Available online at www.sciencedirect.com

SCIENCE@DIRECT@ ForeS;ESOIOgy

Management

Forest Ecology and Management 212 (2005) 50-64
www.elsevier.com/locate/foreco

Evaluating the use of remotely sensed data in matrix population
modeling for eastern hemlock (Tsuga canadensis L.)

W. Robert Lamar*, James B. McGraw

Department of Biology, West Virginia University, Morgantown, WV 26506-6057, USA

Received 16 November 2004; received in revised form 26 February 2005; accepted 28 February 2005

Abstract

Matrix population models for a population of eastern hemlock (Tsuga canadensis L.) were constructed from population data
collected on the ground using traditional field methods and analogous data extracted from low elevation aerial imagery. This
aerial derived data was obtained using spectral and spatial segmentation and reconciliation procedures that segmented hemlock
“blobs” from the forest canopy image. Fertility estimates in the aerial derived matrix model were obtained using the spatially
explicit nature of remotely sensed data, including functions relating fertility to both parental size and distance between
prospective parent and newborn. Matrix analysis produced a number of useful population characteristics including overall
population growth rate (1), stable stage distributions, reproductive values, and elasticity values. A’s calculated from the aerial and
ground derived matrices were compared using randomization tests. A’s from both aerial and ground derived matrices showed
significant increases in population growth rate from the 1997-1998 to the 1998—1999 census periods. Other data measured from
the aerial imagery and on the ground seemed to support this population change, the result of a damaging February 1998 ice
storm. While providing a perspective and description of a population that differs from traditional ground approaches,
demographic studies using remote sensing provide some promising advantages. The spatially explicit nature of the data
permits more biologically realistic modeling of the population and the investigation of potential environmental influences on
population dynamics. Automated extraction of demographic or megademographic data from remotely sensed images represents
an important first step toward scaling population analysis to the landscape and regional levels.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Over the past two decades, the study of plant

demography has evolved from a largely descriptive
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Harper, 1997; Kaye et al., 2001), invasive species
ecology (Golubov et al., 1999; Parker, 2000), plant—
pathogen interactions (Davelos and Jarosz, 2004), and
disturbance ecology (Silvia et al., 1991; Baptista et al.,
1998). An array of demographic modeling approaches
may be taken once adequate census data are available,
ranging from individual-based models to size- or
stage-based matrix models. Matrix population models
are frequently used in plant demographic studies due,
in part, to the number of informative statistics
provided by matrix analysis (Silvertown et al., 1996).

Interactions among plants are localized, hence,
population dynamics are inherently spatial (Pacala,
1989). In recent years, spatially explicit population
models have become increasingly important in the
study of population dynamics in heterogeneous
environments (Shugart and Smith, 1992; Busing,
1995; Dunning et al., 1995; Pacala et al., 1996). One of
the chief disadvantages of such models is the difficulty
of obtaining spatially explicit population data in the
field (Dunning et al., 1995). Indeed, despite the many
advances in plant demography, demographic studies
of plants remain limited in scope (n < 10,000)
because of the labor required to census and map
populations (Silvertown et al., 1996). Yet many
ecological questions, particularly those concerning
regional or global species status changes, could benefit
from more intensive and spatially explicit sampling of
populations.

Remote sensing allows the collection of large
amounts of spatially explicit information over a large
geographic area in a short amount of time; potentially
useful characteristics when studying plant population
dynamics. At present, high spatial resolution imagery
provided by aircraft-based photographic systems
appears to provide data at a scale most feasible for
the collection of population level demographic data
(Gougeon, 1995; Niemann, 1995; Wulder et al., 2000;
Erikson, 2003), although recently launched space-
based platforms (i.e. IKONOS and QuickBird) are
approaching the resolution (ca. 1m) required to
discern individuals (Kramer, 2002).

The challenge to an ecologist is how to adapt the
traditional methods of description and classification to
be compatible with the nature of remotely sensed data
(Graetz, 1990). The basic unit traditionally used to
describe populations has been the individual. In the
construction of a matrix model, matrix elements

usually describe the transition probability of indivi-
duals between life stages. Yet the modular, as opposed
to unitary, construction of most plants has long been
recognized (Harper, 1976). Using this modular
approach the fundamental unit of a plant population
may be regarded as any repeating unit of construction
such as a tree branch or branches (Huenneke and
Marks, 1987; McGraw, 1989), tree blobs (Lamar et al.,
2004), pixels (Hall et al., 1991), or spatial units
(Guardia et al., 2000). In the case of blobs observed in
aerial images, a “tree blob” is defined as a distinct
portion of crown canopy segmented from its neighbors
on the basis of size, shape, and connectivity. Using
automated segmentation and reconciliation proce-
dures, a population of eastern hemlock (7Tsuga
canadensis L.) blobs has been previously described
and censused over a 3-year period (Lamar et al., 2004)
This spatially explicit, multitemporal data set provides
a different perspective with which to investigate
population dynamics and influences.

In this paper, we constructed two matrix population
models for a population of hemlock. Parameters for
one of these models were estimated from demographic
data collected on the ground using traditional field
methods. Parameters for the other model were
estimated from demographic data extracted from
low elevation aerial imagery. The results of these
aerial and ground derived matrices were compared.
The usefulness of matrix models constructed from
remotely sensed data to detect and quantify population
change and assist in the understanding of the causes of
change was evaluated.

2. Materials and methods
2.1. Study plot

The 3 ha (100 m x 300 m) study plot was located
in the Limberlost-Whiteoak Canyon area of Shenan-
doah National Park (38°34'N 78°22'W) in an upper
elevation (951 m) mixed hardwood/hemlock forest.
Hemlock is a long-lived, shade-tolerant, evergreen
tree found in many low disturbance eastern United
States (US) forests. Established populations usually
include a large bank of “‘saplings,” small individuals
that may be suppressed beneath a canopy of hemlock
or hardwoods for hundreds of years and remain in
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good condition (Godman and Lancaster, 1990).
Hemlock seed ripening and dispersal coincides with
the cones changing to a deep brown color in the fall.
Seeds require a chilling period prior to germination.
Spring germination is seldom delayed because of seed
dormancy (Godman and Lancaster, 1990).

2.2. Data set development—ground

Hemlock trees within the plot were censused in the
early spring of 1997-1999. All hemlock trees
(n = 1438 within the study plot) with a diameter at
breast height (dbh, breast height=1.3 m) > 5.0 cm
were tagged and measured (dbh).

Within the study plot, four 20 m x 20 m sub-plots
were randomly established and all smaller hemlocks
(dbh < 5.0 cm) were tagged. The dbh of all hemlocks
in the sub-plots was measured. Trees too small to have
a central bole at breast height were measured by height
from ground to the topmost branch of its crown. All
measurements of hemlock < 5 cm were taken in April
of 1997-1999. The numbers of new recruits within the
four random sub-plots were counted in 1998 and 1999.

2.3. Data set development—remote sensing

Large scale (1:3000) color aerial photographs of
the study plot were collected on 27 March 1997, 13
April 1998, and 31 March 1999 using a calibrated
Leica/Wild Heerbrugg RC-30 mapping camera with a
303.860 mm focal-length lens. The photography was
acquired before the emergence of new foliage for the
deciduous forest component. The color photographs
were scanned at 600 dpi to produce high resolution
(~13 cm/pixel) digital images (Fig. 1a). With shared
primary branch bifurcation points identified through-
out the image segment as control points, images were
co-registered using second order mapping polyno-
mials and cubic convolution resampling (Lamar et al.,
2004).

The evergreen vegetation of the study plot was
spectrally segmented from other ground covers.
Spectral segmentation was completed using a max-
imum likelihood classification algorithm and a global,
fused class decision making process (Lamar, 2003).
Due to the relatively coarse spectral resolution of the
sensor and the overlapping spectral signatures of the
four evergreen components in the study plot (hemlock,

Fig. 1. (a) Aerial view of portion of study site and (b) same aerial
view with hemlock blobs delineated using spectral and spatial
segmentation procedures.

Tsuga Canadensis; mountain laurel, Kalmia latifolia;
red spruce, Picea rubens; white pine, Pinus strobus)
we were unsuccessful in spectrally differentiating the
evergreen species. A 1998 crown survey, performed by
manually delineating individual hemlock crowns on
the ground assisted by multiple years of aerial imagery
and multiple images from different viewing angles
each year, showed that ~97% of the evergreen
component in the study plot was hemlock (Lamar,
2003). Based on this finding, we will hereafter
inclusively refer to the evergreen component as the
hemlock component. The consequences of this broad
labeling will be discussed later.

For multitemporal image comparisons, the pre-
sence of crown shadows presented a challenge. The
occurrence of shadows over an area masked the true
nature of the ground cover. For example, if a particular
area was classified as hemlock at time ¢ and shadow at
time 7 + 1, the shadows could be masking hemlock in
which case no actual change had occurred, or the
shadow could be masking an actual change between
hemlock and another ground cover. Because of the
classification uncertainty of pixels exhibiting shadow/
hemlock transitions between time periods, we chose to
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eliminate those pixels from consideration prior to
further image processing and comparison. As a result,
any pixel that had been classified as shadow at any
time in a multitemporal same scene data set was re-
classified as shadow at all times. While the
compounding of shadows amplified the masking of
information about the true nature of the ground cover,
comparing only two images at a time minimized this
effect. Thus, 1997 and 1998 shadows were added to
both images within the 1997-1998 image pair and
1998 and 1999 shadows were added to both images of
the 1998-1999 image pair. This extra shading resulted
in an additional 13.5% and 10.3% of the hemlock
classified in the 1998 image being masked in shadow
in the 1997-1998 and 1998-1999 image pairs,
respectively.

The binary image pairs were then independently
routed through an automated spatial segmentation and
reconciliation procedure that divided the hemlock
component of the images into individual population
units or blobs (Fig. 1b) based on size, shape, and
connectivity (Lamar et al., 2004). Processing the aerial
imagery through these procedures resulted in the
production of two paired data sets, maps of unique,
spatially explicit hemlock blobs from 1997-1998 and
from 1998-1999.

2.4. Matrix model

A stage (size) structured matrix population model
(Lefkovich, 1965) was used to describe the population
dynamics of the hemlock population based on both
ground and aerial data sets. This model projected the
size and structure of a population from time ¢ to time
t+1 as:

n(r+1) = An(t) (L

where n was a vector whose entries represented the
number of population units (individuals for the ground
data and blobs for the aerial data) within each size
class and A was the projection matrix whose elements
a;; were transition probabilities; the number of popu-
lation units in size class i at time ¢ + 1 per unit in size
class j at time 7. Analysis of the matrix A provided a
number of useful population characteristics. The
dominant eigenvalue (1) of A yielded the long-term
population growth rate, assuming transition probabil-
ities were constant over time. The right eigenvector

(w) and left eigenvector (v) corresponding to A
described the stable size distribution (the ultimate
proportions of the population in each size class) and
the size-specific reproductive values (the relative con-
tribution to future population growth that an individual
currently in a particular size class is expected to make)
(Caswell, 2001).

Elasticity or proportional sensitivity, values of
transition elements measure the response of A to
proportional changes in these transition elements.
Elasticity was calculated from Caswell (2001) as:

ajj  0A

o= T 2
€ij 3 aaij ()

2.5. Parameter estimates—ground

From the ground data, hemlock individuals were
divided into six size classes (1) <5.0 cm dbh, (2) 5.0—
10.0 cm dbh, (3) 10.1-17.5 cm dbh, (4) 17.6-27.5 cm
dbh, (5) 27.6-42.5 cm dbh, and (6) >42.5 cm dbh. To
establish size classes for all adults (indivi-
duals > 10.1 cm), we used an algorithm developed
by Moloney (1986), that minimized both sampling and
distribution errors for the 3 years of data.

Estimates of matrix elements representing growth,
regression and stasis were obtained using a maximum
likelihood estimate of observed transition frequencies
(Caswell, 2001) from time ¢ to time ¢+ 1 such that

3)

where s was the number of size classes in the popula-
tion state vector n, class s+ 1 corresponded to indi-
viduals of a particular class j that died in the year
between censuses, and m;; was the number of observed
transitions from size class j to fate i from one census to
the next. Since sampling of the smallest individuals
(size class 1) was limited to the four sub-plots, only
one estimate of this class’ stasis and growth transitions
was calculated by summing observed transitions from
all 3 years of population data. This one estimate was
used for both 1997-1998 and 1998-1999 ground-
based matrix models.

Estimating mean fertility for individuals is challen-
ging for any plant species that produces copious
quantities of seed (too many to count), each of which
has a very low (difficult to estimate) probability of
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germinating and surviving to the subsequent census.
Therefore, indirect estimates are typically used to
calculate individual fertility probabilities. In this
study, an estimate of total number of new recruits
per year (M) was obtained by averaging the number of
new recruits found in four randomly established
20 m x 20 m plots in 1998 and 1999, and extrapolat-
ing to the area of the entire population. Fertility
probabilities were then estimated for all adults
(dbh > 10 cm) present in the population the previous
year as a function of tree size. Both linear (Clark et al.,
1998) and exponential (Ribbens et al., 1994) fertility
functions of size have been described for hemlock.
Pinero et al. (1984) suggested that an exponential
increase in fertility with size is the most common
pattern found in tree species. We thus estimated
fertility probability f of each adult individual k in the
population as

_ dbh} y
3, dbh?
Class fertilities F' were calculated from Eq. (4) as

F, — 2 JilD)
N;

where N is the total number of individuals in size
class i.

Fertility estimates represented the average number
of new recruits (time ¢ + 1) per adult of that size class
(i) in the population (time ¢). The timing of sampling
(early spring) meant that ‘“‘new” seedlings had
actually survived nearly a year since germination
the previous spring. New recruits, thus, reflected both
a germination and survival (from birth to the next
census) component.

Typically, individuals of a long-lived, low dis-
turbance species such as hemlock experience very
little change between census periods. For the 1998—
1999 matrix, this lack of change resulted in no
mortality for individuals of the largest size class
(aege = 1). This condition was an artifact of the limited
nature of the sampling and was not expected to persist.
A more biologically realistic transition was therefore
substituted into the matrix for agq. Adjusted mortality
for size class 6 individuals was calculated as the
averaged mortality of size class 6 (where mortal-
ity =0) and size class 5 individuals, yielding an
estimated agg value of 0.9962.

Jr 4

(&)

2.6. Parameter estimates—remote sensing

In order to make comparisons between models
produced from traditional ground data and remote
sensing data, we established corresponding individual
and blob size classes as follows. The population of
hemlock blobs delineated from aerial imagery was
divided into size classes corresponding to the five
largest size classes developed for the same population
censused on the ground. Class boundaries were
determined based on the relationship between dbh
of individuals measured on the ground and visible
canopy area of individuals measured from aerial
images in the 1998 crown survey. This relationship
produced a regression equation:

visible crown area (in pixels)
= 37.6585 + 28.0415 (dbh)

r* = 0.60, p<0.0001 (6)

Substituting the size class boundaries of the ground
data into Eq. (6) produced blob size classes (in pixels)
of: (1) 178-318, (2) 319-528, (3) 529-809, (4) 810-
1229, and (5) >1230. Blobs < 178 pixels presented a
challenge. Many of the smallest patches of hemlock
visible from the air were found to be separated at such
a distance from all identified hemlock crowns that they
could not be linked with certainty to any one crown in
the 1998 manually delineated crown survey (Lamar,
2003). These smallest patches represented isolated
hemlock branches cut off from the main crown by
shadows or other ground covers or crowns belonging
to hemlocks with a dbh < 5cm. Because of the
uncertain identity and relative insignificance of these
smallest patches, all blobs < 178 pixels were consid-
ered “noise’’ and eliminated from further comparison
and description.

Like the ground data, blob fertility was estimated as
a function of parental size. Unlike the ground data, the
presence of ‘“newborn” blobs within the aerial data
sets was not the product of recent germination.
Instead, ‘“‘newborn” blobs were defined as all new
hemlock blobs visible in image time ¢+ 1 but not in
image time ¢. The emergence of these new hemlocks
was often the result of a canopy disturbance event that
opened a gap in the canopy and allowed the previously
hidden hemlock to be visible in the aerial image (i.e.
“born” into the canopy). As in Eq. (4), we assumed
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that fertility followed an exponential pattern with size
such that

fertility probability; o< crown area% @)

In addition to being a function of parental size, fertility
is also expected to be a function of the distance from
the seed source to the new recruit (Harper, 1977).
While individual-based simulation models have incor-
porated a distance function into estimates of recruit-
ment (Pacala et al., 1996), most matrix projection
models do not include such biological realism. The
spatially explicit nature of the aerial data set permitted
us to model fertility probabilities as a function of both
blob size and distance of adult blobs from each new
recruit. Only adult blobs present on the previous year’s
imagery were considered as possible “parents”. Adult
blobs, as predicted by Eq. (6), were defined as all blobs
>318 pixels (i.e. blobs corresponding to trees
>10.1 cm dbh). Because most hemlock seed dispersal
is within tree height (Godman and Lancaster, 1990),
fertility probabilities were estimated only for adult
blobs (k) within 30 m of each newly emerged blob.

A number of empirical seed/seedling dispersal
functions have been developed for trees. Greene et al.
(2004) evaluated three commonly used seed/seedling
dispersal functions (lognormal, 2Dt, and the two-
parameter Weibull) with relatively minor differences
in log likelihood for studies of hemlock seeds, cones,
and germinants. Interestingly, dispersal of each of the
three hemlock life stages was predicted best by a
different dispersal function, lognormal (for germi-
nants), 2Dt (for seeds) and Weibull (for cones). In
other studies, the Weibull function was found to
produce a higher log likelihood than the 2Dt function
for hemlock seeds. (Clark et al., 1999). In our study,
we chose to model the seed/seedling dispersal curve of
hemlock based on the two-parameter Weibull function
(Ribbens et al., 1994). This function predicted that
recruitment would follow a Poisson distribution where
the mean of the Poisson distribution was determined
by the distance between the new recruit and potential
parent such that

fertility probability oc e m ®)

where D determined the steepness of decline of ferti-
lity probability as distance from new recruit increased,
S determined the shape of the distribution, and m was
the mean distance (in meters) between all pixels of the

potential parent and the new recruit. Ribbens et al.
(1994) calculated maximum likelihood values for D
and § that produced a best fit of field observed and
predicted spatial distributions for new recruits. These
values of D = 44.720410 x 107> and S = 3 were sub-
stituted into Eq. (8) and used to calculate fertility
probabilities.

The relative fertility probability f of each potential
hemlock parent blob k with regard to each new recruit /
was calculated as the product of the size and distance
function such that:

3
crown area%l x e Dm

Ju = > crownarea, x e~ P’ ©)
with > fiy = 1
k
Class fertilities F'; are then calculated as
= 2kt Jui f’"" (10)

Ni

where N; is the total number of blobs in size class i.
2.7. Statistical comparison

A randomization, or permutation, test was used to
assess variation found in A for the 1997-1998 and
1998-1999 matrices derived from both ground and
aerial-based sampling (Caswell, 2001). A test statistic
6 = |As — Ary1|was used to construct a two-tailed test
of the null hypothesis that time had no effect. Data on
all individuals from both matrices were randomly
resampled without replacement to produce a permuted
data set maintaining the original sample sizes for both
times. The test statistic 6 was calculated from this ith
data set and the process repeated for a sample of 3000
random permutations. The probability, given the H,
that 9 > 6, was calculated

{600 > e} + 1

Y

3. Results

Matrix population models were constructed for
1997-1998 and 1998-1999 using both ground and
aerial derived census data (Tables 1 and 2). Population
characteristics (), stable size distribution, reproduc-
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Table 1
Hemlock population matrices derived from aerial data sets

Stage at Stage at time ¢
time ¢+ 1 1 > 3 4 5
1997-1998
1 0.3766 0.1305 0.0558 0.0824 0.8300
2 0.1948 0.5309 0.0934 0.0413 0.0451
3 0.1299 0.2461 0.6014 0.2763 0.0808
4 0.0260 0.0227 0.2236 0.5408 0.0808
5 0 0 0.0185 0.1504 0.8247
1998-1999
1 0.3240 0.0954 0.0503 0.0636 0.1307
2 0.1972 0.4721 0.1340 0.0429 0.0934
3 0.0845 0.2956 0.5744 0.2128 0.0753
4 0.0845 0.1147 0.2301 0.6346 0.1784
5 0.0282 0.0377 0.0600 0.1812 0.8129

tive values, and elasticities) calculated from the aerial
and ground derived matrices are summarized in
Tables 3 and 4. Several of these characteristics showed
comparable patterns for both aerial and ground
derived matrices. Reproductive values calculated from
both type of matrices increased in larger size classes.
Both blobs and individuals belonging to the largest
size classes are expected to contribute the most to
future population growth. The actual reproductive
rates associated with the ground censused individuals
were much larger than the values linked to aerial
censused blobs, reflecting the different definitions of
“newborn” individuals and ‘“newborn” blobs in this
study.

Table 2
Hemlock population matrices derived from ground data sets

Elasticity values also showed similar, although not
identical, patterns for both ground and aerial derived
matrices. For long-lived tree species, the importance
of adult survival is critical and well-documented
(Silvertown et al., 1996). It is thus not surprising that
the largest elasticity values for both types of matrices
were associated with transitions where adults (blobs
and individuals) remained in the same size class (i.e.
survived) over time.

From 1997 to 1998 data, both population matrices
projected a population close to equilibrium, with the
ground derived matrix projecting a slightly declining
population (~0.5%) and the aerial derived matrix
projecting a slightly increasing population (~1.0%).
From 1998 to 1999 data, both population matrices
projected an increasing population, a 1% increase
according to the ground data and a >9% increase
according to the aerial data. Perhaps, most interest-
ingly, between 1997-1998 and 1998-1999, both
ground derived and aerial derived population matrices
projected a significant increase in A.

A similar pattern of change between 1997-1998
and 1998-1999 data was found in other descriptions of
the hemlock canopy collected in the air and on the
ground during this time frame; a change believed to
have been triggered by a severe February 1998 ice
storm. The total number of hemlock pixels classified
in the 1997-1998 aerial image pair decreased 1.8%;
the total number of hemlock pixels classified in the
1998-1999 image pair increased over 12% (Fig. 2).

Stage at time ¢+ 1 Stage at time ¢

1 2 3 4 5 6
1997-1998
1 0.9030 0 0.2987 0.7711 1.9562 6.0051
2 0.0038 0.9572 0 0 0 0
3 0 0.0120 0.9605 0 0 0
4 0 0 0.0132 0.9712 0 0
5 0 0 0 0.0096 0.9493 0
6 0 0 0 0 0.0217 0.9844
1998-1999
1 0.9030 0 0.2993 0.7772 1.9585 6.0451
2 0.0038 0.9642 0 0 0 0
3 0 0.0125 0.9704 0 0 0
4 0 0 0.0215 0.9807 0 0
5 0 0 0 0.0145 0.9774 0
6 0 0 0 0 0.0150 0.9962
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Table 3
Population characteristics predicted from aerial derived matrices
1997-1998 1998-1999
2 1.0119" 1.0962""
Stage at time ¢ 1 2 3 4 5 1 2 3 4 5
Stable stage distribution 0.1131 0.1450 0.3124 0.2210 0.2085 0.0978 0.1390 0.2411 0.2700 0.2521
Reproductive values 1.0000 1.4844 2.1207 2.7201 3.6663 1.0000 1.6667 1.9035 2.3464 2.9950
Elasticities
Satge at time ¢ + 1
1 0.0179 0.0079 0.0073 0.0076 0.0073 0.0133 0.0056 0.0051 0.0072 0.0138
2 0.0137 0.0479 0.0182 0.0057 0.0058 0.0135 0.0458 0.0226 0.0081 0.0164
3 0.0131 0.0317 0.1671 0.0543 0.0150 0.0066 0.0328 0.1104 0.0458 0.0151
4 0.0034 0.0038 0.0797 0.1363 0.0319 0.0081 0.0157 0.0545 0.1685 0.0442
5 0 0 0.0089 0.0511 0.2644 0.0035 0.0066 0.0182 0.0614 0.2572
o Significant difference between A’s, P < 0.001.
Table 4
Population characteristics predicted from ground derived matrices
1997-1998 1998-1999
A 0.9944"™ 1.0093"
Stage of time ¢+ 1 2 3 4 5 6 1 2 3 4 5 6
Stable stage 0.8530 0.0871 0.0308 0.0174  0.0037  0.0080 | 0.8684 0.0732  0.0236  0.0177  0.0080  0.0092
distribution
Reproductive 1.00 24.1 74.7 169.9 331.0 597.4 1.00  28.0 100.8 168.4 279.3 461.9
values
Elasticities
Stage at time 7+ 1
1 0.0545 0 0.0007  0.0009  0.0005 0.0034 | 0.0526 O 0.0005  0.0009  0.0011 0.0037
2 0.0055 0.1418 0 0 0 0 0.0062 0.1324 0 0 0 0
3 0 0.0055 0.1563 0 0 0 0 0.0062  0.1545 O 0 0
4 0 0 0.0049  0.2030 O 0 0 0 0.0057  0.1958 0 0
5 0 0 0 0.0039  0.0823 0 0 0 0 0.0048 0.1471 0
6 0 0 0 0 0.0034  0.3333 0 0 0 0 0.0037  0.2849
- Significant difference between A’s, P < 0.01.
Between the 1997 and 1998 censuses, ground
7 censusing revealed the death of 38 hemlocks
1999 (dbh > 5.0 cm), while measurements of crown density
E-Rh Saa e 1998 found a net of 137 hemlock crowns dropping at least
Py one density class including 13 crowns belonging to
X 51 ominant, upper cano rees (Fig. 3). In contrast,
25 d t, upp py t (Fig. 3). I trast
¥ from the 1998 to 1999 census, a net of 18 hemlock
‘—&3 44 crowns increased to a higher density class.
2 The hemlock population, modeled using ground
Lg 3 and aerial data, can be represented as life cycle graphs
= (Fig. 4). Several of the differences between the
2 contrasting collection methods are illustrated by these
1997-98 1998-99

Fig. 2. Comparison of total hemlock pixels classified from the aerial
imagery, 1997-1998 and 1998-1999 image pairs.

life cycle graphs and from visual inspection of the
matrix population models constructed from the 1997
to 1998 and 1998 to 1999 data sets. The most obvious
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difference was the inability of remote sensing to detect
all portions of the population. These cryptic (i.e.
hidden from view) individuals in the hemlock
population have been quantitatively described pre-
viously (Lamar, 2003). Nearly 90% of the small
hemlocks (dbh 5-15 cm) were not detected on the
aerial imagery. In addition to size, crown density and
crown position in the canopy also influenced detec-
tion; hemlock with sparse and/or suppressed crowns
were more likely to remain undetected from the air.
While cryptic individuals exist in many demographic
studies, the inability to census individuals that form a
major class within a population can influence and,
perhaps prevent the meaningful projection of any
future population conditions. To investigate the impact
of crypticity on overall population growth rate of the
hemlock population, we created a series of simulated
populations from the complete ground data. Partially
cryptic populations were created by setting a threshold
“visibility” size and removing all individuals smaller
than this threshold from analysis. Different threshold
sizes were used and four partially cryptic populations
created, emulating ground populations missing all
individuals from size class 1, size classes 1 and 2, size

Table 5

W.R. Lamar, J.B. McGraw/ Forest Ecology and Management 212 (2005) 50-64

1
1
1
1
1
1
1
1
1
1
1
1
1

Fig. 4. Life cycle of (a) individuals censused from ground and (b)
blobs censused from aerial imagery.

classes 1-3, and size classes 1-4. Matrix models were
constructed and analyzed from these simulated
populations. As with the aerially sampled population,
the removal of individuals from the ground population
resulted in a change in the definition of ‘“newborn”
hemlocks. Newborn hemlocks were redefined as
individuals that had grown into the smallest “visible”
size class at time 7+ 1. Fertility probabilities, thus,
represented the product of numerous actual, yet
hidden life cycle transitions including fertility and
survival of the newborn until its emergence into the
“visible” population. Table 5 shows the overall
population growth rate of these partially cryptic
populations. None of these simulated populations had

Effect of simulations of different levels of crypticity on overall population growth rate using data sets modified from ground data

Matrix A (1998-1999) 1998-1999
Actual ground population (6 x 6 matrix) 0.9944 1.0093
Size classes 2—6 only (5 x 5 matrix) 0.9896 1.0079
Size classes 3—6 only (4 x 4 matrix) 0.9896 1.0052
Size classes 4-6 only (3 x 3 matrix) 0.9921 1.0104
Size classes 5-6 only (2 x 2 matrix) 0.9910 1.0091
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a X that was significantly different from the A of the
complete ground population in 1997-1998 and 1998-
1999, and regardless of the level of simulated
crypticity, the small difference in A between years
remained evident.

Another difference in censusing methods, illu-
strated by the life cycle graphs and matrices, was the
greater number of potential transitions between stage
classes in the aerial censused population in compar-
ison to the ground censused population. These
additional transitions were partly due to the different
hemlock characteristics sampled by the two methods.
On the ground, the dbh of hemlock trees was
measured. The matrices derived from ground-based
data looked as expected for a long-lived, low
disturbance tree species: low rates of mortality, no
regression into smaller size classes, and little growth
to larger size classes (Hartshorn, 1975; Enright and
Ogden, 1979; Platt et al., 1988). From the aerial
imagery, the visible canopy area of hemlock blobs was
measured. Unlike dbh measurements, changes in
visible canopy area can potentially be much more
dynamic. Crown regression, due to a number of
environmental influences, is a common and readily
detected characteristic. Although growth of canopy
area is relatively gradual, visible canopy area growth,
from an aerial perspective, can be rapid due to the
demise of neighboring crowns and the opening of
nearby gaps in the forest canopy. These visible
changes would tend to have a real and important
impact on the population’s future.

Not all changes in the visible canopy would be
expected to have such a genuine effect on the
population’s future. Some movements between aerial
matrix elements were, undoubtedly, pseudo-transi-
tions caused by uncorrected distortion differences
between images. Distortions are inherent in the
process of collecting low elevation, aerial imagery
and it is unrealistic to expect to eliminate all the
resultant errors. Several steps were taken to minimize
these errors so that the pseudo-transitions did not mask
the detection of actual change between images. Image
to image geometric registration of image pairs resulted
in a difference in spatial registration between images,
as described by root mean square (RMS) error, of 2.8
pixels (~36 cm) for the 1998-1999 image pair and 2.6
pixels (~34 cm) for the 1997-1998 image pair (Lamar
et al., 2004).

To further reduce the effects of distortion differ-
ences between image pairs, an automated blob
reconciliation procedure was utilized to resolve
classification differences using a “‘best-fit”” approach
with re-assignment of ““‘cross identified”” areas to the
same hemlock blob for comparable time periods; thus,
ensuring the meaningful comparison of multi-tem-
poral data sets. It was possible, however, that, because
of uncorrected distortion differences between years,
some small portions of actual hemlock crowns, when
viewed from the air, could have been represented by
completely unique pixel sets on the multitemportal
imagery. In that case, even following automated
reconciliation, a crown portion could be assigned, as
viewed from time 7, to Blob A and the same crown
portion as viewed from time ¢ + 1 could be assigned to
Blob B. The result of the switched assignments would
be a pair of pseudo-transitions, a reduction in size for
Blob A and an increase in size for Blob B over time
and a possible change of size classes. While a
significant number of the same type of pseudo-
transitions (for example, individuals “growing” from
size class 1 to 2) would impact the population
projections, given a large enough sample size and the
expected similar distribution of individuals on both
sides of size class boundaries, we anticipated a
balanced number of pseudo-transitions occurring in
both directions between adjacent size classes (Fig. 5).
Thus, in the previous example, the number of
individuals pseudo-regressing from size class 2 to 1
should balance the number of individuals pseudo-
growing from size class 1 to 2. The effect of balanced
pseudo-transitions on the overall population growth
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Fig. 5. Blob size distribution, 1997-1998 data set. Note the relative

balance between numbers of blobs on either side of category
boundaries.
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Table 6

Effect of simulations of added balanced transitions between size
classes on overall population growth rate using data set modified
from 1998-1999 aerial data

Balanced transitions
between size classes

Overall population growth rate (num-
ber of balanced transitions added)

A (20) A (40) 2 (60)
1-2 1.0950 1.0938 1.0927
23 1.0946 1.0931 1.0918
34 1.0952 1.0944 1.0936
4-5 1.0968 1.0975 1.0982

A for actual population = 1.0962. No significant difference found
between A of actual population and A’s of populations with added
transitions (P, in all cases, >0.397).

rate was investigated by creating a series of simulated
populations. Each simulated population consisted of
the original aerial data plus a specified number of
additional blobs, an equal number of which were
allowed to grow or regress into adjacent size classes
between times 7 and ¢ + 1. An additional 20, 40, or 60
blobs were added to the simulated populations, half of
the blobs were grown into the next larger size class,
and half of the blobs were regressed from that size
class into the next smaller size class. The addition of
pseudo-transitions, even simulations with 60 new
blobs added to the population and allowed to grow and
regress between size classes 1 and 2, 2 and 3, 3 and 4,
or 4 and 5, had no significant effect on overall
population growth rate (Table 6). We thus could
reasonably assume that significant differences
between matrix projections derived from aerial
imagery were not due to balanced transitions between
adjacent size classes but real directional changes in the
visible canopy area of blobs.

Another distinctive characteristic of matrices
derived from aerial imagery was the merger of two
population attributes into one transition element. For
example, in Table 1, transitions involving the move-
ment of blobs from the larger classes into size class 1
(ayj, where j > 1), a transition that often is associated
exclusively with fertility, consisted of both a fertility
component and a size regression component. Simi-
larly, transition a4, typically a transition describing
regression, was comprised of both a regression and
fertility component. This 2-component transition
often is seen in demographic models of plant parts
(McGraw, 1989), but less frequently in models of
long-lived genets.

4. Discussion

Censusing a plant population by remote sensing
revealed many differences from the traditional
ground-based demographic approach. Numerically,
a large part of the hemlock population was invisible in
the aerial imagery. Most of these hidden trees were
small, understory and/or sparsely foliated individuals
(Lamar, 2003). By establishing a threshold blob size
for the visible segment of the population, additional,
mostly small trees were eliminated from demographic
analysis. Cryptic individuals are not uncommon in
traditional plant demography. For example, seeds in
the soil or dormant but living individuals are
frequently present in plant populations but not
censused directly. In any population model, the
consequences of ignorance of a portion of the
population should be considered. Treating the missing
portion as a ‘“black box” could affect model
predictions significantly, particularly if the behaviors
in that life stage are critical. By simulating a series of
partially cryptic populations from the complete
ground data, we found that the elimination of hemlock
seedling and smaller trees from analysis had no
significant effect on overall population growth rate.
Over a long time period, large changes to the invisible
fraction within the seed, seedling and small sapling
stages can, obviously, have an important impact on the
hemlock population and the incomplete sampling of
these stages may significantly delay the detection of
these impacts (until the effect of these changes
becomes measurable in the visible portion of the
population). Nevertheless, the insignificant effect of
seedling/small hemlock crypticity on overall popula-
tion growth rate, indicates that, for many monitoring
purposes, censusing only the portions of a population
making large “contributions” to A can accurately
represent overall population dynamics.

Two of the most important components of the
hemlock population were visible and censused in the
aerial sampling: large upper canopy hemlock trees and
smaller trees located in canopy gaps or under lightly
branched overstory trees (Lamar, 2003). Large adult
trees have been shown to have a disproportionately
high influence on the future dynamics of a population
(Hartshorn, 1975; Enright and Ogden, 1979). Small
hemlocks located within a gap or higher light
environment have been found to experience rapid
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increases in height and lateral branch growth (Hibbs,
1982). Hemlock ring widths show evidence of many
release and suppression events and it is likely that
multiple disturbance episodes are often needed for the
trees to grow into the upper canopy (Oliver and
Stephens, 1977). It is thus expected that small visible
trees in the study plot would be more likely to reach
the upper canopy layer, and thus, contribute more to
future population growth than trees of similar size
hidden from aerial censusing.

The calculation of fertility probabilities offered
another example of the different perspectives provided
by remote sensing and traditional ground sampling. In
the case of measuring fertility, both perspectives
offered advantages and disadvantages. The spatially
explicit nature of the remotely sensed data permitted
the addition of a distance function when calculating
individual fertility, adding an element of biological
realism not available from most ground derived
demographic data. On the other hand, the necessity
of defining aerial ‘‘newborns’ as newly visible blobs
within the forest canopy meant the “newborn’ might
be several years to decades old and the actual parents
may be no longer surviving at the time of the parental
census. This could lead to a greater inherent statistical
error in calculating fertilities than is found in
traditional demographic studies. The division of the
aerial censused population into blobs rather than true
individual crowns also loses the advantage of
population units with genetic identity that often
(though not always) accompanies traditional census-
ing techniques.

Blobs and individuals, however, share many
population characteristics; the advantages of one
sampling perspective over another are often not
distinct. Indeed, the majority of blobs (~70%) showed
a 1:1 correspondence with actual tree crowns (Lamar
et al., 2004). Ultimately, changes in size structure and
abundance of individuals is likely to be reflected in
blob sizes and numbers. Importantly from an
ecological perspective, the tree component comprising
blobs and those comprising tree individuals, both, can
influence their surrounding environments and compete
for resources with their neighbors. The cost-effec-
tiveness of sampling large numbers of spatially
explicit blobs over large geographic areas is a distinct
advantage of aerial sampling, with this advantage
becoming greater the larger the censused populations.

Until remote sensing instruments can detect
individuals with the same resolution and angular
mobility as the human eye, the census data extracted
from these instruments will differ in several respects.
The important question is: Does the perspective from
the air yield benefits in terms of detecting population
change and identifying the causes of this change? This
particular study, which is the first to attempt to answer
this question in the context of demographic modeling,
suggests the answer is an equivocal yes. Both ground
and aerial data showed significant increases in A
between the 1997-1998 and 1998-1999 matrices. The
change in A was much greater for the aerial derived
matrices, and indeed, we would not expect ground
measurements of dbh to detect many of the sub-lethal
crown disturbance events that resulted from the
February 1998 ice storm. Other data from the air
(total hemlock pixels) and ground (crown density
class) supported the idea that a real change in
population status occurred.

Although the pattern of crown density class
measurements showed distinct changes between
1997-1998 and 1998-1999, supporting the findings
of the aerial derived matrices, a direct comparison of
an individual tree’s ground derived, crown density
and a blob’s aerial derived, visible canopy area must
be made cautiously. Not only should simply the
different perspective of the two measurements be
expected to cause variability, but the ground
measurements also fail to consider the effects of
crown damage to neighboring non-hemlock compo-
nents of the forest and the resulting canopy openings.
A National Park Service (NPS) survey following the
1998 ice storm showed 11.3% of the live trees
sampled in upper elevation plots suffered crown
damage (Cass, 1999). Oaks (Quercus sp.) and red
maple (Acer rubrum) were the most severely
damaged species. The numerous canopy openings
that formed within the study plot following the ice
storm provided an indirect positive impact on the
lower canopy level hemlocks. This benefit helped to
balance the direct negative impact of the storm on
hemlock and explains why, although a net of 137
hemlocks (~10% of the population) dropped at least
one density class between the 1997 and 1998
censuses, total hemlock pixels measured from the
air only dropped 1.8% and X derived from the aerial
imagery actually remained slightly >1.0. The direct
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negative impacts of the storm on hemlock were
apparently balanced by the indirect positive impacts
caused by the many canopy openings.

Following this disturbance event, the response of
hemlock between 1998 and 1999 was more pro-
nounced in the aerial imagery (both total hemlock
pixels and A) than ground derived crown density
measurements. From 1998 to 1999, the number of
hemlock pixels within the imagery increased over
12%, overall population growth rate, derived from the
aerial matrix, increased over 9% yet, only a net of 18
hemlocks increased at least one density class. It is
quite possible that the broad boundaries of the density
classes failed to detect many additional small
increases in crown density.

The fact that a similar population trend could be
inferred from both ground and aerial data represents
a positive step forward in the use of remote sensing
for population monitoring. Future improvements in
sensor technology will make remote sensing even
more valuable to plant population studies. Other
types of remote sensors, such as lidar and radar
profiling instruments, may prove particularly useful
for the improved detection of small, hidden
individuals that were not detectable in this study
(Nesset and @kland, 2002; Brandtberg et al., 2003).
Lidar imagery may also provide a more accurate
view into areas obscured by shadows on other
imagery. One of the reasons hemlock was selected
for this study was that it is spectrally distinctive in
the hardwood forest context. However, the inability
of the spectral segmentation procedure to distinguish
hemlock from other evergreen species meant that our
“population” of 497-666 blobs was not exclusively
hemlock, but actually included one adult white pine,
one adult red spruce, and four clumps of mountain
laurel. While the impact of spectral inseparability
was lessened in the study plot since ~97% of the
evergreen component was hemlock, future investiga-
tions in more diverse communities will require
improved species separability. The coarse spectral
resolution of the sensor contributed to our inability to
distinguish hemlock. Current and forthcoming
sensors with increased spectral resolution combined
with radiometric enhancement techniques offer
much promise for future spectral segmentation at a
species level (Key et al., 2001; May et al., 2003). The
incorporation of other environmental information

(aspect, soil type, and elevation) within a GIS
framework could also enhance species separability.

Continued improvements in spectral and spatial
resolution should allow ecologists to collect even
more detailed population data over larger regional and
even sub-continental scales. The cost effectiveness of
remote sensing should increase the ability to provide
basic demographic information on species of con-
servation concern. In addition, the ability to follow
100,000’s of spatially explicit individual population
units over time within a regional landscape provides
many new opportunities for demographic study. For
example, by structuring the remotely sensed popula-
tion by both size and the density of local neighbor-
hoods, the effect of density dependence within a
population can be investigated. Overlaying the
population information with other layers of spatially
explicit environmental data such as soil maps,
elevation maps, and surface water maps within a
GIS framework allows the investigation of the
influence of both local and regional environmental
variables on population dynamics. The marriage of
remote sensing techniques, GIS analysis and demo-
graphic ecological studies promises to answer many
fundamental ecological questions, heretofore intract-
able, regarding the factors that determine population
structure and dynamics.
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