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ABSTRACT

Edited by Jing M. Chen

Current plant species diversity of the forest herb layer is influenced by site conditions, seed banks, stand age and
historic canopy dynamics, induced for example by natural and anthropogenic disturbances. Long-term Landsat
time series allow for analyzing forest canopy dynamics over several decades at a spatial resolution of 30 m. These
dynamics have not been related to plant diversity in the herb layer of forests yet. Here, we related canopy layer
dynamics of 132 one hectare temperate forest plots derived from Landsat time series (1985–2015) to herb layer
plant species diversity observed in 2015. To quantitatively characterize the dynamics in the canopy over this
period, we applied Symbolic Aggregate ApproXimation representation (SAX) to yearly NDVI time series of the
plots and calculated the frequency of the representations of similar time series patterns, hereafter called SAXmetrics. We used the SAX-metrics as predictors to estimate with beta regression models the Simpson's diversity
index of the herb layer of our forest plots subdivided into six forest types. Models including SAX-metrics, describing abrupt decreases in NDVI, and high, medium, or low NDVI values had pseudo R2 between 0.13 and 0.63.
We conclude that disturbances, canopy closure, as well as stand age, as represented in NDVI time series, influence the diversity in the herb layer in five of the six examined forest types. Our study shows that information
on historic canopy dynamics, detected from Landsat time series, can contribute to a better understanding of
current herb layer diversity in some forest types. This study gives first indications on the potential of temporal
metrics of Landsat time series in biodiversity research.
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1. Introduction
The recent biodiversity loss exceeds the historic turnover
(Millenium Ecosystem Assessment, 2005), affecting ecosystem functioning, productivity and stability (Bengtsson et al., 2000; Cardinale
et al., 2012; Hooper et al., 2012). Historic vegetation dynamics, site
conditions, forest management, and the local seed bank are the main
features that influence the current state of forest's biodiversity (Barbier
et al., 2008; Paillet et al., 2010). While long-term observational data
sets of forests that would allow to investigate ecosystem dynamics and
their relationship to current diversity are often not available, difficult to
access, or incomplete, the analysis of remote sensing time series might
give corresponding insights into historic canopy dynamics influencing
diversity. We seize this possibility and evaluate Landsat time series to

assess the relationship between historic canopy dynamics of temperate
forests and the current species diversity in the herb layer.
The species occurring in the herb layer of a given forest stand are an
indicator for the forest conservation status and management intensity in
temperate forests (Boch et al., 2013; Schmidt, 2005). The herb layer is
known to contribute to ecosystem functioning, and builds the vertical
stratum with highest species diversity in temperate forests (Gilliam,
2007). Diversity in the herb layer is influenced by forest dynamics over
time including disturbances and forest regeneration phases. An important theory on the impact of disturbances on biodiversity, which is
intensively debated in research, is the diversity-productivity-disturbance relationship by Huston (1979) (Cardinale et al., 2009;
Connell, 1978; Fox, 2013a, 2013b; Huston, 2014, 1979; Roberts and
Gilliam, 1995; Sheil and Burslem, 2013). The theory suggests that
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Fig. 1. Study areas and plot design. a) Location of the “Exploratory” sites Schorfheide-Chorin, Hainich-Dün and Schwäbische Alb in Germany (administrative area of
Germany by Hijmans et al. (2009)), b) “Exploratory” site Hainich-Dün (Landsat 8, October 1, 2015); the red squares indicate the locations of the 1 ha forest plots, c)
Design of the forest plots (1 ha) with the sub-plot in which the vascular plant species survey was conducted (modified after Fischer et al. (2010)). (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

depending on the productivity of the system, the intensity and frequency of disturbances increases or decreases the system's species diversity (Huston, 2014, 1979). In highly productive ecosystems, a high
frequency or magnitude of disturbances causes high rates of mortality,
prevents competitive exclusion, and thereby increases diversity
(Huston, 2014). Anthropogenic (forest management, pollution, landuse change and climate change) and natural drivers (fire, windfall,
snow breakage, droughts, insect pests, browsing, and invasive species)
cause these dynamics in forests (Attiwill, 1994; Bengtsson et al., 2000;
Schelhaas et al., 2003; Turner, 2010). Most Central European temperate
forests are intensively managed for multiple purposes. Hence, in these
forests, management interventions are the most relevant drivers of
changes in structure and composition of the tree layer (Bengtsson et al.,
2000). However, management decisions are in turn more and more
driven by the increased frequency of natural hazards and the consequences of climatic changes. Also, the forest stand age has a great
impact on the species composition and diversity in the herb layer. Recent research showed that species richness of some groups was highest
in early stages of the stands (Boch et al., 2013; Widenfalk and Weslien,
2009). In summary, previous research has shown that the species diversity of the herb layer in temperate forests is influenced by the legacy
of canopy dynamics of the tree layer as it drives the micro-climatic site
conditions, nutrient cycling and particularly light availability (Barbier
et al., 2008; Ishii et al., 2004).
As remote sensing methods allow one to capture canopy dynamics,
they may contribute to explaining current diversity (Kennedy et al.,
2014). Particularly, Landsat time series offer the opportunity to investigate the dynamics in the canopy layers of forests over a period of
more than 30 years (Kennedy et al., 2014). Most common methodological approaches to assess forest canopy dynamics from Landsat data
focused on the detection of disturbances. Well known methods include:

- segmentation methods of yearly composites (LandTrendr) (Kennedy
et al., 2010; Pflugmacher et al., 2014),
- thresholding methods of a forest probability index created from
annual or biennial time series (Vegetation Change Tracker) (Huang
et al., 2010; Williams et al., 2014; Zhu, 2017),
- statistical boundary methods based on harmonic functions from all
available Landsat data (Continuous change detection and classification algorithm) (Zhu and Woodcock, 2014), and
- break point detection methods (Dutrieux et al., 2016; Hamunyela
et al., 2016; Oeser et al., 2017; Verbesselt et al., 2010a, 2010b).
However, all those studies have mainly focused on the detection of
single and large-area disturbance events, like deforestation, while the
derivation of metrics to describe other canopy dynamics has rarely been
attempted. Besides disturbances, for example stand age can be assessed
from remote sensing time series. Stand age has been connected to differences in Normalized Difference Vegetation Index (NDVI) and tasseled cap brightness, wetness, and greenness (Fiorella and Ripple, 1993;
Song et al., 2007).
The relationship between current biodiversity and dynamics in the
canopy layer as detected from Landsat time series has rarely been
studied. Research on monitoring biodiversity with remote sensing data
has traditionally been focusing on a specific point in time and dynamics
have been understood as changes between images at different dates
(Duro et al., 2007; Kennedy et al., 2014; Noss, 1990; Turner et al.,
2003). Only a few studies considered time series dynamics. For example, Oindo and Skidmore (2002) and Hurlbert and Haskell (2003)
directly linked the mean and standard deviation of NDVI time series, or
monthly statistics of NDVI of one year derived from Advanced Very
High Resolution Radiometer with a spatial resolution of 1 km to species
richness of vascular plants and mammals and/or birds. To the best
2
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vascular plant species and forest disturbances used the Simpson's diversity index and showed significant differences in the index between
differently disturbed forests (Kane et al., 2010; Onaindia et al., 2004).
Basic information on the history of forest management in the
“Exploratories” is available. Until the 1970s (for Schwäbische Alb) or
1990s (for Hainich-Dün and Schorfheide-Chorin), the common management operation was moderate thinning from below every five to ten
years, resulting in single-layered forests with a closed canopy cover.
Afterwards, thinning from above was commonly practiced, leading to
more complex vertical forest structures and to an opening of the upper
canopies. Today, the forests are increasingly managed by target diameter cutting, resulting in diverse horizontal and vertical structures,
and single-tree selection in uneven-aged stands in parts of Hainich-Dün.
Moreover, conservation areas without any management activities for 20
to 70 years can be found in the protected areas at all “Exploratory”
sites. Accordingly, the forest plots were classified in age-class forests
with even-aged stands, forests managed by selection cutting, which led
to uneven-aged stands, and unmanaged forests (Blüthgen et al., 2016;
Boch et al., 2013; Schall et al., 2018b, 2018a) (Table 1).

Table 1
Number of forest plots (1 ha) per forest type, “Exploratory” site and management type.
Forest type

“Exploratory” site

Number of
plots

Number of plots per
management type

Beech

Schwäbische Alb
(ALB)
Hainich-Dün (HAI)

38

15

Age class (33)
Unmanaged (5)
Age class (20)
Selection cutting (13)
Unmanaged (13)
Age class (14)
Unmanaged (7)
Age class (15)

12

Age class (12)

Beech
Beech

Schorfheide-Chorin
(SCH)
Schorfheide-Chorin
(SCH)
Schwäbische Alb
(ALB)

Pine
Spruce

46
21

knowledge of the authors, long-term Landsat time series of over three
decades have not been investigated yet to relate canopy dynamics to
current plant species diversity of the forest herb layer.
This study aims at testing the hypothesis that current plant species
diversity in the herb layer of temperate forests may be explained by
historic forest canopy dynamics. The latter is described with metrics
related to disturbances and stand age, as observed from Landsat time
series.

2.2. Landsat time series data acquisition and preprocessing
For the times series analysis, we obtained Landsat Surface
Reflectance Level-2 Science Products from the United States Geological
Survey for Landsat 4 (1982–1993), 5 (1984–2013), 7 (1999-present)
and 8 (2013-present) missions of the Collection category Tier 1. This
category contains images of highest data quality, suitable for time series
analysis, with cloud cover less than 60% over land and scene cloud
cover less than 60% from 1985 to 2015.
For the analysis, we chose NDVI time series, which have been used
to detect disturbances and gradual changes in previous studies
(Dutrieux et al., 2015; Verbesselt et al., 2010a; Vogelmann et al., 2016;
Zhu, 2017). For preprocessing, we first extracted all clear land pixels by
means of the quality assessment band to exclude pixels affected by
water, cloud, cloud shadow, and snow/ice (U.S. Geological Survey
EROS, 2016). Second, we extracted the NDVI values for all those pixels
that had their center point within a forest plot (Fig. 2). Third, NDVI
values smaller 0.2 were excluded, as they are likely to be artifacts of
remaining clouds or haze (Detsch et al., 2016), while NDVI values from
0.2 to 0.5 indicate sparse vegetation, and values greater 0.6 dense vegetation (U.S. Geological Survey, 2018). For the data preprocessing we
used the R Statistical Software environment (R Core Team, 2017).

2. Materials and methods
2.1. Study area and field data
Our study is embedded in the “Biodiversity Exploratories”, one of
the largest research programs on functional biodiversity in Germany.
Our three study sites, the so called “Exploratory” sites, are in i)
Schorfheide-Chorin (SCH), ii) Hainich-Dün (HAI), and iii) Schwäbische
Alb (ALB) (Fig. 1). We analyzed in total 132 forest plots, each covering
an area of 1 ha (Table 1). The plots cover a land use intensity gradient
from near natural to intensively managed forest stands (Fischer et al.,
2010; Hessenmöller et al., 2011). We classified the plots according to
the main tree species in beech (Fagus sylvatica), pine (Pinus sylvestris),
and spruce (Picea abies) forests to account for differences in ecological
processes, tree species composition, management intensity, and disturbance regime of the forest types (Bengtsson et al., 2000), which all
influence the observed reflectance (Oeser et al., 2017; Pettorelli et al.,
2005). Schall et al. (2018b) mapped the tree species at each forest plot
between 2008 and 2010 (Table 1). Spruce forests in HAI (4 forest plots)
and oak (7 forest plots) and pine-beech forests (7 forest plots) in SCH
were not considered in the analysis as they included only a few plots
and would not allow for statistical analysis. A survey of the vascular
plants in the herb layer was conducted in 2015 within sub-plots of
20 × 20 m included in each forest plot (Boch et al., 2013) (Fig. 1).
These sub-plots are assumed to be representative for the bigger forest
plots, as homogeneity in vegetation composition and land use was ensured during the plot selection (Fischer et al., 2010). Such multi-scale
designs are common as forest management can hardly be observed on
small 20 × 20 m plots while plant surveys in the herb layer are hardly
feasible at the scale of 1 ha, due to the high time-demand. The cover of
each species in the herb layer was recorded in percent. Based on the
percent species cover, we calculated the Simpson's diversity index (D)
(Simpson, 1949) (see Eq. (1)), where pi is the proportion of the cover of
species i of the total cover and S is the number of species (Oksanen
et al., 2015).
S

D=1
i=1

pi2

2.3. Time series analysis
During the time series analysis, we attempted to derive metrics
describing abrupt decreases of NDVI (as a proxy for disturbances) as
well as the frequencies of low, medium, and high NDVI values (as a
proxy for stand age), we will refer to as NDVI classes. We expect differences in NDVI throughout the time series for stands of different age
classes. For example, for younger coniferous forests, Fiorella and Ripple
(1993) found higher NDVI values and Song et al. (2007) detected a
linear relationship of tasseled cap greenness and brightness derived
from multitemporal Landsat images and stand age classes, with higher
values for young forest stands. As outlined above, these metrics are
likely to have a notable influence on the local site conditions, particularly on the light conditions in the understory, and may hence contribute to explaining the plant diversity in the herb layer.
To analyze abrupt decreases in the time series and NDVI classes, we
applied a time series representation approach, called Symbolic
Aggregate ApproXimation (SAX), introduced by Lin et al. (2003). Additionally, we used elements of a SAX-based anomaly detection approach suggested by Wei et al. (2005). SAX was successfully applied for
classification, clustering and change detection of time series in different
fields of research, such as medicine, meteorology, acoustics and robotics (Kasten et al., 2012; Lin et al., 2007). We chose SAX, because it

(1)

We chose the Simpson's diversity index to characterize plant species
diversity in the herb layer, as previous studies about the diversity of
3
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Fig. 2. Processing framework of the analysis. SAX: Symbolic Aggregate ApproXimation.

allows comparing the frequencies of time series patterns independently
of the date of the event, facilitates to interpret the results and is computationally fast (Lin et al., 2007). We implemented SAX in R (R Core
Team, 2017) as summarized in Figs. 2 and 3.
First, we aggregated the preprocessed NDVI time series, as common
for the SAX approach, by calculating the mean of the NDVI in August
for each year for each plot. We selected the values in August, since it
represents the peak of the growing season and a comparably stable

phenological stage. The peak of the growing season was visually determined. Furthermore, during August the chance to acquire cloud-free
acquisitions is high in Germany. In the SAX approach, this step is called
Piecewise Aggregate Approximation (PAA) representation, as dimensionality of the raw time series is reduced by piecewise aggregating
the values of the time series (Lin et al., 2007). Here, we reduced the
dimensionality of the raw time series to a yearly NDVI time series.
Second, we translated the yearly NDVI time series into a string of
4
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Fig. 3. Schematic illustration of an example of Symbolic Aggregate ApproXimation (SAX) of a modelled time series of mean NDVI values in August for the years from
1985 to 2015 (center). Histogram of NDVI values (left). The dotted lines define the NDVI classes (A: 0.20–0.75, B: 0.75–0.80, C: 0.80–0.85, D: 0.85–0.95). Below the
graph, the NDVI time series is shown as the string of letters representing the defined NDVI classes (SAX-string) (modified after Wei et al. (2005)).

1. We hypothesize that time series with higher frequencies of abrupt
decreases in NDVI indicate higher frequencies of disturbances in the
green canopy layer (Verbesselt et al., 2010b), which promote higher
diversity in the herb layer. Here, we define an abrupt decrease as a
decrease of at least two NDVI classes (expressed in SAX-words: DA,
CA, and DB).
2. We hypothesize that differences in the frequency of the NDVI classes
(A, B, C, D, and sum(A, B)) between the plots indicate differences in
stand age or management of the plots. Depending on the stand age,
forests differ in the openness and structure of the canopy cover and
the reflection of the herb and shrub layer as shown in previous
studies (Cohen and Spies, 1992; Fiorella and Ripple, 1993; Song
et al., 2007). Therefore, we expect differences in the spectral signal,
which can be detected as differences in the frequency of the NDVI
classes. In young coniferous stands for example, we expect higher
frequencies of high NDVI classes (C and D) and lower frequencies of
low NDVI classes (A and B), compared to older stands, which are
affected by shadows due to gaps in the canopy and uneven tree sizes
(Fiorella and Ripple, 1993). Moreover, higher frequencies of disturbances, which open the canopy cover, might be represented by
higher frequencies of low NDVI classes.

Table 2
Symbolic Aggregate ApproXimation representation (letters) of NDVI classes
(mean NDVI values in August) for the forest types beech (Schorfheide-Chorin,
Hainich-Dün and Schwäbische Alb) and spruce (Schwäbische Alb), as well as
pine (Schorfheide-Chorin).
Letters
A
B
C
D

NDVI classes for beech and spruce
0.20
0.75
0.80
0.85

<
<
<
<

x ≤ 0.75
x ≤ 0.80
x ≤ 0.85
x ≤ 0.95

NDVI classes for pine
0.20
0.70
0.75
0.80

<
<
<
<

x ≤ 0.70
x ≤ 0.75
x ≤ 0.80
x ≤ 0.90

letters, the so-called SAX representation (Fig. 3). This is accomplished
in SAX by dividing the mean NDVI values into NDVI classes (Table 2).
Previous studies using the SAX approach, showed that four classes were
optimal for several datasets and research questions (Wei et al., 2005).
Therefore, we divided the NDVI ranges into four classes. We selected
the classes based on the distribution of the histograms of the NDVI
values in August for each forest type (Supplementary material, Fig. S1)
and chose class widths of 0.05. Due to less NDVI values between 0.20
and 0.75 (beech and spruce) or 0.70 (pine), we selected a broader NDVI
range for the class A. For pine forest plots, we used slightly different
NDVI classes compared to the other forest types, due to overall lower
NDVI values of all plots (Table 2, Supplementary material, Fig. S1). By
assigning each annual NDVI value the letter of the corresponding class
in which it is located, we derived the so-called SAX-string (see Fig. 3).
We analyzed the SAX-string in terms of i) counts of letters (level 1)
to investigate the frequency of low, medium, and high NDVI values and
ii) counts of two neighboring letters to investigate the temporal dynamics (level 2, characterized by two letters = “words”) (Fig. 3). If
NDVI values were not available for one year, the letter or the words,
which would have been formed from the letter of this year, were excluded. Then, we divided the counts of letters or words by the total
number of counts of letters or words of the time series and used the
frequency of letters and words as time series metrics to model the
Simpson's diversity index of the plant species in the herb layer in the
regression analysis. We summed the frequencies of the letters and
words to gain additional information as follows: First, we summed A
and B (sum(A, B)) to investigate the frequency of low NDVI values.
Second, to assess abrupt decreases in NDVI values, we added up the
words DA, CA, and DB (sum(DA, CA, DB)). Third, we summed the
words DC and CD to investigate small changes of high NDVI values.
Regarding the relationship between the plant diversity in the herb
layer and the frequencies of letters and words (SAX-metrics), we formulated the following hypothesis:

2.4. Regression analysis
To investigate the relationship between the Simpson's diversity
index and the SAX-metrics, we used beta regression models with the
link-function “logit” in the mean model and the link function “log” in
the precision model (R-package betareg by Cribari-Neto and Zeileis
(2010)). We chose beta regression models since our predicted variable,
the Simpson's diversity index, is scaled between 0 and 1 and its density
is skewed (Ferrari and Cribari-Neto, 2004). Beta regression models have
been used in previous studies to model for example indices (Aktaş and
Unlu, 2017) and vegetation cover (Eskelson et al., 2011; Keim et al.,
2017). We assured the model assumptions by checking for homoscedasticity (plot of residuals against fitted values) and for the consistency of the observed residuals with the fitted model (half-normal
plots with simulated envelopes) (Cribari-Neto and Zeileis, 2010; Ferrari
and Cribari-Neto, 2004). The beta regression model of the betareg
package does not accept the extremes 0 and 1 (Cribari-Neto and Zeileis,
2010). Therefore, the authors of the package suggest to use the following transformation (y ∗ (n − 1) + 0.5)/n, with n being the sample
size (Smithson and Verkuilen, 2006), in case of a few extreme values.
Accordingly, we transformed the Simpson's diversity index for beech
SCH and beech at all “Exploratory” sites, as 5 plots had a Simpson's
diversity index of 0. We implemented the models separately for each
5
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forest type.
We applied the following approach for the model selection and
evaluation: In a preliminary step, we selected predictors, the SAX-metrics, that were not highly correlated (Spearman's correlation coefficient < 0.7) (Dormann et al., 2013; Glasser and Winter, 1961;
Spearman, 1904). In the beech model, we included the “Exploratory”
sites as an additional predictor. For the model selection, we trained a
complex model, including all variables with a Spearman correlation
coefficient < 0.70 and stepwise selected the best subset of predictors
using the Akaike information criterion (AIC) (Akaike, 1973). To account for heteroscedasticity in the residuals, beta regression models
allow for defining a precision model. We added variables to the precision model if they significantly improved the model (likelihood ratio
test) or the distribution of the residuals. We evaluated the models using
the pseudo R2 (Ferrari and Cribari-Neto, 2004) and the root mean
square error (RMSE) of the models (Fig. 3). For beech SCH, we calculated a model excluding an outlier, which we identified by a high value
of the Cook's distance. This plot had high values for the SAX-metrics C
and sum(DA, CA, DB), while the Simpson's diversity index was 0. We
present the results for the regression models including and excluding
the outlier.
To interpret the results of the regression analysis, we considered the
management type (Table 1), assessed during the inventory between
2008 and 2010, and stand age in 2012 (Schall and Ammer, 2013). We
tested for significant differences in the SAX-metrics of the selected
models between the management types for the beech forests types
(Beech HAI: Kruskal-Wallis rank sum test and Dunn's test with p-value
adjustment after Holm, Beech SCH: two sample t-test) (Dunn, 1964;
Holm, 1979; Kruskal and Wallis, 1952). The pine and spruce forest plots
were all age class forests. We used the Shapiro-Wilk test to test for
normal distribution of the variables per group and the Levene's test to
test the homogeneity of variance. Furthermore, we tested for correlation of the SAX-metrics of the selected models and the stand age with
the Pearson's product-moment correlation or the Spearman's rank correlation (Glasser and Winter, 1961; Spearman, 1904), depending on the
normality of the variables.

(predictor sum(A, B)) in combination with a decrease in the frequency
of abrupt decreases in NDVI (predictor sum(DA, CA, DB)) were significantly associated with an increase in diversity (χ2(2) = 13.452,
p = 0.0012) (Table 3, Fig. 4, Supplementary material, Fig. S3). For
spruce, an increase in the frequency of low NDVI values (predictor sum
(A, B)) was linked with an increase in diversity (χ2(1) = 4.270,
p = 0.039) (Table 3, Fig. 4, Supplementary material, Fig. S3).
The tests for significant differences in the selected SAX-metrics between the management types showed the following results for the beech
forests. In beech HAI, the frequency of high NDVI values (SAX-metric
D) differed significantly between selection cutting and unmanaged
forests (Kruskal-Wallis rank sum test: χ2(2) = 6.484, p = 0.039, Dunn's
test: selection cutting – age class: Z = 1.89, p = 0.119; unmanaged –
age class: Z = −0.83, p = 0.407; selection cutting – unmanaged:
Z = −2.47, p = 0.041). However, in beech SCH, the SAX-metrics of the
best model fit did not significantly differ between the management
types unmanaged and age class forests (SAX-metric C: t(14.34) = 0.76,
p = 0.458; SAX-metric sum(DA, CA, DB): t(11.15) = 0.56, p = 0.588).
The correlation analysis showed that the frequency of low NDVI
values (SAX-metric sum(A, B)) positively correlated with stand age for
spruce and pine forests, while the correlation for the latter was significant (Table 4).
4. Discussion
This study showed that the Simpson's diversity index of the plant
species in the herb layer can be partially explained by historic dynamics
of the canopy layer in some temperate forest types, derived from
Landsat time series. We present a new approach to study canopy dynamics and to relate them to diversity indices. The SAX-metrics describing the frequencies of abrupt decreases in NDVI in the time series,
as well as high, medium, and low NDVI classes could partly model the
herb layer diversity in five of the six examined forest types. This confirms the hypothesis that remote sensing-based metrics related to disturbances and stand age contribute to explaining species diversity in
forests. Below we discuss the results of the regression analysis, the data
quality, the use of Landsat time series in biodiversity research and the
application of the SAX approach for remote sensing time series analysis.

3. Results

4.1. Relationship between the diversity of plant species in the herb layer and
canopy dynamics derived from Landsat time series

The beta regression models had medium to high accuracies for
beech SCH (model without outlier: pseudo R2 = 0.550, RMSE = 0.340;
model including all data points: pseudo R2 = 0.212, RMSE = 0.327),
beech at all “Exploratory” sites (pseudo R2 = 0.317, RMSE = 0.210),
spruce (pseudo R2 = 0.303, RMSE = 0.047), and pine (pseudo
R2 = 0.633, RMSE = 0.118) and low accuracies for beech HAI (pseudo
R2 = 0.128, RMSE = 0.195) (Table 3). The model for beech ALB was
not significantly different from the null model (χ2(2) = 4.043,
p = 0.133).
For the model including beech forest plots at all “Exploratory” sites,
the interaction term of the frequency of high NDVI values (predictor D)
and the “Exploratory” sites was selected (χ2(3) = 44.545, p ≤ 0.0001)
(Table 3, Supplementary material, Figs. S2, S3). For beech, we additionally calculated regression models separately for each “Exploratory” site. The best model fit for beech plots in HAI showed that an
increase in the frequency of high NDVI values (predictor D) was associated with a decrease in diversity in the herb layer (χ2(1) = 6.246,
p = 0.0125). In the regression model for beech in SCH including all
data points, an increase in the frequency of medium NDVI values
(predictor C) was associated with an increase in the Simpson's diversity
index (χ2(1) = 4.067, p = 0.044). The regression model for beech in
SCH without the outlier indicated that an increase in the frequency of
abrupt decreases in NDVI values (predictor sum(DA, CA, DB)) and an
increase in the frequency of medium NDVI values (predictor C) were
associated with an increase in diversity (χ2(2) = 12.358, p = 0.0021)
(Table 3, Supplementary material, Fig. S3).
For pine forests, a decrease in the frequency of low NDVI values

SAX-metrics, representing abrupt decreases in NDVI values as well
as low, medium, and high NDVI classes, proved to be suitable to model
the Simpson's diversity index of species in the herb layer in some
temperate forests in Europe, as indicated by the medium to high accuracies of the regression models for beech SCH, beech at all
“Exploratory” sites, pine, and spruce. We assume that disturbances, the
management practices, and stand age, which are known to affect the
canopy reflectance, play major roles for establishing this relationship.
In beech forests, frequencies of high (beech at all “Exploratory” sites
and beech HAI) and medium NDVI values (beech SCH) as well as abrupt
decreases in NDVI (beech SCH) were selected as predictors in the best
models. Higher frequencies of abrupt decreases in the time series represent more disturbances in the canopy layer (Huang et al., 2010).
More disturbances increase the light transmission and support higher
diversity in the herb layer in beech forests (Barbier et al., 2008; Ishii
et al., 2004; Mölder et al., 2014). In SCH, managed as well as unmanaged plots had higher frequencies of medium NDVI values, high
frequencies of abrupt decreases in NDVI and high Simpson's diversity
index values. These results are supported by a study from Boch et al.
(2013) who could not detect any differences in the richness of herbaceous species between age-class and unmanaged forests in SCH. We
suppose that besides the management also natural disturbances may
have influenced the dynamics in the canopy layer explaining the association of an increase in the frequency of abrupt decreases in NDVI
6
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Table 3
Results of the beta regression models for each forest type: Simpson’s diversity index explained by SAX-metrics derived from Landsat NDVI time series. For beech SCH
and beech at all “Exploratory” sites the Simpson’s diversity index was transformed, due to a few Simpson’s diversity index values of 0 (transformation:
(y ∗ (n − 1) + 0.5)/n, with n = sample size). “Exploratory” sites: ALB (Schwäbische Alb), HAI (Hainich-Dün), and SCH (Schorfheide-Chorin).
Forest type

N

Predictor

Beech at all “Exploratory” sites

105

Mean model
Intercept
D:ALB
D:SCH
D:HAI
Precision model
Intercept
HAI
SCH
Mean model
Intercept
D
Precision model
Phi
Mean model
Intercept
C
Precision model
Phi
Mean model
Intercept
sum(DA, CA, DB)
C
Precision model
Intercept
C
Mean model
Intercept
A:D
A:D:B
Precision model
Phi
Mean model
Intercept
sum(A, B)
sum(DA, CA, DB)
Precision model
Intercept
sum(DA, CA, DB)
Mean model
Intercept
sum(A, B)
Precision model
Phi

Beech HAI

46

Beech SCH

21

Beech SCH

20

Beech Alb

Pine SCH

Spruce ALB

15

12

Estimate

SE

t-value

p-value

1.496
-0.289
-4.076
-8.375

0.213
0.686
1.073
1.518

7.033
-0.422
-3.797
-5.516

< 0.0001
0.6732
0.0001
< 0.0001

2.464
-0.795
-2.257

0.225
0.295
0.336

10.962
-2.696
-6.716

< 0.0001
0.0070
< 0.0001

1.412
-3.683

0.302
1.412

4.668
-2.608

< 0.0001
0.0091

5.091

0.993

5.128

< 0.0001

-3.494
7.785

1.666
3.909

-2.098
1.991

0.0359
0.0464

1.782

0.470

3.792

0.0002

-7.047
8.968
13.168

1.895
3.460
3.532

-3.718
2.592
3.728

0.0002
0.0095
0.0002

-3.762
12.007

1.776
4.269

-2.118
2.812

0.0342
0.0049

1.628
-21.369
78.763

0.177
10.031
38.739

9.190
-2.130
2.033

< 0.0001
0.0332
0.0420

12.800

2.900

4.412

< 0.0001

4.448
-4.174
-10.343

0.970
0.941
4.405

4.586
-4.438
-2.348

< 0.0001
< 0.0001
0.0189

4.810
-14.089

1.276
8.445

3.770
-1.668

0.0002
0.0953

-1.403
5.434

1.528
2.343

-0.918
2.319

0.3586
0.0204

43.73

17.960

2.434

0.0149

a) Pine forests in Schor!eide-Chorin

RMSE

pseudo R2

0.210

0.317

0.195

0.128

0.327

0.212

0.340

0.550

0.114

0.107

0.118

0.633

0.047

0.303

b) Spruce forests in Schwäbische Alb

Fig. 4. Relationship between Simpson's diversity index and the SAX-metric sum(A, B) a) for pine forests in Schorfheide-Chorin and b) for spruce forests in
Schwäbische Alb with the regression line of the model “Spruce ALB” presented in Table 3.
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NDVI values, indicating increasing stand age, was associated with increasing diversity in the herb layer. In deciduous and coniferous ageclass forests in ALB, the species richness of light-demanding herb species decreased with increasing stand age, however the richness of herbaceous forest species increased with higher stand age (Boch et al.,
2013). We assume that higher Simpson's diversity index values for
species in the herb layer were rather associated with older stands in
spruce forests due to the higher number of herbaceous forest species in
older forests.
Concerning the validation of our results and the quality of our data,
we want to discuss three aspects. First, although we do not have reference data on the exact dates of management actions or natural disturbances, information on stand age and management type support our
results. Second, some of our data sets for the individual forest types
have a relatively small sample size (pine, spruce, and beech SCH) or are
homogeneous in their herb layer diversity (spruce and beech ALB). For
the beech plots in ALB, 71% of the 38 plots had Simpson's diversity
index values above 0.8 (Supplementary material, Fig. S2). Therefore,
we suppose that we could not find a significant relationship between
diversity and SAX-metrics, due to the low variability of the Simpson's
diversity index. Third, similar to other studies our results show that
considering forest type specific stand properties, local management
practices, and disturbance regimes is necessary to obtain meaningful
results (Barbier et al., 2008). For example, soil properties, like soil type,
pH, and litter layer thickness were reported to notably influence herb
layer species richness in temperate forests (Boch et al., 2013; Mölder
et al., 2008). Including these additional factors in the regression models
might increase the accuracies of the models. However, the goal of our
study was to examine the influence of the temporal canopy dynamics
described by Landsat time series. Considering the data quality and validation, we conclude that our results support the hypothesis of a relationship between forest plant diversity and dynamics in the canopy
for some forest types in temperate forests in Germany.

Table 4
Results of the correlation analysis of the SAX-metrics, included in the best
model fit of each forest type, and the stand age. rs: Spearman's rank correlation,
r: Pearson's product-moment correlation.
Forest type

SAX-metric

Correlation

Beech HAI
Beech SCH
Beech SCH
Pine
Pine
Spruce

D
C
sum(DA, CA, DB)
sum(A, B)
sum(DA, CA, DB)
sum(A, B)

rs = −0.22, p = 0.150
r(19) = 0.30, p = 0.194
r(19) = − 0.03, p = 0.890
rs = 0.70, p = 0.003
rs = −0.27, p = 0.339
r(10) = 0.55, p = 0.064

and an increase in diversity. In HAI, high frequencies of high NDVI
values may be related to dense canopy covers. The relationship between
high NDVI values and high canopy cover or Leaf Area Index has been
shown previously (Carreiras et al., 2006; Davi et al., 2006; Soudani
et al., 2006). Significantly higher frequencies of high NDVI values were
found for unmanaged plots compared to plots managed by selection
cutting. The unmanaged plots have not been managed for 20 to 70 years
and have not reached the decay phase yet (Boch et al., 2013; Schall
et al., 2018a). Thus they have a dense canopy cover (Schall et al.,
2018a), which leads to less light transmission to the herb layer and
finally to lower plant species diversity. Boch et al. (2013) also observed
significant differences in herbaceous species richness between unmanaged forests and forests managed by selection cutting, while the
richness of herbaceous species did not significantly differ between ageclass and unmanaged forests. The relationship between management
and diversity was further confirmed by a study at the “Exploratory”
sites by Penone et al. (2019), who discovered a negative correlation
between canopy closure and vascular plant species richness. Mölder
et al. (2014) and Schmidt (2005) also observed the same effect of silvicultural management on herb layer diversity or species richness in
forests in Central Germany. Moreover, the same relationship of light
availability and plant species richness was shown in a study using
LiDAR data (Lopatin et al., 2016). However, the beech models had low
to medium accuracies. We assume that climatic conditions, soil type,
and seed bank composition may lead to additional variability in the
observed diversity in the herb layer (Barbier et al., 2008). Some of these
factors cannot be captured by analyzing remote sensing time series.
For the pine forests, frequencies of low NDVI values highly positively correlated with stand age. Forest stands with low frequencies of
low NDVI values represent young forest stands. These younger stands
had a higher tree density compared to the older stands. This may explain the differences in the spectral signal. Shadows, due to gaps in the
canopy of the less dense older forest plots, may have led to a higher
frequency of low NDVI values. Previously, older stands have been related to lower NDVI values compared to young coniferous forest stands
(Fiorella and Ripple, 1993). The association of increasing frequencies of
abrupt decreases in NDVI and decreasing Simpson's diversity index
values might indicate that too many disturbances over time decrease
the diversity in pine forests. The young pine forest stands with a higher
tree density compared to older stands showed a higher diversity. With
pine forests having already a less dense canopy cover compared to
beech and spruce forests, this indicates that a further increase in light
availability does not positively influence species richness in pine forests, as discussed by Boch et al. (2013). In our study, the less dense
older stands had a high cover of one or a few grass species in the herb
layer, which may have prevented the growth of other species and may
have led to low values of species diversity. Grass encroachment is
common for intensively thinned pine forests (Lockow, 2007). Previous
studies also showed that younger forests have a higher richness of lightdemanding herb species or of all species (Boch et al., 2013; Widenfalk
and Weslien, 2009).
In the spruce forests, frequencies of low NDVI values also positively
correlated with stand age. However, an increase in the frequency of low

4.2. Landsat time series analysis in biodiversity research
Landsat time series are the longest remote sensing time series at a
medium spatial resolution with multispectral bands and therefore wellsuited for studying long-term ecological processes (Kennedy et al.,
2014). The following aspects need to be considered when analyzing
canopy dynamics with Landsat time series. First, biological processes in
forests, such as growth and mortality within rotation periods of 120 to
150 years (Schall and Ammer, 2013), can last notably longer than the
few decades of Landsat data currently available. Second, abrupt decreases in the NDVI time series were included in only two regression
models to explain the Simpson's diversity in the herb layer. We assume
that we could not detect all small-area disturbances due to the medium
resolution of Landsat. Small-area disturbances are common in our study
area in Central Europe, where forest management practices to obtain a
permanent canopy cover (e.g. thinning and target diameter cutting) are
common practice (Schall et al., 2018b). At the spatial resolution of
Landsat images, these small-area and low intensity disturbances are
difficult to detect (Oeser et al., 2017). In the future, time series of
Sentinel-2 data with a spatial resolution of 10 m may further benefit our
approach. Third, previous research reported saturation of NDVI for
dense deciduous forests (Birky, 2001; Fassnacht et al., 1997). Fassnacht
et al. (1997) described saturation of NDVI of Landsat 5 around 0.8 for
leaf area indices higher than 4. However, in our study NDVI values
higher than 0.8 and up to 0.95 could be observed (see histograms of the
NDVI values in August, Supplementary material, Fig. S1), indicating
that the NDVI did not saturate for our study sites. Considering these
aspects, Landsat time series with their spectral and temporal resolution
and long recording period, are an exceptional source of information for
studying canopy dynamics over longer time-periods.
8
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4.3. Implementation of SAX for analyzing remote sensing time series

Priority Program 1374 “Infrastructure-Biodiversity-Exploratories”
(DFG-Refno. KL894/21-1 and KL894/21-2). Field work permits were
issued by the responsible state environmental offices of BadenWürttemberg, Thüringen, and Brandenburg. We thank Prof. Dr. Markus
Fischer, Deborah Schäfer (Institute of Plant Sciences, University of
Bern), and Dr. Steffen Boch (Swiss Federal Institute for Forest, Snow
and Landscape Research) for providing the dataset “Vegetation Records
for Forest EPs, 2008 - 2015”. Landsat 4-5 Thematic Mapper, Landsat 7
Enhanced Thematic Mapper Plus and Landsat 8 Operational Land
Imager Surface Reflectance data is courtesy of the U.S. Geological
Survey.

The use of SAX for remote sensing time series offers advantages
regarding the following aspects: The approach considers the entire time
series by counting similar events, not just single events. Moreover, SAX
allows one to analyze time series at different time intervals (Wei et al.,
2005). This study showed that analyzing SAX at both levels 1 (letters)
and 2 (words), is important and helpful when aiming at understanding
relevant processes in the canopy layer. The frequency of letters at level
1 gives insight into the average NDVI values over the years and the
frequency of words at level 2 considers the relationship from one to the
subsequent year for a better understanding of the dynamics in the time
series. The window size could be increased for long time series to study
cyclic dynamics. For example, seasonal patterns could be examined by
applying this approach to monthly data. In addition, SAX has the advantage that it can deal with missing values, when applied to remote
sensing time series, which are often discontinuous due to cloud, haze,
or cloud shadow pixels or missing images (Zhu, 2017). Moreover, the
SAX approach reduces potential noise, induced by undetected haze or
incorrect radiometric correction, by the preprocessing of the data.
However, important details in the time series might also be smoothed
and lost by applying SAX. Thus, the choice of the NDVI classes is crucial
and future research could focus on developing objective methods to
obtain optimal NDVI classes. Finally, SAX facilitates to understand and
interpret the results by providing insight into the time series dynamics.
Hence, we see high potential of the SAX approach for remote sensing
time series regarding the advantages mentioned above, the fast calculation due to dimensionality reduction (Lin et al., 2007) and its application for various questions in time series analyses, including classification, anomaly detection, and cluster analysis (Lin et al., 2007; Wei
et al., 2005). For further research on the SAX approach in remote
sensing, we suggest to analyze the impact of different classes of spectral
indices on the results and to investigate further applications of SAX
(Wei et al., 2005).

Appendix A. Supplementary data
Supplementary data to this article can be found online at https://
doi.org/10.1016/j.rse.2019.111305.
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