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A B S T R A C T
Cyclone disturbances can produce heterogeneous forest loss that is difficult to 
quantify with medium-resolution satellite products. We mapped windthrow 
caused by a severe winter extratropical cyclone on southeastern Iturup Island 
using very-high-resolution (VHR) multispectral imagery and compared it with 
Global Forest Change data. We trained a compact U-Net on 19 manually labelled 
1280×1280-pixel tiles using grouped four-fold spatial cross-validation. The final 
map contained 10 224 physical windthrow patches covering 798.56 ha, approxi-
mately 7 % of  forest within the VHR extent. The median patch area was 29.3 m2, 
whereas the largest patch covered 180.45 ha. The ten largest patches contained 
54.2 % of  mapped disturbance. Windthrow was concentrated at low elevations 
(~45.5 m) compared with 98.4 m for all forests. Global Forest Change Forest loss 
layer showed limited spatial agreement with VHR mapping (precision 0.531, recall 
0.594, IoU 0.389), despite broadly similar total loss area, partly due to whole-pixel 
activation from partial disturbance.
Keywords: forest disturbance, Global Forest Change, Kuril Islands, U-Net, VHR imagery, 
windthrow, winter storm

Р Е З Ю М Е
Корзников К.А., Петренко Т.Я. Крупномасштабные ветровалы на 
острове Итуруп (Курильские острова, Россия), вызванные циклоном 
в декабре 2014 года: детекция методом семантической сегментации по 
мультиспектральным снимкам сверхвысокого разрешения. Воздей
ствие циклонов формирует неоднородные по размеру участки наруше-
ний лесного покрова, которые трудно оценивать по спутниковым данным 
среднего пространственного разрешения. Мы создали карту ветровалов, 
вызванные сильным зимним внетропическим циклоном года на востоке 
центральной части острова Итуруп, используя мультиспектральные сним-
ки сверхвысокого разрешения (VHR), и сравнили результаты с данными 
среднего разрешения Global Forest Change (GFC). Компактную сеть U-Net 
обучили на 19 вручную размеченных изображениях размером 1280×1280 
пикселей с использованием пространственно сгруппированной четырех
кратной кросс-валидации. Итоговая карта содержала 10 224 физических вет
ровальных участка общей площадью 798,56 га, что соответствует примерно 
7 % площади лесов в пределах VHR-покрытия. Медианная площадь ветро
вального участка составляла 29,3 м2, максимальная – 180,45 га. Десять круп
нейших участков включали 54,2 % общей площади нарушений. Ветровалы 
были приурочены к меньшим высотам н.у.м. (~45,5 м против 98,4 м для всех 
лесов). GFC показал низкое пространственное соответствие VHR-сегмен
тации (precision 0,531; recall 0,594; IoU 0,389), несмотря на сходную общую 
площадь, что объясняется классификацией целого GFC пикселя 30×30 м  
даже при частичном нарушении лесного покрова.
Ключевые слова: нарушение лесного покрова, глобальное изменение лесов, Ку
рильские острова, U-сеть, изображения с очень высоким разрешением, вывал, 
зимний шторм
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Large-scale windthrow on Iturup 
Island (Kurils, Russia) following the 
December 2014 storm event revealed 
by very-high-resolution multispectral 
imagery and semantic segmentation

Wind disturbance is a major component of  forest dyna
mics and can rapidly alter canopy structure, biomass, carbon 
cycling, regeneration pathways, and habitat conditions (Lind
roth et al. 2009, Mitchell 2013). Climate change is also al
tering disturbance regimes, making the spatially explicit 
quantification of  severe events increasingly important for 
understanding forest vulnerability and recovery (Seidl et al. 
2017). Extratropical cyclones are among the principal sour
ces of  extreme winds in the mid-latitudes, and climate-model 

projections indicate changes in storm tracks, cyclone intensi
ty, and the spatial extent of  damaging winds during the twen
ty-first century (Priestley & Catto 2022, Little et al. 2023).

The Northwest Pacific is a particularly important region 
for studying wind disturbance at the southern boreal forests 
and temperate-boreal transition zone. Previous studies from 
the Russian Far East and the Insular Sector of  the Far East 
documented severe forest disturbance caused by both tropical 
and extratropical cyclones, with evergreen coniferous forests 
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often among the most affected vegetation types (Korznikov 
et al. 2022, 2023, 2025). On Kunashir Island, immediately 
south of  Iturup, a severe winter extratropical cyclone on 17 
December 2014 produced widespread windthrow under a 
combination of  extreme winds and wet snow. The event was 
followed by extensive secondary spruce mortality, making it 
one of  the best-documented compound forest disturbances 
in the southern Kurils (Korznikov et al. 2025a). Very-high-re
solution (VHR) imagery from Iturup shows a concentrated 
disturbance pattern with the same regional timing and cha
racteristic windthrow morphology, suggesting that the ecolo
gical footprint of  the December 2014 storm event extended 
northward across more than one island.

Reliable quantification of  such disturbance depends 
strongly on spatial resolution. Landsat-based products such 
as Global Forest Change (GFC) provide globally consistent 
annual information on forest-cover loss and are indispensable 
for broad-scale monitoring (Hansen et al. 2013). However, 
medium-resolution data aggregate heterogeneous canopy 
conditions within individual pixels and can miss small gaps, 
partial canopy disturbance, and disturbances embedded wi
thin structurally complex forests. These limitations were de
monstrated in the southern Kurils, where medium-resolution 
approaches underestimated or spatially displaced forest dis
turbance mapped from VHR imagery (Korznikov & Altman 
2024, Korznikov et al. 2025b). VHR imagery, by contrast, 
resolves individual canopy structures and small disturbance 
patches, and deep learning techniques can exploit both spect
ral and spatial texture to delineate irregular forest-damage 
boundaries (Kislov & Korznikov 2020, Kislov et al. 2021).

Two methodological issues remain particularly important 
for event-scale VHR RGB (red-green-blue channels) +NIR 
(near-infrared channel) mapping. First, multispectral informa
tion may improve discrimination between intact vegetation 
and mechanically disturbed canopy, but the gain from adding 
NIR information should be demonstrated rather than as
sumed. Second, accuracy estimates can be strongly inflated 
when neighbouring image tiles are divided randomly between 
training and validation sets. Spatially grouped cross-validation 
is therefore essential when the aim is to estimate transfer to 
geographically distinct forest contexts (Roberts et al. 2017). 
In addition, a model that maximizes pixel overlaps does not 
necessarily provide an unbiased estimate of  disturbed areas, 
which is often the principal ecological quantity of  interest.

In this paper we combine VHR RGB+NIR multispectral 
imagery, spatially grouped semantic-segmentation validation, 
elevation analysis, and comparison with GFC forest loss pro
duct to quantify the December 2014 windthrow on Iturup 
Island. Our objectives were to (i) map windthrow with a 
compact U-Net and test whether RGB+NIR input improves 
spatial generalization relative to RGB alone; (ii) select an in
ference and threshold configuration that balances segmenta
tion accuracy with unbiased area estimation; (iii) quantify the 
area, connectivity, and patch-size structure of  the mapped 
disturbance; (iv) describe its elevational distribution relative 
to the available forest area; and (v) determine how closely 
the VHR map is reproduced by medium-resolution annual 
forest-loss GFC data.

M A T E R I A L  A N D  M E T H O D S
Study s i te  and forest  disturbance event

The study area is located in the south part of  Iturup Is
land on its eastern coast and includes the coastal landscapes 
around Dobroye Nachalo and Odessky bays, Atsonupuri 
Volcano, and the vicinity of  Lakes Lesozavodskoye and 
Dobroye. The analysed VHR coverage was approximately 
152.6 km2 and was selected to encompass the principal con
centration of  post-cyclone windthrow visible in this part 
of  the island. Unlike Kunashir, where windthrow from the 
same regional event was distributed across much of  the is
land, the conspicuous Iturup disturbance was strongly con
centrated within this southeastern sector (Fig. 1).

The terrain is predominantly low-lying, with steeper 
relief  associated mainly with the slopes of  Atsonupuri 
Volcano. Lowland forests are dominated by conifers 
Abies sachalinensis and Picea jezoensis, locally with broadleaf  
admixture (mainly Betula ermanii). Wet and swampy sites 
include stands of  Alnus hirsuta and Salix spp. Forest do
minated by Betula ermanii forms a distinct vertical vegeta
tion belt on the volcanic slopes, while shrubland-like com
munities including Alnus fruticosa and Pinus pumila occur 
toward the upper part of  the volcano. Broadleaf  forests 
occupy a smaller proportion of  the lowland landscape than 
spruce-fir forest. This vegetation pattern is consistent with 
the regional forest zonation of  the southern Kuril Islands 
(Krestov 2003, Korznikov et al. 2024).

The mapped disturbance was interpreted as part of  the 
same severe winter extratropical cyclone that affected Ku
nashir on 17 December 2014 (Korznikov et al. 2025a). We 
use the well-documented Kunashir observations to charac
terize the regional event, not as direct meteorological mea
surements from Iturup. On Kunashir, the cyclone reached a 
central pressure of  949 hPa and combined extreme easterly 
to northeasterly winds with precipitation dominated by wet 
snow; sustained winds exceeded 43 m s-1 and gusts reached 
51 m s-1 (Korznikov et al. 2025a). The timing, regional storm 
trajectory, and morphology of  the Iturup windthrow are con
sistent with the same regional wind-wet-snow disturbance.

Very-high-resolut ion imagery and 
reference data

We mapped windthrow using two VHR multispectral 
WorldView-3 satellite images covering the analysed part of  
Iturup Island. Both images were acquired on 29 September 
2017 and supplied as pansharpened Standard Level 2A pro
ducts comprising blue, green, red and near-infrared bands at 
a pixel spacing of  0.30 m. The imagery was radiometrically 
corrected and atmospherically compensated and projected in 
WGS 84 / UTM zone 55N (EPSG:32655). Contrast-stret
ched RGB images were generated only for visual inspection 
and were not used for model training.

Windthrow was manually delineated in 19 spatially dis
tributed image tiles of  1280 × 1280 pixels, corresponding to 
approximately 384 × 384 m at the nominal image resolution. 
Eleven tiles contained windthrow, and 8 were true negative 
examples without windthrow. Manual delineations were con
verted to binary masks, with windthrow pixels assigned a 
value of  1 and all other valid pixels assigned a value of  0. 
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These masks were treated as the sole ground-truth reference 
for model development and validation.

Spatia l  cross-val idat ion
We used grouped spatial cross-validation to reduce op

timistic accuracy caused by spatial autocorrelation between 
neighboring image tiles (Roberts et al. 2017). Within each 
source image, annotated tiles touching along an edge or cor
ner were assigned to the same spatial group and could not 
be divided between training and held-out data. The resulting 
groups were distributed among four outer cross-validation 
folds while approximately balancing source images and posi
tive and negative examples.

For each outer fold, held-out spatial groups were ex
cluded from all stages of  model fitting and selection. The 
remaining groups were further divided into inner training 
and validation subsets. Channel normalization, model 
fitting, checkpoint selection, learning-rate adjustment, 
and early stopping were based only on the inner training 
and validation data. The outer fold was used only for 
final evaluation of  the selected model. This nested design 
therefore estimated model transfer to spatially distinct 
parts of  the imagery rather than performance on randomly 
separated but spatially adjacent samples.

Semantic  segmentat ion model
Windthrow was detected using a compact U-Net seman

tic-segmentation network based on the encoder-decoder 
architecture of  Ronneberger et al. (2015). The network ac
cepted either three input channels (RGB) or four channels 
(RGB+NIR). The encoder started with 24 feature channels 
and increased through 48, 96, 192, and 384 channels over four 
downsampling levels. Each convolutional block contained 
two 3 × 3 convolutions followed by Group Normalization 
(Wu & He 2018) and rectified linear unit activation. Down
sampling used max pooling. Decoder features were bilinearly 
upsampled, concatenated with corresponding encoder fea

tures through skip connections, and processed by 
convolutional blocks. A final 1 × 1 convolution 
produced a single windthrow logit layer. Group 
Normalization was used because GPU memory 
constraints required a batch size of  one.

Models were trained using 512 ×512-pixel 
image patches. For positive tiles, 16 patches were 
sampled per realization; 60 % were targeted to 
foreground pixels and 40 % were positioned ran
domly. Eight random patches were sampled from 
each negative tile. Data augmentation consisted 
of  rotations by 0, 90, 180, or 270 degrees and 
independent horizontal and vertical reflections.

Class imbalance was addressed with a weigh
ted binary cross-entropy term. The positive-class 
weight was calculated from the ratio between 
background and windthrow pixels in the inner 
training subset and constrained to the range 
1–20. The final loss combined weighted binary 
cross-entropy and soft Dice loss. Optimization 
used AdamW (Loshchilov & Hutter 2019) with 
an initial learning rate of  1 × 10–3, weight decay 
of  1 × 10–4, gradient clipping at 5.0, and FP32 

precision. Training continued for a maximum of  60 epochs. 
The learning rate was halved after four epochs without im
provement in validation Dice, and early stopping was app
lied after a minimum of  15 epochs and 10 consecutive 
epochs without improvement. The checkpoint with the 
highest inner-validation Dice was retained for evaluation on 
the corresponding outer fold. Training and inference were 
implemented in Python with PyTorch.
RGB versus  RGB+NIR comparison

To quantify the contribution of  the additional spectral 
information, we performed paired experiments using either 
RGB or RGB+NIR input. Both experiments used iden
tical spatial folds, network architecture, training patches, 
augmentation procedures, optimizer settings, and stopping 
criteria. The random seed was reset before each paired 
experiment so that patch selection and stochastic augmen
tation were directly comparable between spectral configura
tions. Channel means and standard deviations were calcu
lated exclusively from the inner training data.

Performance was quantified on the spatially independent 
outer folds using precision, recall, Dice coefficient, and in
tersection-over-union (IoU). Because estimation of  total 
disturbed area was a principal ecological objective, we also 
calculated the ratio between predicted and observed wind
throw area and the relative area bias.

Model  cal ibrat ion and mapping
After selecting RGB+NIR as the preferred spectral con

figuration, we optimized the segmentation operating point 
using out-of-fold probability maps. Probability thresholds 
from 0.20 to 0.80 in increments of  0.02 and minimum 
8-connected-component sizes of  0, 32, 64, 128, 256, 512, 
and 1024 pixels were evaluated. Calibration was nested: for 
each target outer fold, we selected the operating point using 
predictions from the other three folds and then applied it to 
the target fold.

Figure 1 Geographic location of  the study area on Iturup Island, Kuril Islands, 
Northwest Pacific. The inset shows the position of  Iturup within the Kuril 
Archipelago. Red polygons indicate mapped windthrow patches and are not 
shown to scale
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We used an area-aware selection rule. Among configura
tions producing a Dice value within 0.01 of  the maximum 
calibration Dice, we selected the configuration with the smal
lest absolute relative area bias. We also tested 8-transform 
test-time augmentation and evaluated whether increasing 
spatial context from 512 to 768 pixels during inference 
improved transfer. Fine-tuning with 768-pixel patches did 
not improve any fold-specific checkpoint; the best check
point in every fold remained the original 512-trained model. 
We therefore retained 512-pixel training while using a 768 × 
768-pixel production inference window with 25 % overlap 
and no test-time augmentation.

The final production model was trained on all 19 labelled 
tiles only after the model family, spectral input, inference 
context, and operating-point strategy had been fixed. Pro
duction inference used RGB+NIR input, a probability 
threshold of  0.66, and removal of  connected components 
smaller than 32 pixels (approximately 2.88 m2). Probabilities 
from overlapping inference windows were averaged before 
thresholding.

The binary scene maps were vectorized and geometries 
from overlapping source scenes were dissolved so that over
lap was counted once. Unambiguous false-positive objects 
were then removed by visual inspection against the original 
VHR imagery. Because vectorization occasionally divided a 
single spatially continuous windthrow into several polygon 
parts, a final connectivity correction merged polygon parts 
belonging to the same physical disturbance before patch-le
vel statistics were calculated. This step changed the patch 
number but not the total mapped area.

Elevat ion analys is
We evaluated the elevational distribution of  windthrow 

using the ASTER Global Digital Elevation Model V.3 
(GDEM; approximately 30 m spatial resolution; Abrams et 
al. 2020). The analysis was restricted to the VHR mapping 
extent. Forest was defined using the GFC tree-cover layer 
for the pre-disturbance year 2000, retaining pixels with 
canopy cover >=20%.

The final VHR windthrow polygons were overlaid with 
the DEM grid, and disturbed area was calculated within each 
DEM cell. We summarized elevation for (i) all forest within 
the VHR coverage, (ii) all mapped windthrow, and (iii) wind
throw restricted to the >=20% forest mask. Elevation sta
tistics were weighted by represented area and included the 
mean, median, and 25th and 75th percentiles. We also cal
culated the proportion of  forest area within the VHR co
verage affected by mapped windthrow. Rasterization conser
ved windthrow area to within approximately 0.02 % of  the 
corresponding vector area in the elevation-analysis workflow.

Comparison with medium-resolut ion 
forest- loss  data

We compared the VHR windthrow map with the GFC 
annual forest-loss product of  Hansen et al. (2013). The 
comparison was restricted to the VHR mapping extent. 
The primary analysis domain included pixels with tree cover 
≥ 20 % in the year 2000 and excluded locations already re
corded by GFC as forest loss before 2015. The resulting 
domain covered approximately 11 401 ha.

Because the cyclone occurred in December 2014 and 
annual forest-loss attribution can be shifted by image ac
quisition and the timing of  detectable spectral change, we 
evaluated three GFC windows: loss recorded in 2015 alone, 
cumulative loss in 2015–2016, and cumulative loss in 2015–
2017. The VHR polygons were overlaid with the GFC grid, 
and the amount of  VHR windthrow within each GFC cell 
was calculated as both disturbed area and fraction of  cell area.

At the landscape scale, we quantified true-positive, false-
positive, and false-negative areas relative to the VHR refe
rence and calculated precision, recall, Dice coefficient, IoU, 
omission error, commission error, and the ratio of  total 
GFC loss area to VHR windthrow area. We also evaluated 
the scale dependence of  GFC detection among cells inter
secting VHR-mapped windthrow. Binomial logistic regres
sion related GFC loss presence to the proportion of  each 
cell occupied by VHR windthrow and, separately, to VHR 
windthrow area within the cell. Fitted curves were used to 
estimate the within-cell disturbance associated with a 50 % 
probability of  GFC detection.

Windthrow area and patch-s ize  structure
For the connectivity-corrected VHR vector map, we cal

culated total mapped area, physical patch number, mean, 
median, and maximum patch area, and the contribution of  
the largest patches to total disturbed area. Patch-size classes 
were summarized as < 10, 10–100, 100– 1 000 m2 (0.1 ha), 
0.1–1, 1–10, and ≥ 10 ha. All patch areas were recalculated 
directly from the final edited geometries in EPSG:32655.

R E S U L T S
Contr ibut ion of  the NIR band

Adding the NIR band substantially improved spatial ge
neralization. Across the four held-out spatial folds, the RGB 
model achieved a mean Dice coefficient of  0.607±0.158 and 
a mean IoU of  0.451. Mean precision and recall were 0.602 
and 0.731, respectively. The corresponding RGB+NIR mo
del increased mean Dice to 0.722 ±0.160 and mean IoU to 
0.584, with precision of  0.696 and recall of  0.781. Thus, the 
additional spectral band increased mean Dice by 0.115 and 
mean IoU by 0.133.

The improvement occurred in three of  the four inde
pendent spatial folds. Dice increased from 0.635 to 0.896 in 
fold 1, from 0.485 to 0.706 in fold 3, and from 0.489 to 0.513 
in fold 4. Fold 2 was the only subset in which RGB alone 
performed better, with Dice decreasing from 0.820 to 0.775 
after adding NIR. The substantial among-fold variation in
dicates that forest structure, disturbance morphology, illu
mination, and local image context remained important 
sources of  prediction uncertainty despite the overall spectral 
advantage of  RGB+NIR.

Product ion model  performance
Area-aware calibration of  the 512-pixel inference confi

guration produced a nested out-of-fold Dice of  0.790, IoU 
of  0.653, precision of  0.786, and recall of  0.794. The aggre
gate predicted area differed from the reference by +1.10 %. 
Test-time augmentation did not improve performance: Dice 
decreased to 0.781, and area bias increased to +2.71 %.
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Increasing inference context to 768 pixels improved 
both overlap and area estimation. The final nested evaluation 
yielded Dice = 0.800, IoU = 0.667, precision = 0.797, and 
recall = 0.804. The predicted-to-reference area ratio was 
1.009, corresponding to an aggregate area bias of  +0.92%. 
Because all four folds retained the original 512-trained 
checkpoint during the large-context experiment, the 
improvement was attributable to additional context during 
inference rather than to successful additional fine-tuning.

Final  mapped windthrow and patch 
structure

After whole-scene inference, vectorization, manual re
moval of  unambiguous false positives (e.g. a few coastal 
scree slopes and volcanic barren lands) the final map 
contained 10 224 physical windthrow patches. Total mapped 
windthrow area was 798.56 ha (7.99 km2) within the ana
lyzed VHR extent. Of  this area, 797.17 ha occurred within 
the GFC-defined forest mask, corresponding to 6.99 % of  
the 11 398.46 ha of  forest within the VHR image extent.

The patch-size distribution was strongly right-skewed. 
Mean physical patch area was approximately 78.1 m2, whereas 
the median was only 29.25 m2. The largest connected patch 
covered 180.45 ha, equivalent to 22.6 % of  total mapped wind
throw area. The ten largest physical patches together accoun
ted for 54.2 % of  the total area (Fig. 2). Thus, the mapped 
disturbance combined very numerous small canopy openings 
with a small number of  very large contiguous windthrow 
patches that dominated landscape-scale area (Fig. 3).

Elevat ional  d istr ibut ion of  windthrow
The elevational distribution of  windthrow was shifted 

toward the lower part of  the available forest distribution. 
Mean elevation of  all mapped forest was 98.4 m a.s.l., com
pared with 45.5 m a.s.l. for windthrow within the same forest 
mask. The 25th, 50th, and 75th elevation percentiles for all 
forest were 17, 35, and 87  m, respectively, whereas corres
ponding values for windthrow were 19, 31, and 49 m. The 
lower quartiles and medians were therefore similar, but the 
upper tail differed strongly: 75% of  windthrow area occurred 
below 49 m, while 75% of  the available forest area occurred 
below 87 m. High-elevation forest was consequently underre
presented in the mapped disturbance (Fig. 4).

Comparison with medium-resolut ion 
forest  loss

The GFC forest loss map showed a pronounced temporal 
offset relative to the VHR reference. No corresponding loss 
was recorded in the 2015 GFC layer. When the temporal win
dow was extended through 2016, GFC identified 842.64 ha of  
forest loss within the analysis domain. Extending the window 
through 2017 increased detected loss to 886.63 ha, compared 
to 792.10 ha mapped using VHR imagery (Fig. 5).

However, agreement in total area did not correspond 
to close spatial agreement. For the 2015-2016 window, 
456.12 ha of  VHR windthrow overlapped GFC loss, 335.96 
ha of  VHR disturbance remained undetected, and 386.52 
ha were classified as GFC loss outside the VHR windthrow 
polygons. Precision was 0.541, recall 0.576, Dice 0.558, and 
IoU 0.387. Although total GFC loss exceeded the VHR 

Figure 2 Patch–size classes distribution and cumulative area 
contribution of  mapped windthrow patches. Physical windthrow 
patches were ranked from largest to smallest. The solid line shows 
individual patch area as a function of  patch rank; both X and Y 
axes are shown on logarithmic scales. The dashed line shows the 
cumulative proportion of  total mapped windthrow area accounted 
for by successively smaller patches, referenced to the right Y axis

Figure 3 Example of  windthrow delineation produced by the 
U-Net semantic-segmentation model applied to RGB+NIR very-
high-resolution satellite imagery. Red outlines indicate identified 
windthrow patches

Figure 4 Elevational distribution of  forest area and mapped 
windthrow area within the study area. (a) Distribution across the 
entire elevational gradient. (b) Detailed distribution within the 
lower elevation range from 0 to 150 m a.s.l. Values represent the 
proportion of  the total area of  each class occurring within each 
elevation interval
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reference by only 6.4 %, approximately 42.4 % of  VHR-
mapped windthrow area was omitted.

The 2015–2017 temporal window increased overlap 
to 470.51 ha (Fig. 6a) and recall to 0.594, but commission 
error also increased. GFC mapped 416.12 ha of  loss out
side the VHR windthrow polygons, while 321.57 ha of  
VHR windthrow remained undetected (Fig 6b). Precision 
was 0.531, Dice 0.561, and IoU 0.389 (Fig. 6c). Total GFC 
loss area was 11.9 % greater than the VHR estimate. Thus, 
a broadly similar landscape-scale total concealed substantial 
spatial disagreement between the two products.

GFC detection depended strongly on the amount of  
windthrow within a medium-resolution cell. For 2015–2017, 
the logistic-regression coefficient for within-cell windthrow 
fraction was positive (slope = 2.95, SE = 0.038, P < 0.001) 
(Fig. 6c). The fitted model reached a 50% probability of  
GFC detection when approximately 58.9 % of  a cell was 
occupied by VHR windthrow. The equivalent threshold 
based on absolute disturbed area was approximately 324 m2 
per GFC cell (Fig. 7).

D I S C U S S I O N
Addit ional  spectral  information 
improved spat ia l  transfer

The paired experiment provides direct evidence that 
the NIR channel improved recognition of  windthrow in 
spatially independent image subsets. Because RGB and 
RGB+NIR models used the same folds, architecture, 
patch-sampling scheme, augmentation, and random seeds, 
the mean increase in Dice from 0.607 to 0.722 is unlikely to 
reflect stochastic training differences alone. The additional 
NIR band most likely provided information complementary 

to visible colour and texture, particularly where windthrow 
altered canopy continuity, exposed woody material or 
understory, and changed the amount and condition of  pho
tosynthetically active vegetation.

This result is consistent with the broader value of  con
volutional neural networks for vegetation and forest-distur
bance mapping from high-resolution optical imagery (Kat
tenborn et al. 2021) and extends earlier windthrow work that 
relied predominantly on RGB VHR data (Kislov & Korz
nikov 2020, Kislov et al. 2021). The remaining fold-to-fold 
variation is equally informative. One fold performed better 
with RGB alone, and even the final RGB+NIR model va
ried markedly among spatial subsets. Spectral information 
therefore improved transfer but did not eliminate landscape 
heterogeneity.

The grouped validation design is central to this inter
pretation. Randomly separating neighbouring tiles would 
allow highly similar canopy structure, illumination, and 
disturbance morphology to occur simultaneously in training 
and test data, producing an accuracy estimate that is less 
relevant to geographical transfer. Spatially structured cross-
validation has been recommended for exactly this reason in 
ecological modelling (Roberts et al. 2017). The nested out-
of-fold estimate reported here should therefore be viewed 
as a more conservative measure of  expected performance 
in unsampled parts of  the same VHR image domain.

Spatia l  context  improved segmentat ion 
without  addit ional  tra ining

The second clear methodological result was the benefit 
of  larger inference context. Increasing the inference window 
from 512 to 768 pixels raised nested Dice from 0.790 to 

Figure 5 Comparison of  windthrow detection from very-high-resolution imagery and the Global Forest Change product. (a) Windthrow 
patches mapped by the U-Net semantic-segmentation model using RGB+NIR very-high-resolution satellite imagery. (b) Forest-loss areas 
recorded by the Global Forest Change forest loss layer within the 2015–2017 temporal window
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0.800 and reduced area bias from +1.10  % to +0.92  %, 
whereas additional fine-tuning at the larger window size 
provided no improvement. At 0.30-m resolution, the two 
windows span approximately 154 and 230 m, respectively. 
This scale is ecologically meaningful because windthrow 

is not only a pixel-level spectral feature: patch 
orientation, internal texture, boundaries, 
neighbouring intact canopy, and the spatial 
coherence of  fallen trees are expressed over 
tens to hundreds of  metres.

The result also illustrates a practical point 
for small VHR training datasets. More optimi
zation is not necessarily the best route to better 
generalization. Here, the learned local features 
were already useful, but presenting them within 
a wider spatial context improved interpretation 
of  patch structure. Conversely, test-time 
augmentation added computational complexity 
without improving Dice or area bias and was 
therefore excluded from production mapping.

Windthrow was concentrated in 
low-elevat ion forest

The Iturup disturbance was dispropor
tionately concentrated in the lower part of  the 
forested elevational distribution. The difference 
was expressed most clearly in the upper tail: 
75  % of  mapped windthrow occurred below 
49 m a.s.l., compared with 87 m for 75 % of  
all forest in the VHR coverage. This pattern 
resembles the earlier Kunashir analysis, where 
cyclone windthrow was also concentrated in 
low-elevation forest and declined at higher 
elevation forests (Korznikov et al. 2025a).

Elevation itself  should not be interpreted 
as a single causal driver. Within the Iturup stu
dy area, elevation covaries with forest compo
sition and terrain: spruce-fir forests dominate 
much of  the lowland, whereas stone-birch 
forest becomes more important on the slopes 
of  Atsonupuri. Differences among tree species 
in crown architecture, rooting, wood proper
ties, and winter foliage can strongly influence 
storm mortality (Barrere et al. 2023), and the 
Kunashir study showed that evergreen conifer-
dominated forests were especially susceptible 
to the same regional winter event (Korznikov 
et al. 2025a). Our Iturup analysis is descriptive 
and does not separate vegetation effects 
from wind exposure, slope, or other terrain 
variables. Nevertheless, it identifies a clear 
landscape position in which most mapped fo
rest disturbance occurred.

Windthrow dominated by a  few 
large patches

The resulting windthrow distribution shows 
that patch number and disturbed area describe 
different dimensions of  the event. Fine-scale 
canopy openings were extremely numerous, 

yet landscape-scale impact was controlled by a small num
ber of  large, contiguous blowdown areas. Similar dominance 
of  large disturbance patches has been reported for severe 
cyclone damage elsewhere in the Kuril-Sakhalin region 
(Korznikov et al. 2022, 2023). VHR imagery is particular

Figure 6 Area-based comparison between very-high-resolution (VHR) windthrow 
mapping and the Global Forest Change (GFC) forest-loss layer for the 2015–
2017 temporal window. (a) Total mapped area of  VHR windthrow and GFC 
forest loss within the common analysis domain. (b) Spatial agreement expressed 
as true-positive (TP), false-negative (FN), and false-positive (FP) area relative to 
the VHR reference. (c) Area-based accuracy metrics for GFC detection, including 
precision, recall, Dice/F1, and intersection-over-union (IoU). (d) Logistic 
relationship between the proportion of  a GFC cell occupied by VHR-mapped 
windthrow and the probability of  GFC detection. Open circles show observed 
detection frequencies by windthrow-coverage class, the solid line shows the fitted 
logistic model, and dashed lines indicate the 50% detection probability and the 
corresponding windthrow-coverage threshold (P50 = 58.9%)

Figure 7 Relationship between very-high-resolution (VHR) windthrow extent and 
detection by the Global Forest Change (GFC) product for the 2015–2017 temporal 
window. (a) Distribution of  GFC cells according to the proportion of  each cell 
occupied by VHR-mapped windthrow, separated into cells detected by GFC and 
cells missed by GFC. (b) Distribution of  the proportion of  VHR windthrow area 
within GFC cells for detected and missed cells. Boxplots show the median and 
interquartile range; points represent individual GFC cells
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ly useful in this context because it can retain both ends of  
the disturbance spectrum instead of  forcing small gaps and 
large blowdowns into the same coarse grid representation.

Simi lar  total  GFC area masked 
substant ia l  spat ia l  error

The GFC comparison demonstrates why total disturbed 
area alone is an insufficient validation criterion. By 2015–
2017, GFC mapped 886.6 ha within the analysis domain 
compared with approximately 792 ha in the VHR reference, 
a difference of  only about 12 %. Yet less than 60 % of  the 
VHR disturbance area overlapped GFC loss, precision was 
only 0.531, and IoU was 0.389. Omission of  VHR wind
throw was therefore partly offset by GFC loss outside the 
VHR disturbance, giving a superficially similar total for spa
tially different maps.

This does not imply that GFC performs poorly for its 
intended purpose. The Hansen et al. (2013) product was de
signed for globally consistent detection of  stand-replacing 
forest-cover loss at Landsat scale, not for event-specific de
lineation of  subpixel windthrow geometry. The Iturup com
parison instead quantifies the scale mismatch that arises when 
such a product is interpreted as a detailed map of  a particular 
disturbance. The fitted detection curve makes this mismatch 
explicit: approximately 59 % of  a GFC cell, or about 324 m2 
in the analysed grid, had to be occupied by VHR windthrow 
before the probability of  GFC detection reached 0.5.

The temporal offset provides the second warning. The 
December 2014 event produced no corresponding GFC 
loss in the 2015 layer, while apparent agreement increased 
only when 2016 and 2017 were added. Annual forest-loss 
products can therefore lag abrupt disturbance because de
tectable spectral change depends on image acquisition, 
cloud conditions, vegetation phenology, and the timing 
of  canopy collapse or exposure. Medium-resolution time 
series remain highly valuable for regional monitoring 
(Hansen et al. 2013, Chen et al. 2021), but local estimates 
of  heterogeneous windthrow require careful scale-aware 
validation (Korznikov et al. 2025b). This conclusion agrees 
with earlier work from Kunashir showing substantial under
estimation or spatial misrepresentation of  forest disturbance 
in medium-resolution imagery (Korznikov & Altman 2024).

Regional  interpretat ion and l imitat ions
The spatial pattern on Iturup is consistent with a nor

thern expression of  the same December 2014 winter storm 
disturbance documented on Kunashir (Korznikov et al. 
2025a). The regional interpretation is supported by timing, 
cyclone trajectory, and similar windthrow patterns, but direct 
meteorological attribution on Iturup remains less secure be
cause the detailed wind, precipitation, and temperature mea
surements currently available for this event are from Kuna
shir. The meteorological values reported here should there
fore be interpreted as characterization of  the regional event, 
not as local Iturup station observations.

Several additional limitations should be considered. 
First, the mapped area is restricted to the available VHR 
coverage and should not be interpreted as a complete is
land-wide estimate of  Iturup windthrow. Our visual 
interpretation of  later VHR imagery suggests that the same 

cyclone also caused recognizable, although less extensive, 
forest disturbance farther south on Iturup, particularly 
on the northern slope of  Berutarube Volcano and the 
southern slopes of  the Lvinaya Past ("Lion’s Maw") volcanic 
somma. In both areas, windthrow affected mixed conifer-
broadleaved and evergreen conifer forests. Second, manual 
removal of  unambiguous false positives introduces an ex
pert-quality-control step that should be retained in any re
producible production workflow but separated concep
tually from independent model validation. Third, the app
roximately 30-m DEM supports landscape-scale elevation 
comparisons but cannot resolve microtopographic expo
sure. Finally, the 2015–2017 GFC window may include some 
forest losses unrelated to the December 2014 event, so com
mission relative to the VHR map should not be interpreted 
exclusively as GFC classification error. Visual inspection of  
later VHR images did not reveal clear evidence of  additional 
forest loss caused by subsequent cyclones, geomorphological 
processes, or anthropogenic disturbance within the study 
area. Some of  the additional GFC loss may instead represent 
delayed mortality of  trees that were damaged, but not im
mediately killed, by the 2014 cyclone. This cannot be resol
ved confidently from satellite imagery alone without field 
observations. Moreover, because more than a decade has 
now passed since the disturbance, retrospective field identi
fication of  the original causes of  individual mortality patches 
would be increasingly difficult.

Despite these constraints, the combination of  spatially 
independent segmentation validation, area-aware calibration, 
connectivity-corrected patch mapping, elevation analysis, 
and explicit cross-scale comparison provides a robust event-
scale description of  the mapped disturbance. It also establi
shes a reproducible framework for comparing VHR forest-
damage maps with global forest-change products without 
assuming that agreement in total area implies agreement in 
spatial pattern (Korznikov et al. 2025b).

C O N C L U S I O N
VHR multispectral imagery and semantic segmentation 

revealed extensive and strongly aggregated windthrow in 
southeastern Iturup associated with the December 2014 
regional storm. Adding NIR information substantially im
proved spatial generalization relative to RGB alone, and in
creasing inference context to 768 pixels provided the best 
area-aware performance without additional fine-tuning. 
The final connectivity-corrected map contained 10,224 
physical patches covering 798.56 ha, with more than half  
of  the total area concentrated in the ten largest patches.

The disturbance was concentrated in the lower part of  
the forested elevational distribution, while comparison with 
GFC showed pronounced scale and timing effects. GFC 
produced a broadly similar total loss area over an extended 
2015–2017 window but reproduced the VHR spatial 
pattern only weakly. Event-scale estimates based only on 
medium-resolution forest-loss totals can therefore obscure 
both omission of  fine windthrow and commission outside 
the mapped event footprint. For heterogeneous cyclone 
disturbance in complex forest landscapes, spatially validated 
VHR mapping provides a substantially more informative 
basis for ecological interpretation.
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