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a  b  s  t  r  a  c  t

Plant  invasions  represent  a  threat  not  only  to biodiversity  and  ecosystem  functioning  but  also to the  char-
acter of  traditional  landscapes.  Despite  the  worldwide  efforts  to control  and eradicate  invasive  species,
their menace  grows.  New  techniques  enabling  fast and  precise  monitoring  and  providing  information
on  spatial  structure  of  invasions  are  needed  for efficient  management  strategies  to  be  implemented.
We  present  remote  sensing  assessment  of  a noxious  invasive  species  Heracleum  mantegazzianum  (giant
hogweed)  that  integrates  different  data  sources,  spatial  and  spectral  resolutions,  and  image  processing
techniques.  Panchromatic,  multispectral  and  color  very  high  spatial  resolution  (VHR)  aerial  photography
(1947–2006,  resolution  0.5  m),  and  medium  spatial  resolution  satellite  data  (Rapid Eye  2010,  resolution
5  m)  were  analyzed  to assess  their  potential  for hogweed  monitoring  by  using pixel-  (both  supervised  and
unsupervised)  and  object-based  image  analysis  (OBIA,  automated  hierarchical,  iterative,  and  rule-based).
Both  point  and  grid  based  accuracy  assessment  was  carried  out.  Described  methods  of  object-based  image
analysis  of  VHR  data  enabled  monitoring  of  hogweed  at high  classification  accuracies  measured  by vari-
ous  means,  regardless  of  the  spectral  resolution  of the data  provided  that  the  data  came  from  the species
flowering period.  Although  the  proposed  automated  processing  of VHR  data  is relatively  time-effective
and  standardized,  application  over large  areas  would  be  rather  demanding  due  to the  size of datasets,  and
multispectral  satellite  data  of medium  spatial  resolution  (lower  than  the  size  of  individuals)  was there-
fore  tested.  On  such  imagery,  only  larger  stands  could  be  identified  but still the  pixel-based  supervised
classification  achieved  moderate  accuracy.  Depending  on  the size  of  the  area  of interest  and  the detail
needed the  very  high  or medium  spatial  resolution  data  (acquired  at the  species  flowering  period)  are to
be  used.  High  accuracies  achieved  for VHR  data  indicate  the possible  application  of  described  methodol-
ogy  for  monitoring  invasions  and  their  long-term  dynamics  elsewhere,  making  management  measures
comparable  precise,  fast  and  efficient.

©  2013  Elsevier  B.V.  All  rights  reserved.

1. Introduction

Alien plants represent a serious threat to modern changing
landscapes that suffer from intensive exploitation by humans, or
on the other hand, land abandonment (Millennium Ecosystem
Assessment, 2005). They not only have devastating economic
impacts, affect human health, and threaten biodiversity and ecosys-
tem functioning (Ehrenfeld, 2010; Pyšek and Richardson, 2010;
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Vilà and Ibáñez, 2011; Pyšek et al., 2012b), but also dramatically
change the character of traditional landscapes (With, 2002; Chytrý
et al., 2012). Regardless of growing eradication and management
efforts the abundance of invasive species and their impact on bio-
diversity worldwide is increasing (Hulme et al., 2010). Invasion is
a dynamic process that can be fast, and after the species has spread
over the landscape and achieved a high abundance it can be difficult
or even impossible to stop or slow down the invasion (Rejmánek
and Pitcairn, 2002; Pluess et al., 2012). Early and fast detection
is needed to make the management cost-effective (Nielsen et al.,
2005; Pyšek and Hulme, 2005; Wittenberg and Cock, 2005; Vilà
and Ibáñez, 2011). More information on the invasion process itself,
and on the role environmental conditions and landscape structures
play in the course of invasion is important for efficient protective
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measures to be implemented (Andrew and Ustin, 2010; Minor and
Gardner, 2011).

To efficiently manage ongoing invasions it is necessary to mon-
itor the species spread regularly, and there is an urgent need
for new techniques enabling timely, fast and precise monitoring
(European Commission, 2008; Hulme et al., 2009). Semi-
automated, computer-assisted approaches of remotely sensed (RS)
data are cost-effective and permit fast and frequent mapping
(Kokaly et al., 2003; Underwood et al., 2003). RS was successfully
used in invasion studies (for reviews see Huang and Asner, 2009),
mostly for shrubs and trees (Costello et al., 2000; Fuller, 2005;
Hamada et al., 2007; Asner et al., 2008; Lawes and Wallace, 2008;
Walsh et al., 2008). RS of herb species is possible only if the data
provide enough spectral and/or spatial detail, the species is distinct
from surrounding species and background, forms dense and uni-
form stands, and/or is large enough to be detected (Maheu-Giroux
and de Blois, 2004; Müllerová et al., 2005; Peterson, 2005; Bradley
and Mustard, 2006; Jones et al., 2011). Due to the difficulties of herb
species recognition on RS imagery, hyperspectral data are often
used (for reviews see Huang and Asner, 2009; He et al., 2011), and
multispectral or even panchromatic data applications focusing on
herb species invasions are not common (but see Müllerová et al.,
2005; Laba et al., 2010; Jones et al., 2011).

Historical very high spatial resolution (VHR) aerial photography
provides an excellent source of information on changing land-
scapes over time (Laliberte et al., 2004; Brook and Bowman, 2006),
and under certain circumstances (appropriate time of acquisition,
good recognizability of target, good time series) it can be used
for studying invasion process in detail. Due to the low spectral
resolution of historical aerial photography, traditional pixel-based
approaches of computer-assisted classification are not successful,
and in the past, photographs were usually processed manually
(Costello et al., 2000; Maheu-Giroux and de Blois, 2004; Müllerová
et al., 2005; Morgan et al., 2010). With the development of the
object-based image analysis (OBIA) new possibilities of automated
or semi-automated processing of such high spatial and low spec-
tral resolution data arose (Laliberte et al., 2004; Pringle et al., 2009).
While OBIA is increasingly applied in studies of ecological patterns
and processes, few studies have so far used OBIA for herbaceous
or invasive species classification (but see Walsh et al., 2008; Jones
et al., 2011; Ouyang et al., 2011). In our previous study dealing
with RS mapping of giant hogweed, we used manual interpreta-
tion, i.e. on-screen digitizing of historical panchromatic VHR aerial
imagery (Müllerová et al., 2005). The mapped hogweed invasion
history enabled us to assess rates of invasion (Müllerová et al., 2005;
Pyšek et al., 2007c, 2008) as well as to address more general ecolog-
ical questions on the role of long-distance dispersal in population
dynamics of plant species (Pergl et al., 2011; Nehrbass et al., 2007).
However, manual processing is laborious, time consuming, and not
feasible for larger areas. Therefore, it was important to develop
automatic or semi-automatic image processing techniques to clas-
sify VHR imagery that would enable us to study the patterns at
larger scales.

In this paper, we present RS assessment of a noxious invasive
species Heracleum mantegazzianum (giant hogweed). This well-
known invasive herb species introduced from Asia occupies large
areas in central and northern Europe and continues to spread. The
rate of its invasions is comparable to some of the most dramatic
invasions globally (Müllerová et al., 2005; Pyšek and Hulme, 2005).
Invading populations not only change the character of ecosystems
by forming dense uniform stands (Page et al., 2006; Thiele and Otte,
2006, Hejda et al., 2009) but also pose danger to humans due to
toxins that cause skin injuries (Nielsen et al., 2005).

The objectives of our study were to test and evaluate the poten-
tial of spectrally and spatially different RS data for automatic
detection of giant hogweed, and establish methods that could be

used to monitor invasions at larger spatial scales. Invasions are
typically expressed at regional scales as species disperse over long
distances, and therefore need to be managed at a landscape level
(Lawes and Wallace, 2008). Although recent VHR data are readily
available in digital and georeferenced form, their application over
large areas is costly and laborious (Chen et al., 2012). Therefore, in
addition to the VHR data we also decided to test satellite imagery at
a coarser spatial resolution (5 m)  in order to address invasions at the
landscape scale. Further, we  used the results obtained for this par-
ticular model invasive species to outline best mapping strategies
and management recommendations that can be applied to plant
invasions in general.

2. Methods

2.1. Study species

Giant hogweed (H. mantegazzianum Sommier and Levier, Api-
aceae) is the tallest herbaceous species in Europe, reaching 2–5 m
in height during flowering period, with leaves up to 2.5 m long
and large white inflorescences of compound umbels up to 80 cm
wide (Page et al., 2006; Perglová et al., 2006, Fig. 1). The species
is monocarpic, and usually lives 3–5 years, although a 12-year-old
individual was recorded (Pergl et al., 2006). It reproduces entirely
by seed and can produce enormous numbers of fruits, on average
20,000 per plant (Perglová et al., 2006). In the study area, the species
flowers from late June to early August (Perglová et al., 2006).

The species is native to the western Greater Caucasus (Jahodová
et al., 2007) where it grows on wet and nutrient-rich soils on
mountain slopes, and following its introduction as an ornamen-
tal in the beginning of the 19th century it became one of the
most serious plant invaders in Europe (DAISIE, 2012), including
Czech Republic (Pyšek et al., 2012a). In central Europe, it invades
mainly unmanaged semi-natural grassland communities, nutrient-
rich sites, forest edges and anthropogenic habitats (Pyšek and
Pyšek, 1995; Thiele and Otte, 2006) forming large homogenous
populations, although small groups of plants scattered along lin-
ear landscape structures such as roadsides and water streams are
frequently observed (Thiele et al., 2007). In once invaded sites, it
may  persist in for a long time, up to many decades (Pergl et al.,
2012). Eradication and control of the species is difficult (Pyšek et al.,
2007a). On recently infested sites eradication is cheaper and more
likely to be successful because it targets small and young popula-
tions where the seed bank has not yet established. Early detection of
the species and rapid management response is therefore important
(Nielsen et al., 2005; Page et al., 2006).

2.2. Study area

The study region is located in the Slavkovský  les Protected
Landscape Area (PLA), West Bohemia, Czech Republic (Fig. 1). Here,
the species was first introduced to the country in 1862 (Pyšek,
1991). After World War  II, the region experienced profound
changes in settlement and land use. Local German inhabitants
were expelled from the country, and the area became a military
zone and later uranium mining area with restricted access (until
the 1960s). In that time, many villages were destroyed and never
restored. After the army and mining industry left, the sparsely
inhabited area with extensive agriculture was declared as the
PLA in 1973. Natural vegetation of beech and spruce forests, peat
bogs and pine forests on serpentine (Neuhäuslová and Moravec,
1997) was  largely replaced by spruce plantations (covering 53%
of the area), extensive wet grasslands with high species diversity,
and pastures. The absence of regular management combined with
historical disturbances increased the suitability of the landscape
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Fig. 1. Location of the study site. Heracleum mantegazzianum (giant hogweed) from the ground (a), and from the air: (b) panchromatic photography (1962, Military Topographic
Institute, Dobruška); (c) color photography (2006, GEODIS, Prague); (d) multispectral satellite imagery (2010, Rapid Eye AG). Available in color online.

to the invasion (Pyšek, 1991). The invasion started in the 1950s
and today the region is heavily infested (Müllerová et al., 2005).
The start of the invasion in PLA corresponds to the beginning of
the rapid spread of the species over the country, with the Western
Bohemian region serving as a source (Pyšek, 1991; Pyšek et al.,
2007c). For the purposes of this methodological study we  chose a
test site of 100 hectares within the study region of PLA (Fig. 1) that
has been infested for more than 50 years, and is covered by various
RS data sources acquired at the giant hogweed flowering season.

2.3. Data processing

Data of different origin (aerial and satellite, archival and cur-
rent), spatial (VHR and medium), and spectral (panchromatic, color,
and multispectral) resolution (Table 1) were assessed for automatic
detection of hogweed. Historical aerial photographs were scanned
in 1200 dpi and ortorectified using 2006 ortophotographs with
40–60 ground control points distributed along the whole area of
the rectified photograph (2nd order of transformation and nearest
neighbor rectification method) at a final pixel size of 0.5 meters.
Aerial photographs (panchromatic, color, and multispectral) and
satellite imagery (Rapid Eye, resolution 5 m)  were analyzed by both
pixel- and object-based approaches.

The pixel-based approach classifies individual pixels by similar-
ities in their spectral characteristics. Both unsupervised (ISODATA,
K-means and Fuzzy K-means) and supervised (maximum likelihood
and minimum distance) classifications (Jensen, 2004) were tested
using software Geomatica 10 (2005). Training areas for supervised
classification were selected from visual interpretation of historical
data and field observation (2010).

The object-based approach (OBIA) relies on both spectral and
spatial information (texture, spatial characteristics, context, and
topology; Benz et al., 2004), and is therefore ideal for low spectral
resolution imagery such as historical panchromatic photography
(Laliberte et al., 2004). In OBIA, the image is segmented into groups
of contiguous pixels (image objects) that are then classified accord-
ing to spectral variables, shape, texture, size, thematic data, and
spatial relationship (contiguity) and the distance between objects.
In our study, a combination of automated hierarchical, iterative, and
ruled-based classification (for description of the terms, see Blaschke
et al., 2008) was applied using the software Definiens Developer 8
(Definiens AG, 2009). Only the hogweed objects were classified.
Multiresolution segmentation was applied with parameters (scale,

color, and shape) determined using a systematic trial-and-error
approach. Various scales were tested and segmentation outputs
were visually evaluated to identify the best parameters to extract
the targets of interest (i.e. hogweed). Rule-based classification
(Fig. 2) was applied on the segmented objects using conditions
related to spectrum (brightness, mean layer, maximum pixel val-
ues, standard deviation, hue, saturation, intensity transformation
for RGB), shape (area, length/width), texture (compactness, GLCM
homogeneity, GLCM dissimilarity, and GLCM contrast), and con-
text (existence of thematic layer, relative border, contrast and
edge contrast of neighbor pixels, existence of super-object, growth
region in certain conditions). To speed up the classification pro-
cess two hierarchical levels of multiresolution segmentation were
performed. Coarser segmentation objects with a high probability
of giant hogweed presence (indicated by spectral characteristics
and texture) were classified as “Hogweed candidate class”. This
candidate class was  further segmented by fine segmentation and
classified to extract “Hogweed class” (Fig. 3).

Analyzed imagery was acquired at different times during the
season, mostly in July, except for the 1973 panchromatic VHR
data and 1987 multispectral VHR data (August). Since the species
appearance differs markedly in vegetation season (having distinct
white rounded umbels in flowering), we considered the timing of
the data acquisition as an important factor in the success of the
species mapping. Phenophases of hogweed captured on the ana-
lyzed RS data were derived from detailed analysis of the course of
hogweed phenophases in the study area, carried by Perglová et al.
(2006). To eliminate the inter-year differences, the phenological
stages in analyzed years were calibrated using long-term phenolog-
ical observations of summer flowering herbs at nearby phenological
stations (Oracle Phenodata database; Czech Hydrometeorological
Institute, CHMI; Hájková et al., 2012; Table 2).

2.4. Accuracy assessment

Ground truthing of historical images was obviously impossible,
and visual photo-interpretation was therefore used to assess their
accuracy. Recent imagery was  field verified. In pixel-based assess-
ment (further called “point assessment”), a total of 500 randomly
located verification points (distinct from the training areas of super-
vised classification) were used to create error matrices (Congalton,
1991). To ensure sufficient coverage of hogweed class, the points
were stratified (300 points located inside and 200 points outside
manually classified hogweed area).
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Fig. 2. OBIA classification schemes for the four types of data tested.

Although many authors state that for evaluation and compar-
ison of classification results the accuracy assessment is crucial
(Foody, 2010; Chen et al., 2012), there are many methodological
uncertainties, especially in object-based approach (Foody, 2002;
Morgan et al., 2010). It has been argued that traditional pixel-
based accuracy assessment (i.e. points) tends to underestimate
object-based image accuracy mainly due to allocation inaccuracies

(Hamada et al., 2007). To verify OBIA classification, some authors
used random polygons (Jobin et al., 2008; Mallinis et al., 2008).
We rejected this approach because it suffers from several prob-
lems: (i) polygon complex borders are difficult to locate exactly
in the field and thus verify, especially when working with VHR
imagery (in sub-meter resolution it comes to the limits of field
GPS instruments); (ii) polygons are not perfectly homogenous
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so it is difficult to evaluate their “correctness” (thus subjective
thresholds are needed); and (iii) different sizes of polygons (or
segments) make the comparison difficult. Some authors compare
OBIA results to manually classified plots (Laliberte et al., 2004;
Laba et al., 2010). This approach could work for simple landscapes
but for a complex patchy mosaic on VHR data manual delineation
is very difficult and subjective (Corcoran and Winstanley, 2008;
Hofmann et al., 2008), making the bias caused by inaccuracies in
manual classification too great to make relevant assessment (being
more manual/digital comparison than the accuracy assessment).
After thorough search in the literature, we  modified approach from
Hamada et al. (2012). We  established 20 random quadrates of 40
to 40 m,  and to reduce subjectivity of visual photo-interpretation
of historical photography overlaid the quadrates by a 1 m2 grid
assigned onscreen by hogweed presence/absence (further called
“grid assessment”; sort of pixelization of the VHR results).

From the error matrices, standard accuracy measures were cal-
culated, such as user’s accuracy (UA; ratio of the correctly classified
and the number of total classified, evaluating reliability of the
results for the user), producer’s accuracy (PA; ratio of the num-
ber of correctly classified and the number of observed), and Kappa
analysis (conditional Kappa index evaluating the statistical sig-
nificance of the classifications, considers the actual agreement of
the class in relation with chance agreement, Congalton and Green,
1999; Foody, 2002). We  used the Kappa statistics even though it has
recently come under strong criticism due to the randomness used
as a baseline (Pontius and Millones, 2011), because it is a widely
used mean of the accuracy measure providing an opportunity for
comparison with previous studies. Yet, because these classic accu-
racy measures were developed for pixel-based approach and their
application on OBIA results is questioned (Möller et al., 2007;
Blaschke, 2010), we also searched the literature for other accuracy
indices, tested them for correlation to reduce their number, and
finally chose allocation disagreement (AD; Winter, 2000; Pontius
and Millones, 2011), calculated as a sum of false positives and
false negatives divided by a sum of true positives and all false;
and quantity disagreement (QD; Pontius and Millones, 2011), cal-
culated as false positives minus false negatives divided by a sum of
true positives and all false. Values of acceptable classification accu-
racy presented in the literature differ considerably. Pringle et al.
(2009) consider accuracy over 70% as adequate, whereas Foody
(2002) recommends values over 85%. Landis and Koch (1977) pro-
posed categories for assessment of the classification performance
measured by Kappa value as poor (<0.41), moderate (0.41–0.61),
good (0.61–0.81), and excellent (>0.81).

We were also interested in comparing the results of manual and
computer interpretation of the imagery. Hogweed polygons in 20
randomly located circles of 20 m radius were manually on-screen
digitized and fragmentation analysis carried out, counting sets of
patch metrics such as class area, number of patches, mean patch
size, standard deviation, and coefficient of variance, total length of
edge and mean patch edge reflecting the complexity of the poly-
gons. Since we  were interested in hogweed class only, other land
cover types were not classified in OBIA approach, and the overall
accuracy was therefore not relevant. All accuracy values account
solely for the hogweed class.

GIS analyses were performed using ArcGIS 9.2 (ESRI, 2006), land-
scape metrics calculated using Patch Analyst 5.0 for ArcGIS (Rempel
et al., 2012) and FRAGSTAT 3.3 (McGarigal et al., 2002), and statis-
tical analysis using Statistica 10 (StatSoft Inc., 2011).

3. Results

The analyses showed rapid invasion of the test site over the
50 years covered (Fig. 4). From the primary dispersal foci in the
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Fig. 3. Example of hierarchical coarse (a) and fine (b) image segmentation, and rule-based classification process (OBIA; c). Panchromatic aerial photography of 1962 (Military
Topographic Institute, Dobruška) was analyzed in Definiens software. Giant hogweed candidate in segmentation process and resulting hogweed class are marked in red. (For
interpretation of the references to color in this figure legend, the reader is referred to the web  version of this article.)

center of the study site in 1962 the species spread exponentially
into the surroundings. For most of the data, good efficiency in
hogweed classification was achieved (assessed by both point and
grid approach; Table 2). The appropriate classification methods
depended on the character of RS data (its spectral and spatial reso-
lution), and on the projection of giant hogweed on different imagery
(Tables 3 and 4). For panchromatic as well as color VHR (spatial)
imagery, the best results were provided by OBIA approach with
average accuracies (by both assessment methods) of UA 81%, PA
87%, conditional Kappa 0.77, QD 0.12, and AD 0.28. Pixel-based
methods gave very poor results for such low spectral resolution
data and were excluded from further analysis. For multispectral
VHR aerial data, acquired at the time of the species fruiting, the
OBIA approach yielded better results but the accuracy was still
lower compared to the previously mentioned results. Average accu-
racies (both assessment methods) of multispectral VHR imagery
were: UA 71%, PA 65%, conditional Kappa 0.61, QD 0.36, and AD
0.51. The medium resolution satellite data showed comparably
higher accuracies for pixel-based methods, with supervised (max-
imum likelihood) classification achieving the best results (average
UA 66%, PA 79%, conditional Kappa 0.5, QD 0.22, and AD 0.45;
Tables 2 and 3) but still much lower compared to VHR data.

In our study, we used both grid and point accuracy assessment.
Both methods agreed in choosing the best classification methods
for the hogweed classification; however, their results differed. The
pattern of differences in the two accuracy assessments could be
related to the type of classification approach (Table 2). In OBIA,

grid accuracies were usually higher compared to the point assess-
ment, and the opposite was true for the pixel-based classification.
This pattern was most pronounced for Kappa coefficient and AD
and for other indices the response was  more complex. For both
types of assessment, UA was  significantly positively correlated
with the Kappa value and negatively with both disagreement mea-
sures whereas PA was  only correlated to AD. AD and QD were also
significantly correlated, with AD values in all cases higher than
QD.

On the imagery, plants were captured in different phenological
phases from early flowering to ripe fruiting (Table 2). Classification
success was  influenced by the phenological stage of the species. The
best classification results (VHR imagery – average UA 84%, PA 87%,
conditional Kappa 0.8, QD 0.11, and AD 0.26) were obtained during
the mid-flowering phase (July) due to the distinct white color of
inflorescences, whereas at later stages (end of flowering – early
fruiting) hogweed stands were not so distinct, and the detection of
stands with ripe fruits was problematic (case of 1973 panchromatic
and 1987 multispectral aerial data, Table 2).

The results of automated classification were compared to the
manual on-screen digitizing of hogweed polygons (Table 5). The
results of manual interpretation were less complex with multiple
lower numbers of polygons, significantly higher standard deviation,
higher mean size of patches, larger area, lower patch size coefficient
of variance, and significantly lower total length of edge compared
to the digital classification. This was especially true for the later
stages of invasion where a larger area was  invaded.

Table 2
Classification results of different data sources and classification approaches. Both point and grid accuracy assessments are included. Accuracy indices were: user’s accuracy
(UA),  producer’s accuracy (PA), quantity disagreement (QD), and allocation disagreement (AD). Phenological phases of H. mantegazzianum (giant hogweed) on the data were
calibrated using detail phenological study of Perglová et al. (2006), and CHMI long-term phenological database (Hájková et al., 2012).

Year Resolution
(in m)

Source Type of data Phenological phases
(after calibration)

Processing UA (in %) PA (in %) Conditional
Kappa

QD AD

Point Grid Point Grid Point Grid Point Grid Point Grid

1962 0.5 Aerial Panchromatic Middle flowering OBIA 80.53 74.29 88.95 98.65 0.70 0.74 0.09 0.24 0.27 0.26
1973  0.5 Aerial Panchromatic Final-size/ripe

fruiting
OBIA 68.87 78.91 86.39 85.60 0.53 0.78 0.18 0.07 0.38 0.30

1987  0.5 Aerial Multispectral Ripe fruiting OBIA 74.23 67.70 36.55 94.08 0.57 0.65 0.45 0.27 0.68 0.36
1987  0.5 Aerial Multispectral Ripe fruiting MaxLike 57.20 17.43 68.53 64.95 0.29 0.12 0.13 0.67 0.54 0.84
1987  0.5 Aerial Multispectral Ripe fruiting ISO 65.47 26.98 46.19 55.86 0.43 0.22 0.24 0.43 0.63 0.78
1991  0.5 Aerial Panchromatic Middle flowering OBIA 82.39 81.39 82.98 91.13 0.75 0.81 0.01 0.10 0.30 0.25
2006  0.2 Aerial Color Middle flowering OBIA 88.98 95.50 67.26 94.49 0.83 0.95 0.23 0.01 0.38 0.10
2010  5 Satellite Multispectral Early flowering OBIA 39.13 44.07 97.06 87.96 0.24 0.29 0.59 0.47 0.61 0.58
2010  5 Satellite Multispectral Early flowering MaxLike 64.50 67.21 99.50 58.77 0.41 0.58 0.35 0.10 0.36 0.54
2010  5 Satellite Multispectral Early flowering ISO 63.03 39.08 75.38 58.73 0.39 0.26 0.14 0.69 0.48 0.22
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Fig. 4. 50 years of invasion on the study site (giant hogweed class in red). In 2006 protective measures against invasion were implemented, and the area occupied by giant
hogweed is therefore temporarily reduced. The imagery comes from Military Topographic Institute, Dobruška (1962, 1991), GEODIS, Prague (2006), and Rapid Eye AG (2010).
(For  interpretation of the references to color in this figure legend, the reader is referred to the web  version of this article.)

4. Discussion

4.1. Trade-off between accuracy and scale: choosing the most
suitable monitoring method

Our study established efficient automatic methods for monitor-
ing of the invasive herb giant hogweed from remote sensing data.
VHR (spatial) imagery with pixel size smaller than individual plant
enabled reliable detection of individuals with good to excellent
results according to Landis and Koch (1977) if classified by object-
based methods and acquired at the right phenological stage of the
species. The success of classification did not depend on the spectral
resolution of data; even historical panchromatic imagery provided
good results.

Although at peak flowering hogweed flowers have distinct
round shape and white color, they form large compound umbels
that flower successively, hence the inflorescences are composed of
buds, flowers and ripening seed at the same time (Perglová et al.,
2006), and the inflorescences are therefore not spectrally homo-
geneous on VHR imagery. Such high spectral variability within
objects reduced accuracy of pixel-based classification (so called
H-resolution problem and salt-and-pepper effect; Yu et al., 2006;
Chen et al., 2012) whereas OBIA employing additional informa-
tion such as shape, texture, and the context of mapped objects
(hogweed individuals) reached comparably higher accuracies

(c.f. Cleve et al., 2008; Pringle et al., 2009; and Ouyang et al.,
2011).

Mapping of hogweed was generally precise, but under the tree
canopy or if grazed or mown,  the hogweed could not be detected.
On managed sites it could be present in a form of short individuals
with few small leaves in ground rosettes, sometimes even man-
age to flower late in the season producing short stems with and
small inflorescences (ca. up to 20 cm in diameter) with a few seeds.
Together with a seed bank that persist for up to 3 years (Moravcová
et al., 2006; Gioria et al., 2012) this not only ensures regeneration
of the populations, but also indicates that such stands are not suit-
able for giant hogweed in a long-term. However, if the stand is not
managed regularly during the whole vegetation season, the species
might return quickly to its previous abundance (Pyšek et al., 2007b).
Despite such limitations, the overall distribution in the target area
could be obtained with a high accuracy.

Even though the proposed automated processing of VHR data
is relatively efficient, for large areas it would be rather demanding
because of the enormous amount of data to be analyzed and associ-
ated high costs (Chen et al., 2012). As shown in our study, satellite
data of medium resolution such as Rapid Eye can provide an effec-
tive alternative on a coarser level, serving as a useful tool for nature
protection to mitigate the large-scale impacts of plant invasions.

Comparing automated and manual interpretation of data, the
automated approach captured very small patches as well as gaps
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Table  3
Processing approaches for data of different spatial and spectral resolution and their
performance illustrated by conditional Kappa coefficient (Congalton and Green,
1999). The measure of classification performance (poor to excellent) follows Landis
and  Koch (1977).

Low spectral/very high spatial resolution data
Our type of data
- color/panchromatic aerial data
-  very high spatial resolution (<0.5 m)
- low to very low spectral resolution
Pixel-based image processing
-  not suitable – not enough spectral information
Object-based image processing
- applied semi-automated hierarchical, iterative, and rule-based
classification approach
-  additional information on shape, texture and context of mapped objects
enhance classification considerably
- moderate to excellent classification performance (conditional Kappa –
0.53−0.95)

High spectral/very high spatial resolution data
Our type of data
- multispectral aerial photographs
-  very high spatial resolution (<0.5 m)
- high spectral resolution (5 channels including NIR)
-  wrong timing of the data acquisition (after flowering) �poor
classification results
Pixel-based image processing
-  unsupervised classification – ISODATA: moderate classification accuracy
(conditional Kappa – 0.43)
- supervised classification – maximum likelihood: poor classification
accuracy (conditional Kappa – 0.29)
Object-based image processing
- semi-automated hierarchical, iterative, and rule-based classification
approach
-  moderate classification accuracy (conditional Kappa – 0.57)

High spectral/medium spatial resolution data
Our type of data
- multispectral satellite imagery (Rapid Eye)
- medium/high spatial resolution – lower then the size of individuals but
enabling to map  homogeneous stands (5 m)
-  high spectral resolution (5 channels including NIR)
Pixel-based image processing
-  unsupervised classification – ISODATA: poor classification performance
(conditional Kappa - 0.39)
-  supervised classification – maximum likelihood: moderate classification
performance (conditional Kappa – 0.41)
Object-based image processing
- poor classification performance (conditional Kappa – 0.24)

in hogweed stands that were often omitted by manual delineation.
This was especially true for images from the latter stages of inva-
sion when larger areas were infested. Hogweed structures became
more complex and therefore difficult and laborious to delineate
manually and so the interpreter tended to omit small patches and
generalize (cf. Corcoran and Winstanley, 2008; Morgan et al., 2010).
Thus the advantage of automatic classification of RS imagery over
the manual one increased with the growing size and complexity of
the landscape mapped. The direct use of manually classified maps
of hogweed presence as a reference would therefore bring about
many inaccuracies.

Overall, there is a trade-off between the accuracy necessary for
studies at the ecological scale, and large-scale applicability needed
for efficient management. The most suitable method to be applied
to monitor a particular plant invasion thus depends on the purpose
of the study. As different data types and processing methods can
capture different features of plant morphology and structure and
different aspects of the ecological dynamics of invasion, follow up
studies on monitoring invasive plant species are encouraged to find
out the best methods for their purposes by conducting pilot studies.

Table 4
Consequences of different spatial resolution of data for vegetation detection.

Spatial resolution higher then the size of mapped individuals (very
high resolution data)
Conditions for the species detected
-  unique spatial (spectral) patterns
-  recognizable on the images (by eye)
Conditions for the RS data
- availability of images acquired in the right season
Advantages
- very high spatial resolution
-  small patches and individuals can be recognized � helps in monitoring
onset of invasion and dispersal foci
- historical datasets enabling reconstruction of invasion progress
Disadvantages
-  spectral resolution often low (panchromatic historical photographs)
-  data often not standardized (historical datasets) � difficulties in
automatic processing
- timing of the data acquisition often not ideal (historical dataset) � shifts
in phenological stage of invasive species
-  small areal extent of images � large amount of data � processing is labor
and time intensive
Data used in our study
Sensor: aerial photography
Spatial resolution: <0.5 m
Temporal resolution: app. every decade since 1940s
Spectral resolution: mostly panchromatic

Spatial resolution lower then the size of mapped individuals
(high/medium resolution data)
Conditions for the species detected
-  large homogeneous stands
-  unique spectral characteristics
-  possibility of ground truth (by field work or aerial imagery with the
species clearly visible)
Conditions for the RS data
- availability of images acquired in the right season
- sufficient spectral detail to recognize the species
-  spatial resolution enabling to capture larger patches
Advantages
-  larger area covered by a single image � faster processing compared to
VHR data
- standardized datasets � possibility to apply automatic processing
techniques
-  repeated temporal coverage for regular monitoring
-  high spectral resolution
Disadvantages
- lower spatial resolution compared to VHR data � impossible to extract
small patches or individuals
- short temporal resolution compared to aerial photography
Data used in our study
Sensor: Rapid Eye
Spatial resolution: 5 m
Temporal resolution: daily (off-nadir)/5.5 days (at nadir) since 2008
Spectral resolution: 5 bands incl. NIR

4.2. Accuracy assessment: an important issue

Sources of error in our study were the image mis-registration,
and the inability to ground truth historical imagery in the field. At
early stages of invasion grid accuracy assessment could be biased
by the fact that the extent of hogweed was limited.

Although in our study the results of both pixel and object based
accuracy assessment generally agreed (the same methods were
selected as the best), the differences in accuracies derived by the
two assessment types and different accuracy measures illustrate
that the choice of classification accuracy assessment method has a
great influence on results (especially true for OBIA). Lower values
of AD (as well as conditional Kappa) in grid compared to the point
assessment for OBIA (unlike the pixel-one) agree with statement
of underestimation of OBIA accuracy by pixel assessment (Hamada
et al., 2007). UA and conditional Kappa values derived from the two
assessments were strongly correlated. Values of PA were usually
higher compared to UA. Although the UA (expressing the com-
mission error) seems important for natural protection applications,
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Table  5
Comparison of automated classification (D) and manual on-screen digitizing (M)  of hogweed polygons. Significant differences on level  ̨ = 0.05 are marked by *. Classification
approach providing the best results was analyzed, i.e. maximum likelihood in 2010 and OBIA in other cases.

Year Class area Number of
patches

Mean patch
size

Patch size standard
deviation*

Patch size
coefficient of
variance

Total length of edge* Mean patch edge

D M D M D M D M D M D M D M

1962 7633.4 9002.3 334 285 22.9 31.6 117.4 131.5 792.0 439.7 10620.2 5810.2 31.8 20.4
1973  17085.7 15242.0 134 47 127.5 324.3 486.6 894.5 381.7 318.2 14063.9 3566.2 105.0 75.9
1987  26642.1 33254.9 204 59 130.6 563.6 582.5 1411.0 774.1 292.7 18766.4 6347.8 92.0 107.6
1991  12679.2 24498.3 3162 823 4.0 29.8 12.0 173.6 800.9 600.9 33825.6 16648.7 10.7 20.2
2006  7811.2 33267.1 3167 50 2.5 665.3 22.3 1941.3 904.4 253.7 32334.0 4454.6 10.2 89.1
2010  24362.9 34474.3 43 14 566.6 2462.4 1626.3 3257.4 287.0 132.3 4318.8 3042.6 100.4 217.3

the PA (omission error) is important for efficient control measures
because it reflects the error of omitting of some plants that can
later serve as a source of diaspores. An acceptable level of accuracy
depends on the map  purpose; it should be maximized if the goal is
to locate infestation hotspots, but can be lower if all possible loca-
tions of the invasive species are to be addressed (Hamada et al.,
2007).

4.3. Implications for mapping strategy: the role of phenological
stage

We  found that timing data acquisition to coincide with flow-
ering and early fruiting was important for successful detection of
invading populations because only at these stages were they dis-
tinct enough to be accurately distinguished (for other plant species
see Huang and Asner, 2009; Somodi et al., 2012). While RS detection
of flowering hogweed plants was relatively easy, detection of fruit-
ing or non-flowering plants was limited, and the data capturing the
species in fruiting period (1973 panchromatic and 1987 multispec-
tral aerial photography) showed significantly lower recognition
success.

In general, the best mapping strategy needs to reflect the mor-
phological and structural features of the plant under study and
chose the phenological stage at which individuals are most effi-
ciently captured by monitoring. For invasive plant species with
conspicuous flowering appearance it is crucial to collect data at
the peak of the flowering period and take the temporal pattern of
flowering into account; in case of giant hogweed it is concentrated
into relatively short period (Perglová et al., 2006) but other plant
species can have the flowering spread over longer periods of time,
and for others there can be vegetative features such as the struc-
ture of the canopy or spectral signature especially in the NIR part
of spectrum that may  be effectively used for recognition (Everitt
et al., 2005; Laba et al., 2010; Jones et al., 2011; Dorigo et al., 2012;
Somodi et al., 2012). Overall, it points again to usefulness of a pilot
analysis before a large-scale monitoring is started.

4.4. Lessons learned: implications for management of plant
invasions

Our study, using giant hogweed as a model species, established
a comparably fast method of detecting and capturing the spread of
an invasive plant provided that the imagery is acquired at the time
of the species flowering. Medium spatial resolution image analysis
gives a fast overview of regional infestation whereas VHR data pro-
vide details on invasion progress and serves for early detection at
the beginning of invasion. Presented results also underline that RS
is important not only for analyses of past invasion dynamics and
related issues (e.g. Müllerová et al., 2005; Nehrbass et al., 2007;
Pergl et al., 2011) but also for rapid response and eradication of
detected invasion foci (Pluess et al., 2012).

The described methodology developed on the test site has been
successfully applied over the study region (175 km2) to monitor and
manage the hogweed invasion in the PLA Slavkovský  les in cooper-
ation with Mariánské Lázně Municipality Office, and to analyze the
patterns of invasion process at landscape scale in order to relate the
dynamics of hogweed invasion (dispersal foci, maximum infesta-
tion, spatial structure, and rate of spread) to the landscape patterns
(land cover, land use, fragmentation, connectivity, disturbance, and
invasible habitat availability), and study mechanism of the species
spread, habitat preferences and driving forces in the landscape. This
knowledge helps us to understand why  certain habitats are more
susceptible to invasions than others and find optimum manage-
ment strategies (Müllerová et al., 2005).

The high classification accuracies indicate that the method is
potentially applicable to other areas and/or other invasive plants,
despite the possible biases encountered in managed habitats or
under forest canopies where identification by RS is somewhat
restricted. For other regions or species with similar characteristics,
namely well-recognizable inflorescences, the method is directly
transferable; for other species a pilot analysis is advisable to
identify features that can be efficiently used in the identification
process. If adapted to the purpose of a particular study, the method-
ology presented here is potentially broadly applicable, enabling
(i) early detection, (ii) identification of the foci to be targeted for
eradication at the early stages of invasion, and (iii) regular moni-
toring of the sites. The proposed automated RS detection can make
control measures more effective, faster, and less expensive than tra-
ditional monitoring methods based on ground mapping of invasive
populations.
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