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Forest biomass is a major store of carbon and thus plays an important role in the regional and global carbon cycle.
Accurate forest carbon sequestration assessment requires estimation of both forest biomass and forest biomass
dynamics over time. Forest dynamics are characterized by disturbances and recovery, key processes affecting site
productivity and the forest carbon cycle. Thus, spatially and temporally explicit knowledge of these processes
and their drivers are critical for understanding regional carbon cycles. Here, we present a new method that uses
satellite data to estimate changes in forest aboveground biomass associated with forest disturbances and recovery
at annual time steps. First, yearly maps of aboveground biomass between 1985 and 2010 based on Landsat time
series and field data were created. Then, we applied a trajectory-based segmentation and fitting algorithm to the
yearly biomass maps to reconstruct the forest disturbance and recovery history over the last 25 years.
We tested the method over a coniferous forest region in the Western Carpathian Mountains, which experienced
long-term environmental changes. Overall, 55% (~30,700 ha) of the total coniferous forest experienced a loss of
biomass over the observation period, while ~30% showed severe or complete removal of forest biomass. At the
same time, 11.2% of the area was reforested or regenerated on previously damaged forest stands. The total conifer-
ous biomass dropped by 15% between1985 and2010, indicating negative balance between the losses and the gains.
Disturbance hotspots indicate high insect infestation levels in many areas and reveal strong interactions between
biomass loss and climate conditions. Our study demonstrates how spatial and temporal estimates of biomass
help to understand regional forest dynamics and derive degradation trends in regard to regional climate change.

© 2013 Elsevier Inc. All rights reserved.
1. Introduction

Forests store large amounts of carbon and play an important role in
the regional and global carbon cycle. Accurate estimates of forest bio-
mass dynamics require accounting for the spatial effects of disturbances
and recovery, both affecting forest carbon emissions. The spatial extent
and the magnitude of disturbance and regrowth determine the net
carbon flux of a forest and the magnitude of carbon loss during and
after disturbance (Frolking et al., 2009; Luyssaert Luyssaert et al.,
2010). Disturbances can convert forests from a net carbon sink to a
net carbon source (during and after the disturbance occurred) (Kurz,
Dymond, et al., 2008; Kurz, Stinson, Rampley, Dymond and Neilson,
2008). Because productivity varies considerably by ecoregion and forest
type, accurately estimating the mass of living forest material and
its changes is critical especially for regional scale carbon models
(Kimball, Keyser, Running, & Saatchi, 2000; Schroeder, Gray, Harmon,
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Wallin, & Cohen, 2008). Remote sensing data and their derivatives
provide unique and appropriate input information to assess changes
in forest biomass across different spatial and temporal scales (Mickler,
Earnhardt, &Moore, 2002; Powell et al., 2010). Herewe present ameth-
od to estimate and monitor aboveground forest biomass changes with
near-annual time-series data.

Forest disturbance and recovery are key processes in forest ecosystem
dynamics. Recovery is the reestablishment of a new forest stand or the
regeneration of a partially disturbed stand following a previous distur-
bance. Disturbances occur due to management activities (e.g., harvest),
and/or due to abiotic (e.g., windstorm) or biotic (insect pests, diseases)
factors. From a management perspective, natural forest disturbances
are often considered to cause unforeseen loss of forest biomass or to
decrease the actual or potential value of forest stands (Schelhaas,
Nabuurs, & Schuck, 2003). However, from an ecological perspective, a
natural disturbance ismerely a cyclical stage of forest destruction–creation
dynamics (Moran & Ostrom, 2005; Rull, 2011). The dominant natural
disturbance agents in European forests are storm events (53%), fires
(16%) and biotic factors (e.g., pest, 16%) (Schelhaas et al., 2003).
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The Carpathian Mountains sustain Europe's largest continuous for-
est ecosystem, and are a bridge between Europe's southern and north-
ern forests, serving as an important refuge and corridor for flora and
fauna. Carpathian forests provide high biodiversity and productivity,
and are a key element of the European carbon cycle (Schulp, Nabuurs,
& Verburg, 2008). However, these forests have been influenced by
humans for many centuries. During the Austro-Hungarian Empire and
expansion of the industrial revolution in the mid-19th century, the de-
mand for energy and fuel increased. As a consequence, exponentially in-
creasing demand for softwood and its products triggered the beginning
of regular forest management. Tree species ensuring high productivity,
short harvesting cycle and quick revenues were propagated. Thus,
most of the natural mountain hardwood and mixed forest stands
have been replaced by conifer species, particularly by the productive
and “cost-effective” Norway spruce [Picea abies (L.) Karst.] (Grodzińska &
Szarek-Łukaszewska, 1997;Matiakowska& Szabla, 2007; Turnock, 2002).

In the second half of the 20th century, rapid industrialization, and
inadequate environmental regulations led to increased environmen-
tal pollution in Central Europe (Csóka, 2005). Long-term critical at-
mospheric deposition of sulphur and nitrogen caused acidification
and eutrophication of ecosystems leading to widespread deteriora-
tion of forest health and a diminished resistance to diverse stressors
(Kubikova, 1991; Materna, 1989; Schulze, 1989). With the fall of
communism in 1989, a phase of institutional and socio-economic
changes begun, having direct and indirect impact on Carpathian forests.
Direct impact has been observed for instance in Romania, where logging
rates triggered by forest privatization and restitution increased (Griffiths
et al., 2012; Knorn et al., 2012). Indirect effects linked to forest manage-
ment and pollution legacies over the last 30 years caused widespread
forest decline in the Carpathians (Kubikova, 1991; Main-Knorn, Hostert,
Kozak, & Kuemmerle, 2009; Muzika, Guyette, Zielonka, & Liebhold,
2004). Particularly since the late 1990s, forest degradation and mortality
of spruce stands reportedly increased in theWestern Carpathians (Badea
et al., 2004; Grodzki et al., 2004; Kozak, 1996), followed by a decline of
forest area at present (Ditmarová, Kmeť, Ježík, & Váľka, 2007; Durło,
2010; Grodzki, 2007; Šrámek, Vejpustková, Novotný, & Hellebrandová,
2008). Present forest disturbances in this area result predominantly
from the coincidental effects of fungal pathogens (Armillaria spp.), unfa-
vorable weather conditions, extreme storm events, and subsequent
bark beetle (mainly Ips typographus (L.)) outbreaks. Moreover, the ob-
served degradation of spruce stands in the Western Carpathians due to
storm events and biotic factors (e.g., insect outbreaks) is expected to in-
crease with climate change in the future (Hlásny, Fabrika, et al., 2010).
Thus, assessing the spatial and temporal patterns of disturbances enables
determination of past and present degradation and recovery, their long-
term trends and potential effect on the carbon balance. It could also
improve regional-scale carbon models, provide an important input to
model possible impacts of climate change on spruce-dominated forests
and underpin new paradigms for management strategies by local and
regional policy makers.

As forest biomass dynamics are characterized by disturbances
and subsequent recovery processes, the quantification of biomass
variability over space and time is critical for accurate carbon accounting
(Houghton, 2005). If available, forest inventories based on plot mea-
surements provide biomass estimates with high precision, but these
inventory-based approaches are spatially and temporally sparse
(Houghton, 2005). Inventories in the Carpathians are designed to
provide estimates at the scale of administrative units and for 10-year
time intervals. Thus, they are often too coarse in space and time to
represent disturbance-induced changes in biomass. Since the net carbon
flux of a forest and the magnitude of carbon loss and uptake are deter-
mined by the rate of biomass change (reduction or accumulation) at
fine spatial and temporal scales, only satellite data can adequately
capture its dynamics over larger areas (Huang et al., 2010; Powell et al.,
2010; Wulder, White, Coops, & Butson, 2008). Moreover, using time
series of remote sensing data both continuous and subtle (associated
with forest degradation or recovery) aswell as discontinuous and sudden
(e.g., clear-cuts,wind-throws) forest change phenomena can be assessed,
quantified and monitored (Kennedy, Cohen, & Schroeder, 2007).

The Landsat satellites provide a unique, continuous record of earth
observations at ample spatial and spectral resolution since 1972 and,
hence, are well-suited for long-term forest change analyses (Cohen &
Goward, 2004; Kennedy, Yang, & Cohen, 2010). Moreover, since the
recent opening of the Landsat archive by the United States Geological
Survey (USGS), new methodological approaches have emerged that
make use of annual Landsat time series (Huang et al., 2010; Kennedy
et al., 2010). Kennedy et al. (2010) developed a trajectory-based seg-
mentation and fitting method: the Landsat-based detection of Trends
in Disturbance and Recovery (LandTrendr), which can be used to recon-
struct the disturbance history of forest stands at annual resolution.
Unique to LandTrendr is that it detects and describes abrupt distur-
bances (e.g. fire and harvest) as well as long-term vegetation trends
(e.g. regrowth and defoliation). Meigs, Kennedy, and Cohen (2011)
applied the LandTrendr algorithm to characterize the impact of insect
calamities on treemortality. In other studies, annual disturbance history
trajectories were used to predict forest structure (Pflugmacher, Cohen,
& Kennedy, 2012; Pflugmacher, Cohen, Kennedy, & Yang, 2013), and
to investigate the effects of institutional and ownership changes on
forest resources (Griffiths et al., 2012). Recently, Powell et al. (2010)
used LandTrendr to quantify live aboveground forest biomass dynamics
at two forested sites in the United States. The authors applied the
LandTrendr fitting approach to assess trajectories of biomass change
and to reduce inter-annual noise in Landsat-based biomass predictions.
The main outcome from this study was that the consistency of Landsat
data through time and spacemade it possible to accuratelymonitor and
quantify trends in biomass.

In a previous study, Main-Knorn et al. (2011) estimated forest bio-
mass in theWestern CarpathianMountains for a single datewith satellite
and inventory data. Here, we build on the findings of this study and
model historic biomass dynamics for the same region at near-annual
time steps. To construct near-annual time series, we used imagery from
Landsat, Satellite Pour l'Observation de la Terre (SPOT) and Indian Re-
mote Sensing Satellite with the Linear Imaging Self-Scanning Sensor
(IRS LISS). Then we use the LandTrendr algorithm to detect and describe
biomass trends between1985 and 2010. The objectives of our studywere
1) to map abrupt and gradual disturbances, and forest recovery in the
spruce-dominated forests of the Western Carpathian Mountains, 2) to
quantify biomass losses and gains associated with these processes, and
3) to quantify the net change in forest biomass within the observation
period.
2. Study area

The study area covers ~116,000 ha of forested land in the Beskid
Mountains of the northwestern Carpathian Mountain Range (Fig. 1).
Here, we focused on coniferous forests which encompass ~56,000 ha of
the total forested area. Elevations in the study region extend up to
1550 m above sea level in the Beskid Żywiecki Massif. The climate is typ-
ical for moderate continental mountain zones with an annual precipita-
tion of 1200 mm (Durło, 2010). The yearly mean temperature is about
7 °C below 700 m and about 4 °C at 1100 m. The dominant wind direc-
tions are western, south- and northwestern, with the highest speed be-
tween November and March potentially causing great damage to forest
stands (Barszcz & Małek, 2008). Warm foehn winds from the south and
southwest as well as temperature inversion in valleys are important as-
pects of the regional climate.

The dominating forest types are Norway spruce monocultures and
mixed spruce stands with the admixture of European beech (Fagus
sylvatica) and European silver fir (Abies alba) (Barszcz & Małek, 2008).
As a result of ongoing stand conversion, some lower elevations feature
mixed beech forests along with spruce and fir.



Fig. 1. Study area within the Beskid Mountains in the border region of Poland, the Czech Republic and Slovakia, with four sub-areas: Barania Góra massif in Poland (A), Javorské massif in
Slovakia (B), Malinowska Skała and Skrzyczne massif in Poland (C), and Wielka Rycerzowa massif along the Polish–Slovak border (D).
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3. Data and methods

Our study region is covered by two Landsat footprints (path/row:
189/25 and 188/26). We acquired a near-annual time series of Landsat
Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+)
images for the period 1985–2010 (Fig. 2). For 2009 only ETM+ images
with data gaps caused by a failure of the sensor's scan-line-corrector
(SLC) were available. To fill these data gaps, we used three adjacent im-
ages acquired in the same year (path/row: 189/25, 188/25, 188/26).
Further, due to the limited availability of Landsat data for the study
region between 1996 and 1999 (caused by data transfer regulations
and affected many regions of the world (Goward et al., 2006)), we
also included imagery from SPOT-1 (path/row 73/249) and IRS LISS-III
(path/row 33/33) for the years 1997 and 1998, respectively. These
sensors have spatial and spectral properties similar to Landsat, and
have been used in other Landsat-based time-series studies (Hill &
Aifadopoulou, 1990; Huang et al., 2010; Powell, Pflugmacher,
Kirschbaum, Kim, & Cohen, 2007; Wilson & Sader, 2002). The SPOT-1
image consists of three spectral bands from the green (0.50–
0.59 μm), red (0.61–0.68 μm), and near-infrared (0.78–0.89 μm)
wavelengths of the electromagnetic spectrum, with a pixel resolu-
tion of 20 m. The IRS-C1 LISS image features two visible bands
(0.52–0.59 μm and 0.62–0.68 μm) and one near-infrared band
(0.77–0.86 μm) with a 23.5 m spatial resolution, and one short-
wave infrared band (1.55–1.70 μm) with a 70.5 m pixel resolution.

3.1. Satellite data preparation

Geometric and radiometric normalization of time series images
are crucial for any type of change detection over time (Lu, Mausel,
Brondizio, & Moran, 2004). We used geometric and radiometric pro-
cessing techniques described in detail by Schroeder, Cohen, Song,



Fig. 2. Scene acquisition dates by year, path and row and the sensor type. Julian dayswere
calculated relative to January 1st.
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Canty, and Yang (2006). Briefly, geometric correction was based on an
automated generation of image tie points (Kennedy & Cohen, 2003) be-
tween the reference (here the orthorectified 2001 L1T image) and the
respective input image. After more than 300 tie points were identified,
a polynomial transformation was used to spatially align the images.
SPOT and IRS LISS images were resampled using cubic convolution in-
terpolation to the 30 m spatial resolutionmatching the Landsat images.
Co-registration between images resulted in an overall positional error
of b0.5 pixels.

The cloud-free 2003 image was atmospherically corrected using the
COST method (Chavez, 1996). All other images (Landsat, SPOT and IRS
LISS) were radiometrically normalized to the corrected 2003 image
using the MADCAL (Multivariate Alteration Detection and Calibration)
algorithm from Canty, Nielsen, and Schmidt (2004). The MADCAL
algorithm identifies no-change pixels between image pairs and normal-
izes each image to a reference image using orthogonal regression
(Schroeder et al., 2006). Since our study focused on coniferous forest,
we created a conifer forest mask for the years 1987 and 2005 (the last
year beforemass insect outbreaks and relatedwidespread forest decline)
using Support Vector Machine (SVM) classification (Pal & Mather, 2005)
and a procedure outlined inMain-Knorn et al. (2009). Finally, clouds and
cloud shadows were digitized and masked. Clouds and shadows were
identified on 11 images of the time series, of which seven clouded scenes
occurred between 2000 and 2009. The average cloud and cloud shadow
coverage was about 7% of the study area, and ranged from 1% of the
study area in 1990 to 17% in 1991.

SPOT-1 data consist of three spectral bands (two visible bands and
one near-infrared band), with similar characteristics to Landsat TM.
However, unlike Landsat and IRS LISS, SPOT-1 does not include a
short-wave infrared (SWIR) band, which is particularly useful for
detecting forest changes. Moreover, in a previous study, SWIR was one
of the most important explanatory variables for predicting biomass
Table 1
Model description and cross-validated results for biomass modeling. RF parameter Ntree corre
variables selected at each node.

Variables

VIS blue VIS green VIS red NIR SWIR I

Model A x x x x x
Model B x x x x
(Main-Knorn et al., 2011). Hence, we considered alternative options to
cope with the lack of SWIR by modeling a pseudo-SWIR band for
SPOT. Using 1000 training samples from Landsat 1995 image, we built
a linear regression model to predict Landsat TM SWIR (band 5) from
two visible bands and one near-infrared band (Landsat bands: 2, 3,
and 4, respectively). We tested and validated the model on the 1995
image and on the cloud-free image from 1992. The model (strong and
statistically significant with P b 0.001 and R2 of 0.9) was then applied
to the corresponding three SPOT-1 bands to predict the pseudo-SWIR
band. The created SWIR band and remaining SPOT bands were stacked
and included in the Landsat time-series.

3.2. Biomass estimation and model validation

Satellite image time series, field inventory data and the biomass
modeling technique based on Random Forests (RF) were used to create
near annual biomass maps over 25 years. A detailed description of RF
can be found in Breiman (2001), Prasad, Iverson, and Liaw (2006) and
Cutler et al. (2007). The RF application for remote-sensing based bio-
mass modeling was introduced by Main-Knorn et al. (2011). Therefore,
in the followingwe provide only a brief description of themodeling and
modification details.

3.2.1. Field data
Wecalculated total live aboveground forest biomass (AGB) from for-

est inventory (FI) data provided by ‘The State Forests National Forest
Holding’. Inventories were conducted in 2003, 2004 and 2007. First,
211 randomly selected FI plots were verified during field surveys in
2005, 2006 and 2007 (Main-Knorn et al., 2011). Then, we converted
the growing stock volume to AGB [Mg ha−1] for these FI plots using
equations for Carpathian Norway spruce forests (Lakida, Nilsson, and
Shvidenko (1996)) as follows:

AGB ¼ Vst �Rv abð Þ ð1Þ

where Vst in the growing stock of stemwood [m3 ha−1], and Rv(ab) is the
ratio between aboveground standing biomass and the volume of the
growing stock over bark. The ratio was calculated as:

Rv abð Þ ¼ a0 �Aa1 ð2Þ

where A is stand age [years], and a0 and a1 are spruce-specific regression
coefficients equaling 2.058 and−0.383, respectively (Lakida et al., 1996).
The observed forest biomass ranged between 0 and 300 Mg ha−1, in-
cluding unstocked plots located in forest meadows and clear-cuts.

3.2.2. Biomass models
Using the 3 × 3 pixel mean of spectral data from the 2005 image

(closest to the FI data acquisition), terrain information (DEM from the
Space Shuttle Radar Topography Mission (SRTM) resampled to 30 m
spatial resolution), and the plot-level AGB data, we derived two sepa-
rate RF biomass models based on: (A) six Landsat bands, terrain slope,
and direct solar radiation (dsr) (Davis & Goetz, 1990; Fitterer, Nelson,
Coops, & Wulder, 2012), and (B) the same variables but excluding
bands 1 (VIS blue) and 7 (SWIR II) (Table 1).
sponds to the number of regression trees to grow, and Mtry is the number of explanatory

Model parameter Accuracy
assessment

SWIR II dsr Slope Ntree Mtry r RMSE

x x x 1500 5 0.8 40.1
x x 1000 3 0.79 41.3

image of Fig.�2
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The evaluation of the models was based on a 10-fold cross-
validation.We also calculated for everymodel: Pearson's correlation be-
tween observed and predicted values, and the root mean squared error
(RMSE). We applied model (A) to the Landsat images and model (B) to
the SPOT and IRS images to create AGBmaps for each image in the time
series. Because all images had been radiometrically normalized, it was
possible to apply the derived RF models to all images in the time series
(Powell et al., 2010). However,we checked the robustness of themodels
across different Landsat footprints and different sensors (Landsat, SPOT-
1, IRS-LISS). For this purpose, we used 50 no-change samples (stable
forest) from a previous study (Main-Knorn et al., 2009), where time pe-
riod 1987–2005 was considered. These samples were identified using
forest inventory and available aerial photography or satellite data. The
same pixels were selected from the Landsat-, SPOT- and IRS LISS-
based AGB maps between 1993 and 2005. Using the mean value of the
3 × 3 pixel window surrounding each no-change pixel per year, the
standard deviation of the biomass predictions was calculated and its
distribution plotted.

3.3. Trajectory analysis

To map disturbance and recovery trends we applied the
LandTrendr temporal segmentation and fitting algorithm to the bio-
mass predictions. Thus, all biomass maps were first assembled into a
stack of biomass time series. The temporal segmentation algorithm
then delineated a single segment (gradual decrease, increase, stable)
or sequences of segments (here we used up to six to characterize
multiple processes) for each pixel, capturing biomass change over
time, while minimizing year-to-year noise caused by illumination
or phenology. The fitting procedure derives simplified trajectory se-
quences of segments, using regression-based and point-to-point
fitting algorithms (Kennedy et al., 2010). Gaps in the biomass time
series related to clouds, cloud shadows and general data scarcity
were linearly interpolated.

To summarize the variety of disturbance and recovery trajectories
occurring across all pixels in the study region, LandTrendr provides
four parameters: onset year of change events, relative (biomass)magni-
tude of change (%), duration (number of years), and biomass value prior
to the change event. Because LandTrendr uses thresholds of percent
vegetation cover to minimize detection of false changes, we converted
the absolute biomass values from Mg ha−1 (AGBi) to percent biomass
(rAGBi) to provide such a forest cover approximation. rAGBi was calcu-
lated as:

rAGBi ¼ AGBi−AGBmin

AGBmax−AGBmin

� �
� 100 ð3Þ

where ‘AGBmax − AGBmin’ was the range of biomass estimates for the
entire coniferous area.

rAGBi was then used to calculate the relative magnitude (Mrel) of
biomass change as follows:

Mrel ¼
100 � rAGBpre−rAGBpost

� �
rAGBpre

ð4Þ

where rAGBpre and rAGBpost are relative biomass before and after distur-
bance, respectively. Then, we used percent of biomass range to define a
minimum detection threshold (20% for abrupt disturbances, 5% over
20 years for gradual decreases).

3.4. Mapping forest biomass loss, accumulation, total and net biomass change

We were interested in four main change processes: abrupt biomass
loss, gradual biomass decrease, gradual biomass increase, and stability
(no change). Each of these processes can be represented by a single
segment in the biomass trajectory. However, often more than one
process occurred within the 25-year period (Fig. 3). We defined the fol-
lowing classes to describe dynamic processes through trajectories:

• disturbance: an abrupt event that causes the loss of live forest biomass
over a period of up to three years (Fig. 3A (year 2000) and Fig. 3B
(2006)),

• gradual decrease: biomass loss over more than three years (Fig. 3A,
until 1999),

• disturbance followed by recovery (Fig. 3A (after 2000) and Fig. 3B
(after 2006)),

• gradual decrease then recovery,
• gradual increase (biomass accumulation in undisturbed forests—
Fig. 3C).

The differentiation between abrupt and gradual disturbances en-
abled us to assess different processes: abrupt events in the study region
may represent clear-cuts and wind-throws, and gradual biomass loss
may represent forest degradation (e.g., defoliation, yellowing) caused
by diseases or insects. Selective logging is an abrupt change but in
cases of repeated, low-intensity logging it may be mapped as longer-
duration biomass loss.

We created four maps to analyze the spatial patterns of biomass
change throughout the study area: a disturbance onset map, a total
gradual decrease and increasemap, a recovery onsetmap, and a net bio-
mass change map. To summarize disturbance rates and patterns, we
calculated the total disturbed area per year and for 5-year periods, split-
ting disturbance rates equally for missing data among adjacent years.
Similarly, we summarized the total disturbed area per year for gradual
biomass changes. “Year” here refers to the first year of gradual biomass
decrease or increase as gradual change is a continuous process.

We classified biomass loss on the pixel level to be “severe”,
“moderate” and “low” when Mrel of biomass change was above
75%, 50–75%, and below 50%, respectively. Finally, net biomass change
for each pixel was estimated by subtracting the biomass value predicted
for 1985 from the biomass value predicted for 2010. Thus, a positive net
change corresponded to a net increase in biomass and a negative net
change corresponded to a net decrease in biomass over the 25 year peri-
od. Pixelswith a net change between−20 and 20 Mg ha−1were consid-
ered no change and replaced with zeros.

3.5. Establishing recovery and a gradual biomass increase trajectories

We calculated net biomass increase per pixel associated with for-
est recovery after abrupt and gradual disturbances, based on the
magnitude of the recovery. Then, we selected only pixels that
underwent a stand-replacing disturbance (post-disturbance bio-
mass levels below 10 Mg ha−1) and calculated the annual mean re-
covery rate and mean recovery trajectories over a 15-year period.
Similarly, we summarized the annual biomass accumulation rates
and coniferous gradual increase trajectories over 25 years. In addi-
tion, using meteorological data provided by the Czech and Polish Hy-
drometeorological Institutes, we examined the relationship between
biomass accumulation rates, mean air temperature andmonthly pre-
cipitation to explore spruce growth responses to climate variables.

3.6. Assessment of the LandTrendr results

To examine the veracity of the LandTrendr results, we used the visu-
alization and data collection tool TimeSync (Cohen, Yang, & Kennedy,
2010). TimeSync simultaneously visualizes time series of image chips
from the analyzed satellite data and fromhigh-resolution imagery avail-
able in Google Earth. A trajectory window displays the corresponding
averaged reflectance per 3 × 3 pixel plot for all image chips, allowing
for a synoptic interpretation of spectral changes over time.

We selected a reference dataset based on a stratified random sample
to evaluate the disturbance map. We collected 290 reference points for
the “abrupt disturbances” class, and allocated them proportionally in a



Fig. 3. Three examples of source values (blue), fitted trajectories (red), and related imagery (R–G–B = TM bands 4–5–3). Fitted trajectories represent change classes: gradual decrease–
disturbance–recovery (A); no change–disturbance–recovery (B); gradual increase (C). Trajectory locations are indicated by the yellow crosshair. Gaps in source value trajectories indicate
masked no-data values.
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class-wise stratified manner (19 years = 19 classes), after eliminating
patches of two pixels or less. We assigned a maximum number of 20
samples to the largest class (year 2009) and a minimum of 5 samples
to those classes that had an area below 1%. The number of samples for
classes in-between was linearly scaled. In addition, a sum of 397 points
was randomly sampled and proportionally allocated for long-term
gradual biomass changes (decrease, recovery, and increase) and the
no-change class. In total, 687 samples were selected for evaluation pur-
pose. Using TimeSync, we recorded the onset year of abrupt distur-
bances. Gradual biomass changes were interpreted by simultaneously
assessing satellite images and temporal reflectance trajectories. When
the normalized time-series reflectance values of band 5 showed a con-
tinuously decreasing trend over a period of more than three years, the
pixel was interpreted as gradual biomass decrease. In contrast, continu-
ously increasing reflectance values over 25 years were associated with
the “gradual biomass increase” class. When a marked decrease in the
Fig. 4. Density plots — distribution of the standard deviation for no-change biomass pixels; Le
excluded); Right: Stdev between 1993 and 2005 for both models A and B (based on Landsat; S
reflectance was followed by a reestablishment in reflectance, a pixel
was validated as “biomass recovery”. We compared the LandTrendr
change results against the TimeSync reference database and calculated
an errormatrix.We derived overall accuracy and omission and commis-
sion errors, accounting for sampling bias and providing true class area
estimates as well as the 95% confidence intervals around those esti-
mates (Card, 1982; Cochran, 1977) .

4. Results

4.1. Biomass models

The estimation of forest aboveground biomass was robust, having a
RMSE of 40 Mg ha−1, and a correlation coefficient of 0.8 based on the
Model A. Estimates based on Model B were almost equally accurate,
showing an r of 0.79, and a RMSE of 41.3 Mg ha−1 (Table 1). The no-
ft: Stdev distribution between 1993 and 2005 for model A (Landsat only; 1997 and 1998
POT and IRS LISS).
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change pixels extracted between 1993 and 2005 showed a generally
low standard deviation of annual biomass estimates (Fig. 4). Density
peak reached 14 Mg ha−1 for Landsat time series, and 17 Mg ha−1 for
cross-sensor time series (including Landsat, SPOT and IRS LISS data),
which is clearly below the RMSE of the RF model.

4.2. Map accuracy

LandTrendr produced accurate disturbance maps with an overall
accuracy of 83.33% (Table 2). The stable forest (no change class - NC)
and gradual decrease class (GD) showed omission and commission er-
rors below 20%, respectively. The recovery class (REC) achieved almost
20% higher producer's and user's accuracies than the gradual increase
class (GI). Commission errors for the annual disturbance classes were
generally low (mean = 16.9%, standard deviation = 15.6%) with
lower errors in the years 1987, 1988, 1990 and 2001, and higher errors
in the years 2002 and 2003. In comparison, omission errors were
higher (mean = 20.6%, standard deviation = 24.8%) in 1987 and
2005 (Table 2).

4.3. Biomass loss vs. abrupt and gradual disturbances

Overall, ~45% (~25,000 ha) of the total coniferous forests showed
stability or steady increases in biomass over the past 25 years. Thus, a
substantial area (55% of the total coniferous area) experienced a loss
of biomass at some time during the observation period caused by grad-
ual or abrupt disturbances. Gradual disturbances dominated (~50% of all
disturbances), affecting ~13,600 ha of coniferous area. Abrupt changes
constituted about 37% of all disturbances, and remaining 13% reflected
area, where abrupt disturbance was preceded by gradual disturbance.

Abrupt disturbances caused loss of biomass across the entire study
area, with several hot spots along a north–south gradient and crestline
(Fig. 5). Further, these disturbances increased exponentially during
the observation period (Fig. 6A). The vast majority of the disturbed
area (82%) was disturbed between 2005 and 2010. For the same time
period, 55% of the affected area underwent severe disturbances; a sub-
stantially higher proportion compared to previous time periods
(Fig. 6B). Moderate abrupt disturbances were observed for about 20%
Table 2
Accuracy assessment for the biomass change classes: stable forest (no change — NC),
biomass disturbance onset year, and the gradual biomass change classes gradual
decrease (GD), recovery (REC), and gradual increase (GI). Error of omission (O), error of
commission (C), and overall accuracy (OAC).

Class O C

1986 0.00% 36.36%
1987 96.72% 0.00%
1988 0.00% 0.00%
1990 20.03% 0.00%
1991 11.94% 9.09%
1993 0.00% 16.67%
1994 42.57% 25.00%
1995 31.76% 16.67%
1997 0.00% 25.00%
1998 3.12% 20.00%
2000 19.28% 15.38%
2001 39.15% 0.00%
2002 13.38% 53.33%
2003 18.72% 50.00%
2005 56.90% 8.33%
2006 0.00% 9.52%
2007 23.83% 9.52%
2009 14.87% 13.04%
2010 0.00% 12.50%
GD 19.21% 7.89%
REC 13.57% 24.32%
GI 30.82% 45.71%
NC 14.70% 15.26%
OAC 83.33%
of the total disturbed area between 1985 and 1999, and decreased
slightly from 20% to 15% between 2005 and 2010, while low and mod-
erate disturbances dominated the period between 2000 and 2004.

As reported before, biomass loss caused by gradual disturbances af-
fected 13% more coniferous area compared to abrupt disturbances.
Long-term biomass decrease was more evenly distributed across the
entire study area. However, areas with moderate and severe biomass
decreasewere observed in the same part of the study area as abrupt bio-
mass loss (Fig. 7-I). In most cases, the onset year of gradual decrease
appeared in the very beginning of our time series; however, we also
observed a second culmination between 2000 and 2004 (Fig. 6C). The
fractions of severe and moderate biomass loss increased from 8% to
35% over time, whereas the proportion of low to moderate change
intensity declined (Fig. 6D). Overall, low to moderate intensity of
biomass decrease dominated across all years. Regarding the duration
of gradual biomass decrease, most changes occurred over no more
than ten years, while a considerable area (~5200 ha) exhibited a bio-
mass decrease over the entire study period (Fig. 6F).

4.4. Biomass accumulation

Only about 20.5% of the total disturbed area showed a recovery in
biomass (11.2% of conifer forest compared to 55% disturbed). This re-
covery was mainly observed in areas that previously experienced
abrupt disturbance (8.7% of coniferous, and 77.8% of total recovery
area). Hence, only small proportion of area affected by gradual distur-
bances actually recovered (2.5% of coniferous area compared to about
24% gradually disturbed). For more than 70% of all recovery pixels, the
recovery started between 2000 and 2010 (Fig. 6E, Fig. 7-II).

Regarding recovery trajectories, there were no considerable differ-
ences in recovery characteristics between gradual and abrupt distur-
bances. The average recovery trajectory and the annual recovery rates
signaled intensive biomass increase, particularly within the first five re-
covery years (annual recovery rates up to 17 Mg ha−1 yr−1 decreasing
after the first five years below 10 Mg ha−1 yr−1). Biomass recovered
fromabout 10 Mg ha−1 for the post-disturbance stage (stand-replacing
disturbances) to 155 Mg ha−1 of aboveground biomass after the 15th
recovery year. The mean gradual increase trajectory for the 25-year
period indicated a biomass increase from 156 Mg ha−1 in 1985 to
217 Mg ha−1 in 2010. The annual accumulation rates were constant
and reached 2.5 Mg ha−1 yr−1 (+/−0.04 Mg ha−1) of biomass
increase.

4.5. Total and net biomass change

The total coniferous biomass decreased by 15% (17MioMg) between
1985 and 2010.

The net biomass changemap (Fig. 8) shows a net decrease in biomass
on 38% of the coniferous area, whereas a positive net change accounted
for only 8.4%. Biomass decreased most strongly (N100 Mg/ha) for 15.7%
(~8818 ha) of the coniferous stands, whereas only 0.6% of the coniferous
area showed a net increase in AGB greater than 100 Mg/ha. The maxi-
mum negative net change reached−302 Mg ha−1, and the highest pos-
itive net change equaled 304 Mg ha−1. Themean net biomass change for
the study area was −36.2 Mg ha−1. The frequency of negative biomass
change showed twomodes at−38 Mg ha−1 (694 ha of total coniferous
area) and−215 Mg ha−1 (~293 ha), respectively.

5. Discussion

Modeling biomass trajectories using the LandTrendr algorithm re-
vealed a dramatic decline in aboveground forest biomass between
1985 and 2010, affecting almost 55% of the total coniferous forest in
the Western Carpathians study region. The area affected by stand-
replacing disturbances and long-term degradation increased exponen-
tially, and this process peaked during the last five years of the analysis



Fig. 5. Disturbance map with highlighted sub-areas (A) and (B), and corresponding photographs taken in 2007 (source: J. Kozak) and 2009 (source: L. Kulla), respectively (black dots).
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period. This corroborates reported increases in salvage cuttings for the
Slovak, Polish and Czech part of the Western Carpathians, particularly
since 2005 (Hlásny, Grodzki, Šrámek, et al., 2010), and decreasing conif-
erous forest cover (Main-Knorn et al., 2009). Substantial biomass loss
since 2005 caused by insects and fungal pathogens, and considerable
surplus of salvage cuttings (Grodzki, 2012) amplified the negative bal-
ance of net forest biomass change. Consequently, the results suggest
that the losses of coniferous biomass were not balanced by the gains
in our study area during the observation period.

The observed severe and widespread loss of biomass in the study
areawas likely caused by a few consecutive or simultaneously occurring
biotic and abiotic drivers. Low resistance of spruce occurred due to un-
favorable forest composition and foreign species ecotype. The propaga-
tion of Norway spruce in mid-19th and the 20th century caused large
replacement of natural fir and beech forests by spruce monocultures
of foreign origin, particularly in the Western Carpathians (Capecki,
1994). Weakened spruce was then affected by long-term critical atmo-
spheric deposition of sulphur and nitrogen leading to direct damage
of trees, as well as degradation of soil chemistry and extinction of soil
microorganisms. In consequence, the natural symbiotic forest eco-
system was damaged and could no longer provide protective functions
for the trees (Hlásny & Sitková, 2010; Matiakowska & Szabla, 2007).
Effects on trees could be observed either immediately (through
discoloration and defoliation), or delayed causing long-term loss of
vigor and elevated activity of fungal pathogens (Armillaria spp.)
(Longauerová, Leontovyč, Krajmerová, Vakula, & Grodzki, 2010). Our
results show both, an abrupt and a long-term gradual biomass loss
since 1985, while the latter corresponds to 50% of the total disturbed

image of Fig.�6
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Fig. 8. Net biomass change map with sub-areas: Barania Góra massif (A), Javorské massif (B), Skrzyczne massif (C), and Wielka Rycerzowa massif (D).
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area. Moreover, subsequent gradual and abrupt disturbances affected
13% of the total disturbed forest.

We show that moderate to severe biomass loss, both abrupt and
gradual, has been constantly increasing (Fig. 6A, B and D), which
could be explained by: 1) markedly delayed response of the soil envi-
ronment to long-term atmospheric toxic loads, and 2) a decreasing re-
sistance of spruce stands against biotic and abiotic factors since the
early 1990s (Mijal & Kulis, 2004). On the one hand, less resistant spruce
was susceptible for fungal diseases and bark beetle infestation; on
the other hand, adverse climate conditions with subsequent extreme
weather events occurred. Particularly, this coincidental effect can be
shown in two sub-regions: the Barania Góra massif in Poland (A) and
the Javorskémassif in Slovakia (B) (Fig. 5). The first example delineates
Fig. 7.Gradual biomass changemaps. Gradual decrease and increase (I) and recovery onset year
Main-Knorn 2006; and P3— source: J. Kozak 2006) demonstrate gradual increase in biomass (D
two time peaks of biomass loss, first in the late 90s and second, about
ten years later (Fig. 5A). Both peaks were biotically-induced (fungal
pathogens and bark beetle), while the second event (still ongoing)
has been additionally accelerated by unfavorable weather conditions
(physiological and summer drought) and a windstorm in 2004. Be-
tween 1995 and 2005 abrupt biomass change occurred on relatively
small patches thatwerewidespread along an elevation gradient. In con-
trast, disturbances between 2006 and 2010 affected a continuous forest
area and caused a tremendous biomass loss along the entire elevation
gradient. A second example, the area of the Javorské massif (B), reflects
ongoing forest disturbances which begun in 2000. Here, the initiating
driver in 2000 was the activity of a pathogenic fungus (Armillaria
spp.) followed by bark beetle infestation since 2005 (Hlásny &
(II). Two example areas (C andD) and corresponding photographs (P1 and P2— source:M.
and P1), long-term gradual biomass loss (I-C and P2), and recovery processes (II-C and P3).

image of Fig.�8
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Sitková, 2010). Similar to biomass loss on the Barania Góra massif, ex-
treme weather conditions in 2003 and 2004 accelerated extensive
bark beetle outbreaks (Grodzki, 2010). In this case, the biomass loss is
likely to be a continuously and gradually developing process, starting
as distinct patches on themountain peaks and then spreading downhill.

Although both examples differ in terms of temporal and spatial
disturbance onset, recent biomass loss seems to have the same reasons
and progress. Intensive salvage logging was conducted after the wind-
storm and fungal activity in November 2004, leaving a large amount
of dead wood suitable for bark beetle breeding and reproduction. Si-
multaneously, a mild winter and dry growing season in 2003 and fol-
lowing years facilitated increased insect survival and reproduction,
boosting outbreaks in the surrounding stands (neighborhood effect,
compare Fig. 5). Finally, once the bark beetle population has reached a
critical size, it affects whole stands and damages trees independently
of their health status (Hlásny, Grodzki, Turčáni, Sitková, & Konôpka,
2010).

Generally, only about 20.5% of the total disturbed area showed a re-
covery in biomass. This can be partially related to the intensive distur-
bances since 2005, leaving not enough time for regeneration. The
recovery map (Fig. 7-II) gives an overview on this scarce regeneration,
and the example area C demonstrates recovery processes after long-
term gradual biomass loss until the mid-90s followed by abrupt biomass
loss (disturbances) (Fig. 7-II C). Slow reestablishment of new forest cover
is organized in compact patches, suggesting intensive silvicultural mea-
sures. For this pattern, there are two explanations. First, although natural
regeneration of spruce has proven feasible in several locations of the
study area, its quality, vitality and survival chances are not sufficient to
guarantee continuous spruce forest expansion above 800 m (Barszcz &
Małek, 2008). Moreover, adverse site- and weather conditions limit the
intensity of spruce seed production and thus natural regeneration
(Longauer, Gömöry, Pacalaj, & Krajmerová, 2010). Therefore, recovery
has to rely on artificial regeneration of spruce using seeds of local origin
(provenance) (Barszcz & Małek, 2008; Slodičák, Novák, Štefančík, &
Kamenský, 2010). Second, critical biomass loss in the study area forces
forestmanagers to develop a stable and close-to-nature forest, consisting
of European beech, silver fir, sycamore maple (Acer pseudoplatanus L.),
and admixture of Norway spruce (Slodičák et al., 2010). These species
are promoted and artificially introduced on previously damaged stands,
but also as conversion of existing sprucemonocultures. However, as silvi-
cultural measures are time- and work consuming, and are hampered by
adverse site and weather conditions in our study area, low recovery
rates seem to be comprehensible.

Our averaged recovery trajectory shows biomass increase after stand-
replacing disturbance to 155 Mg ha−1 of aboveground biomass after 15
recovery years. However, note that recovery here primary relates to gen-
eral vegetation reestablishment (not necessarily conifer growth) as an
early succession stage. The recovery curve and the rates indicate intensive
biomass increase, particularly within the first five recovery years, and
slight slowdown of growth for the subsequent years. These findings are
in linewith the general knowledge of forest reestablishment in a temper-
ate zone, arising shortly after disturbance and expanding quickly before
leveling off (McMahon, Parker, & Miller, 2010). Although we were not
able to observe the mentioned leveling off due to our short observation
time, we were able to assess the variability of recovery rates in the
early succession stage, indicating a high complexity of the recovery pro-
cess due to external factors. Better understanding of temporal patterns
of forest regeneration and their drivers requires detailed knowledge of
the site- and micro-climate conditions, as well as silvicultural measures
at the stand level. Because spatial patterns of recovery are in line with
the disturbance history and known silvicultural approaches, and because
the averaged recovery trend confirms our expectation, we propose that
the trajectory-based analysis provides comprehensive spatio-temporal
information on the reestablishment of new forest.

The small proportion of coniferous area characterized by steady
increase in biomass makes these forests particularly interesting for
investigation. As exemplified in theWielka Rycerzowamassif (D), conif-
erous biomass has gradually increased and these stands remain in a suf-
ficiently healthy condition (Fig. 7-I D). This area belongs to the southern
part of the study region, which is known to be in the orographical “air
pollution shadow” of the surrounding Polish and Czech Beskids
(Šrámek, Sitková, Małek, Pavlenda, & Hlásny, 2010), where no signifi-
cant emission sources were present. Besides the example area D,
gradual increase in biomass was also observed in Wisła forest district
in Poland, where local spruce provenance (Istebna spruce) occurs. It
has been proven that natural Norway spruce populations under stress
are genetically adaptable to local site conditions (Krajmerová &
Longauer, 2000). Several local provenances (particularly Istebna prove-
nance) achieve high growth and survival adaptations, while tolerating
seasonal water shortcomings (Boratyński & Bugała, 1998; Longauer
et al., 2010). We saw evidence of these acquired traits of spruce by the
averaged gradual increase trajectory, established for the stable conifer-
ous forest condition. This trajectory shows a linear increase of biomass
from 156 Mg ha−1 in 1985 to 217 Mg ha−1 in 2010. The annual ac-
cumulation rates are constant throughout all considered years and
reach 2.5 Mg ha−1 yr−1 (+/−0.04 Mg ha−1) of biomass increase,
beyond the first and the last considered year with ~2 Mg ha−1 and
~3 Mg ha−1, respectively. These values are in line with the typical
ranges reported for boreal and temperate coniferous forests domi-
nated by spruce species (Boratyński & Bugała, 1998; McMahon
et al., 2010). Although accumulation rates are stable across time,
slight periodical fluctuations occurred. We found that these sudden
periodical interruptions correlate significantly with the spring pre-
cipitation (r = 0.62). Additionally, the winter averaged air tempera-
ture (especially for February) seems to be significantly related to the
accumulation rates (r = 0.37). Our findings are in accordance with
general knowledge regarding spruce growth responses to climate
variables (Boratyński & Bugała, 1998; Longauer et al., 2010). None-
theless, the comprehensive interpretation of forest regeneration
and gradual increase processes in relation to climate and climate
changes is highly challenging, thus requiring further research.

Besides these outcomes that apply across the entire study area, the
net biomass change map (Fig. 8) shows significant differences in bio-
mass change patterns across countries. In Poland, biomass loss corre-
sponds to broad openings with either linear or fuzzy patch borders
(example areas A and C), while compact patches of small strip clear-
cuts dominate in Slovakia (B and D). Yet, negative net change patterns
dominated in both Poland and Slovakia. In contrast, the net biomass
change map revealed an overall stable situation in the Czech part of
the study area, beside a few small patches indicating biomass loss in
the north-eastern part in Czech Republic. These findings confirm out-
comes of a previous study (Main-Knorn et al., 2009) and underline dif-
ferences in the forestmanagement and the disturbance history between
the Polish, Slovak and Czech part of the Beskids. Selective logging and
local reforestation practices (individual seedlings of different species)
along elevation gradients were typical for Poland, while clear-cuts
followed by plantations were preferred in the Czech Republic and
Slovakia (Main-Knorn et al., 2009). Accordingly, extensive spruce de-
cline and related biomass loss occurred substantially earlier in the
Czech Republic and Slovakia compared to Poland (early 1980s and
mid-1990s, respectively), leaving a longer period for forest regeneration
considering our monitoring period (Kozak, 1996; Kubikova, 1991).

5.1. Limitations and accuracy assessment

While our analyses yielded reliable biomass change maps with high
temporal resolution, some sources of uncertainty remain. First, optical
remote sensing has a limited sensitivity for reproducing biomass in
dense forests, and is susceptible to the confounding effect of understory
vegetation in sparse forests. Thus, as stated by for example Main-Knorn
et al. (2011) or Blackard et al. (2008) a slight bias in biomass estimates
may occur with tendency to over-predict lower and to under-predict
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higher biomass values. Additionally, due to data limitations, we only
estimated live aboveground biomass, which disregards potential dead
aboveground biomass allocated in snags and coarse woody debris.
Second, although the LandTrendr fitting approach interpolates miss-
ing/masked pixel values and generally reduces phenology effects and
inter-annual noise, uncertainties remain. For 1987 high omission error
can be explained by a higher vulnerability of thefitting algorithmtoout-
liers at the beginning of the time series. For 1994 and 2002, misclassifi-
cations are likely caused by high cloud coverage (17% and 13% of the
total study area, respectively).

Third, the gradual increase class performs moderately in terms of
omission and commission errors, and is confused with the no change
class in case of misclassifications. This can be explained by low annual
accumulation rates, particularly in old-growth forest stands, leading to
confusion with the stable forest class.

Finally, no accuracy assessment of change magnitude was possible.
In accordance with the regulations concerning forest protection proce-
dures, bark beetle infested trees or stands should be removed within
the same year through salvage logging, while wind-throw treatment
depends on the timing, affected range, and potential insect pest risk
(Instrukcja Ochrony Lasu, 2004). Hence, for wind-throw stands inven-
tory data might still reflect previously standing tree volume, while our
annual biomass estimates might register already the biomass loss.

6. Conclusions

In this study, we showed the effectiveness of the trajectory-based
change detection approach (LandTrendr) to map abrupt and gradual
biomass changes in the Western Carpathians. A near-annual time-
series provided detailed information on stand-replacing disturbances,
long-term degradation, and forest regeneration; processes that strongly
affect forest biomass. The LandTrendr approach enabled us to spatially
link estimates of forest biomasswith disturbance and recovery informa-
tion, which is crucial in order to understand the role of different distur-
bances on the carbon balance in the Carpathians. Themain advantage of
a near-annual time series approach over bi-temporal study onmapping
disturbances is, that the first enables detecting long-term trends, while
the latter could miss or under-estimate those.

Further, we demonstrated that imagery from SPOT-1 and IRS-LISS
can be used to fill Landsat data gaps. The validation of the SPOT SWIR
model showed highly significant results, making the incorporation of
such a modified SPOT image into the Landsat time series feasible. We
found no evidence that multi-sensor trajectory of Landsat, SPOT and
IRS LISS data affected the standard deviation and the mean biomass es-
timation errors (Fig. 4). Similarly, the validation of the disturbancemap
revealed no discrepancies in accuracies when incorporating “Landsat-
like” sensors (Table 2).

Putting our findings in a regional context, we found very complex
disturbance history in the study area. Massive coniferous biomass loss
between 1985 and 2010, triggered by the coincidental effect of biotic
and abiotic drivers is evident. On the one hand, gradual disturbances
were dominating in the study region, indicating increasing role of in-
sects and pathogens in coniferous decline. On the other hand, abrupt
disturbances intensified since 2005, revealing strong interactions be-
tween biomass loss and climate conditions. Total and net biomass
change highlights negative biomass balance, suggesting, that the losses
of the AGB were not balanced by the gains in our study area. To answer
the question if coniferous forests in this area have converted from a net
carbon sink to a net carbon source between 1985 and 2010, further data
on biomass change in other carbon pools as for examplewood products,
dead biomass, belowground biomass, coarse woody debris, and soil
organic carbon would be required (Houghton, 2005).

Despite the known limitations regarding the empirical modeling of
biomass with optical remote sensing data, this study provides the first
maps of biomass loss and accumulation rates in the spruce-dominated
Western Carpathian forests. Advanced remote sensing approaches,
such as the modeling of biomass and the application of trajectory-
based change detection algorithms, provide spatially and temporally
explicit quantifications of biomass variability within inventory stands.
This study underlines that monitoring of spatio-temporal patterns of
forest ecosystem dynamics is only feasible when applying enhanced
remote sensing methods.
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