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A B S T R A C T   

The most commonly used method for measuring vegetation cover is visual estimation, which is highly subjective, 
potentially leading to measurement errors. This poses serious implications to the assessment and continued 
management of plant species cover, for example in the control of invasive plant species. Morphological analysis 
of digital imagery has, to date, been primarily applied in the classification of landscape features. Our novel 
application of morphological image analysis provides an objective method for detection and accurate cover 
assessment of an invasive alien plant species (IAS), giving reduced measurement errors when compared to visual 
estimation. Importantly, this method is entirely based on free software. Guidos Toolbox is a collection of generic 
raster image processing routines, including Morphological Spatial Pattern Analysis (MSPA), which classifies and 
quantifies features according to shape. MSPA was employed in this study to detect and quantify cover of invasive 
Petasites pyrenaicus (Winter heliotrope) in digital images of 1 m � 1 m plots. Its efficacy was compared to that of 
two other methods- GIS Digitisation (used as an accurate baseline) and Visual Estimation (standard method). We 
tested the limit of MSPA usability on images of varying complexity, i.e. “simple”, intermediate” or “complex”, 
depending on presence/absence of other vascular plant species and the species richness of plot. Our results show 
good agreement between all three methods. MSPA measurement of P. pyrenaicus cover was most closely aligned 
with the GIS Digitisation (concordance correlation coefficients of 0.966). Visual Estimation was less closely 
aligned with GIS Digitisation (concordance correlation coefficients of 0.888). However, image complexity 
resulted in differing levels of agreement; with the closest agreement being achieved between MSPA and GIS 
Digitisation when used on images of lower and higher complexity. MSPA consistently provides higher accuracy 
and precision for P. pyrenaicus cover measurement than the standard Visual Estimation method. Our method-
ology is applicable to a range of focal vegetation species, both herbaceous and graminoid. Future application of 
MSPA for larger-scale surveying and monitoring via remote sensing is discussed, potentially reducing resource 
demands and increasing cover measurement consistency and accuracy. We recommend this method forms part of 
vegetation management toolkits for not only environmental managers, but for anyone concerned with plant 
cover assessment, from agricultural systems to sustainable resource use.   

1. Introduction 

The UN Convention on Biological Diversity (CBD, 2014) recognises 
Invasive Alien Species (IAS) as one of the principal drivers of biodiver-
sity loss globally and has produced Guiding Principles concerning IAS. 
The guidelines underpin the EU Regulations (EU, 2014), which oblige 
Member States (MS) to take both preventative measures (early detection 

and rapid eradication) and reactive measures (control, containment and 
surveillance of IAS, and increased ecosystem resilience) to combat IAS 
spread. The development of accurate and repeatable vegetation moni-
toring techniques that require minimal resources is, therefore, urgently 
required for the study and long-term monitoring and modelling of 
invasive plant species and their pathways of introduction (Caffrey et al., 
2014; Piria et al., 2017; Dick et al., 2014, 2017a; 2017b; Essl et al., 
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2015). 
Visual estimates are often applied in vegetation and IAS cover studies 

as they are relatively rapid and well established (e.g. Howard et al., 
2003; Vittoz and Guisan, 2009; Symstad et al., 2008; FitzPatrick and 
Kingston, 2012). Errors in the estimation of vegetation cover have been 
attributed to three main causes: overlooking species, misidentification 
and estimation error (Morrison, 2016). In addition, surveyor profi-
ciency, bias, subjectivity and error, amongst other variables, have been 
found to influence results (Sykes et al., 1983; Kennedy and Addison, 
1987; van Hees and Mead, 2000). Whilst consistent visual estimate re-
sults have been achieved through surveyor training and quality control, 
this is not universally the case (Morrison, 2016), and Kennedy and 
Addison (1987) suggest a minimum change of 20% of species cover 
should occur before being attributed to factors outside measuring errors 
in visual estimation. 

Reducing errors in monitoring IAS positively influences the efficacy 
of management and eradication protocols (Piria et al., 2017) and is 
useful to a wide range of stakeholders involved in IAS management, as 
well as improving our understanding of the effects of climate change and 
increasing anthropological disturbances (Davis et al., 2018). Digital 
vegetation image analysis techniques offer remote, non-destructive and 
rapid methods for cover analysis that are relatively un-biased (e.g. 
Bennett et al., 2000; Ramussen et al., 2008; Baxendale et al., 2016). Such 
image analyses techniques typically examine the red, green and blue 
(RGB) image pixel values and relationships of the study vegetation to 
determine cover, and can produce higher accuracy and result in greater 
time efficiency than field survey methods (Baxendale et al., 2016). 
Remote sensing has produced promising results in the unbiased detec-
tion and quantification of alien invasive vegetation cover (Huang and 
Asner, 2009); for example Heracleum mantegazzianum (Giant hogweed) 
(Müllerov�a et al., 2013, 2017; Michez et al., 2016), Impatiens glandulifera 
(Himalayan balsam) (Michez et al., 2016) and Fallopia japonica (Japa-
nese knotweed) (Jones et al., 2011; Michez et al., 2016; Müllerov�a et al., 
2017). However, such methods have limited applications, with insuffi-
cient accuracies for operational applications in some cases (Michez 
et al., 2016), and the inability to assess ground cover under woodland 
canopy (Müllerov�a et al., 2017). This presents the need to address these 
limitations with a novel method that provides a high level of accuracy 
and is suitable to practioners dealing with IAS. 

Guidos Toolbox (Vogt and Riitters, 2017) is a collection of generic 
raster image processing routines, including Morphological Spatial 
Pattern Analysis (MSPA) (Soille and Vogt, 2008), which classifies and 
quantifies features of binary images according to their shapes. Although 
MSPA is typically applied in landscape connectivity assessments (e.g. 
Clerici and Vogt, 2013; Carlier and Moran, 2019), its capacity to auto-
matically identify focal species has been recently demonstrated for 
zooplankton (Schmid et al., 2016). Its potential has not yet been 
explored in the context of individual, vascular plant species. MSPA can 
be applied where other methods are limited, such as in the assessment of 
images that are heavily influenced by extremes of light and shade, or 
distortion of colour such as occurs with understorey vegetation. 

Winter heliotrope Petasites pyrenaicus (L.) G. L�opez (formerly known 
as P. fragrans (Vill.) C. Presl) is a low-growing and shade tolerant plant 
native to the Mediterranean region of Europe and was introduced to 
Ireland in the early 19th Century (Hackney, 1992), where it has become 
invasive (Booy et al., 2015; Preston et al., 2002; Reynolds, 2002; Stace, 
1997). Outside of its native range, P. pyrenaicus grows vigorously along 
roadside verges and disturbed ground, where it successfully out-
competes native species. It has proved to be particularly problematic in 
the areas in which it was initially introduced, such as graveyards and 
landed estates, where it has extensively infested the understory of 
ancient woodlands to the detriment of native species, and is extremely 
difficult to control (Stace, 1997; Reynolds, 2002). The plentiful, large 
and distinctively heart-shaped leaves of mature P. pyrenaicus provides a 
potential advantage in its identification through digital image analysis. 
Therefore, the present study aims to test the use of Morphological 

Spatial Pattern Analysis (MSPA) (available from the freeware Guidos 
Toolbox) as a cost-effective, accurate, objective and repeatable method 
for the detection and quantification of P. pyrenaicus ground cover. This 
method is compared against visual estimation and GIS digitisation of 
P. pyrenaicus leaves present in field survey imagery. The study 
hypothesises that MSPA i) is an objective and repeatable image pro-
cessing routine for the quantification of P. pyrenaicus ground cover 
present within digital images, ii) provides greater accuracy than visual 
estimation of both percentage cover and cover scale, iii) perfoms 
effectively under a range of vegetation structural complexities. 

2. Materials and methods 

Digital imagery used for the purpose of this study were obtained from 
a bank of 480 images from an Irish Environmental Protection Agency 
research project ‘Prevention, Control and Eradication of Invasive Alien 
Species’ (Institute of Technology Sligo, 2016), assessing the efficacy of a 
range of treatments to control and manage P. pyrenaicus invasion in the 
Northwest of Ireland. Each image captured a 1 m � 1 m quadrat of 
P. pyrenaicus-infested ground cover. All photographs were captured 
using the same hand-held digital single-lens reflex (DSLR) camera 
(Nikon D40). One operator was responsible for capturing all the images, 
at a consistent height above a quadrat. Images that did not include all 
four sides of the quadrat were discarded and retaken until the full 
quadrat frame was visible in the image. Image dates were from May 
2017 to July 2018, capturing a range of seasonal growth (summer, 
autumn, winter and spring), environmental variations (light levels and 
canopy cover), and leaf senescence resulting from experimental treat-
ments (five discrete treatments plus control). A subset of images was 
obtained from this extensive experimental field study. Image resolution 
varied between 0.7 and 0.8 Megabytes. 

Software packages used were GUIDOS Toolbox v. 2.8, ArcGIS 10.5, 
GIMP v. 2.10.8, R v. 3.5.2 and Google Forms (as a survey platform). 

This study followed three different methodological approaches in 
assessing the same 30 images (Fig. 1.):  

1. MSPA was used to determine percentage leaf cover based on 
morphological components of the image features;  

2. Visual Estimation of P. pyrenaicus percentage leaf cover in the images 
was recorded by field ecologists;  

3. GIS Digitisation of P. pyrenaicus leaves provided a precise percentage 
leaf cover within each image. This served as a pseudo-control to 
assess the accuracy of MSPA against Visual Estimation. 

Data from each step were statistically analysed using five separate 
methods for precision and accuracy (as described in detail in section 2.5) 
in order to quantify the level of agreement between MSPA, GIS Digiti-
sation and Visual Estimation of P. pyrenaicus leaf cover. Cover values 
obtained for each method were also transformed into the ordinal DAFOR 
scale (Goldsmith, 1971) [Dominant (51–100%), Abundant (31–50%), 
Frequent (16–30%), Occasional (6–15%), and Rare (1–5%)] to provide a 
class cover value using a standard scale, which was subsequently ana-
lysed to explore the effectiveness of the methods within the context of a 
cover scale in addition to percentage cover. 

2.1. Image complexity levels 

Since MSPA quantifies morphological components of an image, 
complexity groups of different vegetation heterogeneities were used to 
evaluate its efficacy in isolating and quantifying P. pyrenaicus. 
Complexity was categorised by the existence of other species and/or 
morphological features in an image that could be falsely interpreted as 
P. pyrenaicus due to their shape or abundance. 

The levels of complexity were defined as:  

1. Simple: Images containing P. pyrenaicus only; 
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2. Intermediate: Images containing P. pyrenaicus and one additional 
plant species (typically Poaceae spp.);  

3. Complex: Images containing P. pyrenaicus and multiple plant species 
(typically Poaceae spp., Ranunculus spp., Equisetum spp. etc.). 

A bank of 480 images was used as the basis for the subsequent image 
selection processes. These images were visually assigned to the three 
levels of complexity. The first 30 images in each complexity grouping 
were selected and then randomly sub-sampled to limit selection bias of 
the field specialists. This resulted in a final set of ten images from each of 
the Simple, Intermediate and Complex groupings. The ten selected im-
ages for each complexity level group are embedded in Appendix 1, 
column one, available in Carlier et al. (2020). As images were captured 
under varying fieldwork conditions, each image was normalised using 
the freeware GIMP v. 2.10.8 (2019); images were rotated, perspectives 
adjusted where necessary, and cropped to quadrat edges. All normalised 
images can be viewed in Appendix 1, column two (Carlier et al., 2020). 

2.2. Morphological Spatial Pattern Analysis 

MSPA detects pixel patterns within binary imagery of foreground 

(interest) and background (non-interest) (see Fig. 2), principally used for 
the description of image geometry and connectivity components. As it is 
based on geometric concepts only, MSPA can be applied at any scale and 
to any type of digital images, in any application field. The foreground 
area of a binary image is analysed and classified into seven generic 
MSPA classes: Core, Islet, Perforation, Edge, Loop, Bridge, and Branch. 
This segmentation results in mutually exclusive classes which, when 
merged, correspond exactly to the initial foreground area (Soille and 
Vogt, 2008). 

Four principal user-defined MSPA parameter settings can be 
adjusted. Foreground Connectivity allows morphological analysis to be 
conducted under pixels sharing borders only (4-connectivity) or pixels 
sharing borders and having a corner in common (or 8-connectivity). 
Edge Width can be user-defined to pre-determine the width or thick-
ness of non-core classes in the image pixels (e.g. edge width in Fig. 2 has 
been set to one). Transition can be turned on to identify those pixels 
within ‘edge’ or ‘perforation’ that intersect with ‘bridge’ or ‘loop’ classes 
to illustrate all detected connections in an image. Intext allows the 
identification and separation of internal from external features, where 
internal features are defined as being enclosed by a Perforation. Each 
parameter and its effect are fully documented in the Guidos Toolbox 

Fig. 1. Schematic of the main steps taken to quantify P. pyrenaicus leaf cover.  
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manual (Vogt and Riitters, 2017). Finally, the user must opt to export 
MSPA output classification cover statistics (text file format) when 
running the analysis. 

Image preparation: red hue saturation was removed (using GIMP 
v2.10.8, 2019) to accentuate the living green plant layer of the nor-
malised images (see Fig. 3 (b) and Appendix 1, column two in Carlier 
et al. (2020)). Two-byte images (required for MSPA) were prepared by 
importing the images into GIS and exporting as 1-bit monochrome 
TIFFs. Monochrome thresholding was adjusted to distinguish between 
the foreground (white) plant layer and background (black) non-plant 
layer (see Fig. 3 (c), Appendix 1, column four in Carlier et al. (2020)). 
The identification of different plant leaf morphologies within the image 
was enabled by adjusting the pixel edge width in MSPA. This required a 
final image export resolution of 100 dpi. 

Morphological cover analysis: MSPA parameter settings were set 
as follows: Foreground Connectivity- 8/4 (default setting); Edge Width- 5 
(adjusted until ‘core’ classification features resembled closely that of 
P. pyrenaicus leaves); Transition-set to ‘off’; Intext-set to ‘on’ (default 
setting). 

All MSPA output images are illustrated in Appendix 1, column five 
(Carlier et al., 2020) and an example is illustrated in Fig. 3 (d). ‘Core’, 
‘edge’ and ‘perforation’ features of each MSPA image were amalgamated 
to represent P. pyrenaicus cover and are illustrated in Appendix 1, col-
umn six (Carlier et al., 2020), see Fig. 3 (e). P. pyrenaicus cover values 
were then extracted from the MSPA statistical output (Appendix 2; 
Carlier et al., 2020). 

2.3. GIS digitisation of images 

The 30 normalised images were digitised in GIS, by creating a 
polygon shapefile outlining the petasites leaves in each image. Each 
image was georeferenced and P. pyrenaicus leaf cover was digitised at a 
fixed scale to maintain consistency and precision. The data from these 
shapefiles was exported into Microsoft Excel. (All digitised images can 
be viewed in Appendix 1, column 3 in Carlier et al. (2020)). This data 
provided a pseudo-control to accurately quantify living (green) 
P. pyrenaicus leaf cover and to validate the accuracy of MSPA and Visual 
Estimation. Visual Estimation. 

2.4. Visual cover estimation 

Experienced field ecologists were invited to visually estimate the 
P. pyrenaicus cover in all 30 normalised images via an anonymous on-line 
survey (see Appendix 5, Carlier et al., 2020). Participants were asked to 
‘assume each image frame represents a maximum cover of 100%’ and to 
‘estimate the percentage (%) of the image covered by living (green) 
P. pyrenaicus leaves (i.e. the foliar cover)’. They were also asked to 
‘spend no more than 30 s on each image’, to promote a consistent and 
comparable estimation effort across subjects. The survey was sent to 
ecologists in Ireland, United Kingdom and Belgium. Eleven responses 
were obtained and a database of survey data was generated (Appendix 6, 
Carlier et al., 2020). For each image, the mode of all participants’ 
abundance estimations was considered for the statistical analyses. 

Fig. 2. Illustration of an MSPA compliant (binary) image (a) processed using MSPA (b), showing the reclassification of the image components.  

Fig. 3. Illustration of steps taken to perform morphological analysis using a sample image.  
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2.5. Statistical analyses 

The cover estimation methods were compared using five statistical 
tests, comparing the percentage cover and class cover value estimations:  

� Agreement Assessment: (1) Bland-Altman plots, (2) Concordance 
Correlation Coefficient and (3) Fleiss’ kappa,  
� Precision Assesment: (4) one-way analysis of variance,  
� Accuracy Assessment: (5) a two-samples Wilcoxon test. 

Agreement assessment is broad term that includes the concepts of 
precision and accuracy, providing a measurement of ‘closeness’ between 
values obtained from different methods (Barnhart et al., 2002). To assess 
agreement between methods, Bland- Altman plots were used to visually 
examine overall agreement, the concordance correlation coefficient was 
used to measure agreement of nominal data (percentage cover), and the 
Fleiss’ kappa was used to measure agreement of ordinal data (DAFOR 
scale). 

In order to further understand weak agreement between compared 
methods, within-sample variation (lack of precision) or a shift in mar-
ginal distributions (lack of accuracy) can be assessed (Lin et al., 2002). 
To measure precision, a one-way analysis of variance (ANOVA) was used 
to evaluate how close the cover values obtained by the three methods 
were from each other. To measure accuracy, a two-samples Wilcoxon 
test was used to evaluate how close the cover values obtained by MSPA 
and Visual Estimation were from GIS Digitisation. 

These statistical approaches follow the proposals by Barnhart et al. 
(2007) for continuous data measurements (cover estimations) and 
Ranganathan et al. (2017) for categorical measurements - specifically 
for the cover estimations transformed into the DAFOR scale. Fig. 4 
provides an overview of statistical approaches taken to assess agree-
ment, precision and accuracy between the methods. All statistical ana-
lyses were performed using R version 3.5.2. 

2.5.1. Agreement assessment between methods  

a) Bland-Altman plots 

A general visual examination of the levels of agreement between 
methods was done using Bland-Altman plots (Bland and Altman, 1986). 
This descriptive tool examines agreement between two quantitative 
measurements by estimating and displaying the Limits of Agreement 
(Giavarina, 2015). The function bland. altman.plot from the package 
BlandAltmanLeh for R (Lehnert, 2015) was used. Standard deviation 
lines from mean differences were set to the default of 1.96 to provide a 
95 percent confidence interval estimation. The values were transformed 
by a logit function to ensure normality. The plots were created by 
pairing the logit-transformed (normalised) results from the cover 
assessment methods, i.e. Digitised and MSPA, Digitised and Visual 
Estimation, etc. The clustering of the means around zero signifies 
agreement between assessment methods, since full agreement would be 
indicated by two methods returning the exact same results and differ-
ences would be equal to zero.  

b) Concordance correlation coefficient 

Agreement between methods using nominal data (in this case per-
centage cover) was measured using concordance correlation coefficient 
(CCC) (Lin, 1989) - overall and under different complexity levels. CCC 
gives a more appropriate agreement index for continuous data than 
commonly used tests that were never designed to measure agreement (i. 
e. Pearson’s correlation coefficient, the paired t-test, the coefficient of 
variation or the intraclass correlation coefficient). CCC is a scaled index 
that incorporates meaningful components of precision (p) and accuracy 
(Cb) (Lin, 1989) and provides a quantitative measure of agreement be-
tween methods. This is based on the scaled expected squared difference 

between two correlated variables and measures the deviation of obser-
vations from the 45-degree line, which represents the perfect agreement 
(Barnhart et al., 2002). A value of 1 represents perfect agreement, � 1 
represents perfect disagreement and 0 represents no agreement (Lin 
et al., 2002). The function epi. cc from the package epiR was used to 
calculate Lin’s CCC (Stevenson, 2019).  

c) Fleiss’ kappa for ordinal data 

Agreement between methods using ordinal data (in this case the 
DAFOR scale) was measured using Fleiss’ kappa (Fleis, 1971) - overall 
and under different complexity levels. When there is more than one 
“observer” (in this case three methods of cover measurement), the Fleiss 
generalisation of kappa is commonly used (Marasini et al., 2014) as a 
measurement of agreement between ordinal data. Fleiss’ Kappa 
(k-values) range from 0 to 1, where 0 is no agreement (or agreement due 
to chance) and 1 is perfect agreement. Landis and Koch (1977) provide a 
table with a scale for interpreting k-values, however, it is considered 
subjective and for the present study, the k-values will only be used to 
highlight which methods provide the highest agreement. Fleiss’ Kappa 
was used to assess agreement between three “raters” or, in this case, the 
three different measurement methods, and to compare methods against 
each other. The function kappam. fleiss from the “irr” packages (Gamer, 
2019) was used to compute Fleiss’ Kappa as an index of interrater 
agreement between methods on DAFOR scale data. 

2.5.2. Precision assessment between methods 
Precision was measured by using a one-way analysis of variance 

(ANOVA) to evaluate how the cover values obtained by the three cover 
measurement methods differed from each other. Since the assumption of 
normality of the residuals was not met (S–W test normality: W ¼ 0.868, 
p < 0.000), the cover values obtained for the three methods were 
transformed using the logit transformation. Normality of the trans-
formed data was checked by visually analysing the histograms and qq- 
plots and assumption of normality of the ANOVAs residuals was met 
(S–W test normality: W ¼ 0.986, p ¼ 0.436 and S–W test normality: W ¼
0.981, p ¼ 0.203). The one-way analysis of variance (ANOVA) evaluated 
how significantly different the cover values obtained by the three 
different measurement methods were for each Level of Complexity 
group. Therefore, a comparison of means between the three methods 
was performed for Simple, Intermediate and Complex images separately. 

2.5.3. Accuracy assessment between methods 
Accuracy was measured by using a two-samples Wilcoxon test to 

evaluate how close the cover values obtained by MSPA and Visual 
Estimation were from GIS Digitisation. Percentage cover differences 
were calculated between GIS Digitisation and MSPA and between GIS 
Digitisation and Visual Estimation (Appendix 3, Carlier et al., 2020). The 
means of the percentage cover differences were then tested for signifi-
cant differences using a non-parametric Two-Samples Wilcoxon test 
(since the assumption of normality was not met). A comparison of the 
means was also performed separately for each level of complexity. 

3. Results 

3.1. Agreement assessment between methods  

a) Bland-Altman plots 

As illustrated by the Bland – Altman plots, a strong agreement be-
tween MSPA and GIS Digitisation was observed with the majority of 
plotted values relatively clustered within the limits of agreement (>-1; 
<1) and a mean difference close to zero (Fig. 5 (a)). Weaker agreement 
between Visual Estimation and GIS Digitisation was observed as a 
scattered distribution of plotted values with wider limits of agreement 
(>-2; <1) and a mean difference close to � 0.5 (Fig. 5 (b)). MSPA and 
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Fig. 4. Schematic outline of the statistical approaches taken to assess agreement, precision and accuracy between the methods and image complexity groups.  
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Fig. 5. Bland-Altman plots illustrating agreement between (a) Digitisation and MSPA; (b) Digitisation and Visual Estimation; (c) MSPA and Visual Estimation.  

J. Carlier et al.                                                                                                                                                                                                                                  



Journal of Environmental Management 266 (2020) 110519

8

Visual Estimation showed a scattered distribution of plotted values 
within limits of agreement (>-1.7; <0.8) with a mean difference close to 
� 0.5 (Fig. 5 (c)).  

b) Concordance correlation coefficient (CCC) 

Based on concordance correlation coefficient (CCC), an overall 
higher agreement between GIS Digitisation and MSPA methods of 
P. pyrenaicus cover assessment was observed compared to agreement 
between GIS Digitisation and Visual Estimation and MSPA and Visual 
Estimation. This result was also observed under the various levels of 
image complexity. The concordance correlation coefficient was consis-
tently higher, and tighter intervals between the Limits of Confidence and 
higher C.b values were obtained (Table 1). MSPA and Visual Estimation 
methods agreement presented a higher CCC than agreement between 
Visual Estimation and GIS Digitisation, including under the various 
levels of image complexity.  

c) Fleiss’ kappa 

Based on Fleiss’ kappa values, an overall significant agreement be-
tween the three measurement methods (Fleiss’ K value of 0.68) was 
observed, indicating that this agreement was significantly better than 
would be expected by chance. A decrease in agreement was observed 
when comparing the three methods under the various levels of image 
complexity. MSPA and GIS Digitisation methods had consistently higher 
agreement throughout all image complexity levels. Both MSPA and Vi-
sual Estimation agreed closely to GIS Digitisation under simple image 
complexity, however MSPA agreed more closely with GIS Digitisation 
under intermediate and complex image complexity (see Table 2). 
Agreement was low between GIS Digitisation and Visual Estimation 
particularly under the A (abundant) and F (frequent) DAFOR scale cat-
egories (see Appendix 4 in Carlier et al. (2020) for full breakdown of 
each DAFOR scale category). 

3.2. Precision assessment between methods 

Based on the results of the ANOVA, there were no significant dif-
ferences between means of the cover estimations of the three methods 
used (including under the various levels of image complexity) (Table 3). 
This infers that the methods have the same level of precision, and dif-
ferences previously identified in agreement assessment were not due to a 
lack of precision. 

3.3. Accuracy assessment between methods 

Based on the two-samples Wilcoxon test, MSPA was significantly 
closer (P ¼ 0.043) to the GIS Digitisation cover measurement (mean 
difference ¼ 0.027), compared to Visual Estimation (mean difference ¼
� 5.369). However, when the differences in methods were examined in 
the context of image complexity, the resulting difference in means were 
only significant (P ¼ 0.049) for images classified under the Simple level 
of complexity. Nevertheless, MSPA gave results consistently closer to the 
GIS Digitisation method compared to those of Visual Estimation 
(Table 4). These results indicated a difference in agreement between the 
different methods, and implied that this stems from a difference in ac-
curacy. Closer cover measurement values were observed between MSPA 
and GIS Digitisation compared to than those of Visual Estimation and 
GIS Digtisation. 

Table 1 
Concordance Correlation Coefficient results for paired method agreement 
overall and under the various complexity levels.  

Methods agreement CCC C.b* 

Overall- all images (N ¼ 30) 
Digitisation & MSPA 0.966 0.996 

Lower ¼ 0.933; Upper ¼ 0.983 
Digitisation & Visual Estimation 0.888 0.957 

Lower ¼ 0.788; Upper ¼ 0.942 
MSPA & Visual Estimation 0.914 0.962 

Lower ¼ 0.836; Upper ¼ 0.956 
Simple image complexity group (N ¼ 10) 
Digitisation & MSPA 0.995 0.999 

Lower ¼ 0.982; Upper ¼ 0.999 
Digitisation & Visual Estimation 0.872 0.939 

Lower ¼ 0.630; Upper ¼ 0.960 
MSPA & Visual Estimation 0.881 0.955 

Lower ¼ 0.637; Upper ¼ 0.965 
Intermediate image complexity group (N ¼ 10) 
Digitisation & MSPA 0.953 0.989 

Lower ¼ 0.846; Upper ¼ 0.986 
Digitisation & Visual Estimation 0.901 0.933 

Lower ¼ 0.718; Upper ¼ 0.968 
MSPA & Visual Estimation 0.939 0.954 

Lower ¼ 0.823; Upper ¼ 0.980 
Complex image complexity group (N ¼ 10) 
Digitisation & MSPA 0.983 0.999 

Lower ¼ 0.936; Upper ¼ 0.995 
Digitisation & Visual Estimation 0.816 0.935 

Lower ¼ 0.485 Upper ¼ 0.942 
MSPA & Visual Estimation 0.835 0.944 

Lower ¼ 0.520; Upper ¼ 0.950 

*C.b ¼ a bias correction factor that measures how far the best-fit line deviates 
from a line at 45�. No deviation from the 45� line occurs when C.b ¼ 1. 

Table 2 
Results for Fleiss’ Kappa (K) agreement analysis, including significance values 
and z-score.  

Methods Agreement Agreement for DAFOR Scale 

Overall- all images (N ¼ 30) 
Digitisation MSPA 

Visual Estimation 
K ¼ 0.68 z ¼ 12; p ¼ 0.000 

Digitisation MSPA K ¼ 0.825 z ¼ 8.35; p ¼ 0.000 
Digitisation Visual Estimation K ¼ 0.648 z ¼ 6.54; p ¼ <0.000 
Simple image complexity group (N ¼ 10) 
Digitisation MSPA 

Visual Estimation 
K ¼ 0.589 z ¼ 5.42; p ¼ <0.000 

Digitisation MSPA K ¼ 0.688 
2 ¼ 3.7; p¼ <0.000 

Digitisation Visual Estimation K ¼ 0.699 z ¼ 3.66; p ¼ <0.000 
Intermediate image complexity group (N ¼ 10) 
Digitisation MSPA 

Visual Estimation 
K ¼ 0.585 z ¼ 5.2; p ¼ <0.000 

Digitisation MSPA K ¼ 0.84 z ¼ 4.18; p ¼ <0.000 
Digitisation Visual Estimation K ¼ 0.365 z ¼ 1.87; p ¼ 0.0612 
Complex image complexity group (N ¼ 10) 
Digitisation MSPA 

Visual Estimation 
K ¼ 0.585 z ¼ 5.2; p ¼ <0.000 

Digitisation MSPA K ¼ 0.84 z ¼ 4.18; p ¼ <0.000 
Digitisation Visual Estimation K ¼ 0.365 z ¼ 1.87; p ¼ 0.0612  

Table 3 
Results of precision assessment using ANOVA to determine significant differ-
ences between the means of the methods.  

Methods Means compared F P 

Overall- all images (N ¼ 30) 
Visual Estimation 0.811 0.448 
MSPA 
Digitisation 
Simple image complexity group (N ¼ 10) 
Visual Estimation 0.256 0.776 
MSPA 
Digitisation 
Intermediate image complexity group (N ¼ 10) 
Visual Estimation 0.335 0.718 
MSPA 
Digitisation 
Complex image complexity group (N ¼ 10) 
Visual Estimation 0.28 0.758 
MSPA 
Diaitisation  
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4. Discussion 

This study examined the overall agreement, precision and accuracy 
of three methods used to quantify invasive Winter Heliotrope 
(P. pyrenaicus) leaf cover from field quadrat images classified under 
three levels of vegetation structure complexity. Overall, there was good 
agreement between all the methods used. The comparison of precision 
shows that all methods produce similar results and that agreement dif-
ferences observed are related to accuracy. The results are consistent 
regardless of whether continuous or ordinal data (DAFOR scale) are 
used. 

The use of MSPA to discriminate leaf shape and assess cover in digital 
imagery is a novel and innovative approach that can provide an accurate 
and objective alternative to traditional visual estimation. Although the 
distinct leaf morphology of mature P. pyrenaicus plants provides an 
advantage in distinguishing it from the surrounding vegetation, the 
application of MSPA gives robust results throughout a range of simple 
and complex vegetation assemblages and structures, seasonal variations 
and growth stages. This is principally because MSPA is based on geo-
metric concepts (Soille and Vogt, 2008) rather than the reliance on 
identification and classification of pixel colouration applied in other 
systems (e.g. Baxendale et al., 2016). The method presented has po-
tential for further application of objective and accurate assessment of 
low vegetation structure; for example using MSPA to distinguish Trifo-
lium spp. cover form sward as illustrated in Fig. 6. This presents op-
portunities to support crop research (e.g. Rosario-Lebron et al., 2019; 
Buchanan et al., 2016) and the objective quantification of Lemnoideae 
spp. encroachment in ponds (e.g. Smith, 2014) and Gunnera tinctoria 
infestation (e.g. Costa et al., 2015) at a range of spatial scales. 

As morphological analysis of vegetation approaches performances 
comparable to (and exceeding) that of visual estimation, it will present 
distinct advantages. Through additional batch processing options 
available in Guidos Toolbox, objective analyses of large quantities of 
digital imagery are possible in a fraction of the time typically required 
by visual estimation; potentially reducing resource demands while 

minimising possible estimation biases and error (fatigue, variation in 
individuals’ estimation, etc.) (Sykes et al., 1983; Kennedy and Addison, 
1987). The present method is highly applicable to temporal monitoring, 
particularly using fixed point photography for change analyses. MSPA 
can be applied to accurately detect small changes, while mitigating the 
disadvantages associated with plant cover visual estimation uncertainty 
(Kennedy and Addison, 1987). Additionally, the increasing use of Un-
manned Aerial Vehicles (UAV) to capture multi-spectral, very high 
resolution imagery (e.g. Estrany et al., 2019; Zahawi et al., 2015) pre-
sents opportunities to objectively monitor vegetation species cover at a 
range of spatial scales. Image capture height of such UAVs ultimately 
depends on the ability to capture sufficiently high resolution imagery (i. 
e. sufficient pixels per leaf) for MSPA to distinguish vegetation leaf 
morphology. 

MSPA performed better for images in the simple and complex cate-
gories, with results significantly closest to that of digitisation. Dense 
Juncus spp. and Poaceae spp. swards, such as those in images 1 & 2 in the 
intermediate complexity group (Appendix 1 (Carlier et al., 2020)), appear 
to cause under-estimation due to the overshadowing of P. pyrenaicus 
leaves. However, the average difference between Digitisation (used in 
this study as a pseudo-control) and MSPA is always smaller than the 
difference between the Digitisation and Visual Estimation for all the 
levels of complexity, despite not being significant throughout. MSPA 
consistently discriminated between linear and more ovate vegetation, 
including complex linear whorls of branches of Equisetum spp (e.g. Ap-
pendix 1- intermediate group, image 4 (Carlier et al., 2020)). Dead leaves 
from surrounding vegetation (e.g. Appendix 1- complex group, image 2 
(Carlier et al., 2020)) and other living green vegetation may have led to 
over-interpretation of P. pyrenaicus. Young, emerging P. pyrenaicus 
growth may also lead to under-interpretation depending on MSPA ‘edge’ 
parameter settings. This effect may also be observed for severely 
damaged or distorted mature leaves. MSPA accuracy may decrease with 
extremely heterogeneous vegetation structures. Non-target species with 
similar leaf morphologies (e.g. Rumex obtusifolius) could lead to gross 
over-interpretation. However, improved digital image capture and sur-
vey methodologies could help increase the quality of results. For 
example, the application of Near-Infrared (NIR) image capture may 
present opportunities to maximise the distinction between living and 
dead (non-photosynthesising) plant matter (Silleos et al., 2006), 
potentially improving input imagery and MSPA accuracy. This is 
particularly important when distinguishing 2-byte image ‘foreground’ 
and background’ as required for MSPA, and may help eliminate or 
reduce over-interpretation effects from dead leaves and non-vegetation 
matter. Furthermore, targeted surveying during optimal growth season 
(i.e. winter-spring for P. pyrenaicus) can ensure maximum representation 
of the targeted species within the survey plot, reducing potential 
under-interpretation due to overshadowing vegetation. 

This study presents numerous opportunities for further research and 
applications: 

Table 4 
Results for the Two-Samples Wilcoxon comparing means between G1 [difference 
between MSPA cover values and GIS Digitisation images cover values] and G2 
[difference between Visual Estimation cover values and GIS Digitisation images 
cover values].  

Wilcoxon signed rank test Mean G1 Mean G2 

Overall- all images (N ¼ 30) 
p ¼ 0.042 0.027 � 5.369 
Simple image complexity group (N ¼ 10) 
p ¼ 0.049 � 0.860 � 8.493 
Intermediate image complexity group (N ¼ 10) 
p ¼ 0.160 1.111 � 5.076 
Complex image complexity group (N ¼ 10) 
p ¼ 0.322 � 0.171 � 3.960  

Fig. 6. Example use of MSPA to quantify Trifolium spp. within grassland sward.  
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� Although the preparation of individual images for MSPA outlined in 
this study requires time resources, opportunities exist to up-scale and 
optimise this process. Large-scale batch processing could include the 
preparation of image datasets using GIS python script to:  
i. Prepare images using data-driven pages (e.g. dataframe clipping 

for cropping and exporting as 2-byte monochrome. tiff format) 
into an MSPA-compliant image dataset, and  

ii. Perform batch MSPA using the Guidos Toolbox ‘batch’ feature;  
� The potential to apply machine learning processes using MSPA 

(previously demonstrated using an automatic zooplankton identifi-
cation model in Schmid et al., 2016) presents similar opportunities 
for automated plant quantification models;  
� The use of Otsu’s method (Otsu, 1979) as an objective method of 

automatic optimal thresholding selection may also improve and 
speed up monochrome image preparation in GIS;  
� The option to divide ‘Core’ into user-selected size sub-classes of 

small/medium/large in MSPA could provide the ability to differen-
tiate stages of leaf-growth or indeed differentiate species based on 
mature leaf size;  
� Although the focus of this study was to quantify the cover of a 

distinctly ovate leaf, MPSA could be used to estimate cover values of 
other species with lobed leaf morphologies (e.g. Quercus spp.) by 
examining the ‘Edge’ to ‘Core’ ratio of MSPA object classes within an 
image;  
� It is possible to quantify linear vegetation such as Poaceae spp. etc. by 

merging and interpreting other linear MSPA object classes (e.g. 
bridge, branch, islet and loop features). However, it is important to 
note that this method will quantify all linear-leaved species within 
the image. This could lead to over-estimation of focal plant species 
with linear leaf morphology;  
� Other geometry-based Guidos Toolbox tools may be applicable for 

further image interpretation of vegetation growth patterns over time 
using ‘Change Analysis’, and ‘Parcellation’ to provide a normalised 
vegetation complexity index based on image pixel heterogeneity. 

Given the continued global expansion of IAS, and our moral and legal 
obligations to address this issue, the availability of powerful image 
processing tools can underpin improved management methods. As 
demonstrated in this study, the image processing techniques provided 
by Guidos Toolbox offers substantial improvements in the accuracy and 
objective measurement of herbaceous invasive alien species cover. The 
opportunities of these processing techniques warrant further investiga-
tion and ground truthing. 
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