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Abstract

Reliable upscaling of peatland carbon stocks is fundamentally challenged by fine-scale microrelief
heterogeneity, which remains unresolved by conventional field or satellite methods. We demonstrate
the critical advantage of Unmanned Aerial System LiDAR (UAS-LiDAR) for mapping the
hierarchical microrelief (ridges/hollows, hummocks/depressions) of a Western Siberian
ombrotrophic bog to enhance ground-layer phytomass estimation. We developed and validated a
straightforward, rule-based method to classify microforms from a normalized digital terrain model
using optimized elevation thresholds. The resulting map was used to upscale field-measured
phytomass and compared against estimates from satellite imagery (SuperView-2) and traditional
field-visual extrapolation. While total landscape-level phytomass stocks were similar across methods
(~93-97 t ha™), their spatial allocation among microtopographic elements differed fundamentally.
Crucially, the satellite-based method exhibited a predictable, landscape-dependent systematic bias
(overestimation in ryam with hollows, underestimation in ryam), which remained hidden when
using only aggregate accuracy metrics. Only the LiDAR-based approach accurately resolved the
biomass of critical small microforms (e.g., hummocks within hollows), which were missed or
misaggregated by traditional techniques. We conclude that objective, high-resolution microrelief
mapping via UAS-LIDAR is essential for spatially explicit and ecologically coherent phytomass
upscaling, providing an indispensable structural template for accurate carbon accounting in
heterogeneous peatlands.

Keywords: microtopography; ridge-hollow patterned bog; hummocks; depressions; carbon stock;
remote sensing; vegetation mapping; peatland; Western Siberia; upscaling

1. Introduction

Peatlands are crucial ecosystems that shape the terrestrial carbon balance alongside forests [1].
Although boreal peatlands cover only 2-3% of the land surface, their peat deposits store up to 500 Gt
of carbon, a stock comparable to that of forests, which occupy about 30% of the land area [2—4]. The
sequestration and long-term preservation of carbon in peatlands is crucial in regulating the climate
system [5-7]. Assessing the carbon-sink function of peatlands has been recognized internationally [8]
and nationally [9] as a key objective for developing climate change adaptation strategies [10]. Since
2022, Russia has been implementing the “Rhythm of Carbon” project (National System for
Monitoring Carbon Pools and Greenhouse Gas Fluxes), a primary goal of which is to assess peatland
carbon stocks through a developing network of permanent monitoring stations [11].

The photosynthetic activity of the plant cover is the key process driving carbon uptake in
peatland ecosystems [12,13], with the moss-herb—dwarf shrub layer playing the dominant role in
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long-term carbon storage [14,15]. The primary production of aboveground (AGB") and belowground
biomass (BGB) is sustained by mosses and perennial plants (e.g., moss litter, roots, and shoots), while
annual plants contribute a constant input of poorly decomposing mortmass under waterlogged
conditions [16].

However, AGB and BGB stocks in peatlands are characterized by high spatial variability,
expressed through a complex microrelief? structure [17-20]. For instance, in patterned bogs featuring
alternating ridges and hollows, AGB/BGB stocks can differ by an order of magnitude between these
elements [21,22]. In other boreal peatland types lacking distinct ridge-hollow patterns, spatial
variability driven solely by hummocks and depressions can still span severalfold [18,23].

The classical approach for estimating AGB/BGB stocks within specific microrelief elements is
direct vegetation sampling and dry mass measurement [24]. However, for heterogeneous peatland
microrelief, this requires extensive sampling and subsequent upscaling, which depends on knowing
the proportional coverage of microtopographic and microform elements across the study area [25,26].
Consequently, accurate spatial identification of microrelief elements is a major challenge for reliable
phytomass stock assessment at the ecosystem scale [17,27,28].

Satellite remote sensing is traditionally used for upscaling AGB from local to regional scales.
Unfortunately, even modern systems like Sentinel-2 have a spatial resolution (10-20 m/pixel) that is
too coarse to detect individual microforms; it is typically sufficient only for classifying bog landscape
units (vegetation facies) and, at best, broader microtopography. Some commercial very-high-
resolution sensors (0.5-2 m/pixel) could partially address the task of mapping microform areas, but
they are often costly or unavailable for the target regions [29,30]. As an alternative, field-based visual
estimation of microform coverage is a common but inherently subjective and imprecise method for
upscaling phytomass stocks, identified as a significant source of uncertainty in inventories [16,31,32].

In recent decades, unmanned aerial systems (UAS) equipped with LiDAR (light detection and
ranging) sensors have emerged as a key tool for spatially distributed studies of peatland AGB [33-
36]. UAS-LiDAR offers relatively low operational costs [37,38], is less dependent on cloud cover than
satellite optical data [39], and can survey terrain in remote or inaccessible areas [40-42]. Most
importantly for upscaling, LIDAR provides the best available characteristics for capturing the
morphological structure of heterogeneous peatland microrelief with sub-centimeter accuracy [43,44].
Several studies have successfully demonstrated the potential of UAS-LiDAR for mapping peatland
surface morphology on small pilot sites [35,45,46]. However, there is still a lack of comprehensive,
quantitative assessments comparing the results of AGB upscaling based on UAS-LiDAR-derived
microtopography and microforms against traditional field-based and satellite-based estimations at
matching landscape and local scales.

The aim of this study is to develop and test a simple, formalized approach for classifying bog
microtopography and microforms using UAS-LiDAR data to upscale AGB/BGB stocks, and to
quantitatively compare the results with traditional methods. Using a 4.64 km? section of an
ombrotrophic bog in Western Siberia as a case study, we addressed the following objectives:

1. To develop a straightforward formal method for classifying bog microtopography

(ridges/hollows) and microforms (hummocks/depressions) from UAS-LiDAR data across

different bog landscape units (vegetation facies).

1 Hereafter, “AGB” and “BGB” refer specifically to the phytomass of the moss—
herb—dwarf shrub layer.

2 Hereafter, “microrelief” refers to two hierarchically linked elements: (1)
microtopography - ridges (elevated, drained areas dominated by moss, herb,
shrub, and tree vegetation) and hollows (depressed, waterlogged areas
dominated primarily by moss vegetation) in patterned bogs, with typical
dimensions of 10'-10? m; and (2) microforms — hummocks and depressions

within ridges and hollows, with characteristic dimensions of 0.5 — 3 m.
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2. To upscale field-measured AGB/BGB stocks using the resulting microtopography/microform
map (LiDAR-based estimate).

3. To estimate phytomass stocks using two alternative methods: traditional field-based visual
upscaling (field-based estimate) and classification of bog landscape units and microtopography
from satellite data (satellite-based estimate).

4. To quantitatively compare the phytomass upscaling results from the three methods,
determining their discrepancies and evaluating the importance of accounting for bog
microtopography and microforms (via LIDAR) for accurate phytomass stock inventory.

2. Materials and Methods
2.1. Study Area

The study was conducted at the Mukhrino Field Station (MFS), located in the central part of
Western Siberia within the middle taiga bioclimatic zone. The MFS is situated approximately 20 km
southwest of Khanty-Mansiysk (60.892135° N, 68.682330° E), on the second terrace of the left bank of
the Irtysh River, near its confluence with the Ob River. The research area occupies the northeastern
part of the pristine Mukhrino mire, which covers approximately 75 km? (Figure 1). To the southwest,
the extensive peatland and lake landscapes of the Kondinskaya lowland are interspersed with
riparian forests [47]. The Mukhrino mire itself is an oligotrophic, raised Sphagnum bog. It occupies a
local watershed between two small streams, the Mukhrina and the Bolshaya, discharging water to
both.
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Figure 1. Location of the study objects: (a) geographic zoning of Western Siberia (green area) according to [48]
and borders of the Khanty-Mansiysk Autonomous Okrug — Yugra (pink); (b) overview of the oligotrophic
Mukhrino bog; (c) location of the test plots within the bog; (d) photographs of the studied bog sites.
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Climate data for the region were derived from the Khanty-Mansiysk meteorological station (All-
Russian Research Institute of Hydrometeorological Information — World Data Centre). For the period
19902024, the mean annual air temperature was —4.58 + 3.9°C, and the mean annual precipitation
was 549 + 4.95 mm. Seasonal averages were as follows: winter (November—March) —14.1 + 2.1°C and
32.0 + 12.3 mm; summer (May-September) +13.0 + 2.0°C and 61.9 + 5.6 mm; and transitional seasons
(April, October) +0.4 + 4.1°C and 37.8 + 7.2 mm. Maximum precipitation occurs in July, with high
interannual variability (range: 7-233 mm).

Four bog landscape units (bog types), typical of the middle taiga of Western Siberia, were
investigated in this study (Figure 1):

1. Ridge-hollow patterned bog. This is the most widespread ombrotrophic patterned bog type
in Western Siberia. It consists of pine-dwarf shrub-Sphagnum ridges and Sphagnum hollows,
generally oriented perpendicular to the direction of rainwater flow. The configuration and spacing
of ridges and hollows are related to the slope gradient of the peatland surface. Ridges are drier and
elevated 25-50 cm above the adjacent hollows. We distinguished two microtopographic elements
within this unit:

- Ridges: Dominated by Sphagnum fuscum with Pinus sylvestris, Ledum palustre, and Chamaedaphne
calyculata. Pines are typically 0.5-2.0 m tall with 3-10% cover [49,50]. The ridge surface features
a hummocky microrelief of alternating Sphagnum hummocks and depressions.

- Hollows: Represented by sedge-Scheuchzeria—Sphagnum and cottongrass—sedge—-Sphagnum
communities. The dwarf shrub layer is dominated by Andromeda polifolia and Vaccinium
oxycoccos. The herb layer includes Scheuchzeria palustris, Carex limosa, Eriophorum vaginatum, and
Drosera rotundifolia. The moss cover is dominated by Sphagnum balticum, S. papillosum, S. jensenii,
and S. majus, with occasional S. lindbergii [49,50]. The water table in hollows typically ranges
from 0 to 15 cm below the moss surface but can rise above it during wet periods. The hollow
surface also exhibits a hummocky microrelief, formed by Eriophorum vaginatum hummocks and
Sphagnum depressions.

2. Ryam with hollows (Eriophorum vaginatum). This unit differs from the typical ryam by the
presence of small hollows dominated by cottongrass—Sphagnum balticum communities. The mosaic
includes Sphagnum hollows with scattered Pinus sylvestris, Ledum palustris, Chamaedaphne calyculata,
and Sphagnum fuscum on hummocks, and Eriophorum vaginatum with S. balticum in depressions. The
microrelief is diverse, consisting of Sphagnum and Eriophorum vaginatum hummocks alternating with
small depressions.

3. Pine-dwarf shrub-Sphagnum bog (“Ryam”). This landscape unit features a well-developed
but stunted tree layer (pine heights: 0.5-4 m). The dwarf shrub layer is dominated by Chamaedaphne
calyculata and Ledum palustre, with Andromeda polifolia, Vaccinium uliginosum, Vaccinium oxycoccos (var.
microcarpus), and Oxycoccus palustris. The herbaceous layer is represented by Rubus chamaemorus,
with occasional Eriophorum vaginatum and Drosera rotundifolia. Its horizontal structure is characterized
by alternating Sphagnum hummocks (average height: 30-40 cm) and depressions.

4. Sphagnum bog with sparse low pine trees (“Open bog”). This unit is characterized by Pinus
sylvestris, Chamaedaphne calyculata, Eriophorum vaginatum, Sphagnum angustifolium, and S. divinum,
with a very sparse or absent dwarf pine layer. It typically occurs in a 100-200 m wide transition zone
between the oligotrophic raised bog and the mineral uplands, or between raised bogs and
minerotrophic fens. The microforms here are represented by hummocks formed by Sphagnum and
Eriophorum vaginatum, alternating with small hollows.

A detailed geobotanical description of the study areas, including plant heights, projective cover,
phenophase, and vitality, is available in [47].

2.2. Data Acquisition
2.2.1. UAS Survey

A LiDAR survey was conducted on 18 June 2023 using a Geoscan 401 Unmanned Aerial System
(UAS) equipped with an AGM-MS3 LiDAR sensor (AGM Systems, Russia). The survey covered a 2.2
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km (W-E) x 2.2 km (N-S) area within the Mukhrino bog massif. The geographic coordinates (WGS84)
of the survey area corners were: N60.900456°, E68.655223°; N60.900495°, E68.693931°; N60.881808°,
E68.694075° N60.881734°, E68.655090°. The UAS was flown at a nadir altitude of 150 m above the
bog surface, with the LiDAR transceiver oriented vertically downward (90° to the surface). This
configuration yielded a point cloud with an average density of 100 points per m2

2.2.2. Satellite Data

Multispectral satellite imagery was classified to delineate bog landscape units and estimate the
proportional coverage of microtopography elements (ridges/hollows). The classification was
performed on a SuperView-2 image (SpacEyes Beijing Space View Tech Co. Ltd.) acquired on 25
August 2022, with a spatial resolution of 1.68 m and spectral bands (RGB, RedEdge). The ISODATA
unsupervised classification method was applied for this purpose. A detailed description of the
classification and interpretation process is provided in Section 2.3.3.

2.3. Microtopography Mapping and Classification Framework
2.3.1. Core Concept: Hierarchical Microrelief Model

The foundation of our mapping using UAS-LiDAR and upscaling approach is a hierarchical,
two-level model of bog microrelief, which is central to understanding the spatial variability of AGB
and BGB. This model defines two nested levels of surface structure:

1. Microtopography: The larger-scale element, characterized by the alternation of ridges (R) and
hollows (H). Ridges are elevated, relatively well-drained linear features dominated by
hummock-forming Sphagnum mosses (e.g., S. fuscum), dwarf shrubs, and stunted pines.
Hollows are waterlogged depressions primarily covered by hollow-dwelling Sphagnum species
(e.g., S. balticum). This level establishes the primary hydrological and vegetation gradient across
the bog, with typical element dimensions ranging from ~10 to 100 meters.

2. Microforms: Finer-scale structural elements that form a mosaic within each microtopographic
unit. These are hummocks (elevated patches) and depressions (waterlogged patches).
Hummocks are local elevations formed by dense moss carpets or tussocks of Eriophorum
vaginatum, while depressions are the wetter areas between them. This level drives small-scale
heterogeneity in moisture and vegetation, with characteristic dimensions of ~0.5 to 3 meters. For
analytical clarity and to reflect their hierarchical position, we use composite codes to denote each
microform class:

- RH: Hummocks within Ridges

- RD: Depressions within Ridges

- HH: Hummocks within Hollows

- HD: Depressions within Hollows.

The core methodological principle involves the sequential delineation of these hierarchical levels
based on a normalized elevation model (DTMnom). First, the broad microtopography (R/H) is
classified, followed by the segmentation of microforms (RH/RD and HH/HD) within each. This
approach allows for the quantitative assessment of the area occupied by each microrelief element,
which is critical for accurate phytomass upscaling.

2.3.2. UAS-LiDAR Data Processing and Microform Classification Algorithm

The classification of the hierarchical microrelief (microtopography and microforms) from UAS-
LiDAR data was based on a normalized digital terrain model (DTMxom) and optimized elevation
thresholds. The workflow consisted of three main stages: (1) DTM generation and normalization, (2)
threshold optimization, and (3) hierarchical classification.

1) The raw LiDAR point cloud was processed using AGM ScanWorks (AGM Systems, Russia) and

Lidar 360 (GreenValley International, USA) software. The processing chain included trajectory

calculation using GNSS/IMU data (NovAtel OEM719, AGM-PS.M), point cloud alignment, error
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assessment based on strip discrepancies, point classification (“ground” and “low points” at 10

cm resolution), and generation of a high-resolution Digital Terrain Model (DTM). To account for

the convex shape of the raised bog [51,52] and to create a common reference plane, a “zero

surface” representing the basal level of waterlogged hollows was modeled. A point layer of

10,000 randomly distributed points was created in QGIS and populated with DTM elevation

values. The highest 10% and lowest 1% of points were removed to filter outliers. A basal surface

was then interpolated from the remaining points using ordinary kriging (power function

variogram, SAGA GIS) and smoothed with a median filter (2000-pixel window). This basal

surface was subtracted from the original DTM using the raster calculator (QGIS) to produce a

normalized DTM (DTMnom), where elevation represents height above the local bog base.

The normalized DTMrom was classified using three optimized elevation thresholds (hrH, hir v hi1)

that define the hierarchical structure:

- Microtopography level: Pixels above hri were classified as Ridges (R), and those below as
Hollows (H).

- Microform level within Ridges: Pixels within the Ridge class above hr were classified as
Hummocks in Ridges (RH), and those below as Depressions in Ridges (RD).

- Microform level within Hollows: Pixels within the Hollow class above hu were classified as
Hummocks in Hollows (HH), and those below as Depressions in Hollows (HD).

The optimal threshold values (hrr=0.09 m, hr= 0.23 m, hr and hu= 0.04 m) were determined by

minimizing the Root Mean Square Error (RMSE) between the area proportions of microforms derived

from LiDAR and those from field surveys at 12 validation plots. Thresholds were tested iteratively at

1-cm intervals. The optimization results and the relationship between threshold values and RMSE

are shown in Appendix A.1. This creates a consistent elevation sequence: HD < ht < HH < hru < RD <
hr < RH.

3)

The resulting microtopography/microform map was integrated with a classified satellite image
(Section 2.3.3) to assign each microrelief element to its corresponding bog landscape unit (e.g.,
ridge-hollow patterned bog, ryam). Finally, the known areas of each microform within each
landscape unit, combined with field-measured AGB and BGB values, were used for phytomass
upscaling, as described in Section 2.5.

2.3.3. Satellite-Based Microtopography Classification

To delineate bog landscape units and estimate the proportional coverage of microtopography

elements (ridges/hollows) from satellite data, a two-stage classification was applied to the

SuperView-2 multispectral image (1.68 m spatial resolution, acquired 25 August 2022; bands: RGB,
RedEdge).

1)

2)

Microtopography (Ridge/Hollow) Classification. Ridges and hollows were classified directly
from the original image using a supervised Gaussian Maximum Likelihood classifier in
Multispec software. Training data consisted of at least three verified polygons per class for the
following seven spectral classes: ridges, saturated hollows, unsaturated hollows, Eriophorum
hollows, open water, forest, and forest shadow. Reference accuracy for each class exceeded 97%
(minimum: forest shadow), and reliability accuracy was at least 96% (minimum: Eriophorum
hollows). Overall classification performance was 99% with a Kappa statistic of 0.99 (variance =
0.000009). The resulting classes were manually generalized and merged into two final
microtopography classes: Ridges (R) and Hollows (H), which were then vectorized.

Landscape Unit Classification. To identify the broader bog landscape units (vegetation types),
the same SuperView-2 image was pre-processed to reduce noise and define meaningful objects.
A 3x3 pixel median filter was applied eight times in GRASS GIS, followed by image
segmentation with a minimum segment size of 15x15 pixels (approx. 25x25 m). For each
segment, the median spectral reflectance per band was calculated, creating “superpixels”. These
superpixels were classified into 10 spectral clusters using the ISODATA unsupervised method
in Multispec. The clusters were then manually interpreted and generalized into the four target
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landscape units described in Section 2.1: Ridge-hollow patterned bog, Ryam with hollows,

Ryam and Open bog. These units were vectorized in QGIS.

Finally, the proportional area of ridges and hollows within each landscape unit polygon was
calculated using zonal statistics in QGIS. The resulting landscape unit map served as a common
spatial framework for all three upscaling approaches: it defined the boundaries for calculating
microtopography and microform proportions from the LiDAR-based estimate, for applying field-
based visual coverage ratios (field-based estimate), and for assigning satellite-derived ridge/hollow
ratios (satellite-based estimate). These area ratios, together with the landscape unit map, formed the
basis for the comparative phytomass upscaling as described by Formula 1 in Section 2.5.

2.3.4. Field-Based Microlandscape Coverage Assessment

Ground-based estimation of microtopography and microform coverage was conducted through
visual assessment at 12 field plots within the study area (Figure 1, Table 1). The classification was
based on the dominant species in the tree, shrub, and herb layers, which served as the primary
diagnostic  criterion for distinguishing elevated (hummocks/ridges) and depressed
(depressions/hollows) elements.

Table 1. Characteristics of the field validation plots: location, area, and ground-estimated proportional coverage

of microtopographic and microform elements.

Ridg Hummocks /
Tes Ar
es/ Depressions
Landscape unit N E t ea,
Hollo for
plot ha for Ridges
ws Hollows
60.896  68.668 05 30/
1 60 /40 5/95
95 49 0 70
Ridge-hollow  60.896  68.673 01 30/
2 65/35 0/100
patterned bog 95 39 6 70
(Scheuchzeria 60.896 68.686 0.5 40/
' 3 70 /30 10/90
palustris) 61 49 0 60
60.900 68.687 01 40/
6 65/35 5/95
34 73 6 60
60.886  68.676 02 70/
i 10 55 /45 10/90
Ryam with 73 12 5 30
hollows 60.886  68.686 01 60/
11 65 /35 50 /50
(Eriophorum 73 67 6 40
vaginatum) 60.887  68.692 01 80/
12 70/30 50/50
12 58 6 20
60.895  68.677 01 100/
7 70/30 0/0
15 05 0 0
60.895 68.684 0.1 100/
Ryam 8 70 /30 0/0
05 75 0 0
60.886  68.666 0.1 100/
9 50 /50 0/0
70 74 6 0
60.896  68.688 0.2 100/
Open bog 4 65/35 0/0
92 70 5 0
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60.900 68.685 5 0.2 100/
31 68 5

60 / 40 0/0

Note: N and E are geographic coordinates (WGS84).

For landscape units with a distinct ridge-hollow structure (ridge-hollow patterned bogs and
ryam with hollows), the proportional cover of both ridges/hollows and hummocks/depressions
within each microtopographic element was estimated. In contrast, for the ryam and open bog units,
the large-scale ridge-hollow pattern was absent or indistinguishable at the ground level. Given their
relatively well-drained conditions and vegetation structure, which are more analogous to ridges in
patterned bogs, these areas were treated as uniformly elevated units (“ridges”). Consequently, only
the proportions of hummocks and depressions within these ridge-equivalent areas were assessed.

2.4. Phytomass Field Measurements and Fractionation

Phytomass sampling was conducted in July 2023 (peak growing season) across the 12 test plots
shown in Figure 1. Within each plot, 8 to 13 sampling sites were established to capture the variability
of microforms. The sampling strategy was tailored to the landscape unit structure:

- In ryam and open bog units (mosaic structure), 5 sites were placed on hummocks and 3 in
depressions.

- Inridge-hollow patterned bog and ryam with hollows units (complex ridge-hollow structure),
8 sites were located on ridges (5 on hummocks, 3 in depressions) and 5 in hollows (3 on
hummocks, 2 in depressions).

At each microsite, aboveground biomass (AGB) and belowground biomass (BGB, sampled to a
depth of 30 cm in 10-cm increments) were collected, separated by species and functional fraction.

AGB sampling and fractionation: Vascular plant AGB (grasses, shrubs, dwarf shrubs) was
harvested by clipping within 40x40 cm quadrats. Moss AGB was collected by cutting the green,
photosynthetically active parts (approximately 5 cm deep on ridges and 10 cm in hollows) using a
10x10 cm frame. AGB was separated into the following fractions: (1) green (photosynthetic) parts of
vascular plants; (2) green parts of mosses and lichens; and (3) aboveground mortmass (litter, grass
thatch, and standing dead shrubs).

BGB sampling and fractionation: Belowground samples were separated into: (1) live and dead
roots; (2) moss litter (the non-photosynthetic layer); and (3) belowground mortmass (poorly
decomposed peat with identifiable plant remains).

Laboratory processing: All samples were oven-dried at 40°C until a constant air-dry weight was
achieved (3-5 days, depending on initial moisture). Weighing was performed on a balance with a
precision of at least three decimal places. Oven-dry mass was calculated by dividing the air-dry mass
by the hygroscopic coefficient, following standard protocols for plant biomass determination [e.g.,
53].

Field microrelief assessment: The classification of microtopography and microforms at each plot
(Section 2.3.4) was based on visual assessment, using the dominant species in the tree, shrub, and
herb layers as the primary criterion for distinguishing elevated (hummocks/ridges) and depressed
(depressions/hollows) elements.

2.5. Upscaling Procedures and Comparative Framework

To upscale plot-level phytomass measurements to the entire study area (4.64 km?), we developed
and applied three distinct methodological pathways (LiDAR-based, Satellite-based, and Field-based),
each using a different source of spatial information for area weighting. The core metric for
comparison across methods is the area-weighted mean phytomass stock (Pw, in t ha™), calculated for
the entire bog using Equation 1.

For each bog landscape unit (Section 2.1), the mean phytomass stock per unit area (t ha™! for AGB
and BGB) was first calculated separately for each microform (RH, RD, HH, HD) using data from the
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corresponding field sampling sites (Section 2.4). The area-weighted mean phytomass stock (Pw) for
the entire study bog, which represents the average stock per hectare accounting for the spatial
distribution of microrelief, was then calculated as follows:

L (PiXS;

B, = M0 (1)

where: Pi is the mean phytomass stock (t ha) of the i-th microrelief element, Siis the total area (ha)
occupied by that element within the study area, is the total number of microrelief classes considered.
The three upscaling pathways differed in the source of the area data Si:

LiDAR-based Upscaling (Microform-level): Uses the hierarchical microtopography/microform
map derived from UAS-LiDAR (Section 2.3.2). Areas Si correspond to the four microform classes (RH,
RD, HH, HD) within each landscape unit. This approach integrates field data at the finest spatial
resolution (Field microform data x LIDAR microform areas).

Satellite-based Upscaling (Microtopography-level): Uses the satellite-derived map of
microtopography (Section 2.3.3). Areas Si correspond to the two microtopography classes (Ridges,
Hollows) within each landscape unit. Field microform data were first aggregated to the
microtopography level (e.g., mean stock for ridges = mean of RH and RD) before application. This
represents a coarser, more traditional approach (Field microtopography data x Satellite
microtopography areas).

Field-based Upscaling (Visual estimate): Uses the visually estimated proportional cover of
microrelief elements from ground surveys at the 12 plots (Section 2.3.4, Table 1). These proportions
were applied uniformly across the entire area of each corresponding landscape unit to calculate Si.
This method relies entirely on subjective field extrapolation (Field microform data x Field-visual
microform areas). This comparative framework allows for a direct quantitative assessment of how
the choice of spatial data (LiDAR vs. Satellite vs. Field visual) influences the final estimate of the area-
weighted mean phytomass stock across the landscape.

2.6. Accuracy Assessment and Statistical Comparison
2.6.1. Accuracy of Microtopography Maps

The accuracy of the mapped microtopography and microforms was assessed using two
independent approaches.

1. Error Matrix-Based Validation (Remote Sensing vs. Expert Interpretation).

The classification accuracy of the UAS-LiDAR-derived microform map (RH, RD, HH, HD) was
evaluated using a standard error matrix approach. A stratified random sample of 400 validation
points (100 per landscape unit) was generated across the study area. These points were not used
during the threshold calibration (Appendix A.1) and served as a fully independent validation set. An
independent expert, blinded to the final LiDAR classification, visually interpreted each point by
jointly analyzing the corresponding orthophoto and the high-resolution DTM, assigning it to one of
the four microform classes. The expert’s reference labels were compared against the LiDAR-based
map to construct an error matrix and calculate standard accuracy metrics: Overall Accuracy (OA),
User’s Accuracy (UA), Producer’s Accuracy (PA), and the Kappa coefficient (i).

The accuracy of the satellite-based microtopography map (R/H classes) was assessed using the
same protocol for comparability. A new stratified random sample of 400 points (200 per class) was
created. Reference labels were assigned by the same expert through a “blind” visual interpretation of
the SuperView-2 multispectral image in a false-color composite (R=Infrared, G=Blue, B=Green).
Results are presented in Section 3.3.1.

Methodological Note: We acknowledge that using the same DTM for expert interpretation as for
the LiDAR-based automatic classification presents a potential methodological issue, as the reference
data are not fully independent of the model input. However, this approach was chosen as the most
objective, as the DTM provides the most accurate and direct measurement of microrelief morphology,
which is unattainable through ground surveys of random points. Crucially, the expert had no access
to the results of the automated classification, ensuring the independence of their interpretation.
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2. Regression-Based Comparison (Remote Sensing vs. Field Surveys).

A second validation method assessed the consistency between the area proportions of
microrelief elements derived from remote sensing (both UAS-LiDAR and Satellite - based ) and those
from ground surveys at the 12 validation plots (Table 1). For each available element type, a simple
linear regression was performed. The independent variable (X) was the proportional area based on
ground assessment, and the dependent variable (Y) was the proportional area derived from the
respective remote sensing map. This analysis was conducted for:

- UAS-LiDAR: hummocks and depressions within ridges (RH, RD) and hollows (HH, HD)
- Satellite: ridges (R) and hollows (H).

This approach quantitatively evaluated the agreement between field and remote sensing

estimates of key microrelief element distributions. Results are presented in Section 3.3.2.

2.6.2. Comparison of Phytomass Upscaling Methods

To quantitatively evaluate the differences between the upscaling methodologies, we employed

a two-tier validation strategy: (1) a direct plot-scale comparison at the 12 calibration plots, and (2) an

independent, landscape-scale statistical comparison of the two remote sensing-based methods.

1) Plot-Scale Comparison (Calibration Plots). For each of the 12 ground calibration plots (Table 1),
the total phytomass stock (tonnes per plot) estimated by the three methods (UAS-LiDAR-based,
satellite-based, and field-based) was compared. The pairwise discrepancy for each plot was
quantified using two complementary metrics:

Absolute discrepancy (Aabs, tonnes) between two methods (X and Y):
Agpsi = |ZJL Pl = Xja P )

where X, Y are the compared methods; j — microtopography or microform element; m, n — number of

microtopography or microform element by method X or Y respectively; i — plot number
Relative (symmetric) discrepancy (Arwl, %) between two methods (Variables defined as in

Equation 2):
Sy P20 PYj]
a0 = EEER 00 3
rel,i %(Z}';Pfﬁz;}ﬂpi).,i) ©

2) Independent Landscape-Scale Statistical Comparison. A separate validation design provided a
fully independent, statistical assessment of the two remote sensing approaches across the entire
landscape:

- Stratified Random Sampling: We generated 100 circular validation zones, each 98.375 m?
(=0.01 ha). To ensure representative coverage, 25 zones were randomly allocated within the
mapped area of each of the four landscape units.

- Data Extraction and Analysis: For each zone, the total phytomass (tonnes) was extracted
from both the UAS-LiDAR-based and satellite-based upscaling raster layers, creating a
paired sample (n = 100). As the paired differences were not normally distributed, we used
the non-parametric Wilcoxon signed-rank test (Matlab function: signrank(uas, sat)). The
test evaluates the null hypothesis that the median of the paired differences (UAS - Satellite)
is zero. The sign of the test statistic (stats.signedrank) was used to interpret the direction of
the bias: a positive signed-rank sum indicates that the UAS-LiDAR estimates are
systematically higher (satellite underestimation), while a negative sum indicates the
opposite (satellite overestimation), relative to the UAS-LiDAR benchmark.

Data Extraction and Analysis: For each zone, the sum phytomass (tonnes) was extracted from
the UAS-LIDAR and satellite-based raster layers, creating a paired sample (n = 100). The non-
normally distributed paired differences were analyzed using the Wilcoxon signed-rank test. The test
was applied in the order UAS-LiDAR estimate vs. Satellite estimate (signrank(uas, sat); Matlab),
testing the null hypothesis that the median of the paired differences (UAS - Satellite) equals zero. A
significant positive test statistic indicates satellite underestimation, while a significant negative
statistic indicates satellite overestimation, relative to the UAS-LiDAR benchmark.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1048.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 December 2025 d0i:10.20944/preprints202512.1048.v1

11 of 29

This combined validation framework enables both a detailed, plot-specific analysis of
methodological discrepancies and a rigorous, independent statistical assessment of systematic biases
between the primary remote sensing techniques at the landscape scale.

3. Results
3.1. Spatial Structure of Microrelief: UAS-LiDAR and Satellite-Based Assessments

The hierarchical classification of microtopography and microforms derived from the normalized
DTM (DTMrorm) is presented in Figure 2. The map reveals the complex microrelief structure of the
study bog. For the ridge-hollow patterned bog and ryam with hollows units, a clear two-level
hierarchy is evident: the larger microtopography elements (ridges and hollows) contain an internal
mosaic of finer microforms (hummocks and depressions). In contrast, the ryam and open bog units
lack this distinct large-scale ridge-hollow pattern; their microrelief variability is expressed primarily
at the level of hummocks and depressions. The total mapped area was 464 ha, with the ridge-hollow
patterned bog being the most widespread unit (205 ha), followed by ryam with hollows (147 ha),
ryam (107 ha), and open bog (6 ha).

LANDSCAPE U
Ridge-hollow patterned bog Depressions in hollows
‘:- (Scheuchzeria palustris) Q Hummocks in hollows
Depressions in ridges

EL AL el Hummocks in ridges

(Eriophorum vaginatum)

[

Figure 2. Map of bog landscape units (color) and microtopography with microforms (elevations in dark,
depressions in light), based on UAS-LiDAR data.

The proportional coverage of microtopographic and microform elements varied substantially
across the different landscape units (Table 2). Within the ridge-hollow patterned bog, depressions
(hollows) dominated, covering 66% (134 ha) of its area. Conversely, in ryam with hollows, open bog,
and ryam, elevated elements (ridges) were dominant, constituting 77% (113 ha), 86% (5 ha), and 92%
(98 ha) of their respective areas. Note: While classical geobotanical studies often do not distinguish
ridges and hollows in ryam/open bog, treating their variability solely at the microform level, we
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apply a formal, elevation-based criterion relative to the bog’s basal surface, hence the classification
presented here.

The surface heterogeneity of ridges, in terms of microforms, was also pronounced. The
proportion of hummocks within ridges (RH) increased in the sequence: ridge-hollow patterned bog
(62%) < ryam with hollows (74%) < ryam (83%). In the open bog, however, hummocks did not
dominate the ridge surface (46% RH), with a larger area occupied by depressions within ridges (RD)
(54%).

Hollows in all units were characterized by less contrasted microform conditions, with
depressions (HD) generally prevailing. Nevertheless, the proportion of hummocks within hollows
(HH) showed a concurrent increase: ridge-hollow patterned bog (24%) < ryam (35%) < ryam with
hollows (36%) and open bog (59%). These data quantitatively confirm the high multi-scale spatial
heterogeneity of the bog surface and provide the foundation for phytomass upscaling.

Comparison with Satellite Data. Satellite-based classification resolved the microtopography only
to the level of ridges and hollows (Table 3). The relative proportion of ridges across landscape units
followed a similar trend as the LiDAR-based data: ridge-hollow patterned bog (28%) < open bog
(64%) < ryam with hollows (71%) < ryam (91%).

However, the satellite-derived area of ridges was systematically lower than the LiDAR-based
estimate in all units except the open bog, with differences of -6%, -6%, and -1% for the ridge—hollow
bog, ryam with hollows, and ryam, respectively. A direct comparison of the total areas (Tables 2 and
3) confirms that the satellite-based method consistently underestimated the proportional cover of
ridges compared to the high-resolution UAS-LiDAR benchmark, highlighting a systematic bias in
coarser-scale remote sensing products for microtopographic mapping.

Table 2. Area of microtopography and microforms, based on UAS-LiDAR data.

Ridge-hollow Ryam with
Microtopography / patterned bog hollows Open
Ryam!
microform (Scheuchzeria (Eriophorum bog!
palustris) vaginatum)

area, ha/ % of total

Total 205 147 107 6

Ridges 71/34 113 /77 98 /92 5/86
Hollows 134 / 66 34/23 9/8 1/14
Hummocks in ridges 44 /21 84 /57 81/76 2/40
Depressions in ridges 27 /13 29/20 16 /15 3/46
Hummocks in hollows 32/16 12/8 3/3 <1/8
Depressions in hollows 103 /50 22 /15 6/5 <1/6

% of ridges
Hummocks / Depressions 62 /38 74 /26 83/17 46 /54
% of hollows
Hummocks / Depressions 24 /76 36/ 64 35/65 59 /41

! The ridges and hollows delineated in the ryam and open bog units are microlandscape elements whose absolute
heights relative to the bog’s basal surface are equivalent to those of ridges and hollows in the ridge-hollow
patterned bog and ryam with hollows. However, they may differ in horizontal extent, morphological structure,

and vegetation composition.

Table 3. Area of microtopography and microforms, based on satellite data.
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Ryam with
Ridge-hollow
hollows

Microtopography / patterned bog . Open!

(Eriophoru Ryam!
microform (Scheuchzeria bog

m
palustris) .
vaginatum)
area, ha / % of total

Total 205 147 107 6
Ridges 57 /28 105/71 97 /91 4/64
Hollows 148 /72 42 /29 9/9 2/36

3.2. Phytomass Stocks Across the Microtopographic Gradient

The quantification of aboveground (AGB) and belowground (BGB) biomass stocks revealed a
pronounced hydro-topographic gradient, fundamentally governed by the position within the
microtopographic hierarchy (landscape unit — microform). The mean stocks and their fractional
composition are detailed in Table 4.

A clear and consistent pattern emerged: the highest total organic matter stocks were found in
the most waterlogged microforms—depressions within hollows (HD)—with values peaking in the
Open bog (143 + 22 t ha') and Ryam with hollows (131 + 18 t ha™). Within each landscape unit, stocks
increased progressively along the wetness gradient from the most elevated and drained positions
(hummocks in ridges, RH) to the most waterlogged (depressions in hollows, HD). This trend
challenges the simplified assumption that elevated, drier microforms consistently support greater
biomass.

The moss layer was the overwhelming driver of total phytomass, constituting 85-95% of the
pool across all microsites. Crucially, the accumulation of moss mortmass was the key differentiator
along the hydro-topographic gradient. Its stock increased significantly from 58 + 1 t ha' on
hummocks in ridges (Ridge-hollow bog) to 120 + 3 t ha™! in depressions in hollows (Open bog). This
massive pool underscores the role of mosses not merely as primary producers but as the principal
architects of long-term carbon sequestration, with accumulation driven by suppressed
decomposition in waterlogged conditions, maximized in the lowest-lying depressions.

Table 4. Specific phytomass of the moss-herb—dwarf shrub layer (mean + o, t ha™) across microtopographic and

microform elements for the four bog landscape units. Values are separated into organic matter fractions.

Ridge-hollow Ryam with
. . patterned bog hollows Open
Microtopography / microform . . Ryam!
(Scheuchzeria (Eriophorum bog!
palustris) vaginatum)

Total organic matter, tonnes per ha+ o

Hummocks in ridges (RH) 807 89 +2 80+14 87 +22
Depressions in ridges (RD) 90 +£20 112+7 90 +14 106 + 22
Hummocks in hollows (HH) 91+20 128 +23 100+ 14 124 +22
Depressions in hollows (HD) 97 +24 131+18 110+15 143 +22
Moss dead phytomass, tonnes per ha+ o
Hummocks in ridges (RH) 58 +1 61+1 59+1 71+2
Depressions in ridges (RD) 75+2 85+1 701 87 +2
Hummocks in hollows (HH) 74 +£2 103 +2 801 103 +2
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Depressions in hollows (HD) 82+2 111+2 90+2 120+3
Moss green phytomass, tonnes per ha+ o
Hummocks in ridges (RH) 14+1 19+1 13+1 7+1
Depressions in ridges (RD) 10+1 201 14+1 11+1
Hummocks in hollows (HH) 12+1 161 15+1 14+1
Depressions in hollows (HD) 12+1 16+1 16+1 18+1
Vascular plants phytomass!, tonnes per ha + ¢
Hummocks in ridges (RH) 8+5 9+2 7+5 10+5
Depressions in ridges (RD) 4+3 7x2 75 8+5
Hummocks in hollows (HH) 4+3 9+2 5+£5 7+4
Depressions in hollows (HD) 4+2 4+3 4+3 5+4
Vascular plants mortmass, tonnes per ha + ¢
Hummocks in ridges (RH) 05+0.3 04+03 04+04 0.8+0.7
Depressions in ridges (RD) 04+04 04+04 04+0.3 0.6+0.5
Hummocks in hollows (HH) 0.3+0.3 0.5+0.2 03+0.3 0.5+0.5
Depressions in hollows (HD) <0.1+0.1 0.2+0.2 0.2+0.1 0.3+0.3

IRidges and hollows identified in ryam and open bog are microlandscape elements with absolute heights relative
to the bog’s basal surface equivalent to those in the ridge-hollow patterned bog and ryam with hollows, though

they may differ in horizontal extent, morphology, and vegetation composition. 2Roots and shoots combined.

In contrast, the green biomass of mosses showed less variability (typically 12-20 t ha™),
suggesting a relatively stable productive capacity, while net accumulation (mortmass) is highly
sensitive to hydro-topographic position.

The contribution of vascular plants to total AGB was minor (<15%, often <5%). Their phytomass
was generally higher on ridges and hummocks (e.g., 8 + 5 and 10 + 5 t ha! in the Ridge-hollow and
Open bog, respectively) than in hollows and depressions, reflecting a preference for less waterlogged
conditions. The high standard deviations indicate significant small-scale patchiness. Vascular plant
mortmass was negligible (<1 t ha™!), confirming their minimal contribution to the standing dead
organic matter pool compared to mosses.

In summary, the spatial structure of phytomass in these boreal peatlands is defined by a strong
hydro-topographic template. The total stock is predominantly built by the moss layer, with its
accumulation (mortmass) maximized in the most waterlogged depressions. The vascular layer, while
ecologically important, plays a secondary role in terms of overall carbon standing stock. This detailed
fractional analysis is critical for understanding carbon storage drivers and for accurately scaling plot-
level measurements.

3.3. Accuracy of Microtopography Mapping
3.3.1. Error Matrix Assessment

UAS-LiDAR Microform Classification. The error matrix for the UAS-LiDAR-based microform
map (RH, RD, HH, HD), validated against 400 independent expert-interpreted points, is presented

in Table 5. The overall classification accuracy was 79% with a Kappa coefficient (k) of 0.72, indicating
substantial agreement according to the Landis & Koch scale.

Table 5. Error matrix and accuracy assessment for the microtopography classification based on UAS-LiDAR
data.

Reference Data Map Data N PA, %
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RH RD HH HD
Hummocks in ridges (RH) 86 17 0 1 104 83
Depressions in ridges (RD) 14 70 8 0 92 76
Hummocks in hollows (HH) 0 13 75 14 102 74
Depressions in hollows (HD) 0 0 17 85 102 83
N 100 100 100 100 400
UA,% 86 70 75 85

PA: Producer’s Accuracy; UA: User’s Accuracy.

Accuracy varied across classes. The highest User’s Accuracies were for Hummocks in ridges
(RH, 86%) and Depressions in hollows (HD, 85%), indicating high reliability for these distinct
endmembers. The lowest User’s Accuracy was for Depressions in ridges (RD, 70%). The main
confusion occurred between RD and HH (21 points) and between HH and HD (31 points), reflecting
the similarity in elevation characteristics in transitional zones between these microforms. Producer’s
Accuracy was lowest for Hummocks in hollows (HH, 74%), confirming it as the most challenging
class to detect accurately.

Satellite Microtopography Classification. The error matrix for the satellite-based ridge/hollow
map is shown in Table 6. The overall accuracy was 77% with a Kappa of 0.53, indicating only
moderate agreement. The satellite map showed balanced but limited performance, with similar
User’s (R: 78%, H: 76%) and Producer’s (R: 76%, H: 77%) accuracies for both classes, alongside
substantial mutual confusion (94 misclassified points).

Table 6. Error matrix and accuracy assessment for the microtopography classification based on satellite data.

Map Data
Reference Data N PA, %
R H
Ridges (R) 155 49 204 76
Hollows (H) 45 151 196 77
N 200 200 400
UA,% 78 76

The Overall Accuracy was 77%, the Kappa Coefficient (i) was 0.53.

Direct Comparison of Methods. To enable a direct comparison at the same thematic level
(ridges/hollows), the UAS-LiDAR microform map was aggregated. The resulting 2-class map
achieved an overall accuracy of 95% and a Kappa of 0.89 (almost perfect agreement). User’s
Accuracies were 94% (Ridges) and 96% (Hollows), and Producer’s Accuracies were 95% and 94%,
respectively. In stark contrast to the satellite map (OA=77%, k=0.53), the LiDAR data provide near-
perfect discrimination of the key microtopographic elements. These results unequivocally
demonstrate that UAS-LiDAR is critical for applications requiring the highest accuracy in mapping
bog microrelief structures.

3.3.2. Cross-Comparison of Microtopography Mapping Methods at Test Plots

The accuracy of the microtopography and microform classifications was further assessed by
comparing the proportional areas of each element derived from the UAS-LiDAR and satellite-based
maps against ground survey data from the 12 validation plots using linear regression (Table 7).

Table 7. Coefficients of determination (R?) from linear regressions comparing the proportional area of microrelief

elements derived from UAS-LiDAR, satellite, and ground-based methods across 12 test plots.
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UAS-Ground Sat.-Ground UAS-Sat.
R H RH RD HH HD R H R H
R 0.7 0.7 0.5 0.5 <0.1 0.7 0.2 0.2 0.5 0.5
0.5! 0.82 0.82 0.92 0.92

! For the UAS-Ground comparison of HH, the R? value of 0.5 is calculated after excluding plots where hollows
were absent in the ground survey. 2 For the Sat.-Ground and UAS-Sat. comparisons, R? values of 0.8 and 0.9,

respectively, are obtained after excluding plots on the open bog (sites 4, 5).

UAS-LiDAR vs. Ground. The comparison revealed strong agreement for the area of ridges (R,
R?=0.7) and depressions in hollows (HD, R>=0.7), and moderate agreement for
hummocks/depressions within ridges (RH/RD, R?=0.5). This demonstrates the LIDAR method’s high
capability to capture key elevated elements. However, agreement was poor for hummocks within
hollows (HH, R2<0.1), indicating a systematic discrepancy. This can be attributed to the inherently
small and variable area HH occupies at the plot scale (0-20% ground, 0-15% LiDAR), making it
highly susceptible to field estimation error or oversight. Notably, when plots without ground-
identified hollows are excluded, the R? for HH increases to 0.5 (footnote 1), underscoring the impact
of field misclassification.

Satellite vs. Ground. The initial comparison showed weak performance (R>=0.2 for both R and
H). However, when open bog plots (4, 5) —where both methods struggle —are excluded, agreement
improves markedly (R?=0.8, footnote 2). This indicates the initial discrepancy stems not from a
fundamental failure of the satellite classification, but from shared limitations of both field and satellite
approaches in specific, challenging landscape units.

UAS-LiDAR vs. Satellite. A direct comparison of the two remote sensing methods showed
moderate correlation when all sites were included (R>=0.5 for R/H). After excluding the problematic
open bog sites, the agreement became very high (R>=0.9, footnote 2). This confirms that the UAS-
LiDAR and satellite-based maps capture broad-scale microtopographic patterns congruently across
most of the landscape. The key advantage of UAS-LiDAR thus lies not in mapping ridges and hollows
per se, but in its superior spatial resolution, which enables the quantification of internal heterogeneity
(microforms) within these larger units—a capability essential for accurate phytomass estimation.

3.4. Comparison of Phytomass Upscaling Methods
3.4.1. Landscape-Level Totals and Spatial Allocation

At the aggregate scale of the entire 4.64 km? study bog, the three upscaling methods yielded
remarkably similar estimates of the area-weighted mean phytomass stock (Pw): 93 + 14 t ha! (UAS-
LiDAR), 95 + 17 t ha! (Satellite), and 97 + 15 t ha™ (Field-based). This apparent consensus might
suggest method interchangeability for large-area inventory. However, this agreement in aggregate
totals masks profound and ecologically significant discrepancies in how the phytomass is spatially
allocated across the microrelief hierarchy. A detailed comparison at the landscape unit level (Figure
3) reveals critical, method-driven differences in the distribution of phytomass among
microtopographic ~ elements  (ridges/hollows) and  their = constituent  microforms
(hummocks/depressions). While a formal statistical comparison across the four landscape units was
not feasible (n=4), the qualitative and quantitative allocation patterns provide compelling evidence
of methodological bias.
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Figure 3. Weighted phytomass (Pw, tonnes) or bog landscape units (color) and microtopography with

microforms (elevations in dark, depressions in light), based on UAS-LiDAR, ground and satellite data.

Ridge-Hollow Patterned Bog: The UAS-LiDAR approach, accounting for the full microrelief
hierarchy, identified significant phytomass stocks on hummocks within hollows (HH: 6.2 + 1.4
tonnes). This stock was nearly five times higher than the field-based estimate (1.3 + 0.3 tonnes), which
likely overlooked these small elevated features. The satellite method could not resolve HH,
aggregating this stock into the broader, ecologically dissimilar “hollows” class (30.0 = 7.1 tonnes).

Ryam with Hollows: Differences were less pronounced. The total phytomass allocated to broad
ridge/hollow classes was reproducible across methods. However, the UAS-LiDAR method still
revealed a more nuanced picture, showing that the field-based approach slightly underestimated
phytomass on ridge hummocks (12.5 + 0.2 vs. 16.1 + 0.3 tonnes), highlighting the challenge of visual
proportion estimation.

Ryam: The limitations of traditional methods became acute. The field method completely
overlooked phytomass in hollows, misallocating it. The satellite method produced total stocks for
ridges (16.8 + 2.9 tonnes) and hollows (2.2 = 0.3) that were comparable to the UAS-LiDAR-derived
sums of their constituent microforms (17.1 + 2.9 and 2.0 + 0.3, respectively). However, this aggregate
agreement masked its fundamental inability to reveal the internal heterogeneity (RH vs. RD)
captured by LiDAR, which is critical for process-based understanding.

Open Bog: Both traditional methods failed. The field method did not detect phytomass in
depressions within ridges and hummocks within hollows. The satellite method yielded similar totals
but similarly failed to reflect the true spatial structure. Crucially, the satellite’s “ridges” and
“hollows” in this unit corresponded, based on ground-truthing, to hummocks and depressions
within ridges. This indicates that the spectral classification logic requires careful re-evaluation for
non-standard landscape units like the Open bog.

In summary, while aggregate stocks were similar, the methods diverged sharply in spatially
allocating phytomass to specific microforms. The UAS-LiDAR approach consistently provided the
most ecologically coherent and detailed distribution, uncovering stocks missed or misaggregated by
traditional methods.

3.4.2. Direct Plot-Scale Comparison of Total Phytomass at Test Plots

A direct, plot-scale quantitative comparison of the three upscaling methodologies was
performed using the total phytomass estimates (tonnes per plot) for each of the 12 validation plots.
The pairwise discrepancy between methods was evaluated using both the absolute discrepancy (Aabs,
tonnes) and the relative discrepancy (Arl, %) as defined in Equations 2 and 3 (Section 2.6.2). The
results for each plot are presented in Table 8.

UAS-LiDAR vs. Satellite: Context-Dependent Agreement. For most plots (7 of 12), the two
remote sensing methods showed excellent agreement (Arel < 1%), confirming they converge on similar
total stocks in landscape units where satellite microtopography classification is reliable (e.g., typical
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ridge-hollow bogs). However, this agreement masks critical failures. In the microform-dominated
Open bog (plots 4, 5), discrepancies became extreme (Ari = 17.9-25.8%), with satellite estimates
systematically higher by 4.6-5.6 tonnes (Aabs), quantifying a severe overestimation bias where satellite
resolution cannot resolve true microform structure.

UAS-LiDAR vs. Field: Plausibility and Correction of Field Errors. The comparison showed
generally low-to-moderate discrepancies (Aret = 1.7-10.9%), validating the plausibility of the LIDAR-
based upscaling against traditional field extrapolation. Notably, on plot 2, a higher discrepancy (A
=17.0%) suggested a local field error. Crucially, on this plot, the UAS-LiDAR and satellite estimates
agreed closely (Arel = 4.2%), while the satellite-field discrepancy was large (Arel = 21.2%). This pattern
indicates that the primary error source was the subjective field assessment, and the consistency of the
two independent remote sensing methods likely reflects a more accurate representation.

Table 8. Total phytomass stock estimates (tonnes per plot) from the three upscaling methods and their pairwise

relative (Arel, %) and absolute (Aabs, tonnes) discrepancies for the 12 validation plots.

Total Phytomass
Arel, % / Aabs, tonnes
Landscape Test (tonnes)
unit plot Satelli Grou UAS-
UAS UAS-Sat. Sat.-Ground
te nd Ground
Ridge- 1 46.1 46.1 46.9 0.2/0.1 1.7/0.8 1.9/0.9
hollow 2 18.1 18.8 15.2 42/0.8 17.0/2.8 21.2/3.6
patterned 3 47.0 46.9 45.9 02/01 23/11 2.0/09
bog
(Scheuchzeria 6 14.8 0.1/<0.1 5.0/0.7 5.0/0.7
palustris) 141 14.1
Ryam with 10 25.4 25.2 27.3 1.0/0.2 72/1.9 82/21
hollows 11 15.9 17.0 17.6 70/1.2 10.3/1.7 3.3/0.6
(Eriophorum
. 12 16.6 0.7/0.1 1.7/0.3 24/04
vaginatum) 16.3 16.2
7 7.3 7.3 7.6 0.1/<0.1 3.6/03 3.5/03
Ryam 8 12.9 13.0 13.2 1.0/0.1 27/04 1.7/0.2
9 14.2 13.0 13.7 89/12 3.0/04 5.8/0.8
4 23.4 27.9 20.9 17.9/4.6 10.9/2.4 28.6/7.0
Open bog
5 18.9 24.5 17.9 25.8/5.6 55/1.0 31.1/6.6
Mean 56/12 59/11 9.6/2.0

Satellite vs. Field: Largest Discrepancies Reveal Mutual Failure. The largest errors occurred
between satellite and field methods, with Ara exceeding 28-31% in the Open bog. This demonstrates
that in complex terrain, both traditional methods are not only erroneous but also in strong mutual
disagreement, highlighting their fundamental inadequacy.

In summary, while satellite-based upscaling can perform adequately in stereotypical bogs, it
fails catastrophically (Ari >25%) in heterogeneous units, introducing large systematic biases. The
UAS-LiDAR method bridges this gap: it provides accuracy comparable to field methods where they
are reliable, while objectively identifying and correcting substantial field errors in complex terrain,
thus serving as a robust baseline for accurate phytomass distribution.

3.4.3. Independent Statistical Comparison Across the Landscape
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The Wilcoxon signed-rank test applied to the paired phytomass estimates from 100 independent
validation zones revealed a striking, landscape-dependent pattern of systematic bias in the satellite-
based method relative to the UAS-LiDAR benchmark (Table 9).

Table 9. Results of the Wilcoxon signed-rank test comparing Satellite-based and UAS-LiDAR total phytomass

estimates across landscape units.

Significa . . .
. p- Interpretation (Satellite relative to
Landscape unit nt z-value
value UAS-LiDAR)
(a=0.05)
Ridge-hollow patterned
0.83 No significant bias
bog - -0.2
Ryam with hollows 0.01 + 2.8 Significant OVERESTIMATION
Ryam 0.01 + 2.7 Significant UNDERESTIMATION
Open bog 0.16 - -1.4 No significant bias

In the relatively homogeneous Ryam, the satellite method significantly underestimates
phytomass stocks. Conversely, in the more structurally complex Ryam with hollows, the bias
reverses, leading to significant overestimation. In the two most extensive units (Ridge-hollow
patterned bog and Open bog), no statistically significant median bias was detected, indicating
inconsistent satellite errors without a clear directional trend at the landscape scale.

This finding is critical: The error of the satellite-based method is not random noise but a
predictable, systematic bias whose direction depends on the landscape context. The UAS-LiDAR
approach provides the consistent reference framework needed to identify and correct these context-
dependent distortions, which remain hidden when using only field-based checks or aggregate
accuracy metrics.

3.4.4. High-Resolution Spatial Upscaling Based on UAS-LiDAR

Applying the validated UAS-LiDAR upscaling pathway, we generated a continuous, high-
resolution (0.09 m) map of phytomass stocks for the entire study area (Figure 4). This map spatially
integrates the microtopography/microform classification (Figure 2) with the measured phytomass
gradients (Table 4) using the area-weighting algorithm (Formula 1).

The map provides a spatially explicit representation of fine-scale heterogeneity driven by
microforms. Two notable patterns emerge:

1) In areas mapped as Ryam (e.g., near plot 9) and Open bog (plots 4, 5), the LIDAR-based map
reveals a fine-grained mosaic of hummocks and depressions with high contrast in phytomass
values. These are the same areas where traditional upscaling methods showed the largest
pairwise discrepancies (Table 8).

2) The map explicitly resolves the spatial distribution and biomass contribution of specific
microforms, such as hummocks of Eriophorum vaginatum within hollows (HH), which appear as
high-biomass features within waterlogged areas.

This resulting phytomass map serves as a high-fidelity, spatially explicit inventory that captures
the ecological structure of the bog’s microrelief. It provides the direct spatial product of the LiDAR-
based upscaling approach, whose quantitative advantages over traditional methods were established
in the preceding sections.
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Figure 4. Spatial distribution of phytomass stocks in the moss-herb-dwarf shrub layer. The map is based on
upscaling ground plot data using the microtopography and microform map derived from UAS-LiDAR. Values
represent the total stock of aboveground and belowground (to a depth of 30 cm) phytomass. Units: tonnes per
hectare (t ha™).

4. Discussion
4.1. Methodological Triad: Comparing Incommensurate Models of Microrelief

The core challenge of upscaling in heterogeneous environments lies not in a lack of methods,
but in the fundamentally different and incommensurate principles underlying each approach. Our
three-pathway framework juxtaposes models of reality with distinct origins of uncertainty,
explaining their divergent outcomes not as random errors, but as systematic consequences of their
design.

The field-based visual model is intrinsically qualitative and spatially implicit. It translates the
observer’s mental integration of complex patterns into discrete area percentages, a process vulnerable
to cognitive bias (e.g., overlooking small features) and incapable of extrapolating local proportions
to a spatially variable bog dome. This explains the sporadic, high-magnitude discrepancies (e.g.,
omission of hollows in ryam plots, Table 8), which reflect the method’s subjectivity and limited
representativeness rather than measurement error.

The satellite-based spectral model is spatially explicit and processing-objective, but its
information is constrained by fixed resolution (~1.6 m) and the physics of reflectance. Each pixel
captures a spectral aggregate of all surfaces within its footprint— tree canopy, shrubs, moss patches,
and water. This forces the classification to group ecologically distinct microforms (e.g., a Sphagnum
depression and an Eriophorum hummock) into spectrally defined “ridge” or “hollow” classes. Its key
limitation is ecological misaggregation: it maps spectral categories, not ecological units, and its signal
is confounded by vegetation layers above the target moss surface [29,43].

The UAS-LiDAR morphometric model also provides a spatially explicit and objective output,
but it senses a different property: surface geometry. By directly measuring elevation at high
resolution, it captures the topographic structure controlling hydrology. Its classification is rule-based
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and reproducible, derived from elevation thresholds applied uniformly across the landscape. While
it objectively maps form, it does not directly show ecological function—a Sphagnum hummock and a
Eriophorum tussock of similar height are morphometrically equivalent.

Therefore, we do not compare one “true” map against two “false” ones. We compare three
specialized models: a subjective/partial one (field), a spectrally-aggregated one (satellite), and a
morphometric/structural one (LiDAR). Within this triad, the LIDAR model serves as the most viable
benchmark for this study because it alone provides a reproducible, quantitative, and spatially
exhaustive representation of the structural template —the microrelief—that is the primary physical
driver of the ecological gradients we aim to scale. The discrepancies quantified in Sections 3.3 and 3.4
are the predictable manifestations of comparing these incommensurate representations of a complex
surface.

4.2. The Morphometric-Ecological Divide in Microform Classification

The foundation of our upscaling approach is the recognition that microrelief is the primary
physical driver of spatial heterogeneity in peatland biomass [2,17,19]. The UAS-LiDAR approach
resolves the structural template with high fidelity, but it operates within a fundamental constraint: it
classifies surface morphology, not ecological assemblages. This creates a morphometric-ecological
divide where formal elevation rules may not align perfectly with traditional phytosociological
concepts.

Our hierarchical classification is based on relative elevation above a modeled basal surface.
While this objective rule cleanly separates topographic forms (e.g., a local elevation within a hollow
is classified as HH), it does not guarantee ecological equivalence. For instance, a tall Eriophorum
vaginatum tussock in a hollow (HH) and a low Sphagnum ridge (R) could occupy similar absolute
heights, yet represent functionally distinct microsites with different plant communities, hydrology,
and carbon cycle dynamics. The classification is blind to these differences; it maps the topographic
opportunity space for ecological variation.

We deliberately accepted this divide to prioritize objectivity, reproducibility, and a direct link to
hydrology. The elevation-based template is a conservative, unbiased representation of the primary
physical gradient (moisture) governing peatland biogeochemistry. In doing so, we explicitly
distinguish our product from a vegetation map. This is not a shortcoming but a conscious
methodological choice that clarifies the interpretation of our results: the LIDAR-derived maps model
the physical habitat structure, to which ecological properties (like phytomass) can be—and in our
study, are—statistically related.

The logical next step is to bridge this divide. The objective morphometric framework we
established is the ideal structural backbone for integrating complementary data on ecological
function. Future work should fuse this high-resolution topographic data with coincident
hyperspectral or multispectral UAS imagery. This would allow the assignment of spectral signatures
(related to species composition, moss vitality, or moisture content) to specific microform classes,
moving from a map of where hummocks and depressions are to a map of what they are ecologically.
Our study provides the essential, reproducible geometric foundation for this integrated, next-
generation mapping of peatland microhabitats.

4.3. Validation and Drivers of the Wetness-Accumulation Phytomass Gradient

Our results quantify a distinct and ecologically significant pattern for the Mukhrino bog:
phytomass stocks are maximized in the most waterlogged microforms. This “wetness-accumulation”
relationship highlights that in boreal Sphagnum peatlands, long-term carbon storage is often
decoupled from immediate productivity and driven primarily by the preservation of organic matter.

The total phytomass stocks we measured align with the documented range for oligotrophic bogs
across the West Siberian taiga [19, 24; see Table A2]. Notably, our observation of comparable or
greater biomass in hollows versus ridges is corroborated by several regional studies. For example,
[19] report stocks in oligotrophic hollows (5536-11742 g m) that rival or exceed those in adjacent
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ridges (5924-12596 g m2). Similarly, data from a nearby bog show higher stocks in hollows (6332 g
m~2) than in ridges (5678 g m2) [24]. This pattern, emerging within the broader spectrum of peatland
variability, underscores the functional diversity of these ecosystems and cautions against the
universal application of simplified biomass models based solely on moisture or vegetation facies.

Our fractional analysis directly illustrates the classic peat-forming mechanism [54,55] that
governs carbon stocks in these ecosystems. The total phytomass pool is overwhelmingly dominated
(85-95%) by the moss layer. As expected, the dead moss phytomass (mortmass) increases sharply
along the wetness gradient, from ~58 t ha? on ridge hummocks (RH) to ~120 t ha™ in hollow
depressions (HD), while green moss biomass remains relatively stable (12-20 t ha™). This quantifies,
at the microform scale, the well-established principle that long-term carbon accumulation is driven
by suppressed decomposition in waterlogged anoxic conditions, not by peak productivity. The minor
contribution of vascular plants (<15% of AGB, mortmass <1 t ha™) further confirms the central role of
mosses as the principal long-term carbon sink. Thus, our data provide a quantitative, spatially explicit
validation of this fundamental process within the microrelief hierarchy, forming the mechanistic
basis for the observed biomass gradient.

This verified gradient has direct consequences for upscaling. Where such a hydro-topographic
biomass template exists, any methodological error that misrepresents the area of wet depressions or
ecologically aggregates them with drier features—as our results show both satellite and field methods
do—will disproportionately distort the total stock estimate and its functional representation.
Therefore, for accurate carbon accounting and for generating realistic inputs for process-based
models, capturing the spatially explicit allocation of biomass according to this microtopographic
template is critical. Our UAS-LiDAR approach provides the necessary structural fidelity to achieve
this, whereas traditional methods introduce uncontrolled bias by oversimplifying this fundamental
ecological structure.

4.4. Implications for Spatially Explicit Carbon Accounting

Our results translate into two concrete risks for peatland carbon accounting:

- Thelllusion of Accuracy. Field and satellite methods can produce deceptively correct total stocks
while severely misrepresenting their spatial distribution (Figure 3, Table 8). For process-based
models that simulate carbon dynamics as a function of moisture and microtopography, this
incorrect allocation is not a minor error—it invalidates the model’s core logic [21,26] by
disconnecting carbon pools from their true hydrological drivers.

- Predictable, Uncorrectable Bias. The satellite method’s error is not random noise but a
systematic, landscape-dependent bias (Table 9). This means regional inventories will inherit a
hidden, spatially variable distortion. Its magnitude remains unknown without a high-resolution
benchmark, compromising the comparability of carbon stocks across different peatland types—
a fundamental requirement for national reporting or carbon credit verification.

- Therefore, for high-stakes applications where spatial accuracy matters—baselining carbon
projects, informing restoration, or initializing ecosystem models—reliance on traditional
methods that cannot resolve the microform template is a critical vulnerability. Objective
microrelief mapping, as demonstrated here with UAS-LiDAR, is not merely an improvement
but a necessary step to escape this methodological trap and ground peatland carbon accounting
in physical reality.

5. Conclusions

This study demonstrates that high-resolution UAS-LiDAR mapping of bog microrelief—
differentiating both microtopography (ridges/hollows) and microforms (hummocks/depressions)—
fundamentally improves the spatial accuracy of phytomass stock upscaling in a northern peatland.
We applied a straightforward, reproducible hierarchical classification based on an optimized
normalized digital terrain model for a 4.64 km? ombrotrophic bog in Western Siberia. The
comparative analysis with satellite-based classification and field-visual extrapolation revealed a
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critical limitation: while aggregate landscape-level phytomass estimates were similar (~93-97 t ha™'),
traditional methods failed to capture the true fine-scale spatial allocation of biomass. They
systematically missed or misaggregated key structural elements like hummocks within hollows,
leading to ecologically implausible distributions. Moreover, the satellite-based method exhibited a
predictable, landscape-dependent systematic bias, undetectable without a high-resolution
benchmark.

The revealed spatial pattern was governed by a clear wetness—accumulation gradient, with total
phytomass dominated by moss mortmass and increasing towards waterlogged depressions. This
confirms that accurate carbon stock assessment requires spatially explicit weighting of field data by
the true area of microform classes, a template only reliably provided by UAS-LiDAR.

Limitations and Perspectives: Our morphometric classification, while objective and
hydrologically informative, maps topographic form rather than ecological function. For instance, a
Sphagnum hummock and an Eriophorum tussock of similar height are conflated, representing a
morphometric-ecological divide.

These constraints, however, define clear pathways for future research. The established geometric
framework is an ideal backbone for integration with coincident UAS-based hyperspectral or
multispectral imagery to bridge the morphometric-ecological gap, enabling species-specific or
functional trait mapping within each microform class. Furthermore, the developed high-fidelity
phytomass maps can serve as ground truth for calibrating and validating satellite-based biomass
products or earth system models over vast peatland areas. Finally, this approach provides the
essential spatial accuracy required for baseline assessments in carbon emission reduction projects
(e.g., peatland restoration) and for initializing process-based models that simulate carbon dynamics
as a function of microtopographic-hydrological gradients.
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The following abbreviations are used in this manuscript:

AGB Aboveground Biomass

BGB Belowground Biomass
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UAS Unmanned Aerial System
LiDAR  Light Detection and Ranging
DITM Digital Terrain Model

RH Hummocks within Ridges

RD Depressions within Ridges

HH Hummocks within Hollows

HD Depressions within Hollows
Appendix A

Appendix A.1

RMSE hRH RMSE hR RMSE hH
150 210 300
® o
o o o
100 140 200
o o o
o o °
O @ o o
50 70 O‘) 100 aP
0.09; 0.23; 0.04;
56.54 87.30
0 47.37 0
0 0.1 0.2 0 0.4 0.8 -0.15 0 0.15

Figure A1. Optimization of elevation thresholds for hierarchical microrelief classification. The Root Mean Square
Error (RMSE) between ground-based and LiDAR-derived area estimates is plotted against candidate threshold
values for: ridge/hollow separation (hrn), hummock/depression classification within ridges (h&), and within
hollows (hx). Red vertical lines mark the optimal thresholds of 0.09 m, 0.23 m, and 0.04 m for hry, hr, and hx,

respectively, corresponding to the global RMSE minima.
Appendix A.2

Table A2. Mean phytomass stock (+SE) and mortmass (g m™) for oligotrophic bog ecosystems in the study

region: current study data compared with literature values.

Live
Landscape unit / Grasses Dead Total
Mosses Biomass Reference
Microtopography and shrubs (Total) Biomass Biomass
ota

Middle taiga (65 km east from Khanty-Mansiysk)

Ryam 451 + 87 19234302 87664832 10689 [56]
Northern Taiga (62°50'-63°20'N 75°00'~75°45'E)

Ridge 410+38 305 2064 6658203  8722+239

Hollow 351 £ 50 21 769 10973 H7a2 7]

1950 1889

Southern taiga (56°30'-57°00'N 82°30'~83°00'E)

Ryam 572 +51 436 2292 5506 +1050 7798 + 920

Ridge 317 +70 205 1474 4450 £1024 5924 + 1429 [57]

Hollow 420 +25 88 883 2983+87 3866+ 88

Southern Taiga (Tomsk, Polynyanka)
Tall ryam 405+632 269+390 [58]
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Low ryam 456+104 1172+415
Sedge-Sphagnum 433+88 980+980
fen
Ridge 294+23 878+170
Hollow 302+18 569+76
Southern Taiga (Bakcharsky district, Tomsk region)
Tall ryam 285+78 259+126 1313287 4239+710 5577+916
Low ryam 370+88 265+99 12204362 4059+606 5279+692 [59]
Sedge-Sphagnum 369+75 110+37 1035157 2692+527 3727+584
fen
Middle taiga (Khanty-Mansiysk) / Kukushkino bog
Ryam 450 2255.6 8766 11022
Ridge 353 1861 8664 10525 [60]
Hollow 587 1608 8238 9847
Middle taiga (Khanty-Mansiysk) / Oligotrophic bog “Chistoe”
Ridge 310 1547 4131 5678
Hollow 583 1388 4944 6332 [60]
Ryam 436 1529 6767 8296
Middle taiga (Nizhnevartovsk)-Oligotrophic bog “Savkino”
Ridge 387 £21 1442 10687 12129
Hollow 528 50 1239 8810 10049 [15]
Ryam 425+23 1557 8359 9916
Northern taiga (Noyabrsk)/Oligotrophic bog
Ridge 341+31 267 £ 25 1830 + 22 [15]
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