. The image difference detection method was used to identify changing classes
within the time period, and areas that changed over the years were detected based on pixel changes.

The difference image obtained as a result of the change detection process is shown in Figure 4.
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Figure 4. Changes in land cover/land use between 2017 and 2024.

Analyses covering the period 2017-2024 revealed that a total of 2,503 hectares (approximately
250,300 pixels) of agricultural land in the study area lost its character and was converted into artifi-
cial surfaces. This amount corresponds to approximately 2.6% of the agricultural land in the Kandira
district. When examining the soil quality of the 2,503 hectares of land converted to non-agricultural
use, it was observed that urban pressure was concentrated on low-yield agricultural land and medi-
um-quality land. Distribution of change according to Land Capability classes the Marginal Agricul-
tural Land class accounted for 50.7% of the total loss, making it the class that experienced the most
intense conversion. This situation shows that development is shifting to the least resistant areas,
taking into account the cost/efficiency balance. The Medium-Quality Land class accounts for 25.0%
of the total loss. The uncertainty surrounding their protection status has left these lands vulnerable to
development pressure. The share of Absolute Agricultural Land in the total conversion rate remained
at 9.7% (Class I: 2.9%, Class 11: 6.8%). This low rate indicates that the protective measures under Law
No. 5403 have had a partial effect on absolute agricultural lands.

93



YILDIRIM & AKYUREK

Class Area Distribution by Year (Hectares)
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Figure 5. Changes in class area by year (top) and net changes in class area within years (bottom).

Figure 5 shows the significant changes between land cover classes in the study area during the 2017-
2024 period. According to statistical calculations, the urban area, which was 2,065 hectares at the
beginning of 2017, reached 4,179 hectares by 2024, indicating a net increase of 2,114 hectares
(102.3%) in urban areas over a 7-year period. When examining the agricultural areas that form the
main character of the region, it is seen that the agricultural land, which was 55,357 hectares in 2017,
decreased to 53,897 hectares in 2024, resulting in a net loss of 1,459 hectares. Figure 4 also clearly
shows that urbanization pressure is particularly evident in certain areas, especially in relation to the
expansion of the Food Specialized Industrial Zone and the Kandira-Izmit transportation route. Simi-
larly, a decrease of approximately 970 hectares was observed in forest areas, with forest cover falling
from 26,577 hectares to 25,607 hectares. However, interpreting changes in land cover solely based
on net differences does not fully reflect the actual transformation parameters in the area. Analysis of
the transition matrix created as a result of the classification reveals that the pressure of urbanization
on agricultural areas is greater than the net change statistics indicate. The analysis results show that
the 2,503-hectare area classified as agricultural land in 2017 will be converted into artificial areas by

the end of 2024. According to these findings, the reason why the net agricultural loss reflected in the
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statistics (1,459 ha) appears lower is understood to be a result of it being offset by partial transitions
to agriculture from other classes (especially forest areas). Furthermore, the transition matrix created
as a result of classification and change analysis demonstrates that the permanent conversion resulted

in a gross loss of 2,503 hectares from agriculture to construction.

Figure 6. 2017 - 2024 Landtrendr analysis results for the study area.

The displayed values represent the spectral index difference (magnitude of change) and are unitless.
Negative values (green areas) indicate vegetation growth or recovery, while positive values (purple

areas) indicate a decrease in vegetation cover (disturbance or conversion to artificial surfaces).

The image obtained using the Landtrendr algorithm with Landsat 8 images from 2017 to 2024 is
shown in Figure 6. The areas shown in purple in the figure represent the areas that have undergone
change over time. Figure 7 shows the changes and graph related to the Food Organized Industrial
Zone and highway construction carried out within the Kandira district in more detail. Figure 7 shows
that a steady change in area has occurred over the years due to construction in the area shown in
the black frame. It can be seen that the land cover areas in this region have changed over time and

turned into urban areas. The descriptive outputs of LandTrendr are quantitatively supported by the
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Random Forest post-classification transition matrix (Table 2). According to the cross-tabulation re-
sults between 2017 and 2024, exactly 2,503 hectares of agricultural land were directly converted into

artificial surfaces, verifying the observed spectral disturbances.

Figure 7. The change in a region within the study area over the years (transition from forest cover

to urban).

Rather than establishing direct causality, a strong spatiotemporal correlation is observed. The break-
points detected heavily after 2021 spatially and temporally coincide with the accelerated construction
phases of major regional transportation infrastructures, such as the Izmit-Kandira highway project
and Kandira Food Organized Industrial Zone (Giines, 2022; KGM, 2022; Oktay, 2019).

When examining the annual change graphs (trajectory analysis) obtained with the LandTrendr al-
gorithm, it was observed that vegetation loss (disturbance) did not follow a linear trajectory. The
increase in breakpoints identified particularly in 2021 and beyond shows a temporal overlap with the
construction processes of transportation projects (road widening and connecting roads) in the region.
This finding reveals that land cover change is accelerated not only by housing demand but also by

the triggering effect of large-scale infrastructure investments. When comparing the performance of
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two different algorithms, Random Forest and LandTrendr, the spatial overlap level between Senti-
nel-2-based classification and Landsat-based time series analysis was calculated as a Jaccard Similarity

Index of 10.41%. This coefficient reveals the spatial complexity of the transformation.

Table 2. Transition matrix of Random Forest classification.

2017 Class (From) \ Artificial Water Barren Total

Forest Agriculture .
2024 Class (To) Surfaces Bodies Land 2017

Artificial Surfaces 1,261.93 ]18.80 547.58 119.76 1,953.46
Forest 38.26 23,290.97 |3,087.99 3.59 37.85 26,458.70
Agriculture 2,503.02 ]2,104.01 [50,505.73 [28.26 |576.89 55,717.90
Water Bodies 19.96 10.34 27.05 428.36 |[8.46 494.17
Barren Land 217.78 1.69 302.73 2.44 333.92 858.57
Total 2024 4,040.96 |25,425.80 [54,471.10 [468.05 |1,076.88 |85,482.80

3.2. Spatial Distribution and Edge-Expansion

Secondly, the study analyzed the spatial distribution of changes in land cover. This analysis used LEI
index values. When examining the spatial distribution pattern of areas transformed from agriculture
to urban areas, it has been determined that the change does not exhibit random sprawl. The distances
of conversion pixels to rural settlement centers (Hubs) were analyzed in the 1/25,000 scale Master
Development Plan. The average distance was found to be 727 meters, while the median distance
was 605 meters. The median value being lower than the average and the histogram clustering in the
0-1000 meter band statistically proves that new developments are not disconnected (leap-frog) from
existing planned settlement areas, but rather spread by attaching to the peripheries of existing villages

through the Edge-Expansion model.

The primary objective of the analysis is to determine whether the transformation occurred as leap-
frog development independent of existing settlement areas, or as edge expansion adjacent to the exist-
ing fabric. First, the centroid of each pixel in the areas converted from agricultural land was created.
Areas designated as rural residential areas in the 1/25000 scale Master Development Plan were also
assumed to be hubs, and their centers of weight were determined pointwise and assigned as hub ref-
erences. The Euclidean distance of each pixel converted from agriculture to urban was calculated to
the nearest center (hub), and the median and mean of each distance total were calculated to find the

central tendency, and the spread characteristic of the change was interpreted (Figure 8).
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Figure 8. Land use/cover changes’ spatial distribution.

Figure 9. Distribution of distance from settlement centers to areas converted from agriculture to

artificial land.
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When examining Figure 8, it can be seen that the transition points indicated in dark blue (0-727 m)
are particularly concentrated around residential areas. Examining the resulting histogram (Figure 9)
revealed that the turning points accumulated around 605 meters and remained below the overall av-
erage value. The histogram in Figure 9 also supports this visual observation, showing that more than
60% of the conversion took place within a perimeter of 600-700 meters, which can be considered
walking distance to the settlement center. It has been concluded that this loss of agricultural land has
occurred in accessible agricultural areas immediately adjacent to planned rural settlements, and that

urbanization tends to spread organically outward from existing centers.

The study examined the spatial distribution of areas converted from agricultural land to urban areas
using the Landscape Expansion Index (LEI) as a reference (Figure 10). The topological computa-
tion revealed a highly fragmented transition pattern across the total 2,549.09 hectares of converted
land. Edge-Expansion represents the largest proportion by area, accounting for 1,299.49 hectares
(10,548 patches), indicating that a significant portion of the growth physically attaches to existing
settlements and infrastructure. However, the Leapfrog expansion exhibits a striking pattern of rural
fragmentation: although it covers slightly less area (1,098.05 hectares), it comprises the vast major-
ity of individual patches (21,766 patches). This overwhelmingly high number of isolated leapfrog
patches quantitatively proves that urbanization dynamics also manifest as thousands of disconnected,
dispersed developments scattered across agricultural fields, indicating severe urban sprawl. Infilling

represents the smallest proportion (151.55 hectares; 7,214 patches).

Integration of the Topological Landscape Expansion Index (LEI) with analyses of distance from the
center demonstrates that significant agricultural loss in the designated area is attributable to the se-
vere and uncontrolled nature of urban sprawl in the region. The findings indicate that Edge Expan-
sion, encompassing 1,299 hectares, is the most predominant growth type in terms of area, suggesting
that existing settlements are expanding in an outward direction. Nonetheless, in spite of its extensive
coverage of 1,098 hectares, Leapfrog development encountered a substantial number of 21,766 iso-
lated patches, thereby unveiling a pervasive degree of spatial fragmentation that has profoundly pene-
trated the underlying rural infrastructure. The evidence suggests that the distribution of these isolated
artificial surfaces is not random but follows a systematic pattern, with a mean distance from official
settlement centers of 727 meters (and a maximum of 6.3 kilometers). This pattern indicates that the
phenomenon of leapfrog growth extends far beyond the planned boundaries of urban development.
Consequently, the findings of the two analyses indicate with a high degree of clarity that the trans-
formation of land in Kandira is not limited to the expansion of legal boundaries; on the contrary, this
transformation directly threatens the sustainability of agriculture through unplanned urban sprawl

that spreads across a multitude of disconnected fragments in the middle of agricultural land.
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Figure 10. Landscape Expansion Index (LEI) analysis results.

4. DISCUSSION

The concept of resilience, which is increasingly being discussed in urban literature and urban pol-
icies, has begun to be expressed under several main headings. When the concept of resilience is
evaluated specifically for the district of Kandira in the province of Kocaeli, which is the study area,
analyses have revealed that it is fragile in terms of ecological resilience. The fact that Kandira district
is relatively distant from major fault lines and more resilient to other disaster risks, as well as being
adjacent to a megacity like Istanbul, has made the analyses conducted in this study indicative for the
concrete calculation of the rapidly increasing urban pressure on rural areas following the pandemic.
The Random Forest algorithm and Landtrendr analyses used in the study are understood to play a
critical role in detecting changes in the spatial characteristics of the region and to be viable approach-
es for determining growth trends. Griffiths et al. (2013), used the LandTrendr algorithm with high
accuracy in detecting abandoned deforestation as well as agricultural land. The findings obtained
in this study also support the use of the algorithm in this direction. The spatial distribution of areas
undergoing conversion from agriculture to artificial land in the study was found to be non-random
when the spatial statistics were examined. The concentration of pixels undergoing transformation at

an average distance of 727 meters from rural settlement centers identified in the 1/25,000 scale Mas-
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ter Land Use Plan demonstrates that the urbanization dynamics in Kandira exhibit the Edge-Expan-
sion characteristic defined by Liu et al. (2010). This situation indicates a process in which agricultural
land on the outskirts of existing villages is gradually incorporated into settlement areas, rather than
the scattered leap-frog/outlying growth mentioned in the literature. Although this spatial dependen-
cy appears advantageous in terms of infrastructure costs, it demonstrates that planned settlement
boundaries (village settlement areas) have effectively expanded at the expense of agricultural land
and that the rural fabric is under pressure from urban sprawl. Furthermore, changes in land cover,
as revealed by overlay analyses conducted using Land Capacity Classes, show partial alignment with
the urban growth pattern described by Forman (1995) using the Path of Least Resistance approach.
The fact that the conversion rate in Class I and I absolute agricultural lands, as stipulated by the Soil
Conservation and Land Use Law No. 5403, remains at 9.7 % suggests that deterrence measures for soil
conservation in our country are functioning at a certain level. However, the high conversion rates of
50.7% in Class VI (marginal) lands and 25% in Class IV lands indicate that conservation pressure is
shifting to weaker links. Given the current trend, this points to a gap in urban policy whereby, rather
than rational and planned land selection taking place, agricultural land with potential (particularly
Class IV) is left vulnerable or less resistant to urban pressure. The 2,503 hectares of land identified
as having been converted from agriculture to artificial areas should not be viewed merely as a loss
of vegetation. By increasing the cumulative heat load of these changing areas, it is also likely to have
potential effects on the climate in the region. Indeed, studies conducted specifically in the province
of Kocaeli (Akytrek, 2020) have clearly demonstrated a linear relationship between the increase in
artificial surfaces and Land Surface Temperature (LST). This study also found that urban areas form
distinct heat islands compared to rural environments. In this context, the areas identified in the study
that have transitioned from agriculture to urban areas can be considered potential Hot Spots carrying
the risk of thermal degradation, as indicated by Akytirek (2020). This transformation in an area that
feeds Istanbul's climate corridor and water basin, such as Kandira, is thought to accelerate regional

ecological vulnerability in the long term, paving the way for ecological imbalance.

In this study, the high-resolution detections of the Sentinel-2 based Random Forest (RF) model were
cross-validated using the Landsat-based Landtrendr time-series algorithm. The spatial agreement
between the two algorithms was analyzed through a class-specific spatial masking technique. To
achieve this, the continuous SWIR change magnitude values generated by the Landtrendr algorithm
were thresholded and converted into a binary change mask. This binary mask was then multiplied
pixel-by-pixel with the categorical RF map, which contained five distinct change classes (Urban,
Forest, Agriculture, Water, Bare Land). Through this raster multiplication, only the pixels confirmed
by Landtrendr in the time-series retained their original RF class values, allowing for the independent
calculation of recall rates for each land cover category. The results demonstrated that the two methods
exhibited a high rate of agreement (60%) in large-scale and permanent structural transformations,

such as the Food Specialized Organized Industrial Zone. The spatial agreement between the the-
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matic change map (RF) and the structural disturbance map (Landtrendr) was evaluated using the
Jaccard Similarity Index, yielding a value of 0.104 (10.41%). While seemingly low for traditional
single-sensor land cover comparisons, this value is highly expected and algorithmically justifiable
in cross-methodological change detection frameworks (e.g., Cohen et al., 2018). This low spatial
overlap stems from two fundamental disparities. First, the spatial mismatch between the 10-meter
Sentinel-2 pixels and 30-meter Landsat pixels inherently reduces pixel-to-pixel intersection. Second,
and more importantly, the two algorithms measure entirely different physical phenomena. Random
Forest detects thematic land-cover conversion, whereas LandTrendr detects abrupt spectral structural
disturbances. Therefore, rather than expecting a perfect spatial overlap, this study utilizes these two
algorithms to capture different dimensions of the change: RF delineates the spatial typology and total
area of urban expansion, while LandTrendr highlights the temporal trajectory and onset years of the

vegetation disturbance.

5. CONCLUSION AND RECOMMENDATIONS

In our century, factors such as increasing migration due to globalization and global warming, the de-
pletion of water resources, major fluctuations in agricultural production, and loss of biodiversity have
made the sustainability of cities and the conservation of resources even more important. Undoubt-
edly, efforts to make cities sustainable and more resilient, as well as methods for measuring the effec-
tiveness of these efforts, encompass many areas and methodologies. This study attempts to examine
changes in rural land cover during the 2017-2024 period from an integrated perspective, combining
cloud-based remote sensing technologies and spatial statistical methods. The spatial characteristics of
the transformation were examined, determining the direction of the loss and the type of land cover
affected, as well as identifying which agricultural lands experienced the greatest transformation in

terms of agricultural productivity.

According to the findings of this study; it is important that conservation policies for sustainable land
management be revised to include not only absolute agricultural lands but also Class IV lands, which
have low resistance to urbanization and serve as buffer zones under urban pressure. In planning prac-
tice, rather than allowing the uncontrolled expansion of village settlement boundaries in response
to the identified trend of Edge Expansion, it is necessary to implement Green Belt strategies that
prioritize the preservation of the existing fabric and prevent sprawl. In addition, local governments
or institutions responsible for spatial planning under the Ministry of Agriculture and Forestry can
use LandTrendr, Sentinel and other high-resolution satellite images, or remote sensing systems with
even higher resolution as an early warning system. This system can be used to detect and intervene
in the destruction of agricultural areas before it reaches the stage of concretisation. This is important
in terms of the effectiveness of rural planning, the protection of resources, and the prevention of veg-

etation loss.
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ABSTRACT

Fixed-speed planning approaches widely used in urban logistics operations lead to unreliable delivery commit-
ments by disregarding the dynamic traffic conditions of large cities. This study aims to develop an integrated
pipeline that connects traffic speed prediction directly to road network cost calculation and vehicle routing op-
timization. A CatBoost gradient boosting algorithm was trained using approximately 19 million rows of 2024
traffic data obtained from the Istanbul Metropolitan Municipality Open Data Portal. The developed M2 model
achieved R?=0.856 in temporal testing, while in the spatial holdout test — where the baseline model collapsed
with R?=-0.340 — it maintained functionality with R>=0.418, demonstrating that geographic features contri-
buted +0.758 to spatial generalization capacity. Consistent performance in the range of R?=0.863-0.884 was
achieved in independent external validation conducted with data from January 2025. Model predictions were
transferred to the Istanbul road network of 506,667 edges via Dijkstra's algorithm and provided as input to
the Vehicle Routing Problem with Time Windows solved using OR-Tools. The dynamic validation analysis
revealed a critical finding: while the static model predicted reaching 28 out of 30 points on time, simulation of
this plan with traffic predictions showed that only 19 points could be reached. This 32% error rate concretely
demonstrates that traffic-aware planning is indispensable for operational reliability.
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1. INTRODUCTION

The growing global e-commerce volume and increasing urban population density are transforming
city logistics operations into an increasingly complex planning problem. The Vehicle Routing Prob-
lem (VRP) constitutes the mathematical framework of this complexity and has remained one of the
central research topics in combinatorial optimization literature for decades (Dantzig and Ramser,
1959; Cordeau et al., 2002). However, the majority of existing routing approaches rely on fixed travel
time assumptions. This assumption deviates significantly from reality in megacities such as Istanbul,

where traffic density varies dramatically on an hourly and regional basis.

Istanbul has a unique transportation dynamic with a population exceeding 15 million and a geo-
graphical structure divided in two by the Bosphorus. Systematic congestion at bridge crossings can
double travel times during morning peak hours compared to nighttime conditions. Routing systems
that exclude this level of variability from the planning process not only produce inefficient routes but

also systematically violate delivery commitments made to customers.

In recent years, significant advances have been made in traffic speed prediction with the develop-
ment of machine learning methods. Boukerche and Wang (2020) systematically reviewed machine
learning-based traffic prediction models, while Bratsas et al. (2020) comparatively evaluated the con-
tribution of different algorithms to urban traffic prediction. In the Turkish context, Subast (2025)
demonstrated that the GWO-XGBoost combination achieves high prediction accuracy on Istanbul
traffic data. In the vehicle routing literature, Ichoua et al. (2003) and Figliozzi (2012) examined the
effect of time-dependent travel times on routing decisions; however, these studies relied on synthetic
speed profiles rather than real data. Among studies directly combining machine learning with VRP,
Shahbazian et al. (2024) demonstrated that hybrid systems produce more realistic results compared

to static approaches.

Three fundamental gaps are evident when the literature is evaluated. First, traffic prediction studies
focus on model accuracy without addressing the conversion of predictions into route cost functions.
Second, routing studies largely rely on fixed travel time assumptions or synthetic speed profiles not
derived from real data. Third, an integrated pipeline approach combining traffic prediction and vehi-

cle routing within a single decision process remains quite limited in the literature.

This study addresses these gaps with the following contributions. A CatBoost model trained on ap-
proximately 19 million rows of real Istanbul traffic data was used as input to route cost calculation.
Predictions were transferred to the Istanbul road network of 506,667 edges. A spatial holdout test
conducted with geographic features measured the model's generalization capacity at locations it had
never seen and demonstrated the operational significance of this capacity. Through dynamic valida-
tion, the performance of static plans under traffic conditions was simulated and the operational cost

of planning that disregards traffic information was concretely measured.
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2.METHODOLOGY

2.1 Data Sources

Three different data sources were utilized in this study. Hourly traffic speed data for 2024 was ob-
tained from the Istanbul Metropolitan Municipality Open Data Portal (IMM, 2024). This dataset
consists of approximately 19 million rows containing geographic coordinates, timestamps, and av-
erage speed information. January 2025 traffic data was reserved as an external validation set to test
the model's generalizability to an independent time period. The Istanbul road network was obtained
from OpenStreetMap data through the OSMnx library developed by Boeing (2017), and road type
and legal speed limit information were compiled for each road segment in this network consisting of
192,716 nodes and 506,667 edges (OpenStreetMap Contributors, 2024). Hourly average tempera-
ture and precipitation data were obtained by averaging the three nearest meteorological stations to

Istanbul through the Meteostat library (Meteostat, 2024).

2.2 Traffic Speed Prediction Model

The variable predicted by the model was defined as speed ratio rather than raw speed: SPEED_RATIO
= Average Speed / Speed Limit.The ratio was bounded between 0.05 and 2.0. The lower bound of
0.05 prevents division-by-zero errors and eliminates physically implausible near-zero speed record-
ings likely caused by sensor noise. The upper bound of 2.0 reflects the empirical observation that
vehicles rarely exceed twice the posted speed limit under any real-world conditions; values above
this threshold were treated as sensor anomalies. In the 2024 dataset, only 0.3% of raw observations
exceeded this upper bound, confirming that the clipping operation has negligible impact on the data

distribution while eliminating outliers that would otherwise distort model training,

Four categories of features were used. Within temporal features, hour and month variables were en-
coded using sine-cosine transformation to preserve cyclical continuity (Bratsas et al., 2020). Within
geographic features, Haversine distances from each geohash cell to Taksim, Kadikdy, and the nearest
Bosphorus bridge were calculated. Within road features, road type obtained from OSM and speed
limit information derived through a hybrid strategy were used. Within weather features, hourly tem-

perature and precipitation amounts were incorporated into the model.

Traffic data was encoded using the geohash method developed by Niemeyer (2008) at precision=6
level, corresponding to cells of approximately 1.2 km x 0.6 km. A total of 2,463 unique geohash cells

were observed across Istanbul in the 2024 dataset.

Four different models were developed using the CatBoost gradient boosting algorithm developed by
Prokhorenkova et al. (2018). CatBoost prevents target leakage by processing categorical variables

through the ordered target statistics method and eliminates prediction shift through the ordered
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boosting mechanism. The M1 baseline model contains only temporal, road, and GEOHASH identity
features. The M2 model was constructed by adding geographic distance features to M1. The M3 mod-
el was developed by adding weekly lagged observations inspired by Ichoua et al. (2003) and Figliozzi
(2012), while the M4 model incorporated hourly lagged observations. The M2 model was selected as
the operational model; M3 and M4 require access to historical observations and therefore cannot be

used in real operational scenarios such as new locations or system interruptions.

All models were trained with identical hyperparameters: iterations=2000, depth=8, learning
rate=0.05, early_stopping_rounds=200, random_seed=42. This standardization guarantees that per-

formance differences between models arise solely from the feature set.

Model performance was evaluated using two different strategies: temporal and spatial. In the tempo-
ral split, the training set covers January—September 2024, the validation set covers October—Novem-
ber 2024, and the test set covers December 2024. In the spatial holdout test, drawing on the spatial
generalization requirement emphasized by Boukerche and Wang (2020), 20% of the 2,463 geohash
cells were completely excluded from the training set, forcing the model to produce predictions for

these locations without having seen them.

2.3 Graph-Based Route Cost

A travel time weight based on the speed prediction produced by the M2 model was assigned to each

road network edge:

tedge = # (]~>

v predicted

Where L%gpresents edge length in meters and vpredicted represents the speed in km/h obtained
by multiplying the model's predicted speed ratio by the speed limit. Rather than making separate
predictions for 506,667 edges, a geohash-based architecture was adopted; predictions were made
at the level of 2,463 unique geohash cells and results were transferred to the corresponding edges.
The shortest-time routes between point pairs were determined using Dijkstra's (1959) algorithm and
the resulting travel times formed the time matrix provided as input to the VRPTW solver. The static

model used for comparison assigns a fixed speed of 45 km/h to all edges.

2.4 Vehicle Routing Problem with Time Windows

Drawing on the VRPTW framework standardized by Solomon (1987), the problem was modeled as
an optimization problem in which three vehicles departing from the Yenibosna depot visit 30 cus-
tomer points. A service time of 15 minutes and an operation window of 09:00-19:00 were defined at
each point. Customer points were selected to cover both sides of Istanbul; points close to the depot
received early and narrow windows, while distant points received late windows. Three different scales

containing 5, 15, and 30 customer points were compared to examine how the advantage of traf-
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fic-aware planning varies with problem size. The 5 and 15-point scenarios are subsets of the 30-point
scenario, isolating the scale effect independently from point selection. Additionally, the most complex
scenario — the 30-point problem — was run for two different dates, weekday and weekend, to con-
cretize the traffic difference between working days and holidays. Optimization was performed using
the Google OR-Tools library developed by Perron and Furnon (2023); the initial solution produced
by the PATH_CHEAPEST_ARC strategy was improved using the Guided Local Search metaheuristic
proposed by Voudouris and Tsang (1999).

2.5 Dynamic Validation

Dynamic validation is the process of re-evaluating the route plan determined by the static model us-
ing M2 model traffic predictions instead of the fixed speed assumption. Inspired by the hybrid sim-
ulation approach proposed by Shahbazian et al. (2024), the route sequence determined by the static
model was kept fixed while the travel time of each edge was recalculated using the speed prediction
produced by the M2 model for that hour. The arrival time at each customer point was calculated cu-
mulatively and compared with the time window. This analysis does not use actual sensor data, but it

references M2 estimates validated with January 2025 data.

The use of M2 predictions rather than observed sensor data for dynamic validation is a deliberate
methodological choice driven by data availability constraints. The 2025 sensor dataset does not pro-
vide uniform spatial coverage across all 30 customer points in the scenario; Istanbul's sensor network
is concentrated on major arterials and central districts, leaving peripheral locations without direct
measurements. M2 predictions, by contrast, can generate travel time estimates for any location with-
in the road network by leveraging geographic proximity features, thereby enabling a consistent and
spatially complete simulation environment. While this introduces model-based uncertainty into the
validation, the M2 model's demonstrated accuracy of R?=0.863-0.884 on January 2025 sensor data

provides a reasonable empirical basis for its use as a reference.

3. RESULTS

3.1 Model Performance

Four models were evaluated on the December 2024 test set. Results are presented in Table 1. Al-
though only geographic distance features were added in the transition from M1 to M2, R? increased
from 0.820 to 0.856 and RMSE dropped from 7.69 to 6.82 km/h. The additional gain achieved by
M3 and M4 with historical observations is an expected result; traffic conditions from the same hour of
the previous week serve as a strong predictor. However, these models were not used in this study due
to operational constraints. The standard deviation ratio calculated to measure the model's tendency

toward mean regression was found to be 0.910 for M2, indicating that the model can represent the
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extreme conditions of traffic density with sufficient variation.

Table 1. Performance of M1-M4 models on the December 2024 test set.

Model RMSE (km/h) MAE (km/h)
M1 Baseline 0.820 7.69 5.26
M2 Geographic 0.856 6.82 4.58
M3 Historical 0.895 5.85 3.75
M4 Real-Time 0.901 5.69 3.68

The M1 model failed completely in the spatial holdout test with R2=-0.340. This result clearly
demonstrates that M1 learns location information only through the geohash identity variable and
cannot produce meaningful predictions for a geohash it has not seen during training. The M2 model
achieved R?=0.418 in the same test. The spatial generalization capacity difference between the M1
and M2 models was observed as 0.758 (Figure 1). This finding indicates that the integration of geo-
graphic features substantially enhances the model's capability to generalize across different spatial
zones within the studied network. In real-world logistics scenarios, such as a vehicle fleet expanding
into new depots or areas with limited sensor coverage, the M2 model demonstrates the potential to
mitigate spatial prediction degradation by leveraging location-based relationships, thereby providing

more robust estimations than the baseline model.

Figure 1. Temporal and spatial validation comparison of M1 and M2 models.
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The external validation of the model with January 2025 data is presented in Figure 2. R?=0.863 was
achieved during morning peak hours (08:00), R>=0.884 at midday (12:00), and R?=0.847 at night-
time (23:00). The preservation of this performance on data from January 2025 demonstrates that the
model has strong generalization capacity against seasonal traffic variability. The highest accuracy at
midday reflects the relatively stable nature of traffic patterns at this hour, while the relatively lower

performance at nighttime reflects the more variable character of nighttime traffic.

Figure 2. Comparison of the M2 model with real data in geohash cells on 2025-01-10.

Additionally, point-based validation was conducted at the Taksim (sxk97m) and Kadikoy (sxkOhq)
geohash cells to evaluate whether the model captures the daily traffic pattern. Results are presented

in Figure 3.

Figure 3. 24 Hour point validation.

When the figure is examined, it can be seen that the model accurately captures the daily traffic pattern
at both points. The decrease in speed during morning and evening rush hours and the increase during

nighttime hours were predicted by the model.
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3.2 Segment Analysis

The two models diverged significantly in the comparative analysis conducted on the Esenyurt—Uskii-
dar route. As shown in Table 2, dynamic validation simulating the route that the static model planned
at 53.7 minutes in the M2 environment revealed that it actually takes 64.8 minutes. The M2 model
produced a more realistic plan of 59.1 minutes under the same conditions. The comparative map is

presented in Figure 4.

Table 2. Esenyurt-Uskiidar route comparison at 08:00 and 23:00.

Planned Du- Actual Dura-
Scenario Model . Distance )
ration tion
08:00 M2 59.1 min 40.6 km — —
08:00 Static 53.7 min 40.3 km 64.8 min +11.1 min
23:00 M2 45.5 min 41.5 km — —
23:00 Static 53.7 min 40.3 km 53.9 min +0.2 min

Figure 4. Segment analysis map at 08:00.

Under nighttime 23:00 conditions, the route changes substantially (Figure 5). While the M2 model
produces a plan of 45.5 minutes by leveraging traffic fluidity, the static model again yields the same

53.7 minutes. Dynamic validation measured the static plan's duration in the M2 environment at

n3



VOLUME 04 ¢ ISSUE 01 » APRIL 2026

nighttime as 53.9 minutes; this 0.2-minute deviation demonstrates that the fixed speed assumption
converges to reality during nighttime hours. It was observed that the two models propose not only
different durations but also different routes, demonstrating that traffic information contributes to

planning not only in terms of duration but also in terms of geographic decision-making.

Figure 5. Segment analysis map at 23:00.

3.3 Vehicle Routing Results

Scale analysis results conducted with soft time windows under morning 08:00 peak conditions are

presented in Table 3.

Table 3. Comparison of M2 and static models at different problem scales (Soft window, 08:00 am).

M2 (min) Static (min) Difference (min) Difference (%)
5 points 280.5 259.5 +21.0 +8.1
15 points 638.9 543.8 +95.1 +17.5
30 points 1035.8 917 .4 +118.4 +12.9

The absolute difference between M2 and the static model increases as problem scale grows. The
21-minute difference in the 5-point scenario reaches 118 minutes in the 30-point scenario. Each ad-

ditional customer point adds a new travel segment and each segment contributes to cumulative delay.

Hour-based analysis results for the 30-customer-point scenario are presented in Table 4.
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Table 4. Hour-based soft window comparison for 30 point scenario.

M2 (min) Static (min) Difference (min) Difference (%)
08:00 1035.8 9017.4 +118.4 +12.9
12:00 1011.9 917.4 +94.5 +10.3
23:00 916.0 917 .4 -14 -0.2

The static model producing the same total duration at all three hours is the inevitable consequence of
the fixed speed assumption. The -1.4- minute difference at 23:00 demonstrates that the M2 model
is capable of not only cautious planning during peak hours but also efficient planning during fluid

traffic conditions.

Under hard time window conditions, the static model plans to reach 28/30 points on time while the
M2 model plans 26/30. The distribution of the 4 points excluded from the route in the M2 model is
shown in Figure 6. Dynamic validation results obtained by simulating the static plan in the M2 envi-

ronment are presented in Table 5.

Figure 6. Solution of the M2 model.

ns



9 ADVANCES IN GEOMATICS

VOLUME 04 ¢ ISSUE 01 » APRIL 2026

Table 5. Dynamic validation of static plan in M2 environment.

Hour On Time Missed Total Delay (min)
08:00 19/30 11/30 1236

12:00 19/30 11/30 1214

23:00 19/30 11/30 975

The difference between the 28 planned by the static model and the 19 actually achieved corresponds
to a 32% error rate. The highest delays were observed at bridge-dependent points — Usktidar, Um-
raniye, and Besiktas. The lower total delay in the nighttime scenario confirms that the static model's
error diminishes as traffic load decreases. The route on which the static plan was applied within the

scope of dynamic validation is presented in Figure 7.

Figure 7. Implementation of the static plan in M2 traffic.
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The comparison conducted for Friday (2025-01-10) and Saturday (2025-01-11) revealed that the
advantage provided by the M2 model is directly related to traffic density. The M2—Static difference of
12.9% on Friday morning dropped to 3.5% on Saturday morning. When dynamic validation results
are examined, it is observed that the number of missed points remained at similar levels for both
days, while total delay dropped significantly on Saturday: the total delay of 1,236 minutes on Friday
morning fell to 797 minutes on Saturday morning. Four comparative charts are presented together

in Figure 8.

Figure 8. Weekday vs. weekend model comparison.
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4. DISCUSSION

The findings obtained in this study concretize the impact of a pipeline integrating traffic prediction

with vehicle routing optimization at three different levels.

4.1 Evaluation of Model Performance

When model performance is evaluated, achieving R?=0.856 accuracy with the M2 model is a strong
result when considered in isolation. However, what is truly decisive in this study is not the abso-
lute accuracy value but the spatial generalization capacity that geographic features contribute to the
model. While the temporal test difference between M1 and M2 is only 0.036, the difference in the
spatial holdout test reaches +0.758. This finding raises a distinction frequently overlooked in traffic
prediction literature: a good temporal test score does not guarantee that the model will be functional
at new locations. Boukerche and Wang (2020) emphasized that spatial generalization capacity is a
critical criterion in evaluating machine learning-based traffic prediction models; the spatial holdout

test findings of this study concretely confirm this emphasis.

The higher accuracy achieved by M3 and M4 models is an expected and explainable result. Traffic
conditions from the same hour of the previous week serve as a strong predictor in a city like Istanbul
with repeating weekly patterns. However, this performance advantage comes with an operational
cost. The selection of M2 is therefore not only a technical but a strategic decision. A less accurate
model that works under all conditions is operationally superior to a more accurate but fragile model
that works only under certain conditions. Shahbazian et al. (2024) used a similar framework when
evaluating the operational applicability of hybrid systems and demonstrated that generalization ca-

pacity is as decisive as accuracy in model selection.

The preservation of performance in the range of R?=0.847-0.884 with January 2025 data is particu-
larly noteworthy. Subasi (2025) achieved R?=0.8486 with the GWO-XGBoost combination on Istan-
bul traffic data. The M2 model in this study remaining within a similar accuracy range with data from
January 2025 confirms that gradient boosting-based approaches can model Istanbul traffic dynamics

in a stable manner.

4.2 Evaluation of Routing Findings

When routing findings are evaluated, the fact that the M2 model produces longer plans than the static
model under peak hour conditions appears to be a disadvantage at first glance. However, this im-
pression reflects a common misconception. The dynamic validation analysis concretely revealed this
error. The static model claims to reach 28/30 points under hard time windows, while in reality only
19 can be reached. Figliozzi (2012) quantitatively examined the effect of traffic density on time win-

dows and demonstrated that the fixed speed assumption leads to serious planning errors particularly
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during morning peak hours. The dynamic validation findings of this study measure the magnitude of

this error in the Istanbul context at 32%.

The increase in M2's advantage as problem scale grows is also an important finding. While traffic
effects accumulate in a limited number of segments in small-scale operations, in the 30-point sce-
nario each vehicle passes through dozens of segments consecutively and the delay in each segment
cumulatively transfers to the final points. This finding is consistent with the cumulative delay effect
demonstrated by Li et al. (2010) in their stochastic travel time VRPTW study.

The weekday and weekend comparison is perhaps the analysis that most clearly demonstrates M2's
value. The drop from 12.9% on Friday morning to 3.5% on Saturday morning proves that the model's
advantage is directly linked to traffic density. Kim et al. (2015), while examining the dynamic effects
of traffic conditions in urban routing problems, reached a similar conclusion and emphasized that

traffic-aware planning plays a decisive role particularly in weekday morning operations.

4.3 Limitations

The methodological and data-related limitations of this study should be explicitly addressed. The traf-
fic data covers only locations with sensors, and underrepresentation is an issue in Istanbul's periph-
eral districts. The model was trained only on 2024 data; regular updates will be required to capture
traffic dynamics that change over the years. Furthermore, the single depot and homogeneous fleet

assumptions do not fully reflect the complexity of real logistics operations.

Dynamic validation in this study is based on model-predicted travel times rather than observed trav-
el times from real sensors. While the M2 model was validated against January 2025 sensor data at
R?=0.863-0.884, predicted travel times are inherently smooth estimates that may underrepresent the
stochastic variability of real traffic conditions — sudden incidents, road closures, or weather events
that are not captured in the training data. Consequently, the reported error rates and delay figures
should be interpreted as conservative estimates; the actual performance gap between static and traf-

fic-aware planning under real operational conditions may be larger than reported here.

5. CONCLUSION

This study combined a machine learning prediction system modeling Istanbul-specific traffic dynam-
ics with the Vehicle Routing Problem with Time Windows within a single integrated pipeline. Travel
times derived from traffic predictions were transferred to road network edges via Dijkstra's algorithm
and converted directly into routing decisions. The effectiveness of the developed framework was eval-
uated comparatively with a static planning approach based on fixed speed assumptions at the levels

of model accuracy, segment analysis, and fleet planning.

At the model level, the most decisive finding relates to spatial generalization capacity. While the base-
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line model collapsed with R?=-0.340 at locations it had never seen, the M2 model achieved R?>=0.418,
and the contribution of geographic features to spatial generalization capacity was measured at +0.758.
Performance in the range of R?=0.863-0.884 was preserved in independent external validation con-
ducted with January 2025 data. These results demonstrate that the model has a generalizing rather

than memorizing structure and can operate reliably across different time periods and new locations.

At the segment level, the contribution of traffic information to route decisions was concretized. The
Esenyurt-Usktidar route, which the static model planned at 53.7 minutes during morning peak
hours, took 64.8 minutes in the M2 environment. Under nighttime conditions, the M2 model lever-
aged traffic fluidity to fall 8.2 minutes below the static model. It was observed that the two models
propose not only different durations but also different routes, demonstrating that traffic information

shapes planning not only in terms of duration but also in terms of geographic decision-making,

At the fleet level, the most critical finding of the study was obtained from the dynamic validation
analysis. While the static model planned to reach 28 out of 30 points on time under hard time win-
dows, simulating this plan in the M2 environment showed that only 19 points could be reached. This
32% error rate proves that plans produced without traffic information render customer commitments

unfulfillable from the outset. This gap widens as problem scale grows and traffic density increases.

When all these findings are evaluated together, the fundamental contribution of this study can be
summarized as follows: by developing a workable pipeline bridging traffic prediction and vehicle
routing, operational outputs that neither field could produce independently were obtained. In cities
like Istanbul that are dependent on bridge crossings and where traffic density changes dramatically
on an hourly basis, the operational counterpart of this transformation is concrete and measurable. The
integration of traffic information into logistics planning processes should be regarded in this context
not merely as a performance improvement but as a prerequisite for being able to make reliable service

commitments.
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