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A B S T R A C T   

While many countries regularly produce timely and accurate estimates for a range of forest attributes through 
national forest inventory programs, many have access to no such inventory or their inventory is discontinuous in 
space and time, such as a sample-based approach in Ukraine limited to two regional (Ivano-Frankivsk and Sumy) 
inventories conducted in 2008–2015 at a total area of 37,700 ha. This study addresses the extent to which limited 
historical forest inventory data may facilitate forest mapping efforts using dense Landsat time series (LTS) and 
mapping techniques (i.e., classification and imputation) to predict multiyear forest dynamics. We used the 
Continuous Change Detection and Classification (CCDC) segmentation approach to extract inter- and intra- 
annual trends in LTS and utilized these fitted trends as covariates in further modeling. We developed random 
forest (RF) classification models for forest mapping based on field data collection and LTS, and then generated 
yearly forest maps for 1990–2020. The RF model accuracies were high for both producer’s and user’s accuracy 
(>0.93 ± 0.04). Based on yearly forest dynamics, we detected an increasing trend in forest loss during 
2000–2010 and 2010–2020 in our regions. We used the gradient nearest neighbor (GNN) method to generate 
species presence (basal area (BA) ≥ 1.0 m2 ha− 1) and growing stock volume (GSV) maps at the 30-m pixel level. 
Our nearest neighbor imputation models achieved better accuracies (Cohen’s kappa > 0.4) for species that are 
prevalent within regions, occupy distinct geographical areas, and have higher plot BA abundance. To obtain 
estimates of species abundance with higher R2, we used the GNN model with k = 3 nearest neighbors. Aggre
gating species based on similar environmental niche resulted in greater R2 values of BA that varied within two 
regions from low (0.129 and 0.416) for a group of hardwood deciduous species to high (0.531 and 0.712) for 
coniferous species. The accuracy was systematically better at 5-km hexagonal level, thus we recommend using 
the maps at coarser aggregations. The study showed that forests accumulated more GSV in 1990–2000, albeit 
higher rates of GSV loss were observed during the two last decades. We attribute the spatial and temporal 
character of forest change to forestry activities in the past, the current age structure of forests, and afforestation 
of abandoned farmlands. We are aware that forecasting performance of the nearest neighbor imputation 
approach merits more detailed consideration as new forest inventory data are available.   

1. Introduction 

Intensive human activities (e.g., logging or infrastructure develop
ment) and natural disturbances (e.g., wildfires, insect infestation) along 
with climate change alter spatial pattern of landscapes, changing forest 
structure and biodiversity. The use of remote sensing technologies to 
examine the role of different disturbance agents in forest ecosystem 
dynamics over a range of spatial and temporal scales is well established 
(Bolton et al., 2019; Cohen et al., 2016; Hislop et al., 2019; Senf et al., 

2017; Soulard et al., 2017). Better understanding of the historical 
context of forest dynamics promotes an improved strategy for sustain
able forest management by linking multiple disturbance events and 
current structure of forests (Nguyen et al., 2018a). Moreover, mapping 
of forest structural attributes and their change provides data in support 
of long-term monitoring programs (Kennedy, Ohmann, et al., 2018; 
Matasci, Hermosilla, Wulder, White, Coops, Hobart, & Zald, 2018). 
Thus, spatially explicit information on forest cover dynamics collected 
retrospectively at suitable spatial scales provides a comprehensive 
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framework for gaining insight regarding the accumulated effect of 
human interactions and natural factors on forest ecosystems resilience. 

Retrospective analyses of forest dynamics has become a prominent 
component of modern forest monitoring as the availability of time series 
of satellite observations has increased (Banskota et al., 2014; Gómez 
et al., 2016). Recent advances in dense time-series processing using 
various temporal segmentation approaches (Brooks et al., 2014; Her
mosilla et al., 2016; Huang et al., 2010; Kennedy et al., 2010; Zhu et al., 
2020; Zhu & Woodcock, 2014) as well as successful implementation of 
these algorithms on the Google Earth Engine (GEE) cloud-based plat
form (Arévalo et al., 2020; Kennedy, Yang, et al., 2018) has improved 
the capacity to monitor rates of forest change over recent decades. 
Spectral trajectories of Landsat time series (LTS) have proven useful for 
detecting long-lasting and non-stand replacing disturbance (Bullock 
et al., 2020; Chen, 2021; Coops et al., 2020). Additionally, inclusion of 
disturbance history derived from LTS improves predictive performance 
of models, particularly by treating recovery as a subsequent process to 
disturbance (Matasci, Hermosilla, Wulder, White, Coops, Hobart, Bol
ton, et al., 2018; Nguyen et al., 2018a; Pflugmacher et al., 2012). 
Moreover, studies show potential to detect causal agents of forest 
disturbance using spectral change metrics (e.g., duration, magnitude) 
extracted using temporal segmentation algorithms (Nguyen et al., 
2018a; Schroeder et al., 2017). A comprehensive analysis of forest 
monitoring technologies based on LTS is provided in Banskota et al. 
(2014). 

The historically deep and data-rich Landsat archive has been 
recognized as an important resource for large-area forest monitoring. 
Benefiting from a free access policy, wide spatial coverage, moderate 
resolution of imagery (30–60 m for optical bands, 15 m for panchro
matic band), and over four decades of data acquisition, Landsat imagery 
has found extensive application in various monitoring programs 
(Wulder et al., 2012, 2019). Over the last decade, LTS has been used as 
the basis for forest disturbance detection (Cohen et al., 2017; Nguyen 
et al., 2018a; Schroeder et al., 2017), and as a source to produce more 
stable spectral trajectories for forest classification (Hermosilla et al., 
2018; Matsala, Bilous, Myroniuk, Holiaka, et al., 2021), including 
nearest neighbor imputation mapping (Bell et al., 2015, 2021; Davis 
et al., 2015; Kennedy, Ohmann, et al., 2018). Given the limitation for 
characterizing spectral variation caused by vegetation phenology using 
annual composites, the Continuous Change Detection and Classification 
(CCDC) algorithm has become extremely useful to derive intra-annual 
vegetation phenology and gradual inter-annual vegetation growth or 
abrupt change (Zhu & Woodcock, 2014). In addition to their ability to 
capture vegetation phenology, harmonic regression coefficients extrac
ted from time series of spectral data have proven to be better predictors 
for key forest attributes than composite image variables. Particularly, 
Wilson et al (2018) achieved about two- to threefold increase in the 
coefficient of determination for models of continuous variables (i.e., 
number of trees, basal area, biomass) using harmonic models terms 
versus those using composite imagery. Further evaluation of seasonal 
composite and harmonic regression approaches identified better 
discrimination between forest types utilizing spectral trends and sea
sonality information quantified with harmonic inputs (Adams et al., 
2020). Moreover, Derwin et al. (2020) showed that adding harmonic 
terms to spectral data and other explanatory variables (e.g., terrain 
variables) improves the performance of predictive models. The CCDC 
algorithm is also recommended as an effective means to deal with 
missed observations that appear due to the presence of snow or cloud
iness (Awty-Carroll et al., 2019; Wilson et al., 2018). More recent pub
lications have demonstrated the potential for improvement of the CCDC 
algorithm to detect even subtle changes in canopy (Ye, Rogan, Zhu, 
Hawbaker, et al., 2021) and near-real-time forest monitoring (Ye, 
Rogan, Zhu, & Eastman, 2021; Zhu et al., 2020). The increased demand 
on spatially-explicit information along with technological changes of 
data collection has led to wide application of LTS in support of forest 
inventories (Lister et al., 2020). 

National forest inventory (NFI) is an important tool for collecting 
detailed information on forests, which supports decision making 
(Tomppo et al., 2010). The utility of sample-based inventory data is in 
addressing key monitoring questions regarding the status of the forest 
resources and developing national forest policies. Field data collected 
from sample plots provide detailed information on forest condition and 
structural attributes (i.e., age, species composition, growing volume, 
biomass, etc.), while repeated measurements of trees and site charac
teristics enable forest growth and change monitoring. Therefore, many 
countries have designed long-term national monitoring programs using 
sample-based forest inventory (Breidenbach et al., 2020). However, NFI 
programs were not initially designed to support mapped output, which is 
a key information need for most monitoring programs. Based on the 
seminal work of Tomppo (1990), many of these programs today use 
nearest neighbor modeling techniques to relate ground-based observa
tions from a sparse network of sample plots to spectral properties from 
remotely sensed observations in order to produce wall-to-wall maps of 
forest characteristics (Chirici et al., 2016; Eskelson et al., 2009; McRo
berts et al., 2010). 

Within the forest inventory community, nearest neighbor imputation 
refers to a class of methods that estimate characteristics of a target pixel 
based on k reference observations (i.e., field plots) most similar in 
multivariate space of ancillary remote sensed, topographic, climatic, 
and other environmental variables (Eskelson et al., 2009; McRoberts, 
2012; McRoberts et al., 2010). Nearest neighbor imputation has 
emerged as an effective technique for spatial prediction of forest attri
butes based on similarities between pixels associated with field plots and 
those without such association. This technique is recognized to be useful 
for spatial prediction because it is nonparametric and multivariate, and 
thus can be applied for simultaneously mapping multiple forest attri
butes (Henderson et al., 2014). The similarity between a target pixel and 
reference observations can be determined using common distance 
metrics (e.g., Euclidean), or quantified using a multivariate ordination 
technique such as canonical correlation analysis (used in most similar 
neighbor (Moeur & Stage, 1995)) or canonical correspondence analysis 
(used in gradient nearest neighbor (GNN) (Ohmann & Gregory, 2002)). 
An optimal choice of the number of neighbors (k) is always about the 
trade-off between accuracy and preservation of covariance among 
response variables. In particular, maps of forest characteristics produced 
with k = 1 nearest neighbor imputation model maintain existing com
binations of attributes that can also be observed in the field (Ohmann 
et al., 2014). McRoberts (2009) demonstrated that covariance between 
forest attributes is preserved when only one nearest neighbor is used in 
imputation models. Conversely, nearest neighbor imputation with k > 1 
usually minimizes the root mean square error of prediction (Hudak 
et al., 2008; Wilson et al., 2012) and higher values of k can be applied if 
there are large number of reference observations in the database 
(Eskelson et al., 2009). 

Forest mapping using nearest neighbor imputation methods is 
commonly used in national- and regional-scale forest monitoring pro
jects (Beaudoin et al., 2018; Chirici et al., 2020; Wilson et al., 2012). 
More recent applications of these techniques are associated with ad
vances in image processing and availability of free satellite imagery that 
has created opportunities for integration of temporal segmentation 
methods with nearest neighbor imputation techniques. Such approaches 
provide an important insight into long-term monitoring of forest attri
bute dynamics. Specifically, Ohmann et al. (2012) first used yearly 
covariates derived from the LandTrendr temporal segmentation algo
rithm (Kennedy et al., 2010) as input to the GNN model to map yearly 
forest vegetation attributes in the Pacific Northwest USA. The Land
Trendr temporal segmentation approach was also used to create 
temporally smoothed synthetic imagery, which was utilized to map 
forest biomass dynamics in Australia using nearest neighbor imputations 
(Nguyen et al., 2018b, 2020). Bell et al. (2021) incorporated an 
ensemble LandTrendr disturbance mapping algorithm (Cohen et al., 
2018) to produce temporally smoothed LTS and assess trends in large 
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live trees and snags using GNN imputation mapping. The Composite-to- 
Change (C2C) approach (Hermosilla et al., 2015) for image compositing 
was incorporated to predict forest structural attributes and aboveground 
biomass using nearest neighbor imputation in Canada (Matasci, Her
mosilla, Wulder, White, Coops, Hobart, Bolton, et al., 2018; Zald et al., 
2016). 

Despite the wide application of information provided by national 
forest inventory internationally, the methodology of sample-based in
ventory in Ukraine is only under development. The majority of forests in 
Ukraine are state-owned, however these forests are managed by 
numerous state enterprises subordinated to various government in
stitutions or self-governing bodies. The most reliable forest information 
is collected by the State Forest Resources Agency of Ukraine (73% of 
forests) while data provided by other agencies are infrequently updated. 
Satellite-based studies conducted in the Ukrainian Carpathians (Griffiths 
et al., 2014; Kuemmerle et al., 2009) and across Ukraine (Potapov et al., 
2015) have revealed substantial changes in forest cover. Thus, without a 
systematic, coordinated national forest inventory, there is no authori
tative or nationally consistent information about the state and dynamics 

of forests in Ukraine that can be used to inform forest management. 
Preliminary results of regional-scale forest inventories that were 

conducted in Sumy and Ivano-Frankivsk oblasts (regions) during 
2008–2015 and 2009–2015, respectively (Fig. 1), demonstrated great 
potential for supporting decision making, and updating the national 
forest statistics (Storozhuk & Polley, 2017). To the best of our knowl
edge, however, there were no applications in Ukraine to monitor 
changes of forest characteristics in a spatially explicit way using 
collected forest inventory (i.e., wall-to-wall mapping). For example, 
studies based on LTS in western Ukraine (Kuemmerle et al., 2009, 2011) 
and larger European territories including Ukraine (Griffiths et al., 2014; 
Potapov et al., 2015; Senf & Seidl, 2021) reported on forest changes, but 
not on forest characteristics such as species composition and growing 
stock volume (GSV). Conversely, the few existing applications of the 
nearest neighbor techniques to map forest characteristics within local 
test sites in Ukraine (Bilous et al., 2017; Matsala, Bilous, Myroniuk, 
Diachuk, et al., 2021) have not relied on data collected via a national 
forest inventory sampling design. Our principal goal here was to fill 
these gaps and examine the potential of characterizing forest dynamics 

Fig. 1. Location of two study regions in Ukraine (a) overlaid with environmental gradients: (b), (c) elevation, m; (d), (f) mean annual precipitation, mm; (e), (g) 
maximum temperature in July, ◦C. 
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in two regions of Ukraine using recent forest inventory data collected via 
a national sampling design and LTS. Our specific objectives were 
threefold: 1) to assess long-term forest cover dynamics based on CCDC- 
fitted LTS; 2) to map spatial patterns of tree species distributions across 
the LTS time series using nearest neighbor imputation modeling tech
niques, and 3) to characterize spatial and temporal changes of GSV of 
forest stands. This regional-scale forest mapping effort may reveal trends 
in forest change that highlight the potential application of forest in
ventory data and remote sensing to provide spatially-explicit informa
tion, such as maps, in support of decision-making, as well as aggregating 
that data to support improving national forest policy and international 
forest reporting in Ukraine. 

2. Materials and methods 

2.1. Study area 

This study is focused on two regions in Ukraine for which sample- 
based forest inventory data was available – the Ivano-Frankivsk region 
(13,900 km2) in the west, and the Sumy region (23,800 km2) in the east 
(Fig. 1). The Ivano-Frankivsk region has diverse topography including 
the Outer Eastern Carpathian Mountain range, which gradually lowers 
towards flatter lands to the east. The elevation of the territory varies 
from 230–400 m on flat land to 400–2061 m in the mountain range. The 
distribution of forest ecosystems in the region is associated with envi
ronmental zones (i.e, Carpathian Mountains, Precarpathian province, 
Forest-Steppe) as identified in Gensiruk (1992). Broad-leaved deciduous 
forests dominate in the eastern and central parts of the Ivano-Frankivsk 
region as well as the mountain foothills. European beech (Fagus sylvatica 
L.) forests dominate on low elevations of the mountain ranges, which are 
replaced uphill with mixed beech, silver fir (Abies alba L.), and Norway 
spruce (Picea abies L.) forests. The Sumy region belongs to the flat land 
Ukraine with elevation range of 100–246 m and two environmental 
zones – Polissia located in the northernmost part, and Forest-Steppe on 
the south. Scots pine-dominated (Pinus sylvestris L.) forest plantations 
contribute more to the forested area of the Polissia, while forest stands in 
the Forest-Steppe are preferentially composed of hardwood species, 
specifically common oak (Querqus robur L.), Norway maple (Acer pla
tanoides L.), linden (Tilia cordata Mill.), and ash (Fraxinus excelsior L.). 
Unlike the Ivano-Frankivsk region where forests are concentrated in the 
Carpathian Mountains, forest cover of the Sumy region is heavily frag
mented. Due to human activities in the past, larger patches of intact 

forests here were preserved in Polissia and along major river watersheds 
in Forest-Steppe. The gradient of climatic factors (i.e., distribution of 
annual precipitation and temperature) corresponds well with environ
mental zones and forest ecosystems’ composition, although there is 
higher variation in the Ivano-Frankivsk region. The differences in 
environmental factors as well as spatial pattern and composition of 
forests associated with our two regions create the background for 
assessing the performance of remote sensing-based approaches for 
mapping forest cover dynamics. 

2.2. Data 

2.2.1. Forest inventory data 
The field data for this research were acquired in the framework of 

regional forest inventories conducted during 2008–2015 in the Sumy 
region, and during 2009–2015 in the Ivano-Frankivsk region. The 
sampling design of the national forest inventory in Ukraine used a 
random allocation of circular sample plots within a systematic reference 
grid of 4.95 × 4.95 km (Fig. 2). Four fixed-area plots (500 m2) were 
arranged into square-shaped clusters with 420 m spacing along each side 
of the cluster. The clusters were measured on five-panel annual rotation 
scheme, thus data in our study represents the completed first cycle of 
forest inventory, and the partially finished second cycle with plot re- 
measurements at the same locations. A more intensive (2.7 × 2.7 km) 
reference grid was applied during the first year of forest inventory 
within the Sumy region (2008) which was also used in 2013 re- 
measurements. The reduction of sampling intensity for other panels 
was imposed by financial constraints which led to the suspension of the 
national forest inventory program in Ukraine from 2015 to 2020. 

Within each plot, all trees with diameter at breast height (1.3 m) 
greater than or equal to 6.0 cm were mapped by field crews and accu
rately measured for volume estimation. To calculate tree stem volumes, 
we used regional volume equations developed in Ukraine for major 
species based on tree diameter and height (Kashpor & Strochynskyi, 
2013). Per hectare mean values of basal area (BA; m2 ha− 1) and growing 
stock volume (GSV; m3 ha− 1) were then summarized by each species at 
the stand level using individual tree data. 

2.2.2. Reference data for modeling 
All available forest inventory data were used for LTS classification to 

extract yearly forest/non-forest (FNF) maps using random forest (RF) 
classifier (Breiman, 2001) as described in section 2.3. Although the land 

Fig. 2. Sampling frame for the regional forest inventories in Ukraine: (a) a systematic A × A square reference grid (B is no-sample buffer area); (b) cluster of four 
fixed-area sample plots (Storozhuk & Polley, 2017). 

V. Myroniuk et al.                                                                                                                                                                                                                              



Forest Ecology and Management 513 (2022) 120184

5

cover category was initially assigned to sample plots during the photo- 
interpretation phase of the regional forest inventories, we conducted 
an independent verification of the quality of forest and non-forest classes 
assignment using the Collect Earth plugin for Google Earth Pro designed 
to analyze high-resolution time series (Bey et al., 2016). The forest in our 
classification was defined as treed area > 0.3 ha with canopy cover >
30%. In addition, sample plots within the 2009 panel (464 and 769 plots 
within the Ivano-Frankivsk and Sumy regions, respectively) were visu
ally interpreted for every fifth year between 1990 and 2020 using GEE- 
based LTS viewer (Arévalo et al., 2020), and incorporated in the study to 
test the accuracy of FNF maps using a cross-validation technique. For 
nearest neighbor imputation models (see section 2.4), we used only plots 
that were located on forested areas according to the developed forest 
maps (Fig. 3) (sensu Ohmann and Gregory 2002). Due to high level of 
forest fragmentation in Ukraine, mixed pixels potentially cause issues 
for imputation. For example, when a pixel straddles the boundary of an 
intact forest and a harvested forest, both pixels and plots are charac
terizing two distinct environments with differing spectral signatures, 
differing forest structure, and differing forest dynamics. Thus, we 
decided to also exclude plots that straddle different land cover cate
gories. We also excluded any study plots with obvious mismatches be
tween attributes and spectral data. 

We spatially linked field plots with individual pixels to extract 
spectral and other explanatory variables used in modeling. Positional 
errors associated with field plot locations were less than 10 m (pers. 
comm. Vitaliy Storozhuk). No spatial smoothing was applied to account 
for potential misregistration between plot locations and pixels because a 
severely fragmented pattern of forest cover (especially within the Sumy 
region) might cause additional errors in reference data associated with 
edge effects. As a result of the more intensive reference grid applied in 
2008 and 2013, the sample size for the Sumy region was higher. In this 
region, we used 9860 sample plots for FNF classification and 1196 plots 
for nearest neighbor imputation, while only 3202 and 838 sample plots 
were available in the Ivano-Frankivsk region for FNF classification and 
imputation, respectively. 

2.2.3. Landsat time series and CCDC modeling 
We utilized the GEE implementation of the CCDC algorithm (Zhu & 

Woodcock, 2014) to perform temporal segmentation of all available 
surface reflectance Landsat Collection 1 data from January 1, 1984 to 
January 1, 2021. Clouds, cloud shadows, and snow were filtered using 
the pixel quality attributes band generated from the CFMask algorithm 
(Foga et al., 2017), and fine-tuned with cloud-likelihood scoring algo
rithm available in GEE for top-of-atmosphere Landsat data, which uti
lizes the combination of brightness, temperature, and normalized snow 
index to get cloud scores. We applied a cloud score threshold of 40% in 
combination with CFMask that allowed us to improve the quality of LTS 
for mountainous areas of the Ivano-Frankivsk region which experience 
higher cloudiness and snow cover. In addition to the six original Landsat 
spectral bands, we added the first three primary components (bright
ness, greenness, and wetness) of the Tasseled-Cap transformation (TCT) 
(Crist & Cicone, 1984), the normalized burn ratio (NBR) (Key & Benson, 
2006), and the Normalized Degradation Fraction Index (NDFI) indices 
(Souza et al., 2005), which were used in CCDC algorithm for temporal 
segmentation. Apart from CCDC segmentation, we did not use NBR or 
NDFI in further FNF or forest attribute modeling as they contributed less 
to models’ performance (see section 2.3 for additional details). An 
interactive GEE time series viewer tool (Arévalo et al., 2020) was used to 
evaluate the performance of the CCDC algorithm with different pa
rameters, however, we ultimately used default values (Appendix A, 
Table A1). We found that efforts to improve the sensitivity of the seg
mentation model to capture a subtle vegetation change (e.g., early stages 
of forest regrowth) yielded an excessively high number of segments that 
characterize identical land covers. 

2.2.4. Ancillary environmental variables 
We used additional environmental variables to improve the perfor

mance of the nearest neighbor imputation algorithm (Table 1). These 
environmental variables represent climatic and topographic drivers of 
forest structure and composition, which may either explain vegetation 
variation independent of the satellite imagery or alter the meaning of the 
imagery across differing geographies (Ohmann & Gregory, 2002). Gra
dients of the topographic features, specifically elevation and the topo
graphic position index (TPI450) (Weiss, 2001), were extracted from 90- 
m spatial resolution Shuttle Radar Topography Mission (SRTM) digital 
elevation model. We also calculated mean annual precipitation 

Fig. 3. Workflow for regional-scale mapping forest cover and nearest neighbor imputation of GSV using LTS.  
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(ANNPRE, mm) and 98th percentile of the maximum temperature in 
July (MAXTEMP, ◦C) from the global monthly TerraClimate data 
(Abatzoglou et al., 2018). 

2.3. Mapping forested area 

We tested several approaches to create FNF maps using information 
derived from CCDC (Zhu & Woodcock, 2014). We used: 1) model co
efficients and derivations (e.g. phase and amplitude); 2) synthetic 
spectral bands created by fitting CCDC models at three dates; and 3) 
both covariates sets together. Since sample data had been collected only 
in 2008–2015, disagreement between reference land cover classes and 
CCDC segments affected model performance. Specifically, ambiguity of 
segmentation at the pixel level (Fig. 4b) which we refer to here as a 
missed segment break, or delays in detecting forest regrowth (Fig. 4c) 
can cause omission errors in forest masks for recent years (i.e., 
2015–2020). While the steady change in spectral characteristics make 
sense from an ecological perspective, there may be a lot of variation in 
observer interpretation, leading to uncertainty in model performance. 
The ability to detect more gradual transition of land cover such as a 
grass-covered to forested was reported among the most obvious limita
tions of the CCDC approach (Brown et al., 2020). The two example pixels 
on Fig. 4 experienced transition from unforested to forested land cover 
type between 2008 and 2013 but were associated with non-forest seg
ments. Given the mismatch between actual field observations and seg
mentation, the complete time series of per-pixel observation within the 
CCDC segment would be classified as a single land cover class. To 
address this issue, we applied a combined approach, which utilized 
coefficients of the time series models as inputs for RF classifier as well as 
predicted values of spectral bands extracted from the CCDC models. 

We limited the list of spectral variables in our RF models to bright
ness, greenness, and wetness components of the TCT predicted for the 
start (April 15), middle (June 15), and end (October 15) of leaf-on 
period for the year of plot data collection. Based on previous experi
ence in Ukraine, information on phenological differences of various 
vegetation improves the performance of land cover classification 

(Myroniuk et al., 2020). In addition, the CCDC harmonic terms are also 
associated with vegetation phenology (Arévalo et al., 2020) and were 
helpful in our study for disaggregating forest species from other types of 
vegetation (e.g., croplands, grasslands, shrubs, and riparian vegetation). 
We evaluated accuracy of the RF classification model in 1990–2020 
using an independent validation data set (e.g., plots of 2009 panel 
interpreted for every fifth year in time range of 1990–2020) but did not 
find a way to enhance its predictive performance by introducing addi
tional spectral indices (e.g., NBR and NDFI). The inclusion of topo
graphic and climatic variables also did not improve the accuracy of FNF 
classification because no evidence of their influence on forest distribu
tion in our regions was observed. 

The reference data for the classification were available only for the 
years of field data collection in the Sumy (2008–2015) and Ivano- 
Frankivsk (2009–2015) regions. Thus, we trained RF models indepen
dently for each region using available field observations linked to 
explanatory variables (Table 1) in the specified time ranges. Then we 
applied the models to get yearly FNF maps for 1990–2020 within each 
region. 

2.4. GNN imputation model 

We used a GEE implementation of the GNN algorithm (Ohmann & 
Gregory, 2002) to impute BA of individual tree species and GSV for 
species groups. GNN is a well-known algorithm in the family of nearest 
neighbors techniques that relies on canonical correspondence analysis 
(CCA) (ter Braak, 1986). It has been widely used across the Pacific 
Northwest (Bell et al., 2015, 2021; Kennedy, Ohmann, et al., 2018) and 
in other parts of the United States (Wilson et al., 2012) to simultaneously 
map distributions of various forest attributes. For the GEE imple
mentation, we used a new library developed by the authors (GEE-KNN) 
which automates many of the steps in nearest neighbor techniques and 
allows comparative evaluation of different algorithms. 

Species distribution mapping is widely used in biodiversity and 
conservation studies (e.g., Phalan et al., 2019). We aimed to predict the 
spatial patterns in 2020 of all tree species which occupy>5% of the 
study areas. We calculated basal area per hectare for individual species 
(including groups of rare species, Table 2 and Table 3) for each forested 
sample plot (as well as total BA), which were used to construct the CCA 
species matrix. For the environmental matrix, we extracted phenology- 
linked TCT bands, topography, and climatic data (Table 1) as inputs for 
GNN. As noted above and in Fig. 4, we chose not to use the harmonic 
coefficients as covariates in GNN as we were concerned about static 
CCDC coefficients being used to capture dynamic continuous vegetation 
patterns. We used the first eight CCA axes to identify the nearest 
neighbor(s) for each mapped pixel in multivariate gradient space. Given 
the GNN model built with the matrix of individual species BA, we 
aggregated predicted GSV by species groups to get more reliable esti
mates of volume at the pixel level. In addition, we assumed that inclu
sion of the species groups in the study should have more reliable 
application in forest management. 

Given predicted values of BA for each individual species, we used a 
BA threshold value (1.0 m2 ha− 1) to create discrete presence-absence 
maps. Since higher values of k in GNN models tend to yield higher 
commission errors in such maps (Henderson et al., 2014), we used k = 1 
to predict distributions of species, while k > 1 was applied to predict 
GSV. In addition to varying the value of k, we also tested various 
schemes for weighting the nearest neighbors. Given the relatively small 
number of observation (1196 and 838 sample plots), we finally used 
GNN model with k = 3 to get prediction of GSV for species groups. To 
emulate the bootstrapping approximation for weighting nearest 
neighbor contributions to predictions (Bell et al., 2015, 2021), we 
applied the following coefficients 0.7, 0.2, and 0.1 for predicting GSV 
attribute value. 

Table 1 
Geospatial data sets used in the study (a plus sign indicates that variable was 
used in corresponding model and a minus sign indicated it was not).  

Variable type Name Description RF GNN 

LTS BRT TCT brightness predicted using 
CCDC model for the 15th of April, 
June, October 

+ +

GRN TCT greenness predicted using 
CCDC model for the 15th of April, 
June, October 

+ +

WET TCT wetness predicted using 
CCDC model for the 15th of April, 
June, October 

+ +

CCDC 
harmonic 
model 

Coefficients Intercept, slope, and harmonic 
terms of the harmonic regression 
models for BRT, GRN, WET 

+ – 

RMSE Root mean square error of the 
harmonic regression model 

+ – 

Phase, 
amplitude 

Phase and amplitude of the 
harmonic regression model 

+ – 

Topography DEM Elevation above sea level (m) – +

TPI450 Topographic position index 
expressed as difference between 
the altitude and mean elevation 
within a 450-m neighborhood 
distance 

– +

Climate ANNPREC Mean annual precipitation (mm) 
extracted from TerraClimate 
dataset 

– +

MAXTEMP The 98th percentile of the 
maximum temperature in July 
(◦C) extracted from TerraClimate 
dataset 

– +
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2.5. Quantifying trends of forest cover 

Our approach can be used to extract forest cover information for any 

model year. In this study, we used 5-years intervals (i.e., 1990, 1995, …, 
2020) for which we created 30-m resolution maps of forest cover, spe
cies distribution, and GSV (total and by species groups). We reported the 

Fig. 4. An example of CCDC mapping algorithm performance within areas of forest regrowth of abandoned farmlands: (a) Google Earth images; (b) fitted time series 
of TCT greenness (GRN) when no forest segment detected (Lat: 52.0305, Lon: 33.7769); (c) fitted time series of GRN when forest regrowth detected with time delay 
(Lat: 52.0299, Lon: 33.7763); NF and F correspond to non-forest and forest, respectively. In this example, land cover is transitioning from non-forest to forest between 
2008 and 2013. 

Table 2 
Tree species used in GNN imputation within the Ivano-Frankivsk region.  

Scientific name Code used in 
species mapping 
with k = 1 

Species group used 
in GSV imputation 
with k = 3 

Frequency  
(n = 838) 

Picea abies L. PIAB CON 472 
Fagus sylvatica L. FASY DC1 409 
Abies alba L. ABAL CON 280 
Betula pendula Roth. BEPE DC2 212 
Quercus robur L. QURO DC2 168 
Carpinus betulus L. CABE DC2 167 
Acer pseudoplatanus L. ACPS DC1 144 
Populus tremula L. POTR DC2 109 
Tilia cordata Mill. TICO DC2 76 
Alnus glutinosa (L.) 

Gaerth 
ALGL DC2 54 

Pinus sylvestris L. PISY1 CON 32 
Other rare species of 

genus Acer, Ulmus, 
Fraxinus, Quercus 

OTHERS DC2 137  

1 PISY in the Ivano-Frankivsk region includes other rare coniferous species 
such as Larix decidua L. and Pinus strobus L. 

Table 3 
Tree species used in GNN imputation within the Sumy region.  

Scientific name Code used in 
species 
mapping with k 
= 1 

Species group used 
in GSV imputation 
with k = 3 

Frequency 
(n = 1196) 

Quercus robur L. QURO QURO 580 
Pinus sylvestris L. PISY2 PISY 468 
Acer platanoides L. ACPL DC1 396 
Tilia cordata Mill. TICO DC1 372 
Betula pendula Roth. BEPE DC2 366 
Fraxinus excelsior L. FREX DC1 249 
Populus tremula L. POTR DC2 153 
Alnus glutinosa (L.) 

Gaerth 
ALGL DC2 102 

Salix alba L. SAAL DC2 60 
Other rare species of 

genus Acer, Ulmus, 
Juglans, Carpinus, 
Quercus, Robinia 

OTHERS DC1 445  

2 PISY in the Sumy region includes other rare coniferous species such as Pinus 
banksiana Lamb., Picea abies L., and Larix decidua L. 
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change in forest cover for larger geographical areas as defined by the 5- 
km hexagonal tessellation. Information summarized across broader 
areas than individual pixels is often more accurate and may be more 
relevant for many practical applications and decision-making (Bell et al., 
2018; Ohmann et al., 2014; Riemann et al., 2010). The hexagonal grid 
resulted in 556 and 975 5-km hexagons that seamlessly tesselate the 
Ivano-Frankivsk and Sumy regions, respectively. We analyzed only 
hexagons which were completely located within the region. We sum
marized proportion of total forest cover and individual species, then 
calculated mean GSV values (m3 ha− 1) per total 5-km hexagon areas. 
Hexagons were attributed to a given environmental zone (see Fig. 1) by 
majority rule. We also mapped changes for these characteristics occur
ring within each hexagon in 5-year time ranges. 

2.6. Model accuracy 

2.6.1. RF model 
The accuracy of the FNF masks was tested individually for every fifth 

year in a time frame of 1990–2020 (Fig. 3) using leave-one-out cross- 
validation. For each iteration, we fit a model using training data set (i.e., 
n = 3202 for Ivano-Frankivsk, and n = 9860 for Sumy) excluding the 
plot location for which the prediction was made in the validation data 
set. This procedure was repeated for each plot from the validation data 
set (n = 464 for Ivano-Frankivsk, and n = 769 for Sumy). Then, we 
followed a previously reported “good practices” assessment protocol 
(Olofsson et al., 2014) to estimate producer’s (PA), user’s (UA), overall 
(OA) accuracies, and to report on forest area dynamics with 95% con
fidence intervals based on validation FNF data set. For every fifth year 
between 1990 and 2020, we constructed a two-way error matrix of our 
photo-interpreted classes against the FNF map to derive class-specific 
area estimates (Appendix A, Table A2, Table A3). Thus, our approach 
not only provides an assessment of forest map accuracy through time, 
but also a statistically defensible estimate of forest area with associated 
uncertainty. 

2.6.2. GNN model 
For validation purposes, we used a modified version of the leave-one- 

out approach based on the pixel’s second nearest neighbor plot (i.e., first 
independent plot), which has proven efficient in numerous imputation 
studies from the Pacific Northwest (Henderson et al., 2019; Ohmann 
et al., 2014; Ohmann & Gregory, 2002). Our reference data set contains 
repeated measurements taken during the second forest inventory cycle, 
thus for each target plot, we eliminated its co-located plot and did not 
consider it as a candidate for the nearest neighbor. The technique used to 
validate GNN model differed for categorical vs. continuous variables. 
Although we predicted species abundance, discrete presence-absence 
maps were derived using BA threshold of 1.0 m2 ha− 1. Since individ
ual species distributions in our study were imputed based on GNN model 
with k = 1, we extracted the second nearest neighbor for each sample 
plot. We assessed the model skill for mapping discrete species presence 
maps at plot location using Cohen’s kappa coefficient (Cohen, 1960). 
This measure is based on the difference between the actual and chance 
agreement in the error matrix, and is therefore a measure of the 
improvement in classification accuracy compared to random classifica
tion. We also report error matrices along with associated user, producer, 
and overall accuracy statistics for each species (Appendix A, Table A4, 
Table A5). 

To assess the accuracy of imputed maps based on GNN model with k 
= 3, the first three independent plots were used. Instead of direct 
evaluation of GSV maps, we assessed accuracy based on equivalent BA 
values. We believe such assessment is more consistent with the predic
tive performance of the GNN model because it is not influenced by the 
accuracy of the volume equations used to calculate GSV. The plot-level 
accuracy of the BA prediction was assessed using R-square (R2) and root 
mean square error (RMSE) normalized by the observed mean values. To 
assess map performance at landscape-levels, we generated a polygonal 

layer of hexagonal tessellation with 5-km spacing between hexagon 
centers (~21.65 km2) and evaluated accuracy at the hexagon-level. We 
followed an assessment protocol (Riemann et al., 2010) according to 
which hexagon-level BA values were extracted only for those pixels that 
co-occurred with sample plots. 

The accuracy of imputed GSV changes at 5-km hexagon level was 
evaluated as specified above using equivalent BA values and assessment 
protocol suggested by Riemann et al. (2010) for only those plot locations 
where repeated field measurements were available, i.e., 252 plot loca
tions in the Ivano-Frankivsk region and 403 plot locations in the Sumy 
region. 

3. Results 

3.1. Dynamics of forested area 

Accuracies of the FNF maps were consistent across time for both 
regions. The RF model exhibited good performance in terms of low 
commission and omission errors over the reported time period (Table 4; 
Appendix A, Table A2, Table A3). The accuracies were high within our 
regions and stable in time (OA > 0.96 ± 0.02; UA > 0.94 ± 0.03; PA >
0.93 ± 0.04). Slightly different regional performance of the model may 
be due to the spatial pattern of the forests. The Ivano-Frankivsk region 
has a greater level of forest cover (about 40%), is less fragmented, and 
those forests are primarily located in the Carpathian Mountains. The 
forests in the Sumy region are heavily fragmented, occupy a minority of 
the total area (~20%), and are distributed in a discontinuous manner. 

Over the 30-year time period, we observed increasing trends in total 
forested area in both regions (Table 4, Appendix A, Fig. A1). Based on 
LTS classification, the total forested area in the Ivano-Frankivsk region 
increased from 599.4 ± 23.0 ha in 1990 to 627.3 ± 23.6 ha in 2020. The 
rates of forest gain here were greatest during 1995–2000 due to forest 
regrowth on previously harvested areas, followed by relatively little 
change in forest cover across the region over the following 20 years. The 
forested area in the Sumy region experienced a steady increase from 
429.0 ± 23.9 ha in 1990 to 512.5 ± 27.0 ha in 2020. During the last 
three decades, we observed an increase in the forested proportion of the 
region from 0.180 to 0.215, representing a 19% increase in forested 
area. 

Expressing forests in terms of proportion of forest cover within 5-km 
hexagons allowed us to derive more details from forest spatial distri
bution (e.g., contiguity, patchiness, etc.). The forest maps in 2020 
expressed as proportion of the total hexagon area (Fig. 5) indicate 
different spatial patterns of forest distribution within our regions. The 
Carpathian Mountains (western portion of Ivano-Frankivsk) were 
generally characterized by forests area with>75% of the hexagon area. 
In contrast, one can notice only a few locations in the Sumy region 
representing such level of forested area. 

We also used this hexagonal tessellation to analyze the spatio- 
temporal pattern of forest cover change for longer time periods. We 
applied 10-year intervals to highlight hexagons within which major 
changes were observed (Fig. 6). The forest loss in the Ivano-Frankivsk 
region varied between 1% and 6% during 1990–2000, and ranged 
from 1% to 10% during 2010–2020. Forest gain was a prominent feature 
of forest change in the Sumy region where forested area tended to in
crease in the Polissia zone from 1% to 8% in 1990–2000 up to 1%–13% 
in 2010–2020. The rates of forest change during 2000–2010 for both 
regions were interim within specified tendencies, apart from one hexa
gon on Fig. 6b for which we estimated 14% of forest loss due to the 
development of the infrastructure in Bukovel ski resort village. Our FNF 
maps enable extraction of more detailed spatial and temporal patterns of 
forest change that provide valuable insight into forest management 
(Appendix A, Fig. A2). 
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3.2. Species distribution and abundance 

The skill (Cohen’s kappa) of presence-absence maps tended to in
crease and overall accuracy tended to decrease with species prevalence 
across the study region (Table 5). Overall accuracy varied from 65% to 
94%, with eight species exhibiting accuracy>85%, with a tendency to
ward decreasing accuracy with decreasing prevalence in both Ivano- 
Frankivsk (Pearson correlation = -0.65) and Sumy (Pearson correla
tion = -0.70) regions. In both regions, GNN predictions of Pinus sylvestris 
and Alnus glutinosa presence and absence exhibited consistently high 
accuracy (>85%). User’s and producer’s accuracies were highly corre
lated (Pearson correlation > 0.99), indicating similar tendencies for 
omission as commission. The skill of GNN models increased with mean 
BA and species prevalence, summarized at the 20-km hexagon-level to 
include a sufficient number of plots (Fig. 7, Fig. 8). Our model exhibited 
greater skill for Picea abies in the Ivano-Frankivsk (Cohen’s kappa =
0.500) and Pinus sylvestris in the Sumy region (Cohen’s kappa = 0.800) 
that had relatively higher mean values of BA (Appendix A, Table A6), 
and often grew in pure stands. In contrast, GNN predictions for some 

rare species was not much better than random prediction (e.g., Acer 
pseudoplatanus, Cohen’s kappa = 0.081). Deciduous species, which 
normally grow in mixed stands (e.g., Fraxinus excelsior, Acer platanoides, 
and Tilia cordata in the Sumy region), tended to exhibit similar map skill. 
Predictive performance of GNN for species distributions was not obvi
ously associated with their proximity to mountains, flat land areas, or 
other specific different environmental zones. 

The mapped distributions of the six most common species (preva
lence ≥ 20%) for both study regions were similar to the observed spatial 
patterns using sample plots data at landscape-scales, represented here by 
20-km hexagons (Fig. 7, Fig. 8). We found a strong relationship (in 
general, correlation coefficient > 0.8) between the number of sample 
plots where the species is observed (BA > 1.0 m2 ha− 1) and its mapped 
area within 20-km hexagons. Interestingly, our analysis showed 
different levels of agreement for Betula pendula in the Ivano-Frankivsk 
and Sumy regions, for which we observed differences in the absolute 
values of BA (mean: 1.2 vs. 2.1 m2 ha− 1; 97.5th percentile: 11.0 vs. 20.0 
m2 ha− 1) at plot locations (Appendix A, Table A6). 

Predictive mapping of BA for plant communities representing certain 

Table 4 
Regional estimates of forest cover dynamics (at 95% confidence level).  

Year Forested area, thousands ha Estimated area proportion User’s accuracy Producer’s accuracy Overall accuracy 

mapped estimated 

Ivano-Frankivsk region 
1990  603.9 599.4 ± 23.0 0.430 ± 0.017 0.957 ± 0.028 0.964 ± 0.025 0.966 ± 0.017 
1995  607.5 605.0 ± 25.1 0.434 ± 0.018 0.951 ± 0.030 0.955 ± 0.028 0.959 ± 0.018 
2000  613.4 611.9 ± 23.8 0.439 ± 0.017 0.958 ± 0.027 0.959 ± 0.027 0.964 ± 0.017 
2005  621.2 623.1 ± 24.5 0.447 ± 0.018 0.958 ± 0.027 0.955 ± 0.027 0.961 ± 0.018 
2010  625.7 630.0 ± 23.9 0.452 ± 0.017 0.963 ± 0.025 0.956 ± 0.027 0.963 ± 0.017 
2015  634.5 628.7 ± 22.3 0.451 ± 0.016 0.960 ± 0.026 0.970 ± 0.023 0.968 ± 0.016 
2020  633.5 627.3 ± 23.6 0.450 ± 0.017 0.955 ± 0.027 0.965 ± 0.025 0.964 ± 0.017 
Sumy region 
1990  423.4 429.9 ± 23.9 0.180 ± 0.010 0.948 ± 0.035 0.933 ± 0.040 0.979 ± 0.010 
1995  437.8 435.0 ± 22.9 0.183 ± 0.010 0.943 ± 0.036 0.949 ± 0.036 0.980 ± 0.010 
2000  454.4 457.3 ± 23.2 0.192 ± 0.010 0.951 ± 0.033 0.944 ± 0.036 0.980 ± 0.010 
2005  468.5 471.5 ± 24.7 0.198 ± 0.010 0.945 ± 0.035 0.939 ± 0.037 0.977 ± 0.010 
2010  482.5 485.9 ± 24.6 0.204 ± 0.010 0.948 ± 0.033 0.941 ± 0.036 0.977 ± 0.010 
2015  503.3 513.6 ± 24.7 0.215 ± 0.010 0.957 ± 0.030 0.937 ± 0.036 0.977 ± 0.010 
2020  507.3 512.5 ± 27.0 0.215 ± 0.011 0.941 ± 0.034 0.931 ± 0.038 0.973 ± 0.011  

Fig. 5. Forested area expressed as proportion of forest area mapped using LTS for 2020 and total area of 5 km hexagon: (a) Ivano-Frankivsk region, (b) Sumy region.  
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ecological niches was better than for individual species (Table 6). 
Similar to species distribution, performance of the species abundance 
models was strongly associated with mean value of BA. For example, the 
R2 values at plot locations ranged from poor (less than 0.0) to better 
(0.1–0.3) for less abundant species (Appendix A, Table A6), while we 
attained better accuracy (R2 > 0.3) for the majority of species groups 
(Table 6). By aggregating tree species into relatively broad groups, we 
observed better correspondence between hexagon observed and pre
dicted mean values of BA for individual species and species groups 

(Table 6). When this correspondence is observed on scatterplots, it 
means a stronger association of paired observed and predicted values 
along the 1:1 identity line (Appendix A, Fig. A3, Fig. A4). 

3.3. Mapping growing stock volume 

The total GSV maps were imputed using k = 3 at 30-m spatial res
olution. Fig. 9 depicts a major difference in spatial pattern of forest cover 
and associated GSV between mountain and flat land Ukraine. We found 

Fig. 6. Spatial pattern of forested area change within 5 km hexagons for Ivano-Frankivsk (a), (b), (c) and Sumy (d), (e), (f) regions: (a), (d) 2000 vs 1990; (b), (e) 
2010 vs 2000; (c), (f) 2020 vs 2010. 

Table 5 
Regional accuracy of tree species mapping based on GNN imputation model (k = 1).  

Species Prevalence Cohen’s kappa Overall Acc. (%) Species Prevalence Cohen’s kappa Overall Acc. (%) 

Ivano-Frankivsk region 
PIAB  0.563  0.500  75.3 ACPS  0.172  0.081  73.3 
FASY  0.488  0.439  72.0 POTR  0.130  0.097  79.7 
ABAL  0.334  0.328  69.8 TICO  0.091  0.211  86.8 
BEPE  0.253  0.197  69.5 ALGL  0.064  0.166  89.9 
QURO  0.200  0.536  85.1 PISY  0.038  0.159  93.9 
CABE  0.199  0.562  85.4 OTHERS  0.163  0.118  74.8 
Sumy region 
QURO  0.485  0.355  67.7 FREX  0.207  0.431  81.4 
PISY  0.391  0.800  90.5 POTR  0.128  0.127  81.0 
ACPL  0.331  0.466  76.1 ALGL  0.085  0.441  91.6 
TICO  0.311  0.390  73.7 SAAL  0.050  0.309  93.6 
BEPE  0.306  0.346  72.4 OTHERS  0.372  0.254  64.7  
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that total GSV of mountain forest at pixel level was substantially higher 
and reached values up to 1300 m3 ha− 1 (Fig. 9a), whereas the maximum 
pixel values of the total GSV in flat land areas of the Sumy and Ivano- 
Frankivsk regions reached only 750 m3 ha− 1. 

Scatterplots of observed and predicted values of BA change showed 
fair agreement with 1:1 identity line only when data were aggregated at 
hexagonal level (Appendix A, Fig. A5). Consequently, the GSV change 
metrics were derived using 5-km hexagonal tessellation for 10-year in
tervals between 1990 and 2020 (Fig. 10). These spatially explicit 
products allowed us to explore GSV distribution over the study regions 
for the last three decades. Dynamics of the total GSV for both our study 
regions had similar tendencies. We observed faster forest growth in 
1990–2000 which was characterized by an annual increment of the GSV 
at hexagon level up to 10 m3 ha− 1 yearly. Since this value was calculated 
using total hexagon area, one should expect higher values if forest cover 
within 5-km hexagon was lower than 100%. Since the most evident 
trends of positive GSV dynamics were associated with highly forested 
areas, forests in 1990–2000 appear to be systematically younger and 
experienced greater rates of GSV increment. Starting from 2000 to 2010, 
the loss of total GSV increased in 2010–2020 approaching values of − 7 
m3 ha− 1 yearly. We detected distinct locations of dramatic GSV loss that 
we can associate with intensified harvesting during the last decade 
(Fig. 10c, Fig. 10f). The dynamics of forested area (Fig. 6) and GSV 
(Fig. 10) demonstrate good agreement. The hexagons with loss of total 
GSV are synchronized with the decrease of the forested area proportion. 
This was not always necessarily the case in the northern part of the Sumy 
region, where a decrease of the GSV due to harvesting was very often 
hidden by intensive afforestation within 5-km hexagons. 

4. Discussion 

In this study, we sought to gain a more comprehensive understanding 
of the main trends in forest change derived from using an independent 
source of information and deliver this information to forest management 
of Ukraine. Although>99% of forests are state-owned in Ukraine, in
formation about forest change has not been systematically updated by 
different agencies. Our research is the first attempt to produce a 
spatially-explicit, multidecadal (1990–2020) assessment of forested 
area, GSV change, and species distributions within two different regions 
of Ukraine. Similar ideas have already been discussed in previous studies 
for other geographic regions such as Australia by Nguyen et al. (2020), 
however, a key novelty of this research lies in the integration of the 
CCDC segmentation approach, RF classification algorithm, and nearest 
neighbor imputation technique into a single workflow to uncover spatio- 
temporal dynamics of the forested areas using the GEE cloud-based 
platform. As described below, the multi-decadal trends in forested 
area and growing stock volume documented in this study reflect spatial 
and compositional differences in the effects of historical forest man
agement and changing land use since the fall of the Soviet Union. Our 
results highlight the importance of fostering methodological advances in 
the national forest inventory in Ukraine. 

4.1. Forested area and GSV change 

This paper emphasizes the utility of leveraging LTS in a cloud 
computing environment to extend even sparse, temporally short forest 
inventories over a limited time frames to provide long-term forest 
monitoring. Though some nations, such as the United States and 

Fig. 7. Distribution of individual species within the Ivano-Frankivsk region based on GNN imputation (k = 1): correlation coefficients represent the relationship 
between mapped area of species within 20-km hexagon and number of sample plots where it is observed. 
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Norway, have long-term, field-based, extensive, and consistent design- 
based forest inventories (Breidenbach et al., 2020), many nations do 
not have the resources to sustain such efforts, particularly for nations 
with large and remote forest regions. For example, the sample plot data 
for the Sumy and Ivano-Frankivsk regions of Ukraine were restricted in 

temporal domain to 2008–2015. By integrating these data with the 
Landsat satellite image archive, we used these plots to characterize three 
decades of forest cover dynamics, an effort not possible based solely on 
the seven years of forest inventory data. 

The forested area in our study regions was not stable over time. In the 

Fig. 8. Distribution of individual species within the Sumy region based on GNN imputation (k = 1): correlation coefficients represent the relationship between 
mapped area of species within 20-km hexagon and number of sample plots where it is observed. 

Table 6 
Prediction accuracy of the GNN imputation model (k = 3) at plot and 5-km hexagon levels by species groups.  

Species group Observed BA’s mean, m2 ha− 1 Predicted BA’s mean, m2 ha− 1 Plot locations 5-km hexagon locations 

Normalized 
RMSE 

R2 Normalized 
RMSE 

R2 

Ivano-Frankivsk region 
CON  16.1  16.0  0.779  0.531  0.478  0.741 
DC1  9.0  9.6  1.25  0.333  0.778  0.574 
DC2  6.6  7.0  1.19  0.353  0.831  0.592 
Total BA  31.8  32.6  0.456  0.235  0.294  0.502 
Sumy region 
QURO  5.2  5.8  1.33  0.274  0.894  0.487 
PISY  9.0  9.2  0.817  0.712  0.540  0.825 
DC1  7.1  7.1  1.04  0.416  0.716  0.623 
DC2  4.6  4.7  1.66  0.129  1.10  0.360 
Total BA  26.0  26.8  0.410  0.157  0.279  0.214  
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Ivano-Frankivsk region, we documented two waves of forest cover loss 
in the mountain area between 2000 and 2010 and 2010–2020 (Fig. 6). 
For example, some 5-km hexagons experienced>5% forest area loss over 
some five-year intervals. This finding supports published results for the 
region (Oliinyk, 2019) that documented an increase of the total area 
under all kinds of timber harvesting (clear cutting, thinning, salvage 
logging) from about 20,000 ha in 2005 to almost 30,000 ha in 2015. 

The Sumy region exhibited another interesting trend in forest dy
namics that is also worth discussion. As with previous studies focused on 
Polissia zone of Ukraine (Stefanski et al., 2014), we detected two periods 
of farmland abandonment with higher afforestation rates. The first one 
was characterized by a period of forest regrowth during 1990–2000, 
which coincided with the breakdown of the Soviet Union in 1991. There 
was a dramatic shift in land management, leading to the abandonment 
of large agricultural lands throughout Ukraine. Cumulative farmland 
abandonment in the Polissia zone intensified during 2000–2010 after 
the land reforms that led to disbanding of collective farms (kolkhoz – a 
left-over of Soviet economic system). Thus, we detected more areas with 
forest gain in 2010–2020 when former kolkhozs’ farmlands were 
regrown into forests (Fig. 6). 

Forest maps produced in this study represent a temporally consistent 
regional characterization of forest cover for the period of 1990–2020 at 
a spatial resolution of 30 m that meets the requirements of forest 
monitoring programs. In particular, our results are consistent with 
previous estimates of forested areas in the Sumy region circa 2014–2016 
(Myroniuk et al., 2020), although with this study we have improved 
both user’s and producer’s accuracy by about 3%. Through within- 
region environmental zone analysis, important differences emerged in 
the performance of the RF classification model. In our case, we observed 
that the accuracy of forest maps appeared to be a function of the spatial 
pattern of forests: greater fragmentation of forest landscapes was asso
ciated with less precise and less accurate estimates of forested area. For 
example, higher accuracies for the Ivano-Frankivsk region may be due to 
the fact that>70% of its forested area was represented by the contiguous 
forests in the mountains. Accuracy was correspondingly lower for the 
Sumy region where there are severely fragmented forest landscapes. 
Given the different spatial patterns of the forest cover even within a 
region, we would suggest developing separate classification models for 

certain environmental zones to map forests at the national level in 
Ukraine. Such a strategy allows high accuracy FNF maps for most 
forested regions and if necessary, fine-tuning the mapping approach for 
areas with more fragmented forests. 

Growing stock volume is a key characteristic of forests and is widely 
used to support forest management in Ukraine, such as to regulate 
annual allowable cuts. Spatial and temporal GSV dynamics showed that 
losses were associated with relevant forested area change. During the 
last two decades, we discovered increased rates of GSV loss in the Car
pathian Mountains (Fig. 10) due to wood harvesting. Unfortunately, 
there is no independent spatially explicit information about the tem
poral dynamics of forests in Ukraine, but our predicted forest loss maps 
in the last decades corroborate previously reported intensification of 
logging activities in the Carpathians region from 0.9 million m3 of total 
wood volume in 2005 to 1.5 million m3 in 2015 (Oliinyk, 2019). 

This study showed explicit trends of forest change which were 
affected by health and age structure of forests. Logging in the Carpathian 
Mountains was most intensive after the Second World War. The timber 
volume harvested in mature forests (>80 years) was up to three times 
higher than it was scientifically recommended given the current struc
ture of forests. By way of explanation, 3.67, 3.26 and 2.22 million m3 

were harvested in the Ivano-Frankivsk region in 1950, 1955 and 1960, 
respectively (Holubchak et al., 2018). Similar patterns of forest harvest 
were quantified using historical CORONA spy satellite photography 
within the bordering Carpathian Mountains in Romania when its 
economy was recovering after the Second World War (Nita et al., 2018). 
Thus, large areas of forests that were planted in 1950 s and 1960 s 
appeared to achieve increased growth rates during 1990–2000 (Fig. 10). 
Conversely, salvage logging in spruce stands in the Ivano-Frankivsk re
gion, and in pine forest in the Sumy region, may have substantially 
contributed to forest area losses during the last decade (Fig. 6). 

4.2. CCDC integration into regional monitoring and mapping 

Our research highlights the value of leveraging both the inter- and 
intra-annual variation in satellite imagery provided by the CCDC algo
rithm as a foundation for regional, multidecadal forest monitoring. We 
have highlighted major aspects of regional forest mapping along 

Fig. 9. Mean total GSV imputed for 2020 using the GNN model (k = 3): a) Ivano-Frankivsk region; b) Sumy region.  
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gradients of environmental factors and various spatial patterns of forest 
cover in Ukraine. The harmonic coefficients from the original CCDC 
approach (Zhu & Woodcock, 2014) showed good performance in map
ping stable land cover classes and rapid forest loss events, but similarly 
to (Brown et al., 2020) did not necessarily capture gradual afforestation 
processes on former agricultural fields (e.g., Fig. 4). However, spectral 
information derived from CCDC harmonic regression allowed us to de
pict gradual and long-lasting forest recovery more precisely. One of the 
most significant benefits from the combination of spectral data, co
efficients, and derivatives of the CCDC approach was in producing 
temporally consistent FNF classification for the same pixel to get precise 
estimates of forested area dynamics in 1990–2020 (Table 4; Appendix A, 
Fig. A1, Table A2, Table A3). 

We showed that the nearest neighbor imputation technique in 
combination with the CCDC segmentation is a powerful approach to 
uncovering multiyear trends of forest attribute change. Separate models 
were developed for the Ivano-Frankivsk and Sumy regions to predomi
nantly constrain the nearest neighbor imputation of species data to 
reasonable locations (i.e., roughly to the environmental zones) where 
structural attributes dominate the ordination. This is perhaps the first 
example of the application of the CCDC approach in conjunction with 
nearest neighbor imputation of continuous forest attributes. Our 
approach used the first three components of TCT that were phenologi
cally linked to the start, middle, and end of the leaf-on period, though we 
are aware that the optimal set of spectral variables might be linked to 

other dates in other landscapes. From this point of view, the CCDC 
harmonic regression algorithm provides outstanding opportunities to 
extract the best seasonal information from LTS. An interesting meth
odological aspect of mapping forest attribute dynamics could be testing 
nearest neighbor imputation approaches based on synthetic values of 
spectral bands for different dates versus the CCDC coefficients. As 
demonstrated in Fig. 4, areas which undergo subtle changes over time 
may only have a single harmonic segment (i.e., identical CCDC co
efficients), but potentially large differences in fitted synthetic values. 
This issue merits consideration if plot data is available for a long time 
range in order to capture these differences in covariate values. Unfor
tunately, our study did not have the temporal range to test this 
methodology. 

4.3. Management implications 

From a management perspective, this study supports a diverse range 
of applications. In addition to introducing the national forest inventory 
of Ukraine as a foundation for spatially explicit mapping of forest at
tributes, we gained valuable insights into their dynamics. Specifically, 
monitoring forest logging or infrastructure development (Appendix A, 
Fig. A2) in the Carpathians Mountains is important to identifying 
tradeoffs between ecosystem services such as erosion protection, flood 
regulations, recreations, and wood supply. Detected hotspots with sig
nificant forest losses (Fig. 6, Fig. 10) highlight the importance of 

Fig. 10. Spatial pattern of GSV change within 5-km hexagons for Ivano-Frankivsk (a), (b), (c) and Sumy (d), (e), (f) regions: (a), (d) 2000 vs 1990; (b), (e) 2010 vs 
2000; (c), (f) 2020 vs 2010. 
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balancing various services and promoting multifunctional forest man
agement strategies in the Ivano-Frankivsk region. In this context, our 
mapping supports optimization of the spatial distribution of wood har
vesting and its intensity along with conservation of old-grown forests in 
the future. Since flood frequency is negatively correlated with the 
amount of remaining natural forest and positively correlated with forest 
loss (Bradshaw et al., 2007), forest management may aim to ensure a 
balance between wood harvesting and ecosystem services related to 
water stock regulation. We present to forest managers valuable inputs 
for prioritizing forest restoration projects (yearly maps of forest loss) and 
planting relatively balanced mixed forest stands (maps of species dis
tribution) that contribute most to fulfillment of targeting synergy of 
ecosystem services as it was widely implemented in many European 
countries (Orsi et al., 2020). 

As a contribution to the new European Union Forest Strategy, the 
Government of Ukraine in 2021 approved the Environmental Security 
and Climate Adaptation Strategy until 2030 (Executive Order No. 1363- 
p). Ukraine is expected to increase national forest area in the next 10 
years by 2% (from officially recognized 15.9% to 18%) through affor
estation of low productive and degraded lands and preservation of 
natural forest regrowth, indicating a need for reliable information about 
the status and trends in forest extent, such as those provided by our 
mapping efforts. While many farmlands have been abandoned since the 
early 1990s north of Ukraine and turned into forests, these areas could 
significantly contribute to the total area of forests, though those areas of 
afforestation may still account for a small component of regional carbon 
sequestration if their growth is not similar to extant forests. We provided 
a regional-level mapping approach to detect forest regrowth (Appen
dix A, Fig. A2), though a thoughtful land policy required to minimize the 
risks of clearing such areas from trees by private owners or farmers. In 
contrast to well-known products of forest change detections (Hansen 
et al., 2013), the nearest neighbor imputation algorithm provides a more 
comprehensive estimation of forest characteristics that can be used in 
the calculation of ecosystem services (e.g., carbon sequestration) for 
such areas. For example, GSV is a key parameter for assessing live 
biomass (Bilous et al., 2017) and carbon stock of forest ecosystems in 
Ukraine (Lakyda et al., 2019). From this perspective, imputed maps of 
GSV dynamics can be used to support decision making related to the 
achievement of carbon neutrality at regional level. The framework we 
have introduced, especially using our cloud-computing based workflow, 
could be easily extended to support national-level estimates with the 
introduction of more forest inventory plots. 

4.4. Potential limitations to multidecadal mapping 

Early examination of multispectral data and subsequent FNF map
ping indicated low magnitude, multi-decadal shifts in several multi
spectral indices. Multidecadal shifts in spectral indices have been noted 
elsewhere, such as those observed for Landsat 5 as gradual changes in 
orbital path caused erroneous detections of vegetation “browning” and 
underestimations of “greening” (Roy et al., 2016). In our study, initial 
evaluation of forest mapping using the plot data collected during 
2008–2015 and the LTS indicated that these shifts might result in sub
stantial omission of forest prior to 2000 and commission in 2020. Based 
on high-resolution images interpretation, such changes were often 
associated with stable forest. To address this challenge, we used a 
combination of fitted imagery and harmonic regression coefficients from 
CCDC to capture inter- and intra-annual vegetation dynamics relevant to 
forest mapping. Visual inspection of the resulting FNF maps and his
torical satellite images indicate that our approach minimized omission 
and commission errors over the study period (1990–2020). Our results 
support the use of not only spectral harmonization, but also inter-annual 
and seasonal trend analyses through algorithms like CCDC. 

As opposed to the FNF mapping, where we could generate historical 
(1990–2020) training and validation data through images interpreta
tion, GNN relied only on the field-based inventory (2008–2015). As a 

result, we extrapolated beyond the temporal domain of our field data, 
assuming that the relationships between predictor and response vari
ables were stationary through time (sensu Ohmann et al., 2012, Davis 
et al., 2015, Kennedy et al., 2018). Multidecadal shifts in spectral indices 
described above may be explained by, among other things, orbital drift 
for Landsat 5 decreasing NDVI (Roy et al., 2016) or increasing exposure 
of non-leaf material, such as lichen and bark (Cohen & Spies, 1992). 
Such changes can have dramatic impacts on imputation, motivating 
additional measures to minimize errors. For example, mapping old- 
growth forest (200–500 years old) in the Pacific Northwest USA, long- 
term increasing TCT brightness in otherwise stable, old forests led to 
predictions of forests growing younger through time, which seems un
reasonable (Davis et al. in press). This result led to the use of long-term 
mean spectral data in older forests with no disturbance identified or 
censoring out predicted old-growth forest pixels that were also observed 
to experience disturbance in earlier years (Davis et al., in press, Bell 
et al., 2021). That stabilization recognizes that undisturbed forests may 
vary spatially in terms of structure and composition, but that the Landsat 
imagery lacks much information regarding changes in forest structure 
over just a few decades in these older forests. While we have not 
modified our spectral covariates for this study, areas of subtle change 
over decades of Landsat imagery may be susceptible to similar issues 
stemming from using imputation techniques. 

5. Conclusions 

Demand for high-quality, spatially and temporally detailed forest 
information is increasing in various applications. In this research, we 
demonstrated the opportunities for extending applications of temporally 
limited historical forest inventory data using LTS and a cloud computing 
environment to support research and forest management at regional 
level. From a methodological perspective, we have introduced a nearest 
neighbor imputation workflow in the GEE cloud-based platform, 
enabling other users with similar plot inventories to follow this meth
odology. We evaluated predictive performance of RF classification and 
GNN imputation techniques that utilized all available historical forest 
inventory data linked with the temporally normalized LTS. We found 
that fitted inter- and intra-annual trends in LTS extracted using the 
CCDC segmentation algorithm strengthened multidecadal assessment of 
forest characteristics. Application of harmonic model coefficients and 
synthetic images created with the CCDC algorithm allowed us to un
cover forest area dynamics at 5-year intervals across the temporal 
domain. Still, we believe that inter- and intra-annual variation of spec
tral indices is more reliable to depict dynamic of continuous forest at
tributes (BA, GSV). Although our accuracy was good for the most 
practical applications, our understanding of the applicability of the 
nearest neighbor imputation approach was restricted to the time range 
of field data collection. New field information collected during forth
coming forest inventory cycles in Ukraine that has resumed in 2021 will 
enable further evaluation of the forecasting strategy of forest attribute 
mapping presented in this study. 
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