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Abstract

Swiftly and reliably establishing a spatially and geometrically correct land-cover map of any region is rather important in
natural resource planning for conservation and utilization. JAXA’s PALSAR2/PALSAR/JERS-1 Mosaic and Forest / Non-
forest maps, which as the name suggested, have specifically focused on global forest cover since 2007, benefiting from L-band
SAR imagery. ESRI Land-cover, on the other hand, owing to exceptional Sentinel-2 imagery, has produced rather detailed
land-cover maps including a distinct forest class. In this particular study, coverages of 2017-2020 readied by both institu-
tions, utilizing the aforementioned imageries, were questioned on yearly basis against a rather detailed geodatabase which is
still-in-effective use by two of the current regional directorates of forestry, Kastamonu and Sinop in Tiirkiye, utilizing long
adopted accuracy metrics (user, producer and overall accuracies). When all year coverages were concerned, the best overall
accuracies were held with 82% in 2017 ESRI land-cover and 83% in 2017 PALSAR-FNF. Both datasets yielded relatively
good results in the forest class when user accuracies were investigated. ESRI land-covers managed more than 87% across all
four years, while PALSAR-FNFs produced 84.33% in 2020 as the highest scoring year. As for producer accuracies, PALSAR-
FNFs produced over 89% across all year coverages, while ESRI produced 84% in 2017 as the highest scoring year. It is worth
noting that the ESRI land-covers had better compliance with the compartment boundaries of the reference geodatabase.
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Introduction

Land-cover classification studies have come to everyone’s
attention in the early 1970s after the Earth Resource Tech-
nology Satellite (Landsat-1) was launched in July 1972 and
started collecting imagery from all over the Earth. Imagery
acquired by the satellite was used in devising the first study
of the normalized difference vegetation index (NDVI), which
is now a ubiquitous indicator of global plant health (Rouse
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et al. 1974). Land-cover is both an essential information for
various applications concerning Earth dynamics e.g. forests,
agricultural fields, glaciers, water, man-made objects, car-
bon etc. (Kucsicsa and Balteanu 2020; Altunel and Kara
2023; Celik and Sahin 2023), how they are changing over
time (Skalos et al. 2012; Zhu et al. 2022) and what will
be an effective solution to capture the detail (Karakus et al.
2017). How they are utilized (land use) and how this usage
is altered by human-induced processes (land change), can
also be monitored (Liping et al. 2018; Kaptan et al. 2022).
Thus, a number of natural and human-triggered phenom-
enon, such as climate change (Jiang et al. 2018) natural for-
est loss (Galiatsatos et al. 2020), urbanization (Lopez et al.
2017) and land-mass movements (Wang et al. 2022; Altunel,
2023) etc. can better be explained in different scales. Led by
Landsat, medium resolution satellite data, e.g. SPOT, IRS,
JERS-1, PALSAR have extensively been used to map land-
cover in various scales. They have been considered as the
foundation in sustainable management of precious resources,
forests at the forefront (Dibs et al. 2023b). When technology
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has enabled us to improve the image resolution further, the
results that were reached using these new data, have started
coming up with much better definitions and precisions (Dibs
et al 2023a).

Although impressive ground sampling achievements are
available for multitude of occasions today (Kwan et al. 2017;
Nkeumoe Numbisi et al. 2018) long-time, archive-building,
image acquisition which has led to globally oriented land-
cover change detection studies focusing primarily on forests
has only been possible with Landsat (Townshend et al. 2012;
Hansen et al. 2013) and JAXA missions (Shimada et al.
2014) because only a handful of missions were extensive and
long-lasting enough for the task (Wulder and Masek 2012;
Lulla et al. 2021). Garcia-Alvarez and Hinojosa (2022)
disclosed all thematic land-cover datasets, however rather
credible additional ones have started appearing in portals,
thanks to new imageries and algorithms. Majority of them
lack sequential coverages, and the interest on how effective
those really are in the long run, is rather limited (Akturk
et al. 2023).

Two of such global datasets released with a number of
sequential year coverages, have been 10 m ESRI Land-cover
maps (ESRI coverages) and 25 m Japan Aerospace Explora-
tion Agency (JAXA) Global PALSAR-2/PALSAR/JERS-1
Mosaic and Forest / Non-forest Maps (PALSAR-FNF cover-
ages). L-band SAR data also proved its usefulness in numer-
ous occasions (Li et al. 2022; Garg et al. 2022; Koyama
et al. 2022). Image classification algorithms vary consider-
ably (Chen et al. 2021; Wang et al. 2022; Aksoy and Kaptan
2022). The imagery used in the making of PALSAR and
ESRI coverages have been effectively produced successful
results in numerous occasions (Comert et al. 2019; Zhang
et al. 2018). Each source data has independently (Leenstra
et al. 2021) and complementarily been used in various stud-
ies (Roy et al. 2019). The established models were validated
through seasonally dated imagery captured throughout the
year in question (Pastick et al. 2018) and approved out-
puts were combined in a final year representing coverage.
Although both could be considered as medium resolution
for land-cover studies, it was obvious that Sentinel-2 based
ESRI land-covers would have an edge in class definitions.
Deep learning methodology was the method of choice when
composing the ERSI coverages finalized using 4, 10 m bands
of Sentinel-2 surface reflectance data composed of blue,
green, red, near-infrared and two additional 20 m short-wave
infrared bands (Cazaubiel et al. 2017; Karra et al. 2021).
Whereas, random forest methodology in PALSAR-2 cover-
ages composed using 25 m L-band SAR imagery (Shimada
et al. 2014) were employed in the making of the released
year coverages between 2017 and 2020.

As arelatively late comer in this arena, European Space
Agency’s (ESA), Copernicus Sentinel-2 twin satellites,
Sentinel-2A and -2B swiftly amassed enough data since
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2A’s launch in June 2015. Higher-resolution Sentinel-2
imagery have proven itself on each occasion, obvious
from various studies (Iurist et al. 2016; Main-Korn et al.
2017; Phiri et al. 2020; Kluczek et al. 2022). Five new
10 m Global land-cover maps (2017, 2018, 2019, 2020
and 2021) built using Sentinel-2 archive imagery were
released by ESRI on July 2021. Similarly, the exact same
year PALSAR-FNF coverages being released by JAXA
since January 2014, created perfect opportunity to assess
the weak and strong points of both datasets.

This study was devised to see how the sensitivities
of both ESRI and PALSAR-FNF coverages focusing on
whatever classes were identifiable within the study area,
would compare against the currently in-effective-use, field
verified forest management oriented geodatabase stretched
over a rather extensive geographical region in North-Cen-
tral Tiirkiye.

Materials and methods
Study area

The study area includes two heavily forested provinces,
Kastamonu (KRDF) and Sinop (SRDF) (Fig. 1), which
since 2022 have become two independent regional direc-
torates of forestry. The data that we used in this study was
from the former Kastamonu regional directorate of for-
estry (KRDF) database that had included these two prov-
inces before 2022. As of 2020, they boasted a combined
acreage of almost 1,893,665.54 ha both predominantly
fully and partially closed forest area with 1,270,360 m?
annual increment. Positioned side by side over the central
Black-sea coast of Tiirkiye, the area is prime forest grow-
ing part of the country. Sea warmed air coming from the
North dumps lots of precipitation varying in composition
throughout any given year (Atalay and Efe 2010; Celik
et al. 2012) not only to the area, but also to all across the
Black-sea region.

Although professionally managed by the forest service
since 1963, the first-ever digitally conceptualized forest
management planning in Tiirkiye as mandated by the forest
service, started to be enforced in 2008 (Baskent et al. 2008).
KRDF managed to adopt this mandate in 2012-2014 period,
establishing a comprehensive forest management perspective
across its administrative extent in vector format. One of the
main purposes of this study was to show that these datasets,
ESRI land-cover and PALSAR-FNF prepared around the
World may have discrepancies in Tiirkiye or elsewhere. The
most important criterion in choosing the area for this study
is that Kastamo-Sinop region has the highest area ratio in
terms of forest area, around 67%, the industrialization and
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included major land-cover land-use classes, forest, agricul-
ture, urban, scrub/shrub, rangeland, and bare ground and
water. KRDF forest management plan (1,893,665.54 ha)
encompassing 182 individual planning units, which are cur-
rent to sub-compartment level, is used as field validation
dataset in this study (Fig. 1). Forest management maps and
field study reports used in Turkish Forest Service, are pre-
pared based on the principles specified in forest management
guidelines (URL-3, 2017). In this particular study in which
2014-finalized such forest management geodatabase (tree
or mixture specific sub-compartment level precision) was
used. It was the culmination long lasting forest inventories,
in which crews had always gathered field samples from 400,
600 and 800 m? circular plots corresponding to the nodes of
systematically placed 300 m X 300 m grid. Crown closure
was the decisive factor in deciding the sampling plot size.
Simultaneously or previously gathered high resolution stereo
air photos and satellite imagery had also been used as sup-
plementary data while finalizing the timber cruising reports
eventually making the entire geodatabase. Thus, national
forest acreage and volume amounts have been meticulously
recorded and tabulated since the 1960s (URL-4, 2019).

Sub-compartments housing the mature age classes were
excluded fearing the possibility of unfair mismatch due to
final harvests occurring in any of the questioned years. Thus,
a mask layer composed of these excluded sub-compartments
was applied to all year coverages before calculating the acre-
ages. Each year’s Google Earth imagery was also used to
further rectify the KRDF geodatabase to better form a year
corresponding updated validation dataset.

ESRI Land-cover datasets

Global ESRI Land-cover coverages, 2017-2020 produced
utilizing the success culminated by Sentinel-2 mission and
the similarly intended corresponding years’ PALSAR-FNF
coverages by JAXA were compared against the mentioned
regional forest management geodatabase of KRDF (pre-
2022 extent).

2021 ESRI coverage was not evaluated simple because
the corresponding year’s PALSAR-FNF coverage was not
ready. ESRI released these maps as grab and go in July
2021. They were materialized by high-resolution Senti-
nel-2 imagery and produced employing a machine learning
methodology. Time correct and comparable year compila-
tions were used to materialize each year’s coverages with 9
classes. Such successional maps are enjoyed by many for
monitoring the effects of land-cover changes in the long run,
the increase or decrease of surface water capacities (Ohki
et al. 2019), the food production projections (Lambert et al.
2018) and sustainable management of natural ecosystem
services (Vaz et al. 2019; Loran et al. 2018), but the studies
have mostly been limited to the case (Isaienkov et al. 2020),
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area (Watanabe et al. 2016) or the region (Camalan, 2022)
because of the lack of abled datasets or processing capa-
bilities in many parts of the Earth. Although categorized as
mature after March, 2022, still accessible ESRI coverages
pertaining to the above mentioned years have come with
the following class definitions starting with 1 as Water, 2 as
Trees (natural or plantation forests and alike), 3 as Flooded
vegetation, 4 as Crops (Agriculture), 5 as Rangeland (Scrub/
Shrub), 6 as Build area (all sorts of human intervention), 7
as Bare ground, 8 as Snow/Ice and 9 Clouds. Land-cover
data for 2017-2020 was downloaded from the ESRI portal
by using a 10 km buffer zone to avoid data loss in the study
area (URL-1, 2023; Altunel and Celik, 2023). Afterwards,
we consolidated classes 3, 4, 5, 6, 7, 8 and 9 into non-forest
and kept remaining 2 classes as were.

PALSAR-FNF datasets

PALSAR-FNF coverages, on the other hand, have readily
been available to the end users since January 2014. They
have provided yearly coverages in two periods; 2007 to
2010 and 2015 to 2022. Random-forest algorithm was pre-
ferred in their making. They have contained 4 classes, 4th
being no-data. Although limited in the number of classes
compared to those of ESRI coverages, they, too, were eas-
ily definable across the corresponding year coverages; 1
as Forest (more than 10% canopy cover), 2 as Non-forest
(everything is included except the first class), 3 as Water
and 4 as no-data or unclassified (Shimada et al. 2014). As
opposed to Sentinel-2’s multispectral imagery, PALSAR-
FNF coverages were produced by assembling long paths of
L-band Synthetic Aperture Radar (PALSAR) backscatter
images observed through JAXA’s global Basic Observa-
tion Scenario for PALSAR on Advanced Land Observing
Satellite (ALOS). 9 separate PALSAR-FNF tiles per year,
were downloaded to cover the study area (URL-2, 2023).
Since PALSAR-FNF’s classification was rather limited
compared to that of ESRI land-cover, we adopted a simpler
approach to make ESRI land-cover to appear like PASAR-
FNF. Thus, three final classes, forest, non-forest and water
were aggregated.

All three datasets, one field verified GIS geodatabase
and two comparisons, were reclassed to increase the suc-
cess of the study, and three common classes were adopted
as followed; 1 as Forest (all forest defined places in both
ESRI and PALSAR-FNF), 2 as Non-Forest (flooded veg-
etation, crops, rangeland, build area, bare ground, snow/
Ice and clouds in ESRI, and non-forest, no-data or unclas-
sified in PALSAR-FNF), 3 as Water (water class of both
coverages) (Fig. 2). Both ESRI land-cover and PALSAR-
FNF coverages were reprojected to Universal Transverse
Mercator (UTM) projection on zone 36 over the horizon-
tal European datum-1950 (UTM-ED50) to coincide with
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Fig.2 The affected area of September 2020 fire incident within the study area

the already projected and maintained KRDF geodatabase.
The utilized land classes covered large and wide surfaces,
and there were no substantial differences over the years.
ESRI and Palsar land classes used in the research area
were land-cover maps created by certain methods and
algorithms over the images collected by passive and active
satellite sensors obtained within the particular year. In this
study, land-cover maps published by data providers over
the years (2017-2020) were compared. Since both data-
bases used the same year images in building the respected

year coverages, there was no temporal difference between
the datasets.

Finally, both ESRI Land-cover and PALSAR-FNF cov-
erages were subjected to raster to vector conversion to pre-
cisely coincide and intersect with the KRDF geodatabase
sub-compartment polygons. ArcGIS 10.8 was used in all
phases of the study.
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Accuracy evaluation

We checked the user (Eq. 1), producer (Eg. 2) and over-
all (Eq. 3) accuracies based on the acreages resulting from
intersections between KRDF geodatabase and yearly-vec-
torized two comparisons. Accuracy metrics as developed
and adopted by many previous studies (Congalton 1991;
Campbell, 1996; Campbell and Wynne 201 1; Bharatkar and
Patel 2013; Congalton and Green 2019; Stehman and Foody
2019) highlighted insight experienced over the coverages
(Table 1).

Le;;
Ley,
PA = Lc;;/Le,; x 100 )

Table 1 Three-class classification matrix, where ¢ was the class rang-
ing from 1 to 3. The lines (i) represented the reference, 2014 KRDF
geodatabase’s classes, and the columns (j) represented yearly-vector-

OA =

¢ Lc;
Z% * 100 (3)

Results

We questioned the spatial accuracies of four-consecutive-
year land-cover coverages, 2017, 2018, 2019 and 2020, as
produced by ERSI using 10 m Sentinel-2, and by JAXA
using 25 m L-band SAR images. Detailed, still in effect, for-
est management geodatabase was used for field validation.

ESRI Land-cover evaluation

The overall accuracy rate across the years studied was no
less than 80%, with the best being 81.54% in 2017, taking
all years’ coverages into account. As for user accuracies,

ized two comparisons’ consolidated classes. Line (Lci+) and column
(Lc+j) represented intermediary totals use in the accuracy calcula-
tions and M was the total area

Reference Data 1(Forest) 2(Non-Forest) 3(Water) Total User accuracy
Classified Comparison
1 Lcy, Lcy, Leys Ley, Ley /Ley,
2 Lc,, Lc,, Lecys Le,, Lecy,/Le,,
3 Le;, Lej, Leys Les, Lejs/Les,
Total Le,, Le,, Le,; M
Producer accuracy Leyy/Ley, Ley/Le,, Legs/Le, s OA
Table 2 ESRI Land-cover 2017 coverage versus KRDF geodatabase (former extent)
FM 2014 (ha)
ESRI Land-cover 2017 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,040,362 146,986.3 332.65 1,187,681 87.6
Non-Forest 197,336.1 495,842.5 2202.18 695,381 71.31
Water 1042.73 1582.23 7978.74 10,603.7 75.24
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 84 76.9 75.9 OA: 81.54
Table 3 ESRI Land-cover 2018 coverage versus KRDF geodatabase (former extent)
FM 2014 (ha)
ESRI Land-cover 2018 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,007,446 140,023.2 304.18 1,147,773 87.77
Non-Forest 230,393.6 502,954 2494.29 735,842 68.35
Water 901.75 1433.82 7715.11 10,050.7 76.76
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 81.3 78 73.4 OA: 80.16

7
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> 4

@ Springer



International Journal of Environmental Science and Technology (2025) 22:3641-3654

3647

Table 4 ESRI Land-cover 2019 coverage versus KRDF geodatabase (former extent)

FM 2014 (ha)
ESRI Land-cover 2019 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,013,313 144,834.3 352.55 1,158,500 87.47
Non-Forest 224,563.5 498,119.3 2622.42 725,305 68.68
Water 864.87 1457.43 7538.6 9860.9 76.45
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 81.8 77.3 71.7 OA: 80.21
Table 5 ESRI Land-cover 2020 coverage versus KRDF geodatabase (former extent)
FM 2014 (ha)
ESRI Land-cover 2020 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,002,063 137,631.8 324.76 1,140,019 87.9
Non-Forest 235,886.6 505,480.4 3040.03 744,407 67.9
Water 791.58 1298.79 7148.78 9239.15 77.37
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 80.9 78.4 68 OA: 79.99
Table6 PALSAR-FNF FM 2014 (ha)
2017 coverage versus KRDF
geodatabase (former extent) PALSAR-FNF 2017 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,150,392 222,460.7 401.06 1,373,253 83.77
Non-Forest 84,690 416,437.8 4194.24 505,322  82.41
Water 3659.38  5512.49 5918.27 15,090.1 39.219
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 92.9 64.6 56.3 OA: 83.05
Table 7 PALSAR-FNF 2018 coverage versus KRDF geodatabase (former extent)
FM 2014 (ha)
PALSAR-FNF 2018 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,145,164 233,698.2 398.52 1,379,261 83.03
Non-Forest 89,920.81 405,201.7 4196.82 499,319 81.15
Water 3655.7 5511.14 5918.23 15,085.1 39.232
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 92.4 62.9 56.3 OA: 82.18

the highest one was calculated in the forest class, resulting
more than 87% in all ESRI yearly coverages, from 87.47%
to 87.9%, followed by water class between 75.24% and
77.37% and non-forest class between 68.35% and 77.37%.
Producer’s accuracies, on the other hand, generated lower
figures placing the forest class into the lead with more
than 80% in all year coverages, 80.9% to 84%, followed by
non-forest class between 76.9% and 78.4%, and water class
between 68% and 75.9% (Tables 2, 3, 4 and 5).

PALSAR-FNF evaluation

sWhen PALSAR-FNF yearly coverages were investigated,
overall accuracies produced somewhat better results rang-
ing from 83.05 to 81.51% in the rest compared to those
of ESRI yearly coverages. While user accuracies resulted
between 83.03% in 2018 and 84.31% in 2020 in forest class,
76.23% in 2020 and 82.41% in 2017 in non-forest class and
39.217% in 2020 and 39.232% in 2018 water class in all
years (Tables 6, 7, 8 and 9). This poor performance was

=
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Table 8 PALSAR-FNF

FM 2014 (ha)
2019 coverage versus KRDF

geodatabase (former extent)

PALSAR-FNF 2019 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,145,194 229,249.1 432,72 1,374,876 83.29
Non-Forest 89,888.55 409,652.3 4162.44 503,703  81.33
Water 3658.04  5509.64 59184  15,086.1 39.231
Total 1,238,741 644,411 10,513.6 1,893,666
Producer accuracy (%) 92.4 63.6 56.3 OA: 82.42
Table9 PALSAR-FNF FM 2014 (ha)
2020 coverage versus KRDF
geodatabase (former extent) PALSAR-FNF 2020 (ha) Forest Non-Forest Water Total User accuracy (%)
Forest 1,101,999 204,626.1 429.56 1,307,055 84.31
Non-Forest 131,712.9 435,639.8 4164.83 571,518 76.23
Water 3662 5512.11 5919.19 15,093.3  39.217
Total 1,237,374 645,778 10,513.6 1,893,666
Producer accuracy (%) 89.1 67.5 56.3 OA: 81.51

thought to be resulting from the penetration capability and
larger, 25X 25 m, of L-band SAR ground sampling footprint.
Producer accuracies yielded 89.1% in 2020 and 92.9% in
2017 for forest class, 62.9% in 2018 and 67.5% in 2020 for
non-forest class and 56.3% for water class in all years.
When evaluated in general, both dataset’s yearly cover-
ages across all years were rather fair in defining the forest
class. On the other hand, ESRI land-cover user accuracies
produced still very competitive results compared to those of
PALSAR-FNFs (Tables 2, 3,4, 5,6, 7, 8 and 9).

Visual evaluation

The land-cover datasets used in this research have been
prepared worldwide. Positional accuracies of land classes
in the research area differ from one another. The main
reason for these differences was that these datasets were
prepared utilizing different resolution satellite imageries.
The boundary differences between forest and non-forest
classes can be seen in Fig. 3. As the resolution coarsened,
the number of fragmentation increased and can be seen
outside the forest boundaries in natural landscapes. On
the contrary, the data structure with coarser resolution has
reached higher values in accuracy calculations because it
covered more area than the specified boundaries. Since
the PALSAR datasets was produced using SAR images,
more aerial consistency was achieved, but provided less
boundary precision.

A 1367.04 ha productive forest area ravaged in a for-
est fire in Taskopru forest enterprise in September 2020,
was deducted from 2020 rectified validation geodatabase
(Fig. 2). Although we updated the validation dataset from

]
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the validation dataset, no such incident was present in either
datasets 2020 coverages (Fig. 2).

Although viewed only as a local visual comparison, when
KRDF geodatabase sub-compartment boundaries were over-
laid on ESRI coverages, their rather spot-on raster to vector
match was noteworthy (Fig. 3). Since Palsar images with
low spatial resolution based upon a larger footprint than
the control images, they gave better results than those of
the ESRI images, computationally. Since the calculations
were made on an area basis, both user and manufacturer
accuracies were higher than ESRI. However, this situation
causes the real borders to appear larger than what they actu-
ally were. When viewed from the perspective of borderline
reality, ESRI images produced more accurate boundaries.

Discussion

Using a field validation dataset finalized in 2014 against the
latter years’ 2017-2020, finalized ESRI and PALSAR-FNF
coverages might sound strange in the first glance. How-
ever, it should be noted that the forests existing in the study
region are managed and rotated with 40-60 year cycles
for fast growing species (Turkish (Red) pine, Maritime
pine) and 100-120 years for other species (Calabrian pine,
Scotch pine, Fir, Beech, Chestnut, etc.). Forest management
plans are generally renewed in every 10th year. In Turk-
ish forestry practice, one-tenth of all management plans is
renewed across the country per year. Thus, even with the
shorter rotations, the forest management plans which made
up the entire KRDF geodatabase were still sound and reli-
able enough for the fully stocked study area, because main
and sub-compartments have only been tended, preserving
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a crown-closure. Regeneration works in the study area are
carried out according to silvicultural prescriptions, and it
is not possible to completely deforest the stands employing
natural regeneration methods.

Sentinel-2 s were the next generation newer satellites,
supplementary to Landsat-8 for gap filling in the last 2018
coverage of Copernicus CORINE Land-cover (CLC). Karra
et al. (2021) found in a similarly fashioned globally scaled
Sentinel-2 based land-cover land-use study that an overall
accuracy of 85% across ten defined classes was achieved
over the designated regions. Although ESRI 9 classes were
good in possible detail, there needed to be more valida-
tion data in class separation, and the algorithms need to be
directed correctly in image analysis. If these errors can be
eliminated over time, it will certainly increase the accuracy
rate to about 75% worldwide (Venter et al 2022).

Aune-Lundberg and Strand (2021) said CLC-2018
coincided well with the class definitions in general when
compared to a detailed national land-cover land use data
in Norway, but lacked the same sensitivity in marginal
classes. Although we neither had those marginal classes

in our study area, nor the reclassification we employed
left any, we encountered similar phenomenon in non-
forest class where anything, but forests were compiled,
when the results were observed while forest class defini-
tions across the years were successful in user accuracies.
In comparison, PALSAR-FNF non-forest definitions for
2017, 2018 and 2019 were as satisfactory as those of the
forest definitions, except the year 2020 (Tables 6, 7, 8 and
9). Although September 2020 fire in Taskopru was mar-
ginal, but perfectly detectable from the space, was missing
in both comparison datasets, their forest class definitions
were also good slightly favoring ESRI coverages in user
accuracies (Tables 2, 3, 4 and 5). Costa et al. (2021) effec-
tively showed the supportive performance of PALSAR-2
SAR imagery over Sentinel-2 based land-cover detection.
For simplicity, we consolidated original ESRI land-cover
classes focusing on the performance of forest class, and
this apparently improved ESRI yearly class definitions
as Ma et al. (2020) also mentioned that optical Sentinel
images acquired and used to construct that year’s coverage
made a considerable contribution to the detection of the
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intended target. When all three classes were considered,
either dataset’s overall accuracy against the rectified vali-
dation geodatabases were above 80% in all years. Com-
pared to Landsat or any other similarly sampled data, Sen-
tinel-2 imagery is nine times better in spatial resolution, as
well as in the resulting spectral resolution, however there
must still have been some uncertainties in land-cover e.g.
unproductive-forest areas, not enough canopy cover, recent
land-use change, excessively fragmented land-cover (De
Petris et al. 2023), etc., which taint the spectral reflectance
in small footprints making a considerable sum at the end,
so the end product bears the scars.

Similarly, we found comparably similar results, around
80.47% using our three consolidated classes in ESRI cov-
erages when all years overall accuracies were considered
(Tables 2, 3, 4 and 5), whereas PALSAR-FNF coverages
managed no less than 82.29% (Tables 6, 7, 8 and 9). The
biggest difference between the two comparison datasets was
the fact that ERSI coverages were made with optical, while
PALSAR ones were made with L-band SAR capabilities.
Under favorable conditions e.g. no-cloud, ideal atmospheric
conditions, etc. Sentinel-2 images must have produced bet-
ter recognition compared to L-band SAR operating ALOS
images. Li et al. (2022) showed that signal saturation which
plagued the 25 m Palsar-2 images caused them to perform
worse in an above ground biomass (AGB) calculation study
in Japan than Sentinel-2 based ones, but also suggested that
the model that combined the two datasets produced the best
result in every attempt. Closely, Pham et al. (2020) although
mentioned about the same problem, stated that when the
two were combined as complementary to one another in a
Vietnam study, the resulting AGB calculation was rather sat-
isfactory in the tropics. However, it was remarkable that the
success of PALSAR-2 coverages especially in forest class in
this study came without the help of any other data (Vatan-
daslar et al. 2024). Apparently, in predominantly forested
and occasional and sporadic urban settings like the study
area used in this study, non-forest designation in ESRI land-
cover might have somewhat been misclassified due to other
consolidated classes within and was therefore not as satis-
factorily designated as forest and non-forest (Priem et al.
2019; Qiu et al. 2019).

Altunel et al. (2020) showed while questioning two of
PALSAR-FNF coverages, 2007 and 2017, against Landsat
based validations calculated in hydroelectric dam reservoirs
that although somewhat respectable, they were overly exag-
gerating the field facts. We did not see any similar tendency
in either forest or non-forest classes, water class definitions
were rafter flimsy taking the overall success of the data-
base down. It was more than likely from the fact when the
large footprint, 25 X 25 m, of L-band SAR detected a water
surface, the percentage of the water inside a pixel was the
decisive factor in its class designation in the final product
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(Gudiyangada Nachappa et al. 2020). Some algorithm-based
glitches might have happened during the finalized year cov-
erages. Besides, many study already showed that the longer
wavelength of L-band SAR was perfectly capable of pen-
etrating the surface and capturing the soil humidity (Kim
et al. 2017; Zribi et al. 2019; Bhogapurapu et al. 2022).
Humidity trapped around the water surfaces, possibly reg-
istering as an excessive belt around the water bodies, added
superficial acreage over the final calculations.

Validation data was obtained from the currently used
management plans. When making management plans, rigor-
ous field measurements and supplementarily used orthopho-
tos produced with photogrammetric techniques were used
to delineate the boundaries of the forest compartments and
composition classes. Validations made by other researchers
have stated that accuracy is over 90%, especially on forest
border lines (Baskent 2024). As can be seen in Fig. 4, since
the validation dataset borders were drawn manually, they
fit perfectly in Google earth images. In ESRI land-covers’
case, as the resolution increased, the number of fragments
increased and started appearing outside the stand borders in
natural settings. On the other hand, in PALSAR-FNFs’ case,
the coarser resolution intrinsically generalized the patches
and covered only superficially more area than the actual
extend, it indirectly increased the accuracy. Similarly, Pal-
sar land-cover provided more consistent but less boundary
sensitive matching owing to lower resolution SAR images.

Conclusion

There appear to be direct and indirect reasons dictating the
variations we see in land-cover and land use changes. For-
est cover-wise, such changes are directly related to human
preferences and climatic variations. However, technology is
always improving and becoming a better factor in monitor-
ing the trends and culprits. What we compared in this study
was the derived products of two popular datasets, produced
using application tested reliable optic and SAR imageries.
One of such data that has been the building block of ESRI’s
land-cover maps, 2017-2021, was SENTINEL-2 imagery.
Another similar data using L-band SAR imagery, spanning
the same time frame, which has long been in circulation by
JAXA, was PALSAR-2/PALSAR/JERS-1 Mosaic and For-
est / Non-forest maps. They both were simultaneously run
against a detailed land-cover geodatabase in North-central
Tiirkiye to reach to an unbiased result of which would per-
form better. When accuracy measures were considered,
PALSAR-FNF coverages looked better, when overall accu-
racies were concerned. PALSAR-FNF coverages scored no
less than 81.51% in all years whereas ESRI coverages only
reached 81% in one year, 2017. However, ESRI coverages’
rather successful fit with the questioning parcel boundaries
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of the geodatabase was unsurpassed. When PALSAR-FNF
results were evaluated, the highest user accuracy with
84.31% was achieved in forest class in 2020. On the con-
trary, ESRI land-cover produced the highest user accuracy
with 87.9% in forest class in 2020. Similarly, PALSAR-FNF
produced the highest producer accuracy with 92.9% in for-
est class in 2017, whereas ESRI land-cover produced the
highest producer accuracy with 84% in forest class in 2017.

The use of ESRI’s 9-class algorithm in land classifi-
cation has caused it to show poor performance against a
coarse-resolution dataset like PALSAR-FNF, as it pro-
vided fragmented data with sharper boundaries at the outer
boundary line of forest and non-forest land, however this
assumption was not a generalization for other remotely
sensed data. The satellite imagery used by ESRI increased
the spatial accuracy due to Sentinel-2 s’ 10 m spatial

resolution. Unfortunately, when the resolution increases,
it increases the fragmentation possibility as it starts dif-
ferentiating the small other spaces within the forests. If
those spaces within the forest are eliminated from the year
coverages, such fragmentation would not be an issue.

When applied algorithms are further improved, we
think the outcomes would be much better nullifying the
practicalities of the lower resolution datasets. PALSAR-
FNF coverages success was clearly the result of being a
purpose oriented dataset with rather limited number of
classes, whereas ESRI coverages represented typical land-
cover datasets, high accuracy measures have always been
hard to achieve with numerous classes.

Land-cover data can make important contributions to for-
est management policies in Turkey as well as in the rest of
the Earth. Such data allows monitoring of critical elements
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such as the expansion or deterioration of forest cover, the
change of tree species and the conservation of biodiversity.
Forest areas in Turkey are of great importance, especially for
rural development, combating climate change and protecting
water resources. Land-cover change analyzes can help iden-
tify the trends or problems in these areas. It can be a valuable
guide to make forest management policies anywhere in more
conscious and sustainable manner. Regional authorities can
use these data effectively in policy development processes.

Geographical and climatic conditions should be taken
into account when choosing between SAR based or optical
data for regional forest management planning in Turkey
as well as in the rest of the World. For example, in areas
such as the eastern Black Sea region where cloud cover is
common, SAR data such as may be more suitable to pre-
vent cloud-induced data loss in optical data. However, in
regions with less cloud and more favorable weather condi-
tions, such as the study area, optical imagery based data-
sets such as ESRI Land-cover may be preferred for more
detailed visual analysis and plant health monitoring. Both
have advantages and disadvantages, so one is not definitely
better than the other one. But this assumption looks to be
changing in favor of the optical datasets in the near future.

Leveraging machine learning and optimization tech-
niques such as improved dep/machine learning techniques
to improve the classification process in large-scale land-
cover mapping projects such as the ESRI datasets can fur-
ther increase the accuracies and minimize misclassifica-
tions. The results were rather similar in terms of which
dataset was better performing. SAR advantage over opti-
cal data is undeniable but as the data quality and applied
methodological approaches are further developed in the
upcoming years, optical datasets will certainly match, if
not surpass SAR data capabilities.

Both datasets are considerably extensive for both Tur-
kiye and anyplace on Earth. However, they are only good
as long as a sound reference possibility is available. Simi-
lar validation datasets are present throughout Turkiye, but
there are many nations without financial means and capac-
ity to build or acquire such national datasets. In such dire
cases, these global datasets can be of great importance
monitoring the favorable or undesirable trends happening
on a nation’s natural resources.
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