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Estimating forest structural attributes is one of the essential forestry-related remote sensing applications. The
methods applied so far typically concentrate on the structure of the overstorey. For various conservation and man-
agement applications, however, information on lower layers is also of great interest. Detecting understorey cover
by remote sensing is challenging, as passive sensors do not penetrate to the forest ground layer. An alternative to
these is 3D metrics from active light detection and ranging (LiDAR). Here, we evaluate this technique for describing
the vegetation density of multiple stand layers within the temperate stands of a large protected area in south-
eastern Germany. We combined LiDAR metrics and information on forest habitat types with regression models
to investigate LiDAR metrics that are significantly correlated with vegetation density. The top canopy and the
herbal layer showed strong correlations with the applied LiDAR metrics, whereas the predictive power was lower
for the intermediate stand layers. Moreover, our results suggest that the relationship between LiDAR predictors
and vegetation density depends on the forest type. A comparison of the regression models with random forest pre-
dictions showed no major improvement in predictive error. In conclusion, this study highlights the value of the
LiDAR metrics for characterizing the structural properties of lower forest layers, which has implications for wildlife
and forest management applications, especially in protected areas.

Introduction
Forest structure can be quantified by many features, including
canopy height, canopy closure, understorey cover, tree diameters,
and volume of standing and lying trees. From those, indicators
relating to the understorey are of particular interest for forest
ecology and management. For example, the understorey vegeta-
tion contributes to nutrient cycling (Yarie, 1980) and fire behaviour
(Soares-Filho et al., 2012) and serves as an indicator of overstorey
components (Falkowski et al., 2009; Wing et al., 2012).

Since the understorey vegetation can be substantially affected by
forest disturbances such as tree harvesting (Nakamura, 1996), wild-
fire (Bataineh et al., 2006) and bark beetle outbreaks (McMillin and
Allen, 2003), it is often considered as one of the indicators of forest
health (Tremblay and Larocque, 2001; Kerns and Ohmann, 2004).
The forest herbal layer has also been stated as an essential attribute
to bespatiallyestimated due to its importance for understandingthe
spatiotemporal dynamics of herbivore populations and their impact
on habitats (Ewald et al., 2014a, b). Therefore, spatially explicit infor-
mation on understorey is important for forest management.

To retrieve area-wide estimates of understorey structure for re-
search and management purposes, remote sensing data and

methods offer a range of suitable options due to their reasonable
costs and high spatiotemporal coverage. A particularly promising
technique is light detection and ranging (LiDAR), an active, 3D
remote sensing technique that has been successfully validated for
studying multiple forest attributes. Thanks to its three-dimensional
coverage of structural features of the vegetation, parameters such
as tree height, number of stems and volume can be estimated with
good accuracy (see reviews by Lim et al., 2003; Latifi et al., 2012).
Efforts towards advanced use of LiDAR dataformodelling understorey
(and regeneration) have been promoted in earlier studies (e.g. Su and
Bork, 2007; Leutneret al., 2012). A strong agreement between a LiDAR
land cover map (including tree and shrub classes) and ground refer-
ence data has been previously reported (Alberti et al., 2013).

The combination of LiDAR and ground reference data for
estimating understorey vegetation cover presents a number of
technical challenges. A basic issue is that the extent of understorey
vegetation is often recorded as a proportional value. To correct for
resulting problems with non-normality of the residual distribution,
methods such as transformation of variables, beta regression and
weighted regression have been applied (Eskelson et al., 2011;
Wing et al., 2012). A somewhat more subtle issue arising when
dealing with vegetation density is how it is primarily defined. LiDAR
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signals respondto the localdensityof leaves. Vegetation densityand
cover, as defined by field ecologists and managers, may not always
be analogous to such signals. This issue will be further clarified in the
Materials and Methods section. A further problem is that studies
using discrete-return LiDAR predictors have reported limited ex-
planatory power for modelling shrub abundance (Eskelson et al.,
2011). In contrast to discrete-return LiDAR, waveform systems
record the entire backscatterof each emitted laser pulse. Processing
data from those systems often result in substantially higher point
density compared with those from discrete-return data; therefore,
waveform systems are likely to be more representative of the inter-
mediate vegetation layers due to a higher penetration of laser
beams within the canopy. Despite the increased availability of
such data as well as appropriate postprocessing routines, there is
still little experience in using them to estimate cover in multiple
canopy layers, including the woody and herbal understorey.

In this study, we used parametric (regression) and nonparamet-
ric (random forest) algorithms with selected metrics from wave-
form LiDAR data to predict vegetation density in multiple vertical
stand layers. In addition to the LiDAR metrics, we also used infor-
mation on the forest habitat types, since different habitat types
may show different LiDAR responses at equal vegetation density.
The objectives of this study were (1) to explore the explanatory
power of the selected LiDAR metrics for describing vegetation
density in over- and understorey layers and (2) to explore the role
of habitat types in the occurrence and expansion of vegetation
layers across a heterogeneously structured temperate test site.

Materials and methods

Study area
The test site encompasses the total area of the Bavarian Forest National Park
(BFNP), which is located at the border between Germany and the Czech Re-
public (498 3′ 19′′ N, 138 12′ 4 9′′ E). The area is dominated by rough terrain
with elevations between 600 and 1453 m above sea level. The mean
annual temperature ranges between 3 and 6.58C and the annual precipita-
tion amounts to 1200–1850 mm, which is coupled with heavy and long-
lasting snow cover in the higher elevations (Ewald et al., 2014a). The three
major forest communities within the area include subalpine stands domi-
nated by Norway spruce (Picea abies (L.) Karst) in which mountain ash
(Sorbus aucuparia (L.)) is a minor component; the second type located on
slopes consisting of Norway spruce, white fir (Abies alba Mill.), European
beech (Fagus sylvatica (L.)) and sycamore maple (Acer pseudoplatanus (L.));
and the third community found across the valley bottoms, comprising
Norway spruce, mountain ash and birches (Betula pendula Roth and Betula
pubescens Ehrh.) (Heurich and Neufanger, 2005). Integrating multiple
factors such as latitudinal zones, elevation, vegetative type, and level of
human and natural disturbances has resulted in the occurrence of various
habitat types (see Krojerová-Prokešová et al., 2010 for further description).
Due to the availability of long-term ground, climatic and remote sensing
databases, several remote sensing-based studies on the natural forest
dynamics have been conducted in the area (e.g. Kautz et al., 2011; Lausch
et al., 2013; Ewald et al., 2014a; Fassnacht et al., 2014).

Description of ground and habitat data
The ground data were collected during August/September 2008 to obtain a
comprehensive vegetation inventory within all forest communities and for
all forest developmental phases. The experimental design was based on a
200×200 m stratified random-sampling grid. At the intersections of this
grid, phytosociologic and allometric properties, including canopy cover in

different forest layers, were recorded within 200 m2 quadratic-shaped
plots. Moreover, all species in the tree, shrub and ground vegetation were
recorded. Further details on the sampling design can be found in Ewald
et al. (2014a).

The vegetation cover data that are used in this study were recorded as
proportional values (percentage cover) in five layers (hereafter referred to
as T1, T2, T3, S and herb, as also described in Figure 1 and Table 1) using
the ocular method. This method is based on visual estimation of the area
occupied by the canopy cover of each layer (e.g. Paletto and Tosi, 2009),
which is by the principle of Braun-Blanquet method (Braun-Blanquet,
1928). It has been stated to be a rapid and cost-effective procedure of
canopy cover estimation in forestry, particularly when assessing the
lower vertical stand layers (Jennings et al., 1999). Although it strongly
relies on the experience of the field crew (Gayton, 2013), several studies
reported adequate accuracy and speed of ocular assessments compared
with other methods such as point frequency (Brakenhielm and Qinchong,
1995) and digital imagery-based (Vanha-Majamaa et al., 2000) methods.
We also argue the use of this method to be easily understood by practi-
tioners since they correspond to the visual impression of the respective
stand layer in the field. Nevertheless, how strongly these proportional
values correlate with remote sensing signals (which respond primarily to
leaf densities) needs to be clarified. One may at least expect that the correl-
ation between proportional canopy cover and the LiDAR signal change
across different forest types, which is one of the reasons why we included
the habitat-type information in the estimation models.

LiDAR data were collected in 2012 (the description follows) and a 4-year
difference existed between the field data and the LiDAR data, in which a
number of stands have been partially infested by bark beetle outbreaks.
To account for this difference, the initial 184 sample points were overlaid
on the aerial imagery-extracted segments of bark beetle-induced tree mor-
tality between 2008 and 2012 (methodology is described by Rall and
Martin, 2002). Sample plots which intersected those segments were
removed from the database, which resulted in a final number of 166
sample plots. The plot centres were intersected with the map of forest
habitat types and the stand developmental phases. In order to reduce
the complexity, the subclasses originally recorded (young, medium and
mature) within each habitat type (coniferous, deciduous, mixed stands,
lying and standing deadwoods) were merged into coarser habitat types
of deciduous, coniferous, mixed, standing deadwood, lying deadwood
and clear-cuts. Figure 2 visualizes the geographical location of the study
area as well as the distribution of sample plots across the habitat types.

LiDAR data

A full waveform LiDAR campaign for the entire BFNP was carried out in June
2012 in leaf-on condition. The data were recorded by the Riegl 680i sensor
(350 KHz, nominal point density of 30–40 points m22, average altitude
650 m above ground) at a 0.32 m footprint and 300–400 m swath width
(depending on flight altitude) by Milan Flug GmbH.

LiDAR data processing
The de-composition of the raw LiDAR waveforms with a sum of Gaussian
functions resulted in XYZ-coordinates of the individual returns and intensity
values. The intensity values for each return were corrected by the factor
Rn

S/Rn
Ref with RS as the travelling distance of the laser beam from the

sensor to the reflecting object, as a reference distance and n¼ 2.1 as a cali-
bration factor (Reitberger et al., 2009). To facilitate batch processing, the
region was subdivided into 17 macro blocks, each covering 6 km×6 km.
In each macro block, sub-blocks (1 km×1 km each) were defined. The
recorded data were further processed in 10 m×10 m raster pixels by
reading in the entire waveforms within each pixel.

After normalizing the sum of waveforms to a maximum value of 1, they
were truncated at the end of the ground reflections. This was necessary
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since the postpulse oscillators by ground reflections (¼ringing effect) may
result in considerable amplitudes, which distort the LiDAR parameters.
The ground height was taken from the existing LiDAR digital terrain
model. Then, the amplitudes of the sum waveforms were accumulated.

As the final product, various LiDAR parameters were calculated in each
of the previously described height layers and were delivered in 10 m×10 m
raster data. The LiDAR predictors, which were used for this study, are sum-
marized in Table 2. Furthermore, Supplementary data, Figure S1 provides
examples of visualized LiDAR attributes.

The LiDAR metrics were preselected based on the definition of the metrics
and the expert expectation about their association with the respective layer.
For example, ‘Fullheight’ category and ‘density100’ metrics were selected for
modelling T1 layer, since they mainly represent the top height of the over-
storey. For T2 layer, the above-mentioned predictors were combined with
‘density90’ and ‘density80’ parameters, which potentially represent the

second stand storey. For T3 layer, LiDAR predictors were taken from the inter-
mediate stand height (‘Midheight’ category in Table 2) coupled with
‘density100’, ‘density 50’, ‘density 40’, ‘density 30’ and ‘Cover’ metrics. The
predictors for S layer models consisted of height metrics of ‘S’ category
added by ‘density100’, ‘density40’, ‘density30’, ‘density20’, ‘Shrub’ and
‘USTORY’ parameters. The preselected predictors for the herb layer included
the highest (‘density100’) and lowest (‘density10’) density-based metrics,
the height metrics of the lowest stand level (the ‘Herb’ category) as well as
‘USTORY’ and ‘Cover’ parameters.

We hypothesized that the variable ‘density100’ represents the crown
openness in the top height (which presumably plays a role in occurrence of
any underlying vegetation element). This predictor was therefore included
for all layers. The habitat type (hab) was added to each model as a main
term, as well as an interaction term with each of the LiDAR-based predictors.

Model setting and model selection

The analysis of proportional data can cause problems in ordinary
least-square models, since proportions are strictly bounded between 0
and 1 (Damgaard, 2009). To deal with this problem, various adjustments
have been proposed, including transformations of responses (and/or
predictors) or weighted regressions (Kmenta, 1986; Wing et al., 2012).
Whereas an arcsine transformation has been often used for transforming
data on proportions (Zar, 1998; Gotelli and Ellison, 2004), a logit transform-
ation has been suggested to be more advantageous (Warton and Hui, 2011;
Shi et al., 2013). Thus, we applied the latter to all response variables except
the T1 cover (which already showed a linear association to the LiDAR height
metrics). To avoid the sample proportions of 0 and 1 from being trans-
formed to 21 and +1, we slightly shrank the original scale of the data
by adding a small value ? when applying the logit function.

Figure 1 Distribution of the measured canopy cover% in the field samples.

Table 1 Description of the multiple vertical stand layers

Abbreviation Height Description

T1 .2/3 of top height First tree layer
T2 1/3–2/3 of top height Second tree layer
T3 5 m – 1/3 of top height Third tree layer
S 1–5 m Shrub layer
Herb ,1 m Herb layer

Note that ‘top height’ refers to the mean height of 20% trees with largest
diameter at breast height.
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Using the previously described LiDAR metrics, we defined a global
regression model that took the form:

Y = a+ b1xLiDAR1
+ b2xhab + b3xLiDAR1

× xhab + · · · + bn−2xLiDARn

+ bn−1xhab + bnxLiDARn
× xhab + 1,

where n refers to the total number of predictors in each model, and each
LiDAR parameter is taken as linear main and interaction terms with the
habitat types. We then calculated the second-order Akaike Information
Criterion (AICc) Akaike (1974) for all subsets of this model (with a constraint,
see below) to identify the submodel with the highest AICc. The AIC takes
the general form of AIC¼ 2k 2 2 ln (L), where k is the number of parameters
in the model and L denotes the maximization of a likelihood function. The
AICc is then an extension of AIC in the presence of small sample sizes or
when the number of fitted parameters is moderate to large (Hurvich and
Tsai, 1989; Johnson and Omland, 2004). The subsets and AICc were calcu-
lated with the R library ‘MuMin’. We generated all possible combinations
respecting marginality constraints, i.e. the combinations do not include
models containing interactions without their main effects and lower order
terms (Bartoń, 2014). We compared the performance of the selected
models by means of cross-validation. In addition, they were compared
against the results obtained from cross-validated random forest (RF)
models (Breiman, 2001).

The selected models were applied for area-based predictions across the
entire BFNP. However, this was solely done for models of T1 and herb layers

due to the comparatively inferior model fits of the other stand layers. Trans-
formed response variables of the herb layer were back-transformed to the
original percentage scale. The entire analysis was implemented in R (R De-
velopment Core Team, 2014).

Results
The selected regression models are presented in Table 3. This table
also includes r2 and RMSE of the additionally performed cross-

Figure 2 The location of the study site in the state of Bavaria, Germany. The
distribution of the stratified sample plots (N¼ 166) within the forest habitat
types is displayed.

Table 2 Technical details on full-wave LiDAR campaign

Sensor Time of
flight

Foliage Point density
(Pts m22)

Flight
altitude (m)

Footprint
(m)

Riegl 680i June 2014 Leaf-on 30–40 650 0.32

Table 3 List of applied LiDAR metrics used for each response stand layer

Abbreviation Description Response

Fullheight (entire stand height from minimum to maximum height)
Fullheight_PERC Percentage of laser points T1, T2
Fullheight_MEAN Mean height T1, T2
Fullheight_STD Standard deviation of height T1, T2
Fullheight_NCELL Number of laser points per raster cell T1
Fullheight_NH Number of laser points in height layer T2

Midheight (5–12 m of stand height)
Midheight_PERC Percentage of laser points T3
Midheight_MEAN Mean height T3
Midheight_STD Standard deviation of height T3
Midheight_NCELL Number of laser points per raster cell T3

S (1.5–5 m of stand height)
S_PERC Percentage of laser points S
S_MEAN Mean height S
S_STD Standard deviation of height S
S_NCELL Number of laser points per raster cell S

Herb (0–1.5 m of stand height)
H_PERC Percentage of laser points Herb
H_MEAN Mean height Herb
H_STD Standard deviation of height Herb
H_NCELL Number of laser points per raster cell Herb

Density (density-based parameters) (Næsset, 2004)
density100 Canopy density in total height All
density90 Canopy density in 90% of height T2
density80 Canopy density in 80% of height T2
density50 Canopy density in 50% of height T3
density40 Canopy density in 40% of height T3, S
density30 Canopy density in 30% of height T3, S
density20 Canopy density in 20% of height S
density10 Canopy density in 10% of height Herb

Specific understory metrics
Shrub n(height , 0.5 m)/n(height , 5 m) S
USTORY n(height , 0.5 m)/n(height , 2 m) S, herb
Cover n(height , 2 m)/n(height , 60 m)

(all returns)
T3, herb

hab (forest habitat types)
dcd Deciduous All
cnf Coniferous All
mxd Mixed All
sdw Standing deadwood All
ldw Lying deadwood All
clc Clear-cut All

Note: in addition to the LiDAR metrics, forest habitat type has also been
included in all models.
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validated linear regression and RF models. In addition, Table 4 lists
the estimated model coefficients for significant parameters of the
selected models. However, graphical representations of the selected
models are only presented for T1 and herb layers (Figures 3–8). For
model summaries of other canopy layers (T2, T3 and S), the reader
is referred to the Table 3. Further details on model selection process
(model weights and the implemented R codes) are presented in Sup-
plementary data, Figure S2 and Script S3. In addition, Supplementary
data, Figure S2 provides the importance of different predictors in the
selected models. We summarized the residual plots of the regression
models in Supplementary data, Figure S4.

Selected regression models

T1 layer

The density of laser points for the entire stand height (‘density100’),
the mean stand height (‘Fullheight_MEAN’), the standard deviation
of stand height (‘Fullheight_STD’) as well as its interaction with
forest habitat types were selected for the final model that returned
an r2¼ 0.63 and RMSE¼ 17.38 (Table 3).

T2 layer

The ‘density100’, the number of laser points for the entire stand
height (‘Fullheight_NH’), forest habitat types and its interaction
with ‘density100’ were included in the final model, which yielded
an r2¼ 0.40 and RMSE¼ 16.96.

T3 layer

The final model of theT3 layer involved the canopy density at 30 per
cent of stand height (‘density30’) and the ‘Cover’ understorey par-
ameter, which resulted in an r2¼ 0.19 and RMSE¼ 13.97.

S layer

The final model of the S layer included the ‘density100’ and ‘Shrub’
understorey metrics, which yielded an r2¼ 0.37 and RMSE¼ 16.77.

Herb layer

The selected model for the herb layer consisted of the percentage
of laser points located under 1.5 m of stand height (‘H_PERC’), the
‘density100’, the ‘Cover’ understorey metric and interactions
between forest habitat types with both ‘H_PERC’ and ‘density100’.
The final model yielded an r2¼ 0. 53 and RMSE¼ 22.93.

Model comparison

Exceptfor theS layer, theresidual r2 of theregression models showed
overall small declines compared with the cross-validated r2 (Table 3).
Furthermore, cross-validated RF models showed only marginal
changes compared with cross-validated regression models.
Whereas slightly higher r2 values were observed for T2 and S
layers, T1, T3 and herb layers showed marginally lower r2 values.

Relationships between Lidar metrics and field observations

The estimated univariate associations of the T1 and herb layers
with the predictors included in the selected models are shown in
Figures 3 and 5. However, the univariate results for the T2, T3 andTa

bl
e

4
M

od
el

pe
rf

or
m

an
ce

s
fo

rd
es

cr
ib

in
g

th
e

ve
rt

ic
al

st
an

d
la

ye
rs

Se
le

ct
ed

m
od

el
r2

A
dj

.
r2

RM
SE

Cr
os

s-
va

lid
at

ed
r2

Cr
os

s-
va

lid
at

ed
RM

SE
r2

of
RF

(g
lo

ba
l

m
od

el
)

RM
SE

of
RF

(g
lo

ba
l

m
od

el
)

T1
=

d
en

si
ty

1
0

0
+

Fu
llh

ei
gh

t M
EA

N
+

Fu
llh

ei
gh

t S
TD

+
h

ab
+

Fu
llh

ei
gh

t S
TD

×
h

ab
0

.6
3

(N
¼

1
5

2
)

0
.6

0
1

7
.3

8
0

.5
6

1
9

.0
9

0
.5

5
1

1
.0

6

lo
gi

t
T2 1
0

2
+

0.
0

1
(

) =
d

en
si

ty
1

00
+

Fu
llh

ei
gh

t N
H
+

h
ab

+
d

en
si

ty
1

0
0
×

h
ab

0
.4

0
(N
¼

1
5

3
)

0
.3

6
1

6
.9

6
0

.3
1

1
6

.9
6

0
.3

4
1

0
.7

7

lo
gi

t
T3 1
0

2
+

0.
0

1
(

) =
d

en
si

ty
3

0
+

Co
ve

r
0

.1
9

(N
¼

1
6

3
)

0
.1

8
1

3
.9

7
0

.1
9

1
3

.9
7

0
.1

7
7

.6
7

lo
gi

t
S

1
0

2
+

0.
0

1
(

) =
Sh

ru
b
+

d
en

si
ty

1
0

0
0

.3
7

(N
¼

1
6

3
)

0
.3

6
1

6
.7

7
0

.3
8

1
6

.7
7

0
.4

0
7

.2
3

lo
gi

t
H 1
0

2
+

0.
0

1
(

) =
h

ab
+

H
PE

RC
.
+

d
en

si
ty

1
0

0
+

Co
ve

r+
h

ab
×

H
PE

RC
+

h
ab

×
d

en
si

ty
1

0
0

0
.5

3
(N
¼

1
4

7
)

0
.4

7
2

2
.9

3
0

.4
4

2
2

.9
3

0
.4

3
1

2
.1

0

N
ot

e:
th

e
RF

m
od

el
s

w
er

e
bu

ilt
u

si
n

g
th

e
pr

ed
ic

to
rs

in
th

e
gl

ob
al

m
od

el
s.

Estimating over- and understorey canopy density by LiDAR data

5 of 13

 at U
niversity Freiberg on January 30, 2016

http://forestry.oxfordjournals.org/
D

ow
nloaded from

 

http://forestry.oxfordjournals.org/lookup/suppl/doi:10.1093/forestry/cpv032/-/DC1
http://forestry.oxfordjournals.org/lookup/suppl/doi:10.1093/forestry/cpv032/-/DC1
http://forestry.oxfordjournals.org/lookup/suppl/doi:10.1093/forestry/cpv032/-/DC1
http://forestry.oxfordjournals.org/lookup/suppl/doi:10.1093/forestry/cpv032/-/DC1
http://forestry.oxfordjournals.org/lookup/suppl/doi:10.1093/forestry/cpv032/-/DC1
http://forestry.oxfordjournals.org/


S layers are presented in Supplementary data, Figure S5. In add-
ition, Figures 4, 6 and 7 represent the interactions among the
applied LiDAR metrics and forest habitat types for T1 and herb
canopy cover models. The partial residuals that are shown within
each plot represent the residuals of the model added to the
partial predicted canopy cover values with a specific predictor, as
suggested by Larsen and McCleary (1972) and implemented by
Breheny and Burchett (2014) (Table 5).

T1 layer

The mean LiDAR height (‘Fullheight_MEAN’) and number of laser
points at entire height (‘density100’) showed positive correlations
with the estimated T1 canopy cover, with a larger effect of mean
LiDAR height (Table 3, Figure 3). Amongthe forest habitat types, con-
iferous, deciduous and mixed plots were associated with higher
canopy cover values (Table 3, Figure 3). We also found that forest
habitat types matter for the association of ‘Fullheight_STD’ with T1
canopy cover (Figure 4). Among the habitat types, positive correla-
tions between ‘Fullheight_STD’ and cover were observed within
layingandstandingdeadwood areas,whereasnegativecorrelations
were observed in coniferous, deciduous and clear-cut areas.

T2 layer

The estimated T2 canopy cover was negatively correlated with
‘density100’, whereas it showed positive correlation to ‘Full-
height_NH’. However, ‘Fullheight_NH’ showed a slightly larger
effect. Similar to the observation for T1 layer, forest habitat types
showed interactions with ‘density100’, with negative correlations
observed within coniferous, deciduous and mixed stands (Supple-
mentary data, Figure S5.1 and S5.2).

T3 layer

Both ‘Cover’ and ‘density30’ metrics were negatively associated
with the estimated T3 canopy cover with slight effect sizes
(Table 4 and Supplementary data, Figure S5.3).

S layer

The ‘Shrub’ LiDAR metric showed a large negative effect to explain
the variance within the S canopy cover, whereas the ‘density100’
revealed a slight negative effect (Table 3, Supplementary data,
Figure S5.4).

Figure 3 The estimated relationships of T1 cover with LiDAR predictors and habitat types. The abbreviations include ‘density100’ (canopy density in total
height), ‘Fullheight_MEAN’ (mean height), ‘Fullheight_STD’ (standard deviation of height) and ‘hab’ (habitat type). The habitat types are abbreviated as
follows: cnf (coniferous), dcd (deciduous), mxd (mixed), sdw (standing deadwood), ldw (lying deadwood) and clc (clear-cut). The points represent the
partial residuals.
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Herb layer

The ‘H_PERC’ and ‘density100’ LiDAR metrics showed negative
and positive associations with H canopy density, respectively
(Figure 5). Furthermore, the herb layer showed positive correl-
ation with ‘Cover’ understorey parameter (Figure 5). Forest
habitat types only had an interaction effect in the final model
via interactions with both ‘density100’ and ‘H_PERC’ LiDAR
metrics (Figures 6 and 7).

Summary

In general, ‘density100’ was frequently an essential variable for es-
timating canopy density, though it was not included in the final
model of T3 layer. Within this pattern, the highest and lowest ver-
tical stand layers were more associated with ‘density100’ com-
pared with the intermediate layers (T2 and S). Furthermore,
forest habitat type was an important contributing factor, both as
a main effect (i.e. canopy cover differed between the habitat
types) and as interactions (i.e. the effect of LiDAR predictors was
different between habitat types). However, exceptional cases
were observed for models of T3 and S layers, which anyhow
showed the lowest amount of described variance.

Discussion

General outcomes

This study followed two main goals of (1) assessing the association
between ground estimated vegetation density and LiDAR metrics
in stands with multiple vertical strata and (2) understanding

whether this association is changed by different forest habitat
types.

The results revealed that the average over- and understorey
vegetation cover is correlated with selected LiDAR metrics. More-
over, the main forest habitat types were shown to influence the as-
sociation between LiDAR metrics and vegetation cover via main
effects and interactions (Table 4). Correlations between the
applied LiDAR metrics and the observed vegetation cover were
stronger for the highest (T1) and lowest (herb) vertical stand
layers compared with the intermediate tree and shrub layers (T2,
T3 and S).

The lowest stand layer was unexpectedly estimated more ac-
curately than the intermediate layers. A potential ecological ex-
planation is the strong correlation of the top canopy with the
ground vegetation cover. Direct effects of varying overstorey
cover on the presence and density of understorey components
have been shown by McKenzie et al. (2000) and Royo and Carson
(2008). Whereas this ecological link seems plausible, we still
doubt whether it is robust enough to be the sole explanation of
the high predictive power of LiDAR for estimating the herbal layer
cover. It can also be further attributed to the way in which the
canopy cover field data were collected. Compared with the more
heterogeneous intermediate stand layers, one could assume
that the observers′ assessments of the herbal layer are inherently
more in line with the LiDAR-retrieved signals on the forest floor,
since an estimation within a plot in an intermediate layer deals
with challenges raised by the difficulty of distinguishing borders
in a three-dimensional space compared with a plot on the herbal
layer. However, further experiments by, e.g. associating LiDAR
metrics with the field data obtained by different assessment
methods such as those based on point/subplot frequency or
digital photography would be required to test this hypothesis.

The achieved model performances might have been affected to
an unknown degree by the existing 4-year time lag between the
field-based data (2008) and LiDAR campaign (2012). However,
this effect is subtle owing to the longer time spans that are
needed for vertical structure of temperate stands to be changed.
Moreover, this is presumably more influential on the estimated
herb layer than on other intermediate layers due to substantially
faster growth rate of herb layer. Exceptions are rapid changes
caused by, e.g. insect outbreaks, as well as those caused by differ-
ing vegetation phenology during June (field data collection) and
August (Laser scanning). To reduce the effect caused by bark
beetles, we excluded all the sample plots within the stands that
were infested by bark beetle outbreaks between 2008 and 2012.
The differences in model performances caused by this exclusion
were yet only marginal compared with models based on all
sample plots (results were not shown here). One may also note
that BFNP is a national park in which natural succession processes
are followed. However, we cannot exclude the possibility that a
shorter time interval would have improved the model fits.

T1 layer

The main results suggest that the mean stand height (including all
layers) is substantially correlated with canopy cover in the top
stand layer as assessed by the T1 model. Mean height has often
been reported as an important variable describing the allometric
attributes of forest structure (Sherrill et al., 2008; Straub and
Koch, 2011; Latifi et al., 2012). However, there are only a few

Figure 4 Cross sectional plots of the T1 layer model fit with an interaction
between Fullhight_STD and habitat type. The abbreviations are as follows:
cnf (coniferous), dcd (deciduous), mxd (mixed), sdw (standing deadwood),
ldw (lying deadwood) and clc (clear-cut). The points represent the partial
residuals.
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studies such as Lee and Lucas (2007) who reported a regression co-
efficient of up to 0.81 for tree canopy cover.

When explaining the T1 layer, the main habitat types showed
interactions with the LiDAR-based standard deviation of stand
height (‘Fullheight_STD’) (Figure 4). The stand-level observations
across the test site are conforming to this finding. For example,
the denser canopy of pure coniferous or particularly deciduous
stands can generally be caused by the dense, overlapping crowns
of trees with a similar height. In contrast, the comparatively
sparser crown cover in areas dominated by deadwood is caused
by in the greater variability of height of the remaining trees that
are of different sizes. This in turn allows the sparse canopy of
the remained individual trees in T1 layer to expand in width
(Figures 3 and 4). Across mixed stands, an average degree of het-
erogeneity in tree height is typically observed everywhere, with
crowns partially overlapping each other. Here various crown
types occur: from round forms of beech to conic form of spruce,
with beech trees being chiefly overshadowed by the spruce trees.
Furthermore, fir trees occur occasionally in lower storeys thanks
to their greater shade tolerance. These factors contribute to a
higher variety in vertical structure. However, this diversity also
depends on the degree of coniferous/deciduous mixture within dif-
ferent stands. We think that this relative uniform distribution of
crown heterogeneity within the mixed stands of BNFP is a rationale
for the absence of lowest and highest height standard deviations in
‘mxd’ subplot of Figure 4.

Herb layer

In context of modelling understorey cover, studies such as Wing
et al. (2012) reported r2 values of up to 0.74 by using a density
metric of LiDAR point cloud of .1.5 m to estimate aggregated
understorey elements including shrubs and tree regeneration in a
pure Pinus ponderosa Dougl. ex P. and C. Laws stand. The perform-
ance was further enhanced to r2¼ 0.81 by adding coarse woody
debris to the understorey cover. Furthermore, Goodwin et al.
(2007) reported an r2¼ 0.68 for woody understorey cover esti-
mated by discrete-return LiDAR. Comparing our results with
these, we used a more detailed division of the vertical canopy
layers, which introduced more challenges by adding a degree of
ambiguity raised by the definition of forest layers. In addition, the
structural complexity of our test site offers an additional explan-
ation for the lower model performances. We therefore think that
the reported r2 values provide a realistic insight to the accuracy
of LiDAR-based models in BFNP stands, which include broad gradi-
ents of silvicultural management (clear-cut to non-intervention),
canopy density, vertical structure (single-to multilayer) and tree
establishment (light demanding to shade tolerant species).

The interaction between forest habitat types and LiDAR point
percentage in understorey (‘H_PERC’) was significant (Figure 6).
This partially corresponds to the observed stand characteristics
across the test site. The herb coverage in both pure coniferous
and deciduous stands was rather unaffected by the density of

Figure 5 The estimated relationship of herb layer (logit-transformed) with LiDAR predictors and habitat types. The abbreviations include ‘Cover’
(n(height , 2 m)/n(height , 60 m) (all returns)), ‘density100’ (canopy density in total height), ‘H_PERC’ (percentage of laser points in 0–1.5 m of stand
height) and ‘hab’ (habitat type). The habitat types are abbreviated as follows: cnf (coniferous), dcd (deciduous), mxd (mixed), sdw (standing
deadwood), ldw (lying deadwood) and clc (clear-cut). The points represent the partial residuals.
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shrubs and tree saplings. This can be presumablyattributed to rela-
tively infrequent occurrence of densewoodyunderstoreyunder the
closed canopies of pure stands. The density of herb layer was
shown to be inversely correlated with ‘H_PERC’ LiDAR metric in
mixed stands, in which comparatively denser woody understorey
may occur as a result of more sunlight, which can penetrate
through the heterogeneously structured tree canopy. However,
overstorey–understorey relationships across pure and mixed
stands are generally also mediated by other factors such as soil
condition and shade tolerance of the species (Cavard et al., 2011)
and thus cannot be fully reflected by the LiDAR beams.

The density of deadwood (particularly standing deadwood)
showed a positive effect on the herb cover density, where the
crown is largely open to the incoming light and more surfaces are
available for the herbal layer to grow compared with lying dead-
wood areas. In those plots, the point percentage of the understorey
(‘H_PERC’) is supposedly a direct representation of the expanded
herb layer.

The model fit for herb layer revealed an interaction between
LiDAR-based canopy density in entire stand height (‘density100’)
and forest habitat types (Figure 7). In pure coniferous stands,
the herb cover showed to remain rather unaffected by the
‘density100’ metric, which is presumably an indication that the
LiDAR point density almost entirely stems from the closed
canopy of the top height layer.

However, a dissimilar trend was observed for both standing and
lying deadwood areas, in which the pulse density of the reflected
laser beams stems mainly from the lower stand layers. Therefore,
the larger canopy openings will result in a much higher pulse
density on the ground. The coverage of herb layer was also

positively correlated with the increased laser pulse density across
the clear-cut areas. We argue this to be largely due of the fact
that the pulse density metric in clear-cut plots entirely originates
from the forest floor that is covered by herbal vegetation following
a clear-cut.

Intermediate layers (T2, T3 and S)

The applied understorey LiDAR metrics of ‘Shrub’, ‘Cover’ and
‘USTORY’ showed significant correlations with canopy cover in the
T3 and S layers, but their explanatory powers for intermediate
stand layers (T2 and particularly T3 and S) were low. The lower pre-
dictive performance for the intermediate layers can be partially
explained by the extinction of laser beams within the multilayer
forest layers, which result in the penetration rate of laser beam
being a function of stand crown density (Coops et al., 2007). In add-
ition, a reason could be the structural complexity of the BFNP in the
intermediate stand layers, which is more pronounced in mixed
stands. Therefore, an aggregation of T3 and S layers might im-
prove the predictive power of the LiDAR-based models, but was
not pursued here.

Issues concerning modelling and data

We observed only slight differences between the residual r2 and r2

under cross-validation. This suggests that the applied AICc-based
model selection did not lead to an over-fit, which otherwise
would have been indicated by a considerable decline of fit under
cross-validation. Using regressions for this analysis was motivated
by the better interpretability of regression models compared with

Figure 6 Cross sectional plots of the herb layer (logit-transformed) model
fit with an interaction between H_PERC and habitat type. The abbreviations
are as follows: cnf (coniferous), dcd (deciduous), mxd (mixed), sdw
(standing deadwood), ldw (lying deadwood) and clc (clear-cut). The
points represent the partial residuals.

Figure 7 Cross sectional plots of the herb layer (logit-transformed) model
fitwithan interactionbetweendensity100andhabitat type.Theabbreviations
are as follows: cnf (coniferous), dcd (deciduous), mxd (mixed), sdw (standing
deadwood), ldw (lying deadwood) and clc (clear-cut). The points represent
the partial residuals.
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machine-learning methods. A concern, however, was that the
regression models may perform substantially worse than RF
models, which are often reported to outcompete regression
models for retrieving forest attributes (see e.g. Latifi et al., 2010;
Fassnacht et al., 2014). Nevertheless, the comparison of the r2 of
regression models to those of RF models indicated no remarkable

difference in explaining the variance within the data. Though
being a rare phenomenon, this has also been reported by Penner
et al. (2013) in a remote sensing context as well as by e.g. Smith
et al. (2013) in a different modelling context. However, the RMSE
values of RF models were overall lower than those of regression
models.

Figure 8 Spatial prediction of T1 and herb layers using selected models as listed in Table 3.
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Finally, the use of metrics extracted from postprocessed wave-
form data did not prove to be as useful as initially hypothesized.
However, a concrete statement on its performance can only be
made following a thorough comparison with discrete-return data
at similar nominal point density.

The method implemented here is of practical interest for forest
and habitat management with an example of detecting areas in
which growth of the over- and understorey trees should be pro-
moted via thinning operations (Tiede et al., 2004). Further applica-
tions for wildlife habitat monitoring are, e.g. mapping bird habitats
(Mülleret al., 2009), estimatingforage over large areas (Ewald et al.,
2014a) and estimating spatiotemporal trends of mammals move-
ments (Ewald et al., 2014b), for which the remotely-sensed ground
vegetation cover will provide an important determinant.

Conclusion
This study explored the potential of LiDAR metrics for describing
vegetation cover and found that density-based LiDAR information
showed strong correlations with vegetation density in some but
not all of the studied layers. The mean height of LiDAR reflections
was a robust predictor for modelling canopy cover of the highest
(T1) forest layer. This is motivating, since most LiDAR attributes
applied here can also be extracted more conveniently from the
widely available discrete-return LiDAR data. The study also
showed that the density of herb layer is strongly correlated with
the overall density of the laser pulses, as well as to the density of

reflected laser beams (i.e. penetration rate) in the understorey
layer. However, we showed that the laser metrics which stem
from the understorey e.g. ‘H_PERC’ show different degrees of asso-
ciations with herb layer density across various forest habitat types.

The applied LiDAR data contained less information on the inter-
mediate stand layers than on the top and bottom layers. We also
found that forest habitat types were important variables for de-
scribing vegetation cover, which highlights their use as auxiliary in-
formation in remote sensing-assisted models of forest structural
attributes. Though our results are restricted to a protected area,
the methodology could also be applied to commercial forests
with other management regimes, if the time lag between field ref-
erence and LiDAR data collection can be notably reduced.

Supplementary data
Supplementary data are available at Forestry online.
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