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Abstract: Mapping forest disturbance is crucial for many applications related to decision-making
for sustainable forest management. This study identified the effect of illegal amber mining on
forest change and accumulated carbon stock across a study area of 8125.5 ha in northern Ukraine.
Our method relies on the Google Earth Engine (GEE) implementation of the Landsat-based Detection
of Trends in Disturbance and Recovery (LandTrendr) temporal segmentation algorithm of Landsat
time-series (LTS) to derive yearly maps of forest disturbance and recovery in areas affected by amber
extraction operations. We used virtual reality (VR) 360 interactive panoramic images taken from the
sites to attribute four levels of forest disturbance associated with the delta normalized burn ratio
(dNBR) and then calculated the carbon loss. We revealed that illegal amber extraction in Ukraine
has been occurring since the middle of the 1990s, yielding 3260 ha of total disturbed area up to 2019.
This study indicated that the area of forest disturbance increased dramatically during 2013-2014,
and’illegal amber operations persist. As a result, regrowth processes were mapped on only 375 ha
of total disturbed area. The results were integrated into the Forest Stewardship Council® (FSC®)
quality management system in the region to categorize Forest Management Units (FMUs) conforming
to different disturbance rates and taking actions related to their certification status. Moreover, carbon
loss evaluation allows the responsible forest management systems to be streamlined and to endorse
ecosystem service assessment.

Keywords: Landsat time series; dNBR; LandTrendr; TimeSync; Google Earth Engine; live biomass

1. Introduction

Mapping spatial and temporal patterns of forest disturbance is required for a broad range of
applications that aim to understand the effect of forest structure change on ecosystem services. A reliable
assessment of forest biomass dynamics is crucial for carbon cycle description, both globally [1,2]
and at local scales [3]. In particular, an improved knowledge of aboveground biomass change will
contribute to the more precise estimation of carbon dioxide emissions caused by deforestation [4].
Different types of forest disturbance affect the amount of live biomass removal and associated carbon
storage. Thus, describing abrupt and long-lasting disturbance processes is important for reporting
forest carbon fluxes [5]. In addition to major types of natural and human-induced disturbance (i.e.,
harvesting, wildfires, insect infestations, etc.), forests are often impacted by mining [6]. In particular, the
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forest structure in northern Ukraine has been altered by illegal amber mining [7,8]. Amber extraction
operations have a dramatic impact on ecosystems, which damage the floral and soil components;
however, the scale of the problem is still not clearly understood. Since there is a lack of reliable
historical records of areas disturbed by amber mining, assessing their impact on ecosystem services
over time has been limited.

Recently, major advances in tracking changes in forest structure have been made using the free,
historically rich and well calibrated archive of Landsat imagery [9]. The availability of Earth observation
data that have been captured for more than three decades by the Landsat Thematic Mapper (TM),
Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imager (OLI) sensors has altered
forest change classification towards pixel-based approaches [10]. As a result of improvements in large
data processing capacity, retrieving disturbance and recovery events from spectral trajectories have
become a new standard for change detection [11,12]. Spectral segmentation coupled with machine
learning algorithms have provided new opportunities to capture spectral profiles imposed by abrupt
as well as gradual non-stand-replacing disturbance agents [13,14]. Similarly, the analysis of spectral
trajectories has supported the detection of forest recovery processes [15]. Thus, the ability to depict
specific change agents using Landsat time series (LTS) has proven to be useful for developing consistent
forest biomass monitoring systems [16].

According to the literature review by Zhu [17], applications of LTS have increased substantially
in recent years. Notable advancements in data processing have been made possible due to changes
in the data distribution policy in 2008 [18]. Based on a multi-date archive of imagery, methods for
global and national land cover characterization and change detection have been developed [19,20],
which were previously applied only to satellite data with a coarser spatial resolution. Access to the
large Landsat archive has shifted the data analysis paradigm in remote sensing [21,22]. A transition
from scene-centered towards pixel-based image composite approaches [10] have allowed significant
developments in temporal image composite methods without the need to search for cloud-free
images. Roy et al. [19] proposed the maximum Normalized Difference Vegetation Index (NDVI)
composite procedure, which preferentially selects the “greenest” pixels within a specific time domain
(e.g., monthly, seasonal, and annual). Flood [23] developed a multi-temporal compositing approach
based on medoids in spectral space over a time period that is robust to extreme values and unbiased in
favor of images with denser green vegetation. Alternatively, White et al. [22] reported on an image
composition technique that assigns scores to pixels based on sensor type, year, seasonality, and data
quality, and then allows the best-available-pixels (BAP) to be selected for forest cover mapping over
large territories.

Historically, forest disturbance was detected using remote sensing data for two distinct points in
time. According to Hansen and Loveland [24], legacy bi-temporal change detection techniques were
used in the past due to the high costs associated with processing imagery over multiple time periods
and the poor data availability. Unlike single-date comparison, which indicates only whether change
has occurred, time series algorithms are based on the mass-processing of satellite imagery, capable of
detecting different types of disturbance [12,14]. Available approaches of forest disturbance mapping
using LTS were classified in a literature review by Zhu [17] into six major groups (i.e., thresholding,
differencing, segmentation, trajectory classification, statistical boundary, and regression). While most of
the algorithms focus on abrupt changes to forest structure, temporal segmentation approaches, such as
Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr) [11], provide information
on the magnitude and rate of disturbance processes that leverage the detection of causal agents [25].
Given the temporally rich LTS, change patterns can be revealed as a function of time, describing both
abrupt (i.e., harvest, wildfires, etc.) or long-lasting disturbance (i.e., thinning, insect-related mortality,
etc.) and regrowth events. Potentially, the spectral profile of certain disturbances can be identified
by predefined shape patterns of spectral matrices that reflect the known response of vegetation to
shifts in environmental conditions [26]. Senf et al. [27] found that LTS are suitable for characterizing
different change events, even though it is still difficult to automatically determine the exact disturbance
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onset, especially those with a long duration. Recent studies have evaluated ensemble techniques that
fuse pixel-based time series analysis and raster classifiers to improve change detection and forest
disturbance mapping [28,29].

Vegetation change monitoring using LTS has limitations because the algorithms are
computationally expensive and require large volumes of data storage. The Google Earth Engine (GEE)
cloud-based platform has emerged as a powerful solution to accelerate mass data processing [30].
Several temporal segmentation algorithms have already been implemented as a GEE application
and programming interface (API) including the Continuous Change Detection and Classification
(CCDC) [31], the Vegetation Change Tracker (VCT) [32], and LandTrendr [33]. The availability of
radiometrically corrected imagery is another important advantage of a GEE cloud-based computational
platform for tracking forest change using LTS. It provides access to surface reflectance Landsat images
generated with the Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) [34]
and the Land Surface Reflectance Code (LaSRC) [35], which are considered to be the most robust
atmospheric correction methods to date. Additionally, these datasets are delivered with cloud/shadow
masks robustly detected by the CFMask algorithm [36], which are important for producing spatially
continuous cloud-free composited mosaics. The GEE implementation of the Land Trendr algorithm
has been increasingly examined for vegetation disturbance and recovery mapping within different
temporal and spatial domains [37-39].

Forest disturbance and recovery mapping using optical remote sensing technologies is based
on the properties of canopy structure changes that can be captured using different spectral indices.
The short-wave infrared (SWIR) band is usually favored because of its sensitivity to vegetation
moisture and canopy cover. In this regard, the normalized burn ratio (NBR) [40] is often used for
forest disturbance detection. In addition to higher sensitivity to disturbance events in comparison with
other indices, previous studies have proven that the delta NBR (dANBR) is useful for describing specific
levels of disturbance and recovery [41]. For example, Bright et al. [37] analyzed post-fire vegetation
recovery using LandTrendr-fitted spectral trajectories of NBR as an indicator variable for its conditions.
The NBR and NDVI were found to be the most suitable for interannual vegetation changes in LTS
analysis [42]. Similarly, Hislop et al. [43] demonstrated that both indices accurately capture wildfire
disturbance in pixel-based approaches; however, it was shown that NDVI is not so reliable in southeast
Australia for detecting post-fire recovery of sclerophyll forests. This is because the NDVI is sensitive
to moisture content and canopy structure, indicating a return to pre-fire values within 3-5 years,
while, for the NBR, this period is twice as long. Higher capacity for distinguishing different levels of
forest recovery was also reported by Nguyen et al. [14]. Many studies [14,15,41,43] have been focused
on various components of Tasseled-Cap (TC) transformation [44]. The potential for differentiating
disturbances associated with some insect agents in the forest ecosystems of Canada have been revealed
using TC wetness, greenness, and brightness components [45]. Ultimately, these indices contribute to
the accurate classification of different types of disturbance using temporally normalized LTS [46].

While forest ecosystems are highly influenced by different disturbance processes, remote sensing
has become of great interest in characterizing forest dynamics over space and time. LTS provide
valuable information on the state and dynamics of forests and can enhance our knowledge of ecosystem
services. Forest biomass is a key parameter for describing global biochemical processes that is extracted
preferentially across space and time using LTS [9]. A review of the literature shows continuously
improving techniques to track both natural and human-induced disturbances; however, studies focusing
on forest damage caused by mining are still rare [6,39]. Nevertheless, illegal amber mining in Ukraine
has been recognized as a major forest-destroying disturbance in Ukraine during the last decade, which
has a direct influence on the carbon sink. The lack of spatially explicit information on mining processes
complicates the calculation of forest biomass and carbon loss in areas disturbed by amber extraction.
Although examples of published works exist that provide methods for accurate mapping of forest
disturbance using LTS in this region, there are no quantitative assessments of the mining history.
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Efforts to combat the infringement of applicable laws in forestry is a critical part of the current
forest management of the country. During 2019, the volume of illegal logging in forests managed
by the state forest management units (FMUs) increased by more than six-fold. Unauthorized or
illegal resource use is also unacceptable in accordance with Forest Stewardship Council® (FSC®)
standards [47]. A distinct advantage of using remote sensing tools is that it is possible to avoid mistakes
of a human nature, reduce the costs of monitoring, and mitigate the risks related to the health and
safety of the researchers and workers involved. The last point is very important, considering reports of
threats to observers of illegal amber mining [7,8].

Our study has taken the advancement of freely available LTS and the LandTrendr image
segmentation algorithm to be the first to reveal the actual scale of forest damage caused by illegal
mining in northern Ukraine. The aim of this work was threefold: (1) to explore the capability of
detecting different levels of forest disturbance in areas affected by mining operations using the NBR
time series; (2) to evaluate ecosystem service losses, in particular carbon, associated with illegal amber
operations; and (3) to introduce the methodology to the state forest monitoring system and FSC audit
practices based on the scale and level of disturbance.

2. Materials and Methods

2.1. Study Area

The study area of 8125.5 ha is scattered along the Belarus border in the northernmost districts of
the Zhytomyr, Rivne, and Volyn oblasts (regions). We used the State Forest Agency of Ukraine list of
plots disturbed by illegal amber mining to delineate the area. In particular, the field survey conducted
by the forest guards in 2018 revealed that 2017 forest polygons located in 52 sub-units of the FMUs
(sub-FMUs) were subject to illegal amber mining. Thus, we specified 52 distinct areas of interest (AOI)
that included all the forest polygons that were officially reported as disturbed to some extent due to
amber extraction operations. Hereafter, we refer to them as the study area (Figure 1).

26°0'E 27°0°E 28°0'E 29°0'E

The study area (8125.5 ha)
Locations of illegal
/ A amber mining
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Figure 1. The location of the study area within eight administrative regions of Ukraine (the city of
Lutsk is the capital of Volyn region; the terrain base map comes from the Shuttle Radar Topography
Mission (SRTM) with a 90-m spatial resolution).
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In addition, the study area is located within eight districts (i.e., Ovruch, Olevsk (Zhytomyr
region), Rokytne, Sarny, Dubrovytsia, Volodymyrets, Zarichne (Rivne region), and Manevychi (Volyn
region)), which belong to the Ukrainian Polissya climatic zone with relatively high (up to 35-40%)
forest cover [48] and a preferentially flat topographic position.

The study area is dominated (75.5%) by forests (Table 1). Wetlands contribute 16.2% to the total
area, followed by unforested areas (i.e., unstocked planted forests, harvested areas, dead forests,
barrens, and glades) that occupy 6.4% of the area. The share of grasslands and other unproductive
lands (i.e., sands, channels, and quarries) is negligible (about 2%). Approximately one half (3297.6 ha)
of the forested area is occupied by Scots pine. Silver birch and black alder forests dominate in the area
with 2042.4 ha, while the share of Common oak is only 666.0 ha. The rest of the forested area belongs
to other tree species (e.g., aspen, willow, etc.).

Table 1. Distribution of the areas of the AOIs across land cover categories according to the forest
inventory database.

Land Cover Class Area in ha Percentage
Forested areas 6133.6 75.5
Unforested areas 514.5 6.4
Wetlands 1319.8 16.2
Grasslands 75.0 0.9
Other non-productive lands 82.6 1.0
Total 8125.5 100

From estimates, Ukraine has one of the largest deposits of amber in the world [7]. Mining there
has been uncontrolled by the authorities so that amber mining has become established, most commonly
using industrial water pumps [8]. Given the relatively small depth of the deposition (about 2-10 m),
extracting amber using the hydraulic method is simple but extremely damaging to the environment.
It consists of pumping water under pressure into the soil, which releases pieces of amber onto the
surface. Due to the impact of the water, decomposed organic matter is mixed with other soil horizons,
which is the leading cause of soil erosion. Uncontrolled amber mining causes huge environmental
damage and has contributed to the vast degradation of forest stands. The effect of pumping by itself
destroys the forest structure, which results in further forest decline. Some areas are initially cleared of
woody vegetation to produce large areas for the mining operation. Places affected by mining operations
usually have little chance of recovery unless they have just been surveyed using shovels.

2.2. Reference Data

2.2.1. Field Survey Data

Traditionally, forest resources in Ukraine are estimated using a stand-wise forest inventory.
The field survey is carried out in typical places in relatively small (i.e., 0.3-10 ha) and homogeneous
(in terms of tree species, age, mean diameter, mean height, basal area, etc.) compartments using
instruments to measure the stand parameters. The attribute information is coupled with forest
polygon coverages and stored in georeferenced databases. Both the forest attribute data and the
stand boundaries are continuously updated in response to any changes caused by harvests, wildfires,
sylvicultural treatments, or other forest disturbances that have occurred within the 10-year revision
period. Forest attributes, such as growing stock volume, are updated by means of growth models.
An inventory by compartment with a continuous updating approach delivers the necessary data for
forest management purposes for the forthcoming planning decade [49] but has been considered in this
study as only one of the available sources of forest inventory information. For each forest polygon,
we extracted information regarding land cover, tree species, age, growing stock, etc., from the forest
inventory database of the Ukrainian Government Project Association (PA “Ukrderzhlisproekt”) and
used these data for carbon loss estimation.
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2.2.2. TimeSync Reference Data

A reference dataset characterizing forest polygons disturbed by amber mining was collected
using the TimeSync interpretation tool [50], which was applied to 1554 Landsat one-pixel samples.
We applied a 1% intensity sampling to each AOIL However, if the effect of mining in the AOI was too
small, we adjusted the sample size such that it accounted for at least 20 pixels. Thus, it varied from 20
to 160 randomly sampled 30-m pixels within each AOI in the study area.

TimeSync v. 3.0 facilitated the visual interpretation of historical disturbance events using manual
segmentation of LTS according to the reference data collection protocol [26,28,46]. The process of
interpretation involved the analysis of sample points using a series of Landsat chips for 1984-2019 with
the aid of freely available multi-date Google Earth (GE) images. The incorporation of finer-resolution
GE images was crucial for properly assigning the land cover category and for distinguishing between
stand replacement events caused by amber operations (marked as “mechanical”) from the structural
changes (marked as “structural decline”) of the forest stands. The area was identified to be disturbed if
a change in the NBR values between two vertices of a segment was greater than 100.

During interpretation, we discriminated amber mining from other types of disturbance that might
potentially occur in the aforementioned time frame. Initially, we found that amber-related disturbances
refer to the last decreasing trajectory of the NBR. In the case of amber mining, this trajectory might be
characterized by different rates that result in more than one segment. Thus, among the data recorded
for each sample point, we specified the onset year of disturbance. We found that, in most cases,
illegal amber operations started after 2013-2014, but, in some cases, they date back to the middle of the
1990s. All changes in the forest structure that occurred before the onset year were attributed to other
types of disturbance (marked in the TimeSync interpretation tool as “harvest”, “fire”, or “other”).

Collected through the TimeSync analysis, the data were then used as a reference for the accuracy
assessment of the disturbance maps produced here. We also linked two types of forest disturbance
associated with amber mining (i.e., stand replacement and structural decline) in the reference dataset
to the four specified and mapped dNBR levels of disturbance with the aid of field validation.

2.2.3. Field Validation Data

The collection of field validation data was challenging because of the high risk to life and safety
from the people involved in illegal amber extraction. Thus, a decision was made to minimize these risks
through rapid picture-taking in easy-to-reach places within disturbed areas located in seven sub-FMUs
of the Rivne region. To identify all levels of forest disturbance, the images were taken before the leaf-on
period (April 2018) when it was possible to capture minor changes associated with the removal of the
understory and to obtain more depth of field. The photos were subsequently transformed into virtual
reality (VR) 360 interactive panoramic images and analyzed more closely [51-53]. We used a Nikon
D5300 mirror digital camera equipped with a Nikon DX AF-S Nikkor 18-55 mm 1:3.5-5.6 G VR lens
to take photos in manual mode. We applied an identical exposure and a 60% overlap to all photos.
In total, around 3700 photos were taken in April 2018 at 69 sample locations, which were selected
randomly from the TimeSync reference dataset.

Further steps in the data validation were completed though the interpretation of the spherical
VR360 interactive panoramic images using a VR headset. The point at which the photos were taken
was considered to be the center of a circular plot with a radius of 15 m. Given the 360-degree view of
the sites, we interpreted the disturbances, thus creating an independent reference dataset that was
used to evaluate the overall accuracy of the disturbance maps. Examples of some of the VR360 images
are provided in the Supplementary Materials (Figures S1-54).

2.2.4. Dataset for Biomass Estimation

Experimental data on the Scotch pine forest above-ground live biomass were collected at
17 temporary sample plots (TSPs) in the Ukrainian Polissya climatic zone. We also incorporated
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a dataset of 127 TSPs from a database containing estimates of live biomass from Ukrainian pine
forests [54]. The TSPs were demarcated on-site in accordance with the relevant national requirements
for forest inventory sample plots. The size of the TSP is defined based on the number of trees of the
target species. Usually, they included at least 200-250 trees for middle-aged and mature stands and
350-500 for young stands; thus, the area of TSPs ranged from 0.05 to 1.50 ha. Diameter at breast
height was measured for every tree (thicker than 2 cm). A total of 5-15 sample trees for each TSP was
selected proportionally to the diameter class distribution. After the sample trees were felled, the main
biometric tree parameters were measured, including stem length from stump to the top; the height
of the stump; the length of the branch-free section of the stem; the stem height at which the first live
branch is attached; the tree age; the five-year height increment of a tree; and the bark thickness and the
five-year diameter increment at stump height, the breast height (1.3 m), and at the middle of the stem
sections. The biomass of the branches and foliage were weighed separately. The stem, branches, and
foliage biomass samples were further processed in a laboratory, aimed at investigating the density of
the live above-ground biomass components.

2.2.5. Live Biomass Model

The biomass expansion factors for Scots pine were estimated using 144 sample plots collected in
the Ukrainian Polissya. The models are presented in the following form:

Rfy = Mk /Gs= ag+A x SI?2 x RS™ X exp(as X A + a5 X RS) 1)

where Rg; is the biomass expansion factor; Mg, is the live biomass of fraction fr, oven-dry t ha~!; GSis
the growing stock volume in m3; A is age in years; RS is relative stocking; SI is the site index, which
reflects the quality of the site [55]; and ag—a5 are model parameters. Table 2 shows the parameters
for the biomass of the stem, branches, and the foliage of pine forests and reports the coefficient of
determination (R?).

Table 2. Parameters of the forest live biomass of pine forests.

Live Biomass Equation Parameter Estimation R? N
Components
dp al a as aq as
Stem 0.19019 0.23911 0.03204 0.02692  -0.00419 -0.00974 0.70 144
Branches 10.94139  -1.60625  0.14183 0.31989 0.01728  -0.84985 0.77 144
Foliage 9.88521 -1.51104  0.90958 1.57075 0.00718  -2.63022 0.86 144

The parameters of the forest live biomass for birch, black alder and aspen forests were taken from
earlier studies conducted in the Ukrainian Polissya [56]. Furthermore, parameters for the oak and
spruce total forest biomass and for tree roots, green forest floor (GFF), and the understory of the pine
forests were taken from Shvidenko et al. [55].

2.3. Mapping Approach

2.3.1. LTS Pre-Processing and Segmentation

We used the GEE [30] implementation of the LandTrendr [33] algorithm to map forest disturbances
and recovery rates in areas disturbed by amber mining. Land Trendr incorporates temporal segmentation
and a fitting approach for each pixel of the LTS, originally developed by Kennedy et al. [11]. It identifies
breakpoints (vertices) and determines straight-line trajectories that result in a new fitted-to-vertex
(FTV) time series. The output is a new LTS for which the pixel values between vertices are interpolated
using the line fit, consequently with reduced year-to-year noise. The performance of the algorithm is
controlled by a set of parameters for customization. Depending on the time frame, the complexity of
the disturbance history, and the spectral variation, long-lasting disturbance processes can be presented
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by either one or multiple spectral segments (Figure 2). The LandTrendr algorithm is recognized to
be data intensive because it requires multiple access to the time series; thus, the parallel processing
offered by the cloud-based GEE platform facilitates forest disturbance and regrowth mapping for large
scale analysis [37,38] and was used in our study.

The study area

The official list of disturbed forest polygons
provided by the State Forest Agency of
Ukraine

Field validation of
disturbance levels

Datasets TimeSync
disturbance interpretation

Amber mining-induced
disturbance maps

k Onset year of disturbance LandTrendr-fitted

f1 Landsat time series \ identification NBR time series
' ! Forest carbon loss
2. Forest inventory database estimation

3. VR360 panoramic images
4. Live biomass models

Tools for decision-making

Figure 2. Overall workflow for processing the LTS to retrieve the history of amber disturbances and to
calculate the carbon loss.

In this study, we used atmospherically corrected surface reflectance LTS that were generated using
the LEDAPS [34] and LaSRC [35] algorithms applied to the Landsat TM, ETM+, and OLI sensors,
respectively. Clouds and cloud shadows have been filtered using masks produced by the CFMask
algorithm [36]. The images were filtered for the time domain of 1984-2019 to cover only the leaf-on
period from 1 June to 31 August. To provide continuity in the LTS, we transformed the OLI data
to match the ETM+ surface reflectance using the regression coefficients proposed by Roy et al. [57].
The harmonization procedure outlined here allows us to integrate the spectral data that are consistent
in time and perform inter-sensor compositing of multiple observations into one summer observation
per year. We used the medoid compositing procedure [23], which is robust and fast for the Land Trendr
implementation, is not biased in favor of maximum values, and handles actual pixel values. Then,
the NBR was calculated and used as an input for further temporal segmentation. The parameters of
the LandTrendr algorithm were set based on prior works [37,46] that have shown them to perform
adequately in terms of mapping forest disturbance and recovery. It is important to note that we
adjusted the temporal segmentation procedure such that up to six segments can be fitted to the LTS.

2.3.2. Detecting Forest Disturbance and Recovery

Change detection in our study was based on the temporal segmentation of the NBR. Land Trendr
can capture long-lasting and abrupt forest changes that are characterized by a set of metrics such as
magnitude, rate, and duration. For each pixel, the disturbance events were defined as decreasing
trajectories of NBR between two vertices. The recovery, in contrast, is considered as a trajectory showing
a monotonic increase while stable trend segments represent undisturbed conditions. In addition to
the temporal segmentation of NBR values, LandTrendr provides the vertex file storing the per-pixel
segmentation information. First, for each AOI, we detected the onset year of disturbance using the
TimeSync interpretation tool and produced pre-disturbance reference NBR mosaics. We performed
per-pixel analysis of the vertex file to retain the last undisturbed NBR value following the onset year
within the AQOI as the candidate for the mosaic. Then, the FTV NBR time series were used to calculate
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yearly dNBR values up to 2019. To further perform the carbon loss calculations, we reclassified
the continuous disturbance maps containing the dNBR values into discreate classes. Four common
disturbance severity levels [40] determined through interpretation of the VR360 panoramic images
were assigned as follows: low (ANBR = 100-269), moderate-low (ANBR = 270-439), moderate-high
(dNBR = 440-659), and high (ANBR > 660). The pixels with dNBR values lower than 100 were treated
as undisturbed. The reclassification was introduced as an opportunity for distinguishing the severity
levels associated with stand-replacing disturbances. Ultimately, the mapped yearly disturbance area
was accumulated to report the total area of illegal amber mining in the AOL

Post-disturbance regrowth was mapped using the last recovery segment from the vertex file if it
was not followed subsequently by a disturbance segment. This analysis was performed within the
cumulative disturbance footprint so that regrowth occurring outside of areas disturbed by amber
mining were not included.

2.3.3. Map Accuracy Assessment

The accuracy of the mapped area was evaluated in two ways. First, we assessed the agreement
between four disturbance levels as estimated using the dNBR and the magnitude of change
process. The magnitude was identified using the TimeSync tool and reported as stand-replacing and
non-stand-replacing disturbances. Secondly, we tested agreement between mapped dNBR severity
levels and field observations using 69 VR360 panoramic images. It is also worth noting that the dNBR
values were extracted from the disturbance maps for 2018 since it was important to match the year of
the field data collection with the Landsat images. Ultimately, the results on the magnitude of forest
change were addressed to accurately calculate the carbon loss.

The accuracy of the disturbance maps was assessed using the TimeSync validation dataset of
1554 sample points that were centered on 30 m x 30 m pixels. Because the data were collected through
visual interpretation of LTS and GE images, we considered three map classes: undisturbed areas;
non-stand-replacing disturbance (ANBR severity level equals 1); and stand-replacing disturbance
(corresponds to severity levels of 2—4). The highlighted interpretation addresses mostly forest
disturbances; however, for unforested areas, we refer the last two classes to analogous events that
entail losses of any vegetation type. We composed the yearly disturbance maps and extracted the
maximum value of the dNBR severity level for each pixel. Then, we spatially matched these values to
the TimeSync validation database and extracted values that had been assigned during the interpretation
phase of the LTS for each sample, such as a “structural decline” (corresponding to non-stand-replacing
disturbance derived from the LTS classification) or “mechanical” (associated with stand-replacing
disturbances). If no such records were found since the onset of the disturbance, the pixel was treated
as undisturbed. To address the overall, user’s, and producer’s accuracies of the mapping, we derived
an error matrix [58] using the caret package [59] in the statistical R software [60].

2.4. Assessing Forest Carbon Loss

Forest carbon loss was calculated using attribute information extracted for each AQOI from the
forest inventory database of the PA “Ukrderzhlisproekt”. We first filtered the forest polygons affected
by illegal amber mining and then assigned them to the area of disturbance that was estimated using
the LTS. Next, we used the four dNBR levels of disturbance to estimate the area of the forest stands
cleared of trees. Descriptions of the forest disturbance levels due to amber mining and the percentage
loss in the biomass and the carbon of forests is shown in Table 3.
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Table 3. Descriptions of forest disturbance levels due to amber mining extracted through interpretation
of the VR360 panoramic images.

Level of Forest dNBR Disturbance Description Live Biomass and Percentage
Disturbance Thresholds Carbon Loss Loss
This level refers to primary forest
disturbance during the initial amber
survey operations using shovels; o
Low 100-269 major changes associated with the Unilr:i:tor i ggoﬁ
removal of the understory and forest y
litter that cause loss of canopy cover
and structural forest changes.
Forest stands are partially or
. (.:c.ampletely removed without Stand 50%
Moderate-low 270-439 51gn1ﬁcar1t damage to the herbaceous GFF 100%
vegetation; the level also refers to Understor 100°%
forest dieback, which usually occurs Y °
after interventions by miners.
Forests are completely removed;
sparse vegetation patches are Stand 100%
Moderate-high 440-459 scattered between crater-like GFF 100%
disturbed surfaces due to pumping Understory 100%
water into the ground.
The forest landscape is converted into Stand 100%
High > 460 unproductive lands with sand and GFF 100%
water released onto the surface. Understory 100%

Carbon estimation was based on growing stock volume data for each forest unit, Equation (1),
and the parameters of the models presented in Table 2, as well as data from Shvidenko et al. [55] and
Bilous et al. [56]. Thus, according to the disturbance levels (Table 3), the carbon loss of the stems,
branches, foliage, tree roots, GFF, and understory forest area was calculated.

3. Results
3.1. Spatiotemporal Pattern of Amber Mining

3.1.1. Disturbance and Recovery Rates

We mapped the disturbed areas through successively examining each AOQ], i.e., the forest
polygons affected by illegal amber mapping within the 52 sub-FMUs. The temporal distribution of
the disturbances depicted during the TimeSync interpretation of the reference pixels has indicated
that amber extraction operations had started in the study area in a dispersed way. Thus, applying the
pre-disturbance reference image specific to each AOI was necessary to increase the accuracy of the
disturbance mapping using the dNBR approach, and it reduced the time needed to do the calculations
since we did not focus on wall-to-wall mapping. The AOI is widely distributed over three regions
in northern Ukraine with relatively small patch sizes that have been tentatively inspected by forest
surveyors. Thus, there was no need to produce a complete LTS coverage for the area.

First, we mapped the annual disturbance rates, assigning the four dNBR severity levels shown in
Table 3. The example shown in Figure 3 confirms that the LandTrendr algorithm provided a good
background for retrieving the disturbance history because it reduced the spectral variation caused
by phenological and atmospheric effects in the LTS. We then accumulated the yearly footprints of
disturbance to report on the temporal trends of illegal amber mining for the period when amber mining
was first identified until 2019.



Remote Sens. 2020, 12, 2235 11 of 21

Disturbance level

Low Moderate-low [ Moderate-high [l High

Figure 3. An example showing illegal amber disturbance rates depicted over one AOI in the Dubrovytsia
FMU in the Rivne region (the onset of disturbance is 2012): (a) yearly LandTrendr-fitted LTS in the band
combination SWIR 1-Near infrared (NIR)-Red; (b) disturbance levels placed on the LTS; and (c) available
GE image with forest polygons overlaid to provide a close look at the forest disturbances (the date of
the panchromatic image on the left is 2011).

We specified the AOI as the area allocated inside the forest polygons. However, one can observe
that some disturbances occur outside the AOI before 2011 in Figure 3c. Thus, the result in this study
only reports on amber mining identified within the area of the FMUs. The cumulative yearly maps
were combined to derive annual rates of disturbance for each administrative district.

Based on the results derived, the amber mining in the study area dates to the middle of the 1990s.
The total cumulative disturbed area reached around 3260 ha, but the disturbance history and current
dynamics differ between the districts. One can see in Figure 4 that there was a significant increase in
the disturbance rates in 2013-2014; however, amber extraction in the Dubrovytsia and Sarny districts
started long before this period. It is worth noting that there is only one state quarry centered on
Pugach, Sarny district, where mining started in 1993 (but was not included in the analysis as an area of
disturbance). We found that the Rivne region contributes 87% to the total cumulative area disturbed by
amber mining followed by the Zhytomyr region with around 12%. The amber mining operations were
identified in only two FMUs in the Volyn region and their contribution is negligible (less than 1%).
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Figure 4. Cumulative disturbance and recovery rates in areas affected by illegal amber mining
in Ukraine.

The temporal pattern of recovery rates is very similar for most of the districts. We mapped 11.5%
(375 ha) of the vegetation regrowth that appeared within previously disturbed places. We also examined
the regrowth segments that have positive values of dNBR greater than 100 and follow disturbances.
One can see in Figure 4 that the regrowth rates have decreased since 2016-2017. Specifically, the increase
in the cumulative area of amber extraction after 2017 over the Dubrovytsia region has even shown a
drop in recovery. The places that are less affected by amber operations have shown higher potential for
regrowth; however, this is mainly presented through herbaceous vegetation. Most patches that we
rated as moderate-high or high showed weak potential for recovery in the near future, even if mining
extraction has been halted. As a result, the regrowth rates cannot compensate for the disturbances;
moreover, we discovered a trend in the increasing area of disturbances in 2019.

We also estimated the dynamics of the yearly disturbed area using four levels of disturbance.
Figure 5 clearly shows that the area of amber operations classified in our study as a high and
moderate-high disturbance level is expanding. This fact indicates that active amber mining operations
still occur in the study area. We estimated the total disturbed area in 2019 to be around 2767 ha.
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Figure 5. The yearly dynamics of disturbed areas in areas of illegal amber mining (the y-axis is presented
using a square root scale).

3.1.2. Accuracy of Amber Mapping

First, we analyzed the accuracy for the entire study area (Table 4), i.e., including all land
cover categories present in the study area. The overall accuracy of the classification of amber
mining-induced disturbances was found to be 0.908 + 0.015. Both user’s and producer’s accuracies
are higher for mapping undisturbed areas, reaching 93% and 98%, respectively. The method
applied here also efficiently mapped the disturbances, although it is more robust in discriminating
stand-replacing disturbances.

Table 4. The error matrix of LTS-derived classes of disturbance for the entire study area.

Reference Class of Disturbance

Mapped Class of Total User’s Producer’s
Disturbance Undisturbed Non-St?nd- Stand-Replacing Accuracy Accuracy
Replacing
Undisturbed 845 47 19 911 0.928 0.979
Non-stand-replacing 18 205 37 260 0.789 0.748
Stand-replacing 0 22 361 383 0.943 0.866
Total 863 274 417 1554 - -

Additionally, we extracted 1261 samples from the validation dataset located within forest stands
and then constructed an error matrix to examine the accuracies associated with mapping disturbances
over forested areas (Table 5).

Table 5. The error matrix of LTS-derived dNBR classes of disturbance for forested areas.

Reference Class of Forest Disturbance

Mapped Class of Total User’s Producer’s
Forest Disturbance Undisturbed Non-Stgnd- Stand-Replacing Accuracy Accuracy
Replacing
Undisturbed 694 40 11 745 0.932 0.978
Non-stand-replacing 16 173 27 216 0.801 0.736
Stand-replacing 0 22 278 300 0.927 0.880

Total 710 235 316 1261 - -
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Accuracy assessment based on the error matrix for forested areas nearly replicates the results
obtained for the entire study area. The overall accuracy of the classification is 0.908 + 0.016. The higher
producer’s accuracy associated with undisturbed areas and user’s accuracies assessed for two
forest disturbance classes shows that the approach tends to omit some disturbed areas. The major
misclassifications occur for non-stand replacing types of forest change, specifically if the area of
disturbance does not meet the 30 m spatial resolution of the LTS. In this study, however, we reached a
high enough mapping accuracy to address forest carbon loss properly since stand-replacing disturbances
were classified robustly (user’s accuracy = 0.927 and producer’s accuracy = 0.880).

The field validation of the disturbance maps is often challenging because the change process is
dynamic. To provide agreement between both datasets, we extracted the dNBR severity levels for 2018,
i.e., for the year when the VR360 images were taken (Table 6). Overall, the results indicate that the
four levels of disturbance can be extracted from LandTrendr-fitted NBR time series. The table also
underscores that our approach is not sensitive enough to map the low level of disturbance because
around 25% (i.e., 6 out of 24) of samples were classified as undisturbed areas. We also concluded that
there is some disagreement between the mapped disturbance classes and the field observation data
because the overall accuracy of the classification is 0.59 + 0.12. However, the disturbance levels referred
to here as stand-replacing disturbances can be disaggregated and used in carbon loss calculations.

Table 6. The confusion between the mapped and field validated disturbance severity levels (the
mapped classes have been extracted for 2018 from the yearly dNBR disturbance maps).

Mapped Level of Reference Level of Disturbance Total
Disturbance Undisturbed Low Moderate-Low Moderate-High High
Undisturbed 8 6 1 0 0 15

Low 2 16 6 1 0 25
Moderate-low 0 2 9 5 3 19
Moderate-high 0 0 0 4 2 6

High 0 0 0 0 4 4

Total 10 24 16 10 9 69

3.2. Carbon Loss Assessment

As a result of illegal amber mining in Ukraine, 145.9 Gg of biomass (absolutely dry) was lost,
including 67.3% from tree stems, 8.9% from tree crowns, 19.3% from tree roots, and 4.5% from GFF and
understory. Accordingly, carbon loss was 72.6 Gg C (Table 7), of which 1.9% was attributed to the Low
level forest disturbance areas, 28.4% to Moderate-low level, 55.6% to Moderate-high level, and 14.1%
to High level.

Table 7. The carbon loss in areas of illegal amber mining in Ukraine.

Level of Carbon, Gg C
Disturbance . Total
Stem Branches Foliage Tree Roots GFF Understory
Undisturbed - - - - - - -
Low - - - - 0.7 0.7 14
Moderate-low 13.9 1.3 0.5 4.0 0.4 0.4 20.6
Moderate-high 28.1 2.6 1.0 8.0 0.3 0.4 40.3
High 7.1 0.7 0.3 2.0 0.1 0.1 10.2
Total 49.1 4.6 1.7 14.1 15 1.6 72.6

Overall, the structure of the disturbed forests and carbon losses from illegal amber mining are
relevant to the spreading of tree species in the study area. Of the total carbon losses, 66.0% was pine,
17.6% was birch, 9.5% was alder, 5.9% was oak, and 0.9% was other species.

On average, the area of Low level of forest disturbance lost was 113 g C m~2, Moderate-low level
was 2371 g C m~2, Moderate-high level was 4523 ¢ C m~2, and High level was 3661 g C m™2.
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In each disturbed forest area, there was some dead biomass such as logs, branches, stumps, and
roots. This dead biomass decomposes underground and on-ground or can be used as firewood. For
this reason, the future of dead biomass in the carbon sink is uncertain although the study considered
the total loss of carbon.

4. Discussion
4.1. Mapping Approach

4.1.1. Tracking Forest Disturbance and Recovery

This paper describes an approach for mapping forest disturbance due to illegal amber mining using
LTS. We found that the LandTrendr-fitted time series offers an effective methodology for characterizing
trends in spectral signals to derive either forest disturbance or vegetation recovery. Our study represents
the first attempt at mapping the history of amber mining in Ukraine using dNBR images augmented
with the segmentation of dense LTS in the cloud-based GEE platform. As in previous studies that
have used the LandTrendr algorithm for forest change mapping [14,41], the results obtained here
demonstrate high user’s and producer’s accuracies.

Given the scattered pattern of amber mining over relatively large areas, we specified 52 AOI and
created reference images that characterize the pre-disturbance conditions. We found that detecting
the onset of the disturbance for each AOI using the TimeSync interpretation tool is important for
creating the dNBR time series and to accurately map the disturbance history. We found that the
primary disturbance event at the pixel level, defined as the greatest magnitude in the NBR change,
cannot adequately map amber-induced disturbances. The change process can take several years with
different magnitudes and rates; therefore, incorporating secondary and all subsequent disturbance
segments has been extremely important to precisely reveal the amber disturbance history. As a result,
we used up to five or six segments to identify the year when pixels were first changed during amber
extraction operations.

The mapping methodology in the study has been developed using findings from earlier studies
of multi-date Landsat data processing (e.g., [14,37,46,61]). It can capture long-lasting and abrupt
forest changes that occur in areas of amber mining; however, there is room for improvement. First,
we extracted information of forest change within previously specified AOIs that have been reported
officially after a stand-wise forest survey. The accuracy of mapping disturbance outside these areas
still needs to be investigated. The problem is the potential confusion related to any forest management
operations that were carried out in areas of illegal amber extraction. Thus, by setting the onset
of disturbance, we eliminated the potential misclassification of amber-induced disturbances with
harvesting, which may have occurred in the AOI at some time in the past. Nevertheless, one can
expect lower mapping accuracies if such rules do not apply. Secondly, we did not aim to distinguish
forest disturbance from other changes that occurred in unforested areas automatically but instead used
information on land cover that is provided in the forest inventory database. There are good examples
in the literature on how the LandTrendr-derived change metrics (i.e., magnitude, duration, and rate)
and the spatial pattern of change (e.g., patch size) can contribute to depicting different casual agents of
vegetation disturbance [14,26]. Ultimately, our study reports only areas disturbed by amber extraction
operations within the FMUs.

4.1.2. Detecting Forest Disturbance Magnitude

Mapping disturbance levels has contributed to the estimation of forest carbon loss associated
with stand replacement. Therefore, we classified areas of amber extraction operations into four
common disturbance levels. The ANBR mapping procedure is regarded as sensitive to the detection of
non-fire-related forest disturbance. For example, Liu et al. [41] already examined the performance of
the dNBR and proved its effectiveness in detecting subtropical forest disturbance severity recovery
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levels in China. We applied the dNBR index in this study to determine the levels of structural forest
change, specifically those that entail stand removal.

Because of the complexity associated with reaching the area of amber extraction operations,
we did not establish an ordinary field sampling routine but incorporated the visual interpretation of
VR360 interactive panoramic images captured from different disturbance severity levels in this study.
This allowed us to create the effect of presence on the site and to attribute the four severity levels to the
photos. As an indicator to attribute the disturbance severity, we used the level of vegetation disturbances
with a specific focus on such components as forest stand, understory, herbaceous vegetation, and soil.
In this regard, we demonstrated good agreement between the mapping and the values derived from
the VR360 panoramic images (Table 6). As a result, we were able to attribute around two-thirds of
the total disturbed area to the stand-replacing change process, which was then used for carbon loss
assessment. Additionally, restricted access to the areas of amber operations has complicated the field
validation process. However, we found that the interpretation of interactive VR360 panoramic images
coupled with high-resolution GE images and the manual segmentation of LTS from TimeSync allowed
us to characterize the disturbance severity properly.

Our mapping approach, with almost the same accuracy, detects the magnitude of amber-induced
disturbances that occur both on forested and unforested areas. We found good agreement between the
mapped severity levels of the disturbances and the interpretation of remote sensing data. Additionally,
these results were proven using field validation datasets. Due to the spatial resolution of Landsat
imagery, we had some misclassification between undisturbed areas and the low disturbance severity
level referring to initial forest change, as these are usually hidden under the canopy:.

4.2. Implication for Responsible Forest Management and Carbon Loss Reporting

The mapping disturbance methodology has been used for decision-making regarding forest
certification. The majority of FMUs are in the FSC certified area; however, an adequate evaluation of
the disturbances was not undertaken, nor was there any reaction by the management of all responsible
bodies. Using the mapping approach described in this paper, we clustered the FMUs affected by illegal
amber mining and used these for management support purposes. Table 8 summaries the categories
and the criteria for their designation.

Table 8. The categories of FMUs affected by illegal amber mining and the associated criteria for
their designation.

Dynamics over the Last Two Years Duration of Illegal
i iteri Amber Operations
Categories/Criteria . Number of Disturbed Levels of P
Disturbed Area . in Years
Forest Polygons Disturbance
. .. Increased or no Increased or no
Ongoing mining e e Increased >3
significant changes significant changes
. T e Decreased or no Decreased or no Increased or
Mining or stabilization L L >3
significant changes significant changes decreased
Stab‘lhzatlon‘ or 'De'c1?eased or no Decreased Decreased <3
reduction of mining significant changes

v

We used four criteria, i.e., “disturbed area”, “number of disturbed forest polygons”, “levels of
disturbance”, and “duration of illegal amber operation”, to evaluate whether the FMU meets standard
requirements of responsible forest management in terms of prevention of illegal amber mining. As an
input to assign the category, we used disturbed area and the number of forest polygons aggregated
by levels of disturbance. The dynamics of the changes captured over the last two years informs
us about the trend in the process. The nature of changes in the criteria of the identified categories
in not unambiguous. There might be a situation when a reduction in the area of disturbance and
the number of disturbed polygons can be accompanied by an increase in the level of disturbances.
Other combinations of change criteria are possible. Therefore, we did not offer precise thresholds
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between these categories. The evaluation of the value and the direction of change was used as the
basis for designating the predominant trend in the changes and the identification of the category.

The approach suggested here supported the rejection of four FMUs from the category “ongoing
mining” out of the scope of certification [62]. Nevertheless, we found that more than 98% of the
disturbances were mapped outside of the FSC certified area. Based on the methodology, we established
the annual monitoring of all FMUs affected by illegal amber mining operations. The State Forest
Agency of Ukraine, FMUs and FSC auditors are provided with the analytical reports on the dynamics
of the disturbance and the distribution of each FMU’s area by these categories.

The integration of ecosystem services assessment as carbon storage as part of forest management
is become a pressing task. In particular, we are encouraged to use the FSC’s Ecosystem Services
Procedures for verification of the positive impacts of both carbon and non-carbon benefits of reduced
deforestation and forest degradation [63]. Within the context of the study outcomes, the tools and
techniques developed here may be used not only for the evaluation of carbon storage for responsible
FMUs but can value the prevention of the loss of carbon by illegal amber mining and other unauthorized
activities in comparison with FMUs rejected from the FSC scheme.

The issue of detecting disturbances and estimating the biophysical parameters of their impact
on carbon loss has become crucial for the Ukrainian Polissya. The illegal mining of amber has had
effects on the storage carbon in live biomass and caused a decrease in the net primary production of
forest ecosystems. An additional indication of the increased impact of disturbances on carbon fluxes
is the increase in timber harvesting from sanitary logging, which can sometimes be the same as or
more than the final harvesting. During the study period, illegal amber production led to a carbon loss
equal to 16.7% of the total biomass loss by forest enterprises as a result of all types of harvesting in
2019. Furthermore, the lost carbon from illegal mining of amber during this period is 16.5% larger than
carbon emissions from carbon monoxide pollution from mobile sources in 2019 within the Zhytomyr,
Rivne, and Volyn regions.

The largest area of disturbance in forests corresponds to the Low level, which is obviously due to
the active investigation of promising locations for amber mining and the initial stage of disturbance to
the understory, the GFF, and the soil. However, the share of carbon loss in areas designated as Low
level is the smallest compared to the total loss. It is obvious that, after amber detection, there has been
active mining and the complete loss of carbon forest biomass. The amount of carbon lost from the soil
due to excavation and water erosion remains undetermined. Most likely this volume is quite large
since the soil is the main carbon pool.

5. Conclusions

Illegal human activities in forests significantly increase the carbon emissions and can be a
considerable challenge to achieving the goals of the Paris Climate Agreement. The research presented
here represents the first attempt to document the mapping approach of forest disturbance due to illegal
amber mining in Ukraine using the rich spatiotemporal archive of Landsat images. We suggested
methods for how to reveal the history of amber mining-induced forest disturbance using the GEE
implementation of the LandTrendr algorithm for temporal segmentation of LTS and produced a series
of dNBR severity metrics. Thus, the paper also presents new models of the aboveground components
of pine forest biomass in the Ukrainian Polissya and shows the forest carbon loss assessment associated
with stand replacement change events. We concluded that the application of the Land Trendr-fitted NBR
images provides a temporally consistent assessment of forest disturbances and regrowth. We found that
the rates of forest disturbance in the study area dramatically increased during 2013-2014, even though,
in some sites of the Rivne region, the history of amber extraction dates back to the middle of the 1990s.

Consequently, the information reported here should provide researchers with a starting point for
future remote sensing-based investigations of forest disturbance in areas of amber extraction operations
and foster decision making by raising awareness of the scale of this problem. If implemented,
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the proposed solutions can enhance the forest monitoring system and improve audit practices to ensure
that the FSC requirements are met.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/14/2235/s1,
Figure S1. Examples of VR360 panoramic images of low level of disturbance caused by amber mining operations
available at the links: (a) http://bit.ly/low_level_of_disturbance_1; (b) http://bit.ly/low_level_of_disturbance_2; and
(c) http://bit.ly/low_level of_disturbance_3. Figure S2. Examples of VR360 panoramic images of moderate-low
level of disturbance caused by amber mining operations available at the links: (a) http://bit.ly/moderate-low_level
of_disturbance_1; (b) https://bit.ly/moderate-low_level_of_disturbance_2; and (c) https://bit.ly/moderate-low_
level_of_disturbance_3. Figure S3. Examples of VR360 panoramic images of moderate-high level of disturbance
caused by amber mining operations available at the links: (a) https://bit.ly/moderate-high_level _of_disturbance_1;
(b) https://bit.ly/moderate-high_level_of_disturbance_2; and (c) https://bit.ly/moderate-high_level_of_disturbance_
3. Figure S4. Examples of VR360 panoramic images of high level of disturbance caused by amber mining operations
available at the links: (a) https://bit.ly/high_level_of_disturbance_1; (b) https://bit.ly/high_level_of_disturbance_2;
and (c) https://bit.ly/high_level_of_disturbance_3.
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