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Abstract
Climate change is a global problem that is projected to continue well into the next century. A possible
way to combat climate change is to restore ecosystems, as the biodiversity in ecosystems are declining
throughout the world. The beaver (Castor Fiber) is claimed to be an “ecosystem engineer” and is able
to create and maintain certain ecosystems. This study aimed to investigate the changes these beavers
brought to their environment, by examining how the Jossa and Distelbach rivers, Spessart Mountain
range in Germany, changed over time since the re-introduction of the beaver in 1995. By the use of RGB
aerial imagery acquired with a drone, orthoimages were created without the use of ground control points.
These orthoimages were then used for supervised classification and ISODATA unsupervised classification. The resulting classification maps enabled the evaluation of certain parameters that were indicative
for beaver influence, i.e. water surface area change from 1993-2020, spatial distribution of hydrophilic
vegetation and the landscape heterogeneity LaHMa index. This study used the LaHMa approach to
quantify the landscape heterogeneity, however it failed to accurately determine where the soft and hard
boundaries were in the floodplains of the Jossa and Distelbach River. However, based on air imagery
and image classification, it was found that beaver (Castor Fiber) dam influences includes; significant
increase of water surface area, the spatial distribution of hydrophilic vegetation were affected by ground
water levels, the heterogeneity has increased between 1993-2018 and the ecosystem type of the floodplains had been altered. The beaver truly deserves the title of “ecosystem engineer” as the beaver has
created and maintained a swamp habitat.
Key words: Beaver (Castor Fiber), dam, keystone species, swamp, floodplain, vegetation, landscape
heterogeneity, aerial imagery, drones, RGB, water surface area, vegetation spatial distribution, ArcMap,
Metashape Agisoft Pro, Erdas Imagine, supervised classification, isodata unsupervised classification,
divergence index, separability, hydrophilic vegetation
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1) Introduction
Climate change is a global problem that is projected to continue well into the next century with an
increase of a maximum of 4 degrees Celsius (Collins et al., 2013). An increase of 4 degrees Celsius
might not sound as much of a problem, however it should not be ignored. Increasingly more people are
becoming aware that the climate is changing and scientists around the world are working on the topic
of climate change mitigation.
One of the solutions to mitigate climate change is to gain a better understanding in the soil organic
carbon pool (Smith, 2012) since it is a cost-competitive mitigation tactic (Smith, 2012). One estimation
is that increased carbon uptake in soils could compensate for 0.4-1.2Gt C/year, which corresponds to 515% of the global emissions (Lal, 2004). Restoration of ecosystems is a viable attempt in increasing the
carbon sequestration of soils, thus contributing to climate change mitigation (Trumper, 2009). Therefor
it is in our best interest to explore the possibilities for ecosystem restoration and there are ways to achieve
it.
First thing to do is to understand how ecosystems are created and maintained. “Ecosystem engineering”
is the creation and/or maintenance of habitats where the species responsible are called “ecosystem engineers” (Jones, Lawton, & Shachak, 1994). One of these “ecosystem engineering” species are beavers
(Castor Fiber) which are considered as keystone species (Bond, 1994). The term “keystone species” was
initially introduced by Paine in 1969 and means: a species in a habitat that is crucial for the stability and
integrity of the habitat (Paine, 1969).
For instance, beavers have an effect on the creation and stability of their habitats. Consequently, they
are used as an example for keystone species across literature. Their effect on their habitats is mainly
caused by their dam building behavior, which initiations multiple feedback mechanisms. One article
summarizes the effect of beavers as a “physical disturbance” of their surroundings (Bond, 1994). Other
effects include: lateral extension of the stream affected groundwater being increased by as much as
<1.5m to 7.5m or more (Wang, Shaw, Westbrook, & Bedard-Haughn, 2018), create and maintain areas
of open water wetlands (Hood & Bayley, 2008), influence over the distribution of surface water in mineral soil habitats, (Karran, Westbrook, Wheaton, Johnston, & Bedard-Haughn, 2017), increase the local
variability of water temperature (Majerova, Neilson, Schmadel, Snow, & Wheaton, 2015), increase the
discharge of streams (Majerova et al., 2015), alter the plant assemblages in peat soils (Karran,
Westbrook, & Bedard-Haughn, 2018), a natural alternative for wetland restoration while increasing the
resistance of wetlands to droughts. (Hood & Bayley, 2008) and increase the resistance of swamp habitats
to climate change (Karran et al., 2018).
The beavers affect different habitats in different ways, however the habitat’s heterogeneity is always
increased. Heterogeneity is a concept used in landscape ecology. It means that the landscape consists of
different elements, which changes over time and space(Pickett & Cadenasso, 1995). Heterogeneity is
important for biodiversity as a heterogeneous landscape is able to support a larger and more diverse
group of species (Bazzaz, 1975), which could contribute to counteracting the global trend of biodiversity
decline when the heterogeneity is restored.
Hence, this study elaborates on the landscape heterogeneity change caused by the re-introduction of the
beaver (Castor Fiber) in the streams of the Jossa and Distelbach River, located within the Spessart
6

mountain range in Germany. The water table of the area is increased as the beaver dams are constructed,
which leads to wetter conditions that causes swamps to form. Swamps, in general, have a higher biodiversity than the monoculture agricultural lands that were present before. Not only does this research
provides insight on ecosystem changes after the re-introduction of beavers to an area, it specifically
elaborates on the impact of beaver dams. This research aims to gain a broader view on the change of
heterogeneity caused by beaver dams with a multi-disciplinary approach by combining: hydrology, ecology, geo-information sciences and geomorphology. The main goal is to understand the influence of
beaver (Castor Fiber) dams on floodplain soils in a nature reserve in Germany, specifically where the
Distelbach River flows into the Jossa River in the Spessart mountain range. This main goal has two
parts:
•
•

Examining the change in water surface area since the construction of the beaver dam.
Examining the change in landscape heterogeneity, including the relation between water surface
level and vegetation type, since the construction of the beaver dam.

The abovementioned main goal is facilitated by two supplementary goals:
•
•

Can the heterogeneity of vegetation be quantified trough aerial object-based classification?
What geo-morphological changes occur to the study area after the beaver dam had been constructed?

The above mentioned goals will be achieved by an analysis of orthoimages that were produced with
drone aerial imagery. These orthoimages originate from 2017 to 2018 and will be compared with a
historical air images from 1993 to 2015, with the purpose of assessing changes in surface water. The
orthoimages will be further analysed by a combination of supervised image classification and ISODATA
unsupervised classification. The LaHMa approach (De Bie, Nguyen, Ali, Scarrott, & Skidmore, 2012)
will be implemented together
with an own proposed method
(unsupervised summation) to
assess the heterogeneity in the
surface vegetation of the
floodplains. This methodology yields three products:
Water surface areas from
1993-2018, hydrophilic vegetation map and LaHMa map
for surface vegetation. These
three products will be combined to assess the beaver dam
influence on the floodplains of
the Jossa and Distelbach
River.

Figure 1 Flowchart of the methodology of this research. The legends displays
which elements are present in the flowchart.
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2) State of the art
This chapter contains methodological background knowledge, concerning topics that are relevant for
this MSc thesis. The paragraphs, in order of appearance, are; engineering capacity of beavers, spatial
heterogeneity, aerial imagery& orthoimages, image classification, ISODATA unsupervised classification and the divergence index.

2.1) Engineering capacity of beavers
The beaver (Castor Fiber, Castor Canadenis) is semiaquatic mammal that lives in fresh water environments. As a species, they have a profound influence on their surroundings which is mainly caused due
to their dam building behaviour. They construct these dams by collecting wood from their surroundings
and prefer to build them in low-order streams. Whereas their dam building activity is limited to the
floodplains and riparian zone for high order streams (Butler & Malanson, 2005).
The dams cause an accumulation of water in the area which changes the hydrological conditions. The
most apparent change in hydrological conditions is the formation of beaver ponds and lakes as a result
of beaver dams. Other hydrological effects include: general increase in stream discharge and temperatures at reach scale, create and maintain areas of open water, increase open water areas within water
sheds and increased storage capacity (Hood & Bayley, 2008; Majerova et al., 2015). The decrease of
flow velocity in beaver lakes also enhances the uptake of nutrients by sedimentation and algae (Vanni,
2002).
Next to hydrological influences, beavers also have an influence on the river-floodplain geomorphology.
Not only through their dam building behaviour but also because they are excellent diggers (Westbrook,
Cooper, & Butler, 2013). Beavers are able to excavate canals for wood transport and general movement
(Westbrook et al., 2013). They also dig burrows to nest along the shoreline. Damming of the river can
cause the river to change its planform, e.g. straight to meandering river channel. Beaver dams also facilitate the sediment deposition in low order streams due to the drop in water flow velocity near dams.
One study evaluated eight different beaver ponds and discovered that they could retain 10 to 5100 m3 of
sediment (Meentemeyer & Butler, 1999). Sediments are deposited upstream against the dam in a so
called “sediment wedge”. When the dam breaks or is abandoned, the beaver lake drains and leaves the
fertile sediment wedge exposed.
The combination of hydrological and geomorphological influences of the beaver have a very complex
feedback mechanism on the local ecosystem. Due to their influence on their surroundings beavers should
not be underestimated.

2.2) Spatial heterogeneity
Spatial heterogeneity is a term that is used in landscape ecology. A more elaborated version of definition
of “heterogeneity” than that was noted in the introduction is as the following: Heterogeneity is defined
as the complexity and variability of a system property in time and space where a system property can
be anything, e.g patch mosaics/plant biomass/soil nutrients (H. Li & Reynolds, 1994). As the system
property is user defined, spatial heterogeneity occurs in all ecosystems at varying scales (H. Li &
Reynolds, 1994). The aim to quantify spatial heterogeneity started in the 1970’s and methods to achieve
it started to develop in the 1980’s (Krummel, Gardner, Sugihara, O'neill, & Coleman, 1987; Patil, Pielou,
& Waters, 1971; Pielou, 1977; Romme, 1982). The reason the interest in this topic started to grow was
8

that spatial heterogeneity is suspected to be linked to ecological processes and can be used to predict it
as well (Gustafson, 1998).
It remained until the late 1990’s that the quantification of spatial heterogeneity was challenging due to
the complexity of the problem and that spatial heterogeneity or components of it had conflicting definitions (Gustafson, 1998, p. 143; H. Li & Reynolds, 1994, p. 2446). Today spatial heterogeneity is used
in many different researches and new methods are still being developed and applied, e.g the LaHMa
approach (De Bie et al., 2012). Since an elaborated state of the art review of heterogeneity quantification
is beyond the scope of this Msc project, further elaboration on the development in this field will not be
adressed. However, the general approaches will shortly be elaborated on in the next section.
General approaches for the quantification of spatial heterogeneity can be divided into two categories:
the “patch mosaic” approach and the “application of statistical analysis to point data” approach(Ali, De
Bie, Skidmore, Scarrott, & Lymberakis, 2014). The patch mosaic approach uses information from categorical or thematic maps and this is divided into a spatial and non-spatial aspect. The spatial aspect
includes things such as area, shape, patch density and fraction dimensions of the landscape. The nonspatial aspects are categorical information about the proportions, evenness, richness and diversity of the
landscape (Gustafson, 1998). The “application of statistical analysis to point data” approach differs to
the “patch mosaic” approach in that the analysis is directly applied to the data for the quantification of
spatial heterogeneity, instead of the map itself (Gustafson, 1998). With this approach, the user aims to
observe patterns in a landscape by using certain indices that extrapolates data from the data points to the
rest of a map in a certain way. For example, by using autocorrelation analysis where the degree of
similarity (or covariance) is calculated from the data points to the surrounding area at varying distances
(Gustafson, 1998).
This MSc thesis aims to quantify spatial heterogeneity by a patch mosaic approach with the use of aerial
imagery and image classification. Aerial imagery and image classification which will be elaborated on
further in the next paragraphs

2.3) Aerial imagery & orthoimages
This MSc thesis uses drones for a large part of its data
acquisition. However, what exactly is the added value
of using drones instead of regular aerial imagery?
First some background knowledge on the drones,
how the drones operate, how to create an orthoimage
and then the added value will be clarified.
Drones are a form of remote sensing, i.e. science of
acquiring information about the earth’s surface without actually being in contact with it (Drones for agriculture, 2020). You can think of them as a camera
with wings and there are many different combinations possible, depending on your project, between
Figure 2 Drone type comparison as obtained from the
"Drones for agriculture" course provided by the Wadrone type and camera type. The two main drone
geningen University & Research
types are the multi-rotor drones and fixed-wing drones
(Drones for agriculture, 2020). Each type has its own pros and cons and those are shown in figure 2. All
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types share the same basic structure: The drone cassis, camera, rotors, GPS system, battery and remote
control (Drones for agriculture, 2020). They can be flown manually or with a flight path calculated
beforehand with the use of a ground control system, e.g. laptop with the appropriate software. For a
scientific use of drones, a calculated flight path is advised as this ensures sufficient coverage with the
aerial imagery of the area. Manual flights are mainly done for recreational or exploration purposes. For
this MSc thesis an RGB camera was chosen. RGB stands for “Red Green Blue” and is the standard type
of camera. It collects the part of the electromagnetic spectrum that the human eye can collect as well, so
it is very intuitive for people to interpret the pictures taken by an RGB camera.
Independent of drone type, aerial surveying with the use of drones has certain advantages when compared to its orbital satellites counter parts. Drone data acquisition is very flexible and real-time, whereas
orbital satellites have a fixed trajectory and timing (Drones for agriculture, 2020). Cloud cover is also
not a problem for drones as they are flying below the clouds, unlike satellites (Drones for agriculture,
2020), and there is minimal delay between each picture that are compiled into one picture of the area.
Especially in multi-track generated satellite images the delay in one part of the image and another can
vary in days or weeks, whereas with drones the timescale of the delay is in minutes. Drones also enables
the collection of high resolution images of any area that the user wants to study, as long as he/she is able
to get to that area (Drones for agriculture, 2020). Not all parts of the world are mapped with high resolution aerial imagery that fits the user’s needs. These advantages combined with the gradual reduction
of the prizes for drones over the years, causes drones to be increasingly more popular for scientific
purposes. Drones are already being used for the real-time assessment of natural hazards(floods and first
risk assessment of wildfire responders), for monitoring of smog in a city, yield estimation and precision
farming (i.e. herbicide only applied to specific parts of the field where the weeds/diseases are.) (Drones
for agriculture, 2020).
Orthoimages:
Another great advantage of a drone is that you acquire three dimensional data from your study area. This
is done by creating an orthoimage. For the creation of an orthoimage certain conditions for the aerial
photos must be met. The overlap between the pictures within the flight direction must be 60% whereas
the overlap between tracks must be 20% (Drones for Agriculture, 2020). Certain softwares are able to
create orthoimages and this MSc project used Agisoft Metashape Pro. The concept behind an orthoimage
is that objects with a significant height, e.g. trees, shift on a 2D plane when viewed from above, depending if the drone was before, right above and behind the object in respect to the flight direction. The
displacement on a 2D image can be measured and together with the specifications of the camera, enables
height calculation of the object. When this process is repeated for all pictures inside the study area, a
three dimensional orthoimage can be created.
This three dimensional orthoimage is helpful for an accurate assessment of the spatial heterogeneity, as
explained in paragraph 2.2. Satellites fail to provide the amount of detail that the current drone images
has. The greater the distance between the camera and the object observed, the bigger the height differences must be. As a 1m height observed from 100km away will barely causes a displacement observable
for the creation of an orthoimage, whereas a 1m height difference observed from 16m above ground (the
flying height of the drones used in this project) will be a significant displacement. Another advantage
for the use of a drone is that the resolution is higher than a satellite is able to provide. For an accurate
assessment of heterogeneity, nuanced differences in the vegetation must be traceable and even the
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medium class drones are sufficient for heterogeneity analysis. Therefore, most of the added value for
the use of drones comes from the ability to create an three dimensional orthoimage and high resolution.

2.4) Image classification
This paragraph will be dedicated to the elaboration of image classification, as this was a significant part
of this MSc project. Also, the topic of image classification has not been much elaborated on in the
courses of the BSc Soil, Water & Atmosphere or the MSc Earth & Environment. First a general explanation about the process will be addressed and afterwards an example in this project will be given.
Image classification is a methodology approach that uses an image (e.g. satellite, camera, drone, airplane) as an input to derive certain spatial patterns from it with the use of a software. This technique
started to develop around the 1980’s and it was originally driven by the demand for updated land cover
data (M. Li, Zang, Zhang, Li, & Wu, 2014). There are different general approaches to image classification: A pixel based, sub-pixel based and object based image classification (M. Li et al., 2014). Each will
be elaborated on shortly, but one will be elaborated on further as this approach was used for this MSc
thesis.

2.4.1) Pixel based image classification:
Pixel based image classification is an image classification based on pixels in an electronical image. A
pixel is the smallest element in an image that was retrieved electronically and it cannot be further subdivided into something else without creating repetitive information (Fisher, 1997). The higher the resolution, the more pixels an image will have. Each pixel has its own spectral signature (e.g. ratio of values
for the Red/Green/Blue channel) and pixel based image classification assumes that each pixel is distinct
for each land use/type. In this assumption, this distinct pixel is a “poster child” for its land use and does
not contain traces of any other land use/cover (Xu, Watanachaturaporn, Varshney, & Arora, 2005). The
pixel based image classification was the method used in the image classification part of this MSc project.
There are two types of pixel based image classification: Unsupervised classification and supervised
classification. Both have been used in this MSc thesis and an example will be given in paragraph 2.4.4.
The difference between these two is that supervised classification uses manually selected training images or data, called training areas, to teach the software which pixel spectral signatures correspond to a
certain class or land use(Lillesand, Kiefer, & Chipman, 2004). In unsupervised classification the different clusters of spectral signatures are divided into different classes or land uses by the software without
human interaction.

2.4.2) Sub-pixel based image classification
Sub-pixel based image classification is applied when the resolution of the pixel does not provide sufficient detail for the aims of a project (Xu et al., 2005). Some extrapolation of the data is needed as some
features that may be important are smaller than the pixel size, depending on your image resolution and
aim. The assumption that pixels only contain one feature is often unfounded in medium to coarse resolution spectral images (M. Li et al., 2014). Pixels that contain more than one class/feature/land use will
be referred to as “mixed pixel” onwards.
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Mixed pixels can be caused by four different ways, see figure
2 from (Fisher, 1997): Sub-pixel, Boundary pixel, Intergrade
and Linear sub-pixel. Sub-pixel are caused when the resolution, consequently the pixel size as well, is bigger than certain
features, like trees or cabins. Boundary pixels are when there
are sharp boundaries in the landscape within one pixel, i.e. a
pier in a lake with a white sandy beach. Intergrade pixels happens when there is a gradual shift from one land cover to another. A linear sub-pixel could occur when a feature smaller
than one pixel continues through the landscape, e.g. road or
channel.
As this MSc project was using drone aerial imagery with a
Figure 3 Examples of sub-pixel features
that can occur while classifying an image.
high resolution camera, sub-pixel based image classification
Image from Fisher 1997.
was not chosen as the image classification method for this project. As it was deemed that the fraction of mixed pixel in comparison to “poster child pixels” was not
significant.

2.4.3) Object based image classification
Object based image classification completely differs from the (sub)pixel based image analyses as in that
this approach does not look at the landscape in individual pixels but aims to create image objects trough
image segmentation (M. Li et al., 2014). Those objects will be classified in the landscape instead. As
this method is not used in this MSc thesis, further elaboration will not be done.

2.4.4) Example of supervised image classification in this MSc project
This MSc project used pixel-based image classification methods, both supervised and unsupervised. For the supervised classification the Maximum Likelihood Classification was used. This is a
method that uses training areas in a
multi-band raster image to create a signature file for the classes that the user
wants to identify, see figure 4 left image.
Figure 4 Example of supervised classification in this research. Left
The blue polygons are training areas for
image shows the orthoimage with terrestrial training areas (red) and
water and red polygons are training arwater surface train areas (blue). On the right it shows the classificaeas for terrestrial vegetation. The Maxi- tion result
mum Likelihood Classification uses statistics to estimate the mean and variance of each class. Then it
assigns every pixel to its nearest most probable class. It is also possible to exclude pixels to be assigned
to any class if the uncertainty of a pixel is beyond a user defined threshold. As you can see in figure 5,
the two classes are in close proximity to one another. The best separability between the two classes is
when you compare band 3 (blue) and band 2 (green), whereas band 2 (green) and band 1 (red) has the
least separability. Due to the classes not having a great separability over all channels, some misclassifications will occur, especially in the parts where the water is shallow and plants are in the water (i.e.
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borders of the pond in figure 4 left
side). Better separability can be
achieved by including more channels, e.g near-infrared or infrared.
However, this depends if one had an
optical sensor that can capture these
wavelengths. Further explanation
for misclassified pixels while using
the Maximum Likelihood Supervised Classification will be elaborated on in the discussion, chapter 7

Figure 5 Spectral signature of training classes as each band is plotted
against another band. Blue indicates the spectral signature of water, while
red indicates the signature of the terrestrial class. Band 1 is the red band,
Band 2 is the blue band and Band 3 is the green band.

2.4.5) ISODATA unsupervised classification
ISODATA unsupervised classification differs from supervised classification in the sense that the user
does not select training areas for each class. Instead, the ISODATA is an iterative self-organized clustering algorithm that performs an entire classification run and then recalculates the statistics (Khan, De
Bie, Van Keulen, Smaling, & Real, 2010). This is done by starting the process with classifying the
pixels, changing the spectral boundaries of the classes, and then run the classification again. After a
couple of iterations, the best suited spectral boundaries from that set amount of classes will appear (Khan
et al., 2010). This process continues until a certain amount of user defined iterations or a certain user
defined coverage threshold has been reached. One should take into account that the amount of classes
is a user defined input and that the ISODATA unsupervised classification is unable to accurately determine the amount of classes on its own. In order to do this, a certain accuracy index is required to determine the amount of classes. The divergence index is commonly used for this purpose and is elaborated
on in the next paragraph.

2.4.6) Divergence index
The divergence index is one of the first statistical indices to compute the separability between multiple
classes and was developed by Swain in 1978 (Nguyen, De Bie, Ali, Smaling, & Chu, 2012; Swain,
1973). The divergence index is computed by the following equation:

Figure 6 Divergence index equation as presented in the paper of Nguyen et all 2012
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Where Dij is the divergence statistics between two signatures classes i and j,

and

are the

covariance matrices of signatures i and j. Ui and Uj are the mean vectors of signatures i and j. tr stands
for the trance of the matrix and T is the transposition function (Nguyen et al., 2012). The divergence
index has the following properties (Swain, 1973):
-Divergence is greater than 0 for non-identical distributions
-Divergence index for one class compared to itself equals 0
-Divergence index for pair i and j is the same when calculated from i to j and j to i.
-Divergence index is additive for independent features.
-Divergence index always increases linearly when you add more groups.
In short, the divergence index is a measurement of how separable two distributions are and the greater
the divergence index, the more likely it is that two or more groups can be successfully discriminated
from one another (Swain, 1973). It is an indirect measurement of the separability and it can be used in
two ways. One could look at the average divergence and the minimum divergence between classes in a
dataset. When looking at the average divergence the user aims to find the subset of classes where the
average divergence is maximum (Swain, 1973). While looking at the minimum divergence, the user
aims to gain the maximum separability between the two most similar classes (Swain, 1973).

3) Study Area
The study area is situated in the German Spessart Uplands, specifically where the Distelbach River
(tributary stream) flows into the Jossa river. Roughly 60 kilometres to the northwest of Frankfurt near
the village of Mernes. See figure 7 and 8 for the study areas of the Distelbach and Jossa River. The
Spessart mountain range is a medium mountain range and the study area is located in the northern part
of the Spessart Uplands. This landscape consists of a forested sandstone plateaux (400-500 m a.s.l,
Lower Triassic, Bundsandstein) with some basaltic intrusions.
The beaver (Castor Fiber) was considered extinct in the Spessart Uplands from the 17th century until the
re-introduction in the 1988 (John & Klein, 2004). More specifically, the beaver was re-introduced in
1995 in the study area. It took some time before beavers began constructing dams. The first two beaver
dams were built in the Jossa River in 1998 but failed in the following two years (John & Klein, 2004).
In the winter of 1999, three new dams have been constructed.(John & Klein, 2004). The previous three
new dams were successful and in the autumn of 2001 another three new dams were constructed (John
& Klein, 2004). From 2001, beaver occupancy was permanent in this area and there was a permanent
dam presence in the Jossa River. In the Distelbach River, the first beaver dams could be observed in
1998, where small beaver ponds began to develop. By 2001, several beavers dams were added and the
foundation for the cascaded flow was constructed.
Beaver influence (i.e. dam building activity and development of beaver ponds) have greatly altered the
appearance of the Jossa and Distelbach River. However, the Jossa and Distelbach River have different
geomorphic settings that causes the beaver influence to manifest in different ways. The Jossa River is
situated in a low gradient (0.002m/m) wide-valley floor and therefor the floodplains are wide and have
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little relief. Hence, a floodplain spanning swamp started to develop when the beaver constructed serval
dams in the Jossa River. The Distelbach River differs from the Jossa River. The Distelbach River has a
steeper gradient (0.065m/m) and its valley is narrower, which means that its floodplains are small and
there is a high relief in the area. Hence, a beaver cascaded flow developed.

Figure 7 Study area of the Distelbach river, which is north of the Jossa River study area. Note that
confluence and tracer input was not used in this study. Image produced by Annegret Larsen.

Figure 8 Study area of the Jossa River, which is south of the Distelbach River study area. Different colours that can be observed in the image are caused when the orthoimage was produced.
It happens when the sun sets or a cloud moves over the area in a single drone flight. Image
produced by Annegret Larsen.
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4) Materials & Method
This chapter will elaborate on the materials & method used for this MSc thesis. Also it provides a detailed description of the methodology that was used. In figure 9 an overview of the methodology is
depicted in a flow chart, which corresponds to the following subchapters (with the exception of the data
acquisition subchapter). Multiple flowcharts will be depicted in this chapter, corresponding to each
unique process that took place during this research. Figure 9 will be depicted in these flowcharts, in the
top left corner, for clarification.

Figure 9 Flowchart of the methodology for this research.

4.1) Data acquisition
The data for this MSc thesis project consisted of two different sources. Drone data and historical airplane
imagery of the study area.
The drone data set contains aerial imagery of the Jossa and Distelbach River. These drone images has
been collected by Annegret Larsen, whom gave permission to use her drone images for this project. The
aerial imagery was collected in the years of 2017 and 2018 while using the phantom 3 professional drone
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for most of the time. Only for the last flight the phantom 4 professional drone was used. See table 1 and
2 for metadata of the aerial images per flight.
Table 1 Amount of images for the Distelbach river flights for each year

Distelbach
2017-08-16
2017-11-26
2018-02-10
2018-04-06
2018-05-23

Amount of images
948
832
1989
848
652

Table 2 Amount of images for the Jossa river for each year.

Jossa
2017-08-17
2017-11-26
2018-02-09
2018-02-10
2018-04-06
2018-05-23

Amount of images
2807
1889
1677
1213
1995
2945

The drone flying heights were different for the Jossa and Distelbach River, this was due to the higher
elevation difference and higher vegetation in the Distelbach River. For the Jossa River, a flying height
between 35 to 40 meters was sufficient while the Distelbach River required a flying height of 50 to 65
meters. Pix4d was used to calculate the automated flight paths with at least a 60% overlap in the flight
direction and 20% overlap across track. The aerial survey did not make use of ground control points
(GCP), which will be further elaborated on in subchapter 4.2.
An extended data set was planned to be retrieved during a field trip to the study area, which would
include up-to-date drone aerial imagery. It was aimed to be retrieved in the same matter as was done in
the current data set, to ensure the comparability. Unfortunately, due to the covid-19 pandemic of 2020,
traveling was prohibited and hence a field trip was impossible. Since up-to-date data could not be acquired, historical aerial images were collected to be able to expand the timeframe of the study. The
historical images were taken by airplane in the years of 1993, 1998, 2003, 2006, 2009 and 2012. They
were bought from a local research institute and the images covered both the Jossa and Distelbach River.

4.2) Co-Alignment process
The aerial images where processed using the program Agisoft Metashape Professional 1.5.5. To account
for the missing GCP, the methodology of Cook & Dietze 2019 was used. Cook & Dietze stated that their
workflow model is a simple and robust way to generate point clouds with high comparative accuracy,
without the use of GCP’s (Cook & Dietze, 2019).

17

See figure 10 for a workflow
of the co-alignment method.
Before working with the aerial images, the altitudes
needed to be corrected. It
seems to be common that
drones give different altitude
measurements for different
flights in the same area and
this was a commonly debated
problem on help forums
online. The altitude was corrected by calculating the relative height differences since
that remained the same in
Figure 10 Simplified flowchart of the Co-alignment method by Cook & Dietze
2019. The red rectangle in the upper left image indicates where this step takes
each flight. These relative
place in the overall methodology.
height differences were used
for the altitudes, as the real elevation in the area is not needed for this research.
Following the Agisoft workflow proposed by Cook and Dietze (2019), first the images were separated
by the river area, i.e. Distelbach or Jossa River. Then all the images of every year of the same river area
were placed in one chunk. First the images where aligned (High quality, key point limit: 40.000, tie
point limit 4000), secondly the tie points were removed that were too uncertain (sparse cloud gradual
selection with a reconstruction uncertainty greater than 50). Thirdly, the alignment was optimized (adaptive camera model fitting was applied). Now the fourth step can take place: the duplication of the chunk
to the amount of times that there were input years for the original chunk. After the duplication process
was finished, all the photos where deleted in each chunk leaving one year of input data intact, which
resulted in all the duplicated chunks to contain one unique input year of data. Last step is to calculate
the dense clouds for each chunk. By aligning all the years in one chunk initially and removing excess
years in the duplicate chunks later, the sparse clouds/position information/camera calibrations have been
preserved (Cook & Dietze, 2019). Which guarantees the comparative accuracy of the flights without
GCP, since the dense clouds of each year are based on the common tie points in the images of all the
years.
After the separation of the years with the same tie points, the dense clouds were generated for each flight
with an aggressive depth filtering. After that the meshes have been built with a medium face count,
medium depth maps quality and default interpolation. The texture (generic mapping mode, hole filling
enables) was generated and then the tiled model, Digital Surface Model (DSM) and orthomosaic have
been build. The tiled model was generated with a tile size of 256 and pixel size 0, the DSM was based
upon the dense cloud with default interpolation and the orthomosaic was generated with a mosaic blending mode with hole filling.
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When the processing of the aerial images where completed, Agisoft Metashape was then used to export
the DSM and orthoimage of each flight to a TIFF file, for later use in the study. In table 3 and 4, the
raster size and resolution of all the orthomosaics can be found.
Table 3 Distelbach Orthomosaic raster size and resolution

Flight date

Table 4 Jossa Orthomosaic raster size and resolution

Distelbach
Orthomosaic

16-8-2017

43863x19547

2,78cm\pix

26-11-2017

36432x16281

2,62cm\pix

10-2-2018

41391x16371

2,34cm\pix

6-4-2018

32579x25417

2,94cm\pix

23-5-2018

63738x23219

1,69cm\pix

Raster size, i.e
cell times cell

Size of one cell
(pix = cell)

4.3) Extract water surfaces
See figure 11 for the workflow image of water surface areas extraction from the historical air imagery.
An historical air image dataset (from 1993 to 2015) was used to gain an better understanding in how the
water surface area changed over time after the reintroduction of the beaver. First the historical images
were imported to Arcmap and the georeferencing toolbar was enabled. Then the images were georeferenced to the drone orthoimages, as some images did not have an appropriate coordinate system. Then a
polygon was drawn by hand to approximate the water surface area of 1993, 1998, 2003, 2006, 2009,
2012 and 2015. These polygons were transformed to project coordinate system (PCS) to allow for area
calculations. The area size of the water surfaces were calculated and exported.

Figure 11 Flowchart of extracting water surface areas process. The red rectangle in the
upper left image indicates where this step takes place in the overall methodology.
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4.4) Supervised classification to isolate water surface areas in orthoimages
The supervised classification could start once orthoimages were created, see figure 12 for the workflow.
As explained in paragraph 4.2, the orthomosaic images are saved as TIFF files and produced with
Agisoft Metashape.
This research is interested in the
floodplains of the Jossa and Distelbach River so therefore the
floodplains needed to be isolated
from the rest of the study area. The
orthoimages were loaded into
ArcGIS desktop 10.6.1 and the extension “spatial analyst” was enabled. The orthoimage was duplicated and one of them remained
the RGB colour model while the
other was transferred to the HSV
colour model with the colour
model conversion function. Roads
Figure 12 Flowchart of the supervised classification process. The red rectangle in the upper left image indicates where this step takes place in the overall
and pastures have been masked
methodology.
out from the images in all flights.
The “image classification” toolbar was enabled and with this toolbar training areas were selected to train
the program to recognize open water and (vegetated) land. There were 20 training areas selected per
class and randomly distributed over the study area. The RGB image was used to determine where to
place the training areas for the two classes, as the RGB image is intuitive to read. The HSV image was
used for the classification as a similar study noted that the HSV colour model channels are less correlated
to each other than the RGB colour system and provided bigger contrast for classification (Mattupalli,
Moffet, Shah, & Young, 2018).
After the training areas were selected for each flight, the training areas were used to generate a signature
file for the corresponding flight (GCG format). The signature file is a required input variable for the
supervised classification, where the maximum likelihood classification method was used. Once the supervised classification for each flight was finished, post-processing was applied to remove erroneous
classification of features(e.g. low confidence pixels, isolated pixels that do not fit their environmental
setting). These features were remove by setting all groups that are smaller than 100 cells for the Distelbach River and 50 for the Jossa River to their surroundings neighbours. This was done similar to another
study with tools provided in the standard ArcMap spatial analyst tool set (i.e. majority filter, boundary
clean, region group, set null, nibble tool) (Mattupalli et al., 2018). Once the post processing was completed, the water surface areas have been identified in the Distelbach and the Jossa River. For area calculation of the open water surface area, the coordinate system needed to be projected from a geographic
coordinate system (GCS) to a projected coordinate system (PCS), i.e. GCS_WGS_1984 to
PCS_WGS_1984_TMzn35N. The open water surface areas was calculated in square meters. This transformation was only done to calculate the open water surface areas. For further use in Arcmap the open
water areas in the GCS were used.
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4.5) ISODATA unsupervised classification
See figure 13 for the workflow of the
ISODATA unsupervised classification.
Once the open water surface area had
been quantified, the open water surfaces
were clipped out from the orthoimages of
the flights in 2017 and 2018 for both rivers. Then these orthoimages were exported to a different program, Erdas Imagine 2020. In Erdas Imagine the unsupervised classification tab was opened to
start an ISODATA unsupervised classification process with the following settings: minimum size 0.1, maximum iterFigure 13 Flowchart of the ISODATA unsupervised classification.
ations 50 and convergence 1. Initially, a
The red rectangle in the upper left image indicates where this step
takes place in the overall methodology.
explorative run was executed with a
range from 0 to 100 classes for one flight.
While analyzing the separability it was deemed that a range from 2-20 classes was sufficient for this
study area and this range was used for all other flights. For each flight for both rivers, the ISODATA
unsupervised classification for all classes between 2 and 20 was run individually while only producing
the signature file. Once the classification for all flights from 2 to 20 classes had been completed, the
assessment of the appropriate amount of classes for each flight could begin. This was done by analyzing
the signature files that were produced with each ISODATA classification run and will be elaborated on
in the next paragraph.
Each run had an unique signature file which was analyzed in Erdas Imagine 2020, with the signature
editor. Once the signature file had been opened the separability could be evaluated, which was done
with the divergence index(De Bie et al., 2012; Nguyen et al., 2012; Swain, 1973). For each run the
divergence index in CellArray form was used to identify the best average and best minimum separability. Then for all flights and all classification runs, these values for best average separability and best
minimum separability were plotted in a graph, corresponding to each unique flight. Then the amount of
classes were selected which had the greatest separability or where the separability did not seem to change
significantly anymore.
Isodata unsupervised classification was run again for each flight in Erdas Imagine 2020, with the best
suited amount of classes as input. Then these classifications were exported as .tif files to Arcmap.
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4.6) LaHMa approach
See figure 14 for the location of the LaHMa approach in the overall workflow.
In Arcmap the LaHMa approach was applied (De Bie et al., 2012). Each classification was converted from raster to polygon, then from polygon to polyline. These polylines were then converted back to rasters with a cellsize of
50% of the original raster where the lines were given a value of 1 and all other
cells were given a value of 0, with the reclassify tool. Then for all rivers the
stack of rasters was summed to produce the LaHMa map (De Bie et al., 2012).

Figure 14 Location of the LaHMa approach in the overall methodology

4.7) Hydrophilic vegetation analysis (unsupervised summation)
The classification of vegetation maps (ISODATA unsupervised classification, paragraph 4.5) were used
to explore the relation between the water level and certain vegetation classes. By definition the floodplains will have very wet and swamp like conditions. However, it was aimed to explore the within
swamp difference in vegetation distribution by the following method:
See figure 15 for the hydrophilic vegetation analysis
workflow. First thing that was
done was the isolation of all
small water surfaces that were
visible through the ground
vegetation. By using the projected coordinate system water surface area maps, paragraph 4.4, water polygons
were selected that were below
6 m2 with the Select Tool. The
area requirement was based
on visual observation of maximum size of the puddles that
were visible through the veg- Figure 15 Flowchart of the hydrophilic vegetation analysis. The red rectangle in the
upper left image indicates where this step takes place in the overall methodology.
etation that were indicative
of very wet swamp conditions. Next a buffer was created of 10 pixels(~20cm buffer since the resolution
is ~2cm/pixel), with the Buffer Tool, around the selected small water surfaces to ensure that the isolated
vegetation would be vegetation that prefers very wet conditions. All the buffer zones were then dissolved
using the Dissolve Tool to create a multipart polygon feature. The buffer was then converted to raster
format with the cell size from the classification of vegetation map for that flight (created in paragraph
4.5). The Extract By Mask Tool was used to extract values from the classification map to the buffers.
The resulting raster would contain the vegetation classes that would be close to water surfaces in very
wet swamp conditions. The attribute table was opened and the pixel count for each class was added in a
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graph to select the most hydrophilic class per flight. This was done by examining the graphs per flight
and see which class had the most pixels in the buffers.
To explore what vegetation it is that has an affinity with high ground water tables, each most hydrophilic
class was extracted from each flight with the Extract By Attribute Tool. Multiple classes were selected
if the classes had similar pixel counts and were significantly more abundant than other classes. Reclassify Tool was then used to reclassify the value of the selected class to 1 and all NoData was reclassified
as 0. Then with the Raster Calculator tool, all reclassified classes were then summed into a new raster
to find locations that were common in several or all of the individual hydrophilic classes. A Maximum
Likelihood supervised classification was performed as a second option to explore where exactly the
hydrophilic vegetation was. Ten training areas were selected for two classes, hydrophilic vegetation and
non-hydrophilic vegetation. The training areas were placed in the highest or the lowest scores of the
summed results from the unsupervised classification. The reject fraction was set to 0.95. The resulting
classification map was post processed minimally, Majority Filter Tool and Boundary Clean Tool, to
avoid cells being incorrectly attributed to two classes.
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5) Results
When examining the flowchart of the methodology, figure 9, one can observe that this research produces
several products. The products, i.e. results, that will be displayed in this chapter are: orthoimages by a
comparison with historical imagery, water surfaces 1993-2018, Classification maps of vegetation: elaboration on separability and amount of classes, LaHMa map and hydrophilic vegetation map.

5.1) Orthoimages compared with historical imagery
The beaver (Castor Fiber) was introduced in 1995 and the influence of beaver dams can be observed
when comparing the study area before and after the re-introduction. Note that the historical areal imagery
was not available in colour before the year of 2002.
When looking at a part of the Distelbach
River, figure 16, one can observe that the
area has changed over time. In 1993, Figure
16 A, this part of the Distelbach River consisted of a single creek with an artificial retention pond and the surrounding floodplains do not reveal much difference within
the on-ground vegetation. In 2018, figure
16 B), the structure of the river is noticeable
altered. Several ponds are present and the
artificial retention pond has changed its
shape and fused together with another new
pond. The on-ground vegetation shows differences in colour but also in height. Dead
tree logs are visible in the ponds which indicates that intensive human management
of the study area had ceased between 1993
and 2018. When looking at the Jossa River
in 1993, Figure 17-18 A), one can observe
that the floodplains are heavily managed
agricultural fields. Bare soil is present as
Figure 16 Image comparison of 1993 and 2018. Both images
the farmer decided to leave the soil bare and
shows the exact same site in the Distelbach River. Note that the top
image is from 1993 and was not available in colour.
the fields that do contain vegetation are homogenous. The Jossa River’s shape does show its natural path through the landscape, however the river
banks are straightened and kept in place for the farmers convenience. When looking at the same area of
the Jossa River in 2017, figure 17-8 B), it can be observed that the area has changed drastically. The
floodplains do not contain any bare soil and several ponds have increased. The Jossa River, figure 1718 B), starts to meander and river islands started to develop. The on-ground vegetation shows considerable change as multiple different vegetation types can be observed when looking at the colour differences in the on-ground vegetation.
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Figure 17 Image comparison of 1993 and 2018 of the south-western part
Jossa River floodplain. Note that both images display the same location
in the Jossa River floodplain. The top image is from 1993 and was not
available in colour

Figure 18 Image comparison of 1993 and 2018 of the north-eastern part
Jossa River floodplain. Note that both images display the same location
in the Jossa River floodplain. The top image is from 1993 and was not
available in colour
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5.2) Water surface areas 1993-2018
Figure 19 displays the water surface area of open water in the Distelbach River
and figure 19 shows the same for the Jossa River. Things worth of noting are:
The orange line depicts in what year the beaver has been re-introduced, from
1993 to 2015 historical air imagery was used and from 2017 to 2018 drone
imagery was used. For both rivers, from 1993 to 2015 a gradual increase of the
water surface area can be observed which was the most rapid between 1998 to
2002. Little variation can be observed between 1998 and 2015 as the time interval of the historical aerial imagery was 2 years, which does not depict seasonal variability. From 2017 and onwards a larger variability can be observed
which is caused by a smaller time interval between the data sets, i.e. on average
~2 months, and is able to observe seasonal variability.

Figure 19 Water surface area change of the Distelbach River. The orange line indicates the
re-introduction of the beaver in 1995
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Figure 20 Water surface area change of the Jossa River. The orange line indicates the
re-introduction of the beaver in 1995.

26

5.3) Classification maps of vegetation: elaboration on separability and amount of classes
A key decision to make when using ISODATA unsupervised classification is how many classes there
should be classified during the ISODATA unsupervised classification. Figure 21, displays the orientation run to study the behaviour of the separability, i.e. determined by the divergence index, from 0 to
100 classes. It can be observed that the best average separability, blue line, increases mostly linearly
with increasing amount of classes whereas the best minimum separability, orange line, roughly stays
around the same value. When determining the amount of classes with the divergence index, the user
follows the following decision rules:
-Peak in best minimum separability OR
-Peak in best average separability OR
-Peak in both best minimum and best average separability AND
-Class amount is close to the start of linear increase in best average separability IF
-There is no clear peak in best minimum or average separability in order of magnitude 10 to 100
times larger in comparison to the general range of values.
In figure 21, a sharp speak is absent but a linear increase is initiated around 13 classes for this particular
flight. Therefor it had been decided that the range from classes should be from 0 to 20 to accommodate
for flights that reach the linear increase at higher amount of classes. Setting the range from 0 to 20
classes for all flights also had the benefit to reduce the total required processing time.

Divergence index Distelbach River 16-08-2017 class 2-100
best minimum separability
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Figure 21 Separability, i.e. divergence index, of the Distelbach River flight of 16-8-2017. Class range 2-100 classes.
Orange line indicates the best minimum separability and the blue line indicates the best average separability.
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Following the decision rules, the
amount of classes have been determined for all flights. Figure 22
shows an example graph of the
best average seperability
best minimum separability
separability from one particular
160
12
flight (16-08-2017 Distelbach
140
10
120
River). It can be observed that
8
100
there is a small coinciding peak
80
6
in both the best average separa60
4
bility and best minimum separa40
2
20
bility and therefor it has been de0
0
cided that 15 classes is sufficient
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
for this particular flight. How# classes
ever, other ‘candidates’ have
been considered but were disreFigure 22 Divergence index of Distelbach flight of 16-8-2017. Class range 220 classes. Orange line indicates the best minimum separability and the blue
garded; 7 classes shows a peak in
line indicates the best average separability. The black line indicates the seminimum separability but is not
lected amount of classes.
close to the start of linear increase of average separability, 19 classes shows a peak in both best average and minimum separability
but the best average separability already started to behave linearly. The decisions rules for amount of
classes were applied to all flights and the separability figures can be found in the appendix II. Table 5
and 6 shows the amount of classes per flight for both rivers.
Best average seperability

Best minimum seperability

Divergence index Distelbach 16-08-2017
class 2-20

Table 5 Amount of classes for the Distelbach River per flight

Table 6 Amount of classes for the Jossa River per flight

Jossa
Amount of classes
17/08/2017
17
26/11/2017
4
09/02/2018
6
10/02/2018
7
06/04/2018
13
23/05/2018
13
Note that in table 5 and 6 the amount of classes differ per flight. This is caused by the seasonal variability
and ground conditions (e.g snow cover).
Distelbach
16/08/2017
26/11/2017
10/02/2018
06/04/2018
23/05/2018

Amount of classes
15
10
12
5
16
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5.4) Lahma maps
This paragraph displays some example sites within the Distelbach and Jossa River. The full extent of
both rivers can be found in the appendix III.

5.4.1) Distelbach
In figure 23, a part of the Distelbach River can be observed with the LaHMa index. Higher value for the
LaHMa index indicates that a boundary in the ground vegetation was present in most or all of the orthoimages. When looking at figure 23, it can be observed that little or no boundaries are present in the
LaHMa index. The orthoimage in the background reveals that structures within the on-ground vegetation
do exist. The dominant colour is light pink, which indicates that most of the features were only common
in 2 flights. Higher values, blue colour indicate that the boundary was present in 5 flights. The blue
colours for the LaHMa index can be found at the northern boundary of the image, which was the processing extent for the classification of vegetation.

Figure 23 Lahma index for the Distelbach River example area.

5.4.2) Jossa
Figure 24, shows a part of floodplain near the Jossa River. Light pink indicates that the boundary was
present in 2 flights, whereas dark blue indicates that the boundary was present in 6 flights. Similar to
the LaHMa map of the Distelbach River, the most dominant LaHMa index colours are light pink to pink
and no clear structure can be observed. However, when compared to the background orthoimage, there
are structures present within the on-ground vegetation. The only structure in the LaHMa index that can
be observed is the processing extent of the floodplains to the north of the image.
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Figure 24 LaHMa index (count) for the Jossa River example. Jossa River orthoimage of 17-08-2017 was used as a base
map. LaHMa count score displays the number of times a vegetation communities boundary was at the same location in
multiple flight.

5.5) Hydrophilic vegetation
5.5.1) Pixel counting of classes as preliminary result to generate hydrophilic vegetation map

Class pixel count near small
water surfaces Distelbach 2305-2018
PIXEL COUNT
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Figure 25 Class pixel count near water surfaces smaller than 6 m2 in the Distelbach River flight of 23-05-2018. Class 1 and 4 have the highest count of pixels
and class 9 has the smallest amount.

In figure 25, the pixel count
from each class near small water surfaces are depicted in the
flight of 23-05-2018 of the Distelbach River. It can be observed that there are two classes, i.e. class 1 and class 4, that
are significantly more abundant
near small water surfaces than
other classes. These abundant
classes are therefor called “hydrophilic classes” from this
point forwards. The figures for
pixel count of other flights can
be observed in the appendix IV.
The selection of the hydrophilic
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classes in each flight was based on the class (or classes in the case of figure 25) that had the highest
pixel count .
The figures of the class pixel count near small water surfaces for all flights, see appendix IV, show that
for each flight, there are classes that are located closer or further away from water near the Jossa River.
For the flights of Jossa 08-17-2017 (figure 80), Jossa 11-26-2017 (figure 77), Jossa 09-02-2018 (figure
78) and Jossa 10-02-2018 (figure 79), the leading class has roughly or at least two times the amount of
pixels than the pixel count of the second class. The opposite is also observable, the lowest amount of
pixels for a class pale in comparison to the class with the highest pixel count, e.g. class 11 and class 4
in the flight of Jossa 05-23-2018 (figure 81). To exclude the possibility that the classes had no correlation
with the small water surfaces, the pixel count distribution for small water surfaces has been compared
with the overall class pixel distribution, figure 83 and 84 of appendix. In those figures it can be observed
that the distribution of pixels per class changed significantly when sampling from areas close to small
water surfaces in comparison to the distribution of pixels throughout the study areas. If there was no
correlation with classes near small water surfaces, the comparison would reveal the same distribution of
amount of pixels per class with only the amount of pixels being reduced. For the Distelbach River, see
Appendix IV, a similar trend can be observed that some classes are occurring more frequent near small
water surfaces. In contrast to the Jossa, the top hydrophilic classes are often in pairs instead of one
leading class.
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5.5.2) Hydrophilic vegetation map of the Distelbach and Jossa River.

Figure 26: Probable
locations of hydrophilic vegetation in the
Distelbach River. Note
that the probable locations are based on vegetation near small water
surfaces.
The
higher the probability,
the more frequent an
area was in each top
hydrophilic class of a
flight.
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Figure 27 Hydrophilic vegetation probable locations in the Jossa river. Note
that the probable locations are based on
vegetation near small water surfaces.
The higher the probability, the more frequent an area was in each top hydrophilic class of a flight.
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Figure 26, shows the probable locations of hydrophilic vegetation in the floodplains of the Distelbach
River. Areas of light blue colour indicates that the area was the hydrophilic class in 2 flights. Whereas
dark blue colour indicates that the area was a hydrophilic class in 4 flights. Generally the distribution of
hydrophilic vegetation is clustered and has low connectivity in the floodplains of the Distelbach River.
When inspecting the figure further, it can be observed that probable hydrophilic vegetation occur alongside the entire extent of the Distelbach River. However, upstream (figure 26, 1), there are less locations
where hydrophilic vegetation occurs than mid to downstream (figure 26, 2-4). Dark blue clusters can be
found midstream surrounding the artificial pond area( figure 26, 2) and to the sides of the end of the
Distelbach River (figure 26, 4).
Figure 27, indicates the locations of hydrophilic vegetation in the floodplains of the Jossa River. Similar
to the Distelbach River, the locations are clustered and shows little connectivity. Light blue colour indicates that the area was the hydrophilic class in 2 flights and dark blue shows that the area was the hydrophilic class in 6 flights. The largest patch of hydrophilic vegetation can be found to the west and the
least amount of patches can be found to the south. Hydrophilic areas are very abundant in the northern
and eastern part of the floodplains, but have little connectivity and the size of the patches is limited. The
hydrophilic vegetation does not often occur near the Jossa River itself or near lakes. This is to be expected, as these vegetation groups fell outside of the criteria of “in close proximity to small, i.e. <6m 2,
water bodies”.
Figure 26 and 27, have been compared with a supervised classification run, see figure 28 for example
of the Distelbach River. The full extent of the supervised classification can be found in the appendix V,

Figure 28 Location of hydrophilic vegetation according to Maximum Likelihood Supervised Classification. Example is set in the Distelbach River area. Blue is hydrophilic vegetation and red is non-hydrophilic vegetation.
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Note that a full extrapolation of the data was not done. Applying an extrapolation would lead to dividing
the study area in 2 classes, which was not optimal according to the results of paragraph 5.5.1. When
inspecting the example figure 28, it can be observed that the location of hydrophilic vegetation is similar
to that of figure 26 2-3. The
same patches have been identified as hydrophilic vegetation
downstream and north of the
artificial pond. Similarities in
the distribution of hydrophilic
vegetation have been observed
throughout the study area for
both rivers. However, when inspecting the total area of identified hydrophilic vegetation
for both methods, see figure
29, great differences can be observed. The unsupervised summation method (figure 26-27)
is a magnitude of 2 to 7 times
larger than the supervised classification. When inspecting
figure 29 further, it can be obFigure 29 Area size comparison of hydrophilic vegetation between the supervised
classification and unsupervised summation and total area for the floodplains of
served that the total area of hythe Distelbach and Jossa river.
drophilic vegetation is a small
portion of the total floodplain area for both rivers.
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7) Discussion
This chapter will elaborate on the weak and strong points of this research. Following the results chapter,
each paragraph will address one result, resulting in the following structure: Orthoimages by a comparison with historical imagery, water surface areas of 1993-2018, classification maps of vegetation: elaboration on separability and amount of classes, LaHMa map and hydrophilic vegetation. With the addition
of a final assessment in paragraph 7.6, beaver dam influence on floodplains and landscape heterogeneity.

7.1) Discussion on orthoimages by a comparison with historical imagery.
7.1.1) Methodology of creating orthoimages.
When inspecting the produced orthoimages of the aerial imagery, one can observe that the co-alignment
method was a success. As claimed in the article of Cook & Dietze 2019, the co-alignment method was
able to ensure comparative accuracy without the use of ground control points (Cook & Dietze, 2019).
Even though the co-alignment was successful, it does not mean that the orthoimages are without errors.
Most errors that are observed in the orthoimages were at boundary locations or where the image coverage was low and resulted in erroneous features (e.g. a tree with two trunks, blurred areas, straight lines
through the ground vegetation, triangles within the same patch of vegetation with different colours).
Both these situations have in common that due to the lack of sufficient aerial imagery, common tie points
are difficult to detect and these tie points form the foundation for the production of the orthoimages.
This coincides with the literature as this was observed as well in the original suggestion of the co-alignment method (Cook & Dietze, 2019).
These errors can be dealt with in a very simple way. It is recommend that if one were to use the coalignment method, one should take the flight path of the drone a bit wider than the margins of the study
area. This way, when one moves to the interpretation of the orthoimages, the error bound borders of the
orthoimage can be clipped away. This was also the case in this project, therefor the error bound borders
were not problematic in this research. Originally, the co-alignment method suggests to co-align the
chunks in pairs to cut in on processing time (Cook & Dietze, 2019). This suggestion was disregarded as
processing power was not an issue in this phase of the research. It is recommended to do so when working with very large data sets and limited processing power at hand.
It was also observed that the quality of the orthoimages differ from each other. Some orthoimages had
a higher resolution than others and some were not focussed. This has mainly to do with the production
of the orthoimage. The resolution of the orthoimage is mainly determined by the amount of common tie
points generated from overlapping areal images. As seen in table 1 and 2, the amount of images per
drone flight differs from one another. It is recommend to aim for the same amount of images per flight
to eliminated differences in quality between orthoimages.

7.2) Discussion on water surface areas 1993-2018.
7.2.1) Factors that influence the quantification of water surface areas
Quantifying water surface area despite shadows:
When inspecting the orthoimages, it became apparent that the aerial images were taken at different
weather conditions and solar angles. This lead to the superstition if some orthoimages were comparable,
as some drone flights were more affected by shadows than others (see figure 30). During the supervised
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classification of the water surface areas,
these shadows were wrongfully attributed to the water surface area. This
was caused as creeks are situated in depressions in the landscape, which were
overcast by the shadows as well. When
working with RGB images, unfortunately there was not a way to “automatically” clip the wrongfully classified
shadows from the actual water surface
without so much manual effort that
would ultimately defeat the purpose of
running a supervised classification in the
first place. Arcmap is simply not suited
to discern well between black areas in
RGB images. However, it was not problematic as one of the main goal of this
research is to assess the heterogeneity in
the vegetated land and this is very challenging to do so in shaded areas. These
shaded area had to be clipped out evenFigure 30 Comparison of shadow presence in the Distelbach
tually, so this moment in the research was
River. Top orthoimage was the flight of 26-11-2017 and the bottom orthoimage was the flight of 06-04-2018.
ideal to remove the shaded areas from the
orthoimages. However, it is recommend to avoid this issue by flying the drone during the time when the
sun is at its highest point. This minimalizes the amount of shadows in the area and therefor limits the
misclassification and loss of vegetated land in the orthoimage for later analysis. Not all flights were
affected by shadows equally and only in two flights of the Distelbach River it was noticeable problematic. The Jossa River was mainly unaffected by this problem as there was no high vegetation in the area.
Therefor the effect on the end result is deemed to be limited.
Quantifying water surfaces area despite snow cover:

Figure 31 Winter conditions in the Distelbach
River. The biggest pond in the river system has
frozen and snow covers the on-ground vegetation..

It has been observed that winter conditions are the least ideal, as Arcmap
could not discern between land with
snow cover and a frozen lake with
snow cover. In the RGB perspective
both these areas were equally white.
Luckily snow and ice cover was minimal and only present in 1 flight of
both rivers. The majority of the water
surface was not frozen and therefor
the contributed error to the end result
was minimal. It is recommend to
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avoid winter conditions when working with an RGB camera as these conditions were prone to classification errors.
Quantifying water surface area despite transparent water:
Another interesting observation was that in some drone flights the river water was transparent, figure
32. Unfortunately the field notes of the flights did not mention the weather conditions during the flights,
however it is suspected that it had to do
with the cloud cover. The water became
transparent in sunny conditions and the
water turned to an equal grey or blue hue
when there was no direct sunlight on the
area. This suspicion is confirmed when
looking at the orthoimage of figure 33,
where a cloud had moved over the area
during the drone flight. Which lead to one
half of the area having transparent water
and the other half having cyan water.
Figure 32 Transparent water in the Jossa River. Note that the
Some errors in classification were caused
aquatic vegetation is visible as well as the shadows from the
by the transparency of water as the aquatic
aquatic vegetation upon the river bed. Jossa flight of 17-8-2017
vegetation was visible in some river channels of the Jossa and casted shadows on the river bed, figure 32. It would therefor attribute the aquatic
vegetation to the land vegetation as this was equally green, however this discovery opened up pathways
for research of remotely sensed aquatic vegetation in the area. The transparency of water mainly occurred in the Jossa River as the Distelbach River beaver lakes are suspected to have suspended soil
particles in the water which prevents water transparency. Fortunately the transparency of the water had
minimal impact on the classification of the water surfaces as it happened to occur mostly during spring
and summer. For the robotic eye of Arcmap it had to differentiate between vegetated land and bare soil,
which it was well able to do so,
as bare soil was very uncommon in the study area during
spring and summer. It is recommend to take areal drone imagery during partly clouded
conditions with no direct sunlight on the study area. This
prevents transparency of the
water but allows for reflection
of blue sky light. This will
cause the water surface to turn
blue on the RGB image which
is a perfect contrast with the
Figure 33 Water transparency differences in a single flight of the Jossa River.
surrounding land.
Note that yellowish tone of the land on the right half and shadows are present.
Which indicates sunny conditions. These are lacking on the left half of the
Jossa River. Jossa River flight of 26-11-2017.
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Quantifying water surface area from historical imagery:
For the years 2015 and older, the water surface had been approximated by manually selecting the channels of the Distelbach and Jossa River with a polygon in Arcmap. Most of the older historical images
were either in grayscale, which makes supervised classification very difficult, and/or had too coarse
spatial resolution (see figure 34). In some historical images the water was not visible due to a low solar
angle and the water surfaces being completely covered in shadows, which would make supervised classification impossible as it would teach
Arcmap to recognize shadows instead of water. Manually selecting the channels ensures
that the correct areas were selected for the
water surface area assessment, however this
method does overestimate the water surface
area. Additionally, selecting by hand does
come with an error margin. The range of
zooming in was limited after georeferencing
the historical images. This caused some errors in selecting the channels as polygon
Figure 34 Historical image of a part of the Distelbach river from
points would completely cover the channel.
1993. It is in greyscale and has a lower resolution..
However, this was all the same for each historical image. Since these errors were equally affecting all historical flights, the comparability of all
historical flights remained trustworthy.

7.2.2) The trend of water surface area between 1993 and 2018
All errors in the creation of the orthoimages, supervised classification of water surfaces areas and identification of water surface areas in historical images, carries trough in the water surface area quantification. Therefor the values of the water surface areas should be taken with a grain of salt and one should
focus more on the trend the values display.
What can be observed when looking at the water surface areas change over time, figure 19 to 20, is that
the water surface area increases after the re-introduction of the beaver in 1995. The increase of water
surface area over time is observable for both the Distelbach and the Jossa River. This is in line with what
existing literature suggest as one of the effect beavers have on their environment (Gurnell, 1998; Hood
& Bayley, 2008; Westbrook, Cooper, & Baker, 2011). This is caused as the beavers build dams in the
rivers which enables the accumulation of water in the area. One can observe multiple ponds that were
created due to dams obscuring the river channels when looking at the historical images and orthoimages.
The genesis of a beaver pond system has been observed, see figure 35, and river channels have been
altered as water levels increased, see figure 36.
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Figure 36 Beaver pond genesis in the Distelbach River. Top,
middle and bottom aerial imagery are from 1993,2015 and
2018, respectively.

Figure 35 Jossa river channel transformation due to beaver influence. Beavers construct trenches to move around in and one
of those trenches developped into a new channel for the Jossa
River. Top, middle and bottom orthoimages are from 17-082017, 26-11-2017 and 10-02-2018.

7.3) Discussion on classification maps of vegetation: elaboration on separability and
amount of classes
Reasons for suspicions on the separability between the vegetation classes:
The overall separability between the vegetation classes did not align with the literature. Nonetheless,
this study continued to aim for understanding the heterogeneity in the vegetation of the floodplains.
Therefor the guidelines for selecting classes, based on the separability changes with different amount of
classes, were continued. The best suited amount of classes were selected for further study, i.e. LaHMa
approach for heterogeneity change detecting and the unsupervised summation. The following points
elaborates on the suspicion of the separability between the vegetation classes:
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•

It stood out that the general ranges for minimum and average separability, see appendix IV,
were very low compared to the literature for all flights. This study’s maximum range for best
minimum and best average separability ranges from 7 to 11 and 0 to 350, respectively. Whereas
de Bie et al 2012 had a range from 150 to 650 and 0 to 350.000, respectively, for their 1km
resolution SPOT-vegetation dataset (De Bie et al., 2012). For their 250m resolution MODISTerra dataset, they had a range of 22 to 45 and 400 to 1000, respectively (De Bie et al., 2012).
Ali et all 2012 had a range of 30 to 50 and 500 to 4000, respectively (Ali et al., 2014). The
lowest range that was observed in this study ranged from 20 to 50 for the best average separability in the Jossa River 08-17-2017 flight, see appendix IV. Which leads to the conclusion that
the overall separability between classes in this study was not ideal.

•

Not all flights followed the behaviour of the divergence index. For example, Jossa River flight
of 11-26-2017( see appendix IV), the best average separability went down with increasing
amount of classes. It is speculated that for this year there was a very distinct peak at a low
amount of classes. The peak had an best average separability value of 350, which is 2 times
higher than most ranges of other flights. The best average separability at the end of the range
went down to a value of 150, which is similar for best average separability values as compared
to other flights. Which led to the interpretation that the best average separability index seems to
go down with higher amount of classes, but is caused by an early peak which makes it appear
that way.

The two above mentioned arguments leads to the conclusion that there was a low separability between
the vegetation classes in this study. There are two possible explanations for this: 1)The vegetation in the
study is very similar, hence a low separability, 2) The RGB images do not allow for a clear distinction
in vegetation by ISODATA unsupervised classification. It is recommended to have an comparison
NDVI image in a study that evaluates vegetation of floodplains by image classification. This enables
the possibility to determine which of the two explanations is correct.

7.4) Discussion on LaHMa map
7.4.1) Reasons for the failure of the LaHMa approach in the context of this study
Methodologically speaking the LaHMa approach is a very elegant way to handle the temporal and spatial
nature of heterogeneity. This study tried to use the LaHMa approach to automatically detect differences
in vegetation pattern. Unfortunately, this goal could not be reached. However, the classification of vegetation maps could be used to analyse the vegetation in a different way, i.e. hydrophilic vegetation maps
(see paragraph 5.5). The following points explain the failure of the LaHMa approach in the context of
this study:
•

One of the main differences during implementation of the LaHMa approach in existing literature
and this study, is the use of RGB images instead of NDVI. NDVI images were used in the
original LaHMa approach paper and another study that implemented the LaHMa approach (Ali
et al., 2014; De Bie et al., 2012). Across literature it can be observed that NDVI is well suited
for all different sorts of research projects regarding remotely sensed vegetation analyses
(Lunetta, Knight, Ediriwickrema, Lyon, & Worthy, 2006; Murakami, Ogawa, Ishitsuka,
Kumagai, & Saito, 2001; Nguyen et al., 2012; Uchida, 2001; Wall, Larocque, & Léger, 2008).
NDVI is calculated with the near-infrared (NIR) and red bands ((NIR+RED)/(NIR-RED))(De
Bie et al., 2012). NDVI is therefore suitable for vegetation analysis since green vegetation has
a sharp increase in reflectance between 670nm to 1400nm (Arnold, Bréon, & Brewer, 2009).
Which is exactly within the range of red light (620-750nm) and near infrared (750nm-1500nm).
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By using RGB images, this research challenged itself as the visible light band(380nm-750nm)
falls outside the range of optimal reflectance for vegetation. Unfortunately there was no possibility for the use of NDVI as the drone data, which was collected before the existence of this
study, only contained RGB imagery. The possibility to collect NDVI drone imagery during this
study was taken away as the covid-19 pandemic of 2020 prevented a field trip to the area.
•

The loss of accuracy in vegetation detection by using RGB imagery instead of NDVI is particularly visible when examining the separability between classes, see appendix II. When the classes have a low separability, the LaHMa approach will not work. A fundamental principle in the
LaHMa approach is that the amount of classes are accurate in the unsupervised ISODATA classifications. If the separability is low, the borders of the classes will be somewhat placed at random. When the borders of classes are affected by randomness, a summation of these borders
will never work to detect permanent boundaries in the landscape heterogeneity. The uncertainty
that comes with the use of RGB images instead of NDVI is deemed to have a major effect on
the end results.

•

The study area was fundamentally different from the ones in the literature. The study area was
in a scale of a couple of kilometres, whereas the original LaHMa paper used this approach for
the entirety of the Mekong Delta(De Bie et al., 2012) and another study for the entire island of
Crete(Ali et al., 2014). This vast difference in scale could be influential on the Lahma approach
as other studies had a lower spatial resolution for their imagery than this study has. Their studies
were unaffected by shadows cast by individual leaves and branches that were visible through
the canopy as these were overruled by the majority of vegetation in their raster cells. When
classifying on such a high spatial scales, one will encounter higher levels of variability
(Cochrane, 2000). Perhaps the LaHMa approach, in its current form, is not suited for this level
of variability at the spatial scale of this study. Luckily, all is not lost, as there are ways to deal
with the increased variability that comes with higher spatial resolution images (Cochrane, 2000).
However, as this increased variability was unforeseen, proper counter measurements were not
applied during this study.

•

The study area differentiated in regard of climate. The study area is placed in a temperate climate
zone whereas the Mekong delta (De Bie et al., 2012) and the island of Crete(Ali et al., 2014)
have a tropical climate and a Mediterranean climate, respectively. These climates both have in
common that their vegetation is evergreen, meaning that the trees in this climate will not lose
its leaves in autumn and winter, whereas in temperate climates the vast majority of vegetation
is not evergreen.

•

This study has 5 to 6 different flights for each river, whereas others had larger datasets. For
example, the Ali et al paper had a value range of 0 to 56 (Ali et al., 2014). Perhaps hard boundaries in the vegetation could have been identified with a higher amount of datasets to draw from.

•

Some flights did not cover the entirety of the study area. Consequently, some areas are therefor
unable to get the maximum score for the LaHMa index as not all areas have an equal amount of
flights.

Even though the LaHMa approach did not work as expected, allot was discovered during its application.
The intermediate results from the Lahma approach opened up pathways to examine the water level and
vegetation relation, which is one of the main goals of this research. The LaHMa approach as applied in
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this study was sub-optimal, however there are ways that could make it work for future analysis. To deal
with the above mentioned issues, the following is recommend:
•
•
•

•

•

The usage of NDVI imagery instead of RGB images.
Inclusion of the correct post-process methods to deal with the higher within-vegetation variability that comes with the spatial resolution of this study’s kind.
A seasonal LaHMa approach in temperate climate zones. Meaning that drone flights flown in
summer should only be summed with other flights flown in summer. This could exclude the
possibility that the high seasonal variability in temperate climate zones could affect the LaHMa
approach.
Applying the LaHMa approach for study areas with the same spatial scale as the studies of De
Bie et al 2012 and Ali et al 2014. If this recommendation is disregarded, apply previous three
recommendations to increase chances of success.
Sufficient coverage of the drone aerial imagery as missed parts in the orthoimage will lead to
some parts of the LaHMa map not being able to get the maximum LaHMa score.

7.4.2) Interpretation of LaHMa maps and landscape heterogeneity
Unfortunately, the Lahma approach did not reveal the permanent vegetation colonies near the Jossa and
Distelbach River. The only hard boundary that was observed was the edge of the extent of the Distelbach
River, see appendix III. Interestingly enough, this was not the case for the Jossa. When looking at appendix VI, tables 8 and 9, it can be observed that with increasing LaHMa count, the amount of pixels is
reduced. Which is to be expected as boundary pixels will be less than all non-boundary pixels. However,
together with the observation of the LaHMa maps it can be derived that the LaHMa approach failed to
locate hard vegetation boundaries. The LaHMa scores of 0 and 1 has been omitted from the maps as
these will not reveal hard or soft boundaries in the area. LaHMa score of 1 shows the boundaries of each
flight which renders the map unreadable.
Interestingly enough, not even the river banks returned as strong or intermediate boundaries in the
Lahma maps. As shown in appendix VI figure 91, the river banks were subjected to changes due to the
rising water levels as beavers became more influential as time passed. This caused a gradual shift of the
river banks throughout the years. When the river banks shift they will be classified at different locations
each year. Which will not show up in a summation method like the LaHMa approach.
However, some hints for landscape heterogeneity structures can be found in the LaHMa maps. If one
zooms in further some structures were vaguely visible, see appendix VI figure 91 and 92 for an example.
Unfortunately, as these borders were not connected, solid interpretations were not possible.

7.5) Discussion on hydrophilic vegetation
Notes on the method of the identification of hydrophilic vegetation
It should be noted that this method was designed for this particular situation and was not based on
existing literature. It can be assumed that different approaches should exist. However, given the unique
situation of this study, i.e. analysing heterogeneity on a very high spatial resolution, some creativity was
needed. The following points address some points that need to be kept in mind when using this method:
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•

Shadows of individual leaves and
pieces of grass could be observed in
the orthoimages due to the high resolution of the images. These shadows
were often misclassified as water and
could cause that area to be classified
as hydrophilic vegetation. See figure
37.

•

The buffer zone of 20cm sounds very
narrow, however when examining the
37 Example of shadows within the ground vegetation.
resolution of the orthoimages, see ta- Figure
Image shows a piece of grass from the floodplain of the Jossa
bles 3 and 4. It can be observed that a
River. Jossa flight of 23-05-2018
20cm buffer would roughly yield 10 to
20 pixels around the small water surfaces depending on the orthoimage. Which was deemed to
be sufficient for a sample size to explore what kind of classes are more or less frequent around
small water surfaces.

•

Some misclassified areas could be observed, which shows that this method is not perfect and
field validation is required. Outliers, e.g forested area to the southeast of the Jossa River, have
been removed manually.

•

In the orthoimages of the Jossa River it
became apparent that high water tables
were observable trough the ground
vegetation, which was ideal to see
what vegetation could handle such
high water tables. See figure 38 for an
example.

Figure 38 A water surface in the ground vegetation in the
Jossa River floodplain. Note that the puddle is roughly 75cm
long. Jossa River flight of 23-05-2018

Spatial distribution of hydrophilic vegetation in swamp environments:
The finding of certain classes being more or less abundant near water surfaces in swamp areas is in line
with the literature. Patterns in the spatial distribution for palm trees in swamp areas of Sumatra, Indonesia, were found(Kalliola, PUHAKKA, Salo, TUOMISTO, & RUOKOLAINEN, 1991). The trend of
hydrology affecting the spatial distribution of vegetation can also be observed for swamp vegetation
besides trees. In a swamp in the state of New York, USA, patterns were found in the spatial distribution
of ground vegetation. There it was found, similar to this study, that certain plant communities had a
preference or aversion to areas with high water tables (Paratley & Fahey, 1986). Likewise in Lake SaintFrançois, Canada, where it was observed that the water level was one of the main abiotic drivers of
wetland vegetation distribution (Jean & Bouchard, 1993).
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Areas with high ground water levels are to expected in the study area. Such areas are; below the beaver
dams due to water leaking through the dam, the most downstream part of the Distelbach River, and areas
were high water levels could be observed through the ground vegetation (mainly in the lower downstream half of the Jossa River). The hydrophilic vegetation maps were able to pick up on areas that were
expected to have high ground water levels, however the signal was not as strong as expected.
Validation of the hydrophilic vegetation maps:
Examining the maps, figure 26 and 27,
this method was able to isolate areas
where hydrophilic vegetation communities were located. An example of such
an area is shown in the figure 39.
Unfortunately, due to the cancelled
field trip, validation of the plant species
within the hydrophilic plant communities could not be done. This study
aimed to compensate for this by isolating the areas that were all within each
top hydrophilic class of each flight.
Which can be used in a future study to
examine what species of plants that are
present within these vegetation communities. It must be noted that during
this approach only vegetation around
small water surface areas were isolated
and the vegetation around the streams
and lakes were not included.
Figure 39 Example of hydrophilic vegetation probability accurately
identifies locations of hydrophilic vegetation. Jossa flight of 17-082017

Comparison of unsupervised summation and supervised classification
When comparing the maps of the unsupervised summation, figure 26 and 17, with the maps of the supervised classification, appendix V, differences can be observed and are listed in the following points:
•

In the unsupervised summation, it could be observed that there were outliers in the data. Mainly
in the forested area of the Distelbach and Jossa River. However in the supervised classification,
especially in the Jossa River, these areas were not incorrectly classified as hydrophilic vegetation.

•

When inspecting the Jossa River some doubtful results can be observed. Especially in the northwestern part of the Jossa River, where there are particularly wet conditions, areas seemed to be
wrongfully attributed as non-hydrophilic. Nonetheless, most of the locations of the hydrophilic
vegetation seems to be likely and shows that the map, combined with the unsupervised
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summation, enables one to identify where hydrophilic vegetation occurs.
•

The supervised classification performed well for the Jossa River,

•

The supervised classification is considered to be unfruitful for the Distelbach River for the following reasons: 1) Most of the locations for hydrophilic vegetation in the Distelbach River are
placed at the borders of the floodplain and in forested areas. Which is, when comparing to the
orthoimages, very unlikely. 2) Much of the hydrophilic vegetation in the Distelbach River is
located just downstream of the beaver dams, due to seepage of beaver lake water through the
dam. The supervised classification was not able to pick up on that and it could not identify the
wet vegetation at the end of the Distelbach River either.

•

It is hypothesized that the differences in the supervised classification between the rivers is
caused by the different nature of the rivers. The Distelbach River has a steeper gradient than the
Jossa River, which causes the effect of beaver dams to express in different ways.

•

In contrary to the Jossa River, water could not be observed through the ground vegetation in the
Distelbach River when inspecting the orthoimages. This observation formed the foundation for
this methodology and when it is lacking, the results are shown to be inaccurate.

Accuracy of the hydrophilic vegetation maps (unsupervised summation and supervised classification)of
the Distelbach and Jossa River:
When inspecting the area size comparison of hydrophilic vegetation for both rivers, see figure 29 . It
can be observed that great differences in size occur between the unsupervised summation and supervised
classification. This is particularly the case for the Distelbach River. The area size will also be affected
by the lack of data extrapolation, which was not applied in the data of the supervised classification. Due
to the area size difference and locations of the hydrophilic vegetation, it is deemed that the results of the
Distelbach River for the unsupervised summation and supervised classification are inaccurate. However,
the opposite is the case for the Jossa River. The locations of hydrophilic vegetation for both unsupervised
summation and supervised classification fall within expectations, with some outliers present. The area
size differentiates between supervised and unsupervised summation but not as drastically as the Distelbach River. Therefor it is deemed that both maps have merit in regard to identifying the locations of
hydrophilic vegetation in the Jossa River.

7.6) Overall assessment of beaver (Castor Fiber) dam influence on floodplains and landscape heterogeneity
In literature, beavers have been described as ecosystem engineers multiple times and are regarded as a
keystone species (Bond, 1994; Hossack et al., 2015; Jones et al., 1994; Power et al., 1996). It is stated
that beavers, as a keystone species and ecosystem engineers, are able to create and/or maintain habitats
(Power et al., 1996). The beavers alter their environment by building dams, lodges, canals and digging
dens along river banks where they rest and store food(Janiszewski, Hanzal, & Misiukiewicz, 2014).
Literature reveals that beaver dams are often involved in the creation and maintenance of wetlands, even
only when abandoned beaver dams remain(Wright, Jones, & Flecker, 2002). Multiple beaver dams were
observed in the area, see chapter 3 “Study area”. Dams affects the river they inhabit and this has been
observed during this study when looking at the water surface area change, see paragraph 5.2 “Water
surface area 1993-2018”. Resulting rising water tables caused a change in river morphology and
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vegetation type, see paragraph 5.1 “Orthoimages compared with historical imagery”. Not only did the
vegetation type change but also its distribution throughout the study area, see paragraph 5.5 “Hydrophilic vegetation”. Geomorphological changes as a result of beaver dam influence have been observed
as well. Differences in the manifestation of beaver dam influence were observed for the Jossa and Distelbach River. Literature states that beaver dams either create a cascaded flow or a swamp depending on
the gradient of the river(Westbrook et al., 2013). This can be observed in the study area as a swamp had
developed at the Jossa and a series of beaver lakes, indication of cascaded flow, at the Distelbach. When
looking at the gradient for both rivers, 0.0022m/m for the Jossa River and 0.065m/m for the Distelbach
River, this coincides with the literature.
When inspecting the products; orthoimages by a comparison with historical imagery, water surface area
1993-2018, classification maps of vegetation: elaboration on separability and amount of classes, LaHMa
map and hydrophilic vegetation. The following key results could be observed; an increase of water surface area between 1993-2018, changing river morphology between 1993-2018, change of vegetation
type and distribution, change of ecosystem type, an increased amounts of beaver ponds, an increased
landscape heterogeneity and the spatial distribution of hydrophilic vegetation in the study area. All these
results are caused by the dam building behaviour of the beaver (Castor Fiber). Therefor the beaver (Castor Fiber) is addressed as a keystone species and ecosystem engineer. Many studies have been done to
elaborate on the effect that beaver dams have on its surroundings. However, many studies were conducted in pre-existing wetlands or wetlands (partly) abandoned by beavers(Czerepko, Wróbel, Boczoń,
& Sokołowski, 2009; Karran et al., 2018; Laurel & Wohl, 2019; Westbrook et al., 2011; Wright et al.,
2002). This study expanded on the knowledge of beaver dam influence by evaluating the changes to its
environment just before and after the re-introduction of the beaver.
This study has shown that it is possible to evaluate the impact that beavers have on their surroundings
after re-introduction with remotely sensed data by using a combination of aerial imagery and imagery
from drones. This type of research can be refitted for ecological purposes that extend beyond the scope
of beavers but fall within ecosystem restoration and biodiversity assessments. Which is, in greater context, what the beaver does. The beaver, as a keystone species, is able to combat the biodiversity decline
due to human influences and is able to maintain it. Beavers should be regarded as a viable option for
ecological and biodiversity protection.

8) Conclusion
Without a doubt, the re-introduction of the beaver (Castor Fiber) in 1995 brought great changes into the
floodplains of the Jossa and Distelbach River. This study showed that aerial imagery acquired with a
drone, opened up many different pathways for research to examine environmental changes. Even without the use of ground control points. The water surface area increased significantly and many ponds and
lakes were formed due to rising water levels and obstruction of the river flow as beaver dams were
constructed. The heterogeneity has been greatly increased, especially in the Jossa River where agricultural fields were transformed into a swamp. However, this study encountered limitations while trying to
quantify the heterogeneity with the use of RGB images. This study was not able to identify the hard and
soft boundaries in the on-ground vegetation of the floodplains for both rivers. Nonetheless, this study
was able to locate areas of vegetation in the swamp that prefers extremely high ground water tables.
Geo-morphological changes to the area has been observed as river morphology changed drastically. The
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Distelbach and Jossa River has unrecognizable been altered in a time frame of 23 years by the beaver
(Castor Fiber). The beaver (Castor Fiber) truly deserves it’s ecological title of “keystone species” as
they have created and maintained an entirely different ecosystem and hydrological environment.

9) Recommendations
As elaborated on in the discussion, it is recommended to take into account that the within-vegetation
variability is significantly increased when working with high resolution aerial imagery. The appropriate
post process methods should be applied to significantly increase the value of the data when one uses
image classification for a research.
While taking drone images for vegetation analysis of the floodplains, it is recommended to fly while
keeping the following in mind: High solar angle, little to no snow/ice cover, widen the margins of the
flight path to extend beyond the point of interest and no direct sunlight on clear shallow water surfaces
when recording.
The difference between RGB images in respect to the use of NDVI for vegetation analysis for floodplains could not be further investigated during this research. It is recommended that there is a reference
NDVI image available to ensure that the vegetation of the floodplain was similar or that RGB images
do not allow for an accurate distinction.
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Wall, L., Larocque, D., & Léger, P.-M. (2008). The early explanatory power of NDVI in crop yield
modelling. International journal of remote sensing, 29(8), 2211-2225.
Wang, X., Shaw, E. L., Westbrook, C. J., & Bedard-Haughn, A. (2018). Beaver Dams Induce Hyporheic
and Biogeochemical Changes in Riparian Areas in a Mountain Peatland. Wetlands, 38(5), 10171032. doi:10.1007/s13157-018-1059-9
Westbrook, C. J., Cooper, D. J., & Baker, B. W. (2011). Beaver assisted river valley formation. River
Research and Applications, 27(2), 247-256. doi:10.1002/rra.1359
Westbrook, C. J., Cooper, D. J., & Butler, D. R. (2013). 12.20 Beaver Hydrology and Geomorphology.
In J. F. Shroder (Ed.), Treatise on Geomorphology (pp. 293-306). San Diego: Academic Press.
Wright, J. P., Jones, C. G., & Flecker, A. S. (2002). An ecosystem engineer, the beaver, increases species
richness at the landscape scale. Oecologia, 132(1), 96-101. doi:10.1007/s00442-002-0929-1
Xu, M., Watanachaturaporn, P., Varshney, P. K., & Arora, M. K. (2005). Decision tree regression for
soft classification of remote sensing data. Remote Sensing of Environment, 97(3), 322-336.
doi:10.1016/j.rse.2005.05.008

Drones for agricultural course, WUR, 2020

51

12) Appendix
Appendix I: Water surface area 1993-2018 table for the Distelbach and Jossa River.
Table 7 Water surface area. In the column on the right the percentage increase is displayed, as calculated from the first aerial
imagery in 1993 for each river.

Water surface area change
Distelbach
Water surface (m2)
09/04/1993
23/04/1998
15/04/2003
09/06/2006
??/??/2009
??/??/2012
16/08/2017
26/11/2017
10/02/2018
06/04/2018
23/05/2018
Jossa
09/04/1993
23/04/1998
15/04/2003
09/06/2006
??/??/2009
??/??/2012
16/08/2017
26/11/2017
09/02/2018
10/02/2018
06/04/2018
23/05/2018

765
882
2796
2930
2649
3477
3368
3744
6069
8058
4030

% increase
115
365
383
346
455
440
489
793
1053
527

3320
7333
10148
11571
8864
12592
17542
37715
31226
33052
50366
13799

221
306
349
267
379
528
1136
941
996
1517
416
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Appendix II: Separability between classes of each flight in the Distelbach and Jossa River
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Appendix III: LaHMa index for the Distelbach and Jossa River.

Figure 51 Lahma index for the Distelbach river part 1. Distelbach orthoimage of 06-04-2018
was used as a base map. Lahma count score displays the number of times a vegetation communities boundary was at the same location in multiple flight.

Figure 50 Lahma index for the Distelbach river part 2. Distelbach orthoimage of 06-04-2018
was used as a base map. Lahma count score displays the number of times a vegetation communities boundary was at the same location in multiple flight.
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Figure 53 Lahma index for the Distelbach river part 3. Distelbach orthoimage of 06-04-2018
was used as a base map. Lahma count score displays the number of times a vegetation communities boundary was at the same location in multiple flight.

Figure 52 Lahma index for the Distelbach river part 4. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities
boundary was at the same location in multiple flight.
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Figure 55 Lahma index for the Distelbach river part 5. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities
boundary was at the same location in multiple flight.

Figure 54 Lahma index for the Distelbach river part 7. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities
boundary was at the same location in multiple flight.
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Figure 57 Lahma index for the Distelbach river part 8. Distelbach orthoimage of 06-04-2018 was used
as a base map. Lahma count score displays the number of times a vegetation communities boundary
was at the same location in multiple flight.

Figure 56 Lahma index for the Distelbach river part 9. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities
boundary was at the same location in multiple flight.
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Figure 58 Lahma index for the Distelbach river part 10. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities boundary was at the same location in multiple flight.

Figure 59 Lahma index for the Distelbach river part 11. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities
boundary was at the same location in multiple flight.
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Figure 60 Lahma index for the Distelbach river part 12. Distelbach orthoimage of 06-04-2018 was
used as a base map. Lahma count score displays the number of times a vegetation communities boundary was at the same location in multiple flight.
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Figure 62 Lahma index for the Jossa river part 1. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

Figure 61 Lahma index for the Jossa river part 2. Jossa orthoimage of 17-08-2017 was used as a base
map. Lahma count score displays the number of times a vegetation communities boundary was at the
same location in multiple flight.
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Figure 64 Lahma index for the Jossa river part 3. Jossa orthoimage of 17-08-2017 was used as a base
map. Lahma count score displays the number of times a vegetation communities boundary was at the
same location in multiple flight.

Figure 63 Lahma index for the Jossa river part 4. Jossa orthoimage of 17-08-2017 was used as a base
map. Lahma count score displays the number of times a vegetation communities boundary was at the
same location in multiple flight

65

Figure 66 Lahma index for the Jossa river part 6. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

Figure 65 Lahma index for the Jossa river part 7. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

.
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Figure 68 Lahma index for the Jossa river part 8. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

Figure 67 Lahma index for the Jossa river part 9. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.
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Figure 70 Lahma index for the Jossa river part 10. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

Figure 69 Lahma index for the Jossa river part 11. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was at
the same location in multiple flight.
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Figure 72 Lahma index for the Jossa river part 12. Jossa orthoimage of 17-08-2017 was used as a
base map. Lahma count score displays the number of times a vegetation communities boundary was
at the same location in multiple flight.

Figure 71 Lahma index for the Jossa river part 13 Jossa orthoimage of 17-08-2017 was used as a base
map. Lahma count score displays the number of times a vegetation communities boundary was at the
same location in multiple flight.
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Appendix IV: Class pixel count for identification of hydrophilic vegetation class

Class pixel count near small water surfaces
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Figure 73 Class pixel count near water surfaces smaller than 6 m2 in the Distelbach flight of 16-08-2017. Class 5 has the
highest count of pixels and class 1 has the smallest amount.
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Figure 74 Class pixel count near water surfaces smaller than 6 m2 in the Distelbach flight of 26-11-2017. Class 8 has the
highest count of pixels and class 10 has the smallest amount.
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Class pixel count near small water surfaces
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Figure 75 Class pixel count near water surfaces smaller than 6 m2 in the Distelbach flight of 10-02-2018. Class 4 has the
highest count of pixels and class 7 has the smallest amount.
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Figure 76 Class pixel count near water surfaces smaller than 6 m2 in the Distelbach flight of 06-04-2018. Class 3 has the
highest count of pixels and class 1 has the smallest amount.
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Class pixel count near small water surfaces
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Figure 77 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 26-11-2017. Class 1 has the highest
count of pixels and class 4 has the smallest amount.
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Figure 78 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 09-02-2018. Class 6 has the highest
count of pixels and class 2 has the smallest amount.
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Figure 79 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 10-02-2018. Class 4 has the highest
count of pixels and class 3 has the smallest amount.
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Figure 80 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 17-08-2017. Class 11 has the highest
count of pixels and class 7 has the smallest amount.
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Class pixel count near small water
surfaces Jossa 20180406
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Figure 81 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 06-04-2018. Class 10 has the highest
count of pixels and class 6 has the smallest amount.
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Figure 82 Class pixel count near water surfaces smaller than 6 m2 in the Jossa flight of 23-05-2018. Class 4 has the highest
count of pixels and class 11 has the smallest amount.
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Figure 84 Class count comparison of "overall class pixel count" (left image) and "class pixel count near small water surfaces" for Distelbach 26-11-2017

Figure 83 Class count comparison of "overall class pixel count" (left image) and "class pixel count near small water surfaces" for Jossa 26-11-2018
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Appendix V: Hydrophilic vegetation map: Supervised classification maps

Figure 85 Location of hydrophilic vegetation (Maximum Likelihood Supervised Classification). Blue is hydrophilic vegetation
and red is non-hydrophilic vegetation.

Figure 86 Location of hydrophilic vegetation (Maximum Likelihood Supervised Classification). Blue is hydrophilic vegetation
and red is non-hydrophilic vegetation.
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Figure 87 Location of hydrophillic vegetation according to Maximum Likelihood Supervised Classification. Blue is hydrophillic vegetation and red is non-hydrophillic vegetation.

Figure 88 Hydrophilic locations according to the Maximum Likelihood Supervised Classification. Blue is Hydrophilic vegetation and Red is non-hydrophilic vegetation
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Figure 89 Hydrophilic locations according to the Maximum Likelihood Supervised Classification. Blue is Hydrophilic vegetation and Red is non-hydrophilic vegetation

Figure 90 Hydrophilic locations according to the Maximum Likelihood Supervised Classification. Blue is Hydrophilic vegetation and Red is non-hydrophilic vegetation
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Appendix VI: Varying tables, figures and images for clarification of the discussion chapter
Table 8 Lahma index Distelbach pixel count

Table 9 Lahma index Jossa pixel count
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Figure 91 River bank changes of the Jossa river throughout the years. Top, middle and bottom orthoimage are from 17-082017, 26-11-2017 and 06-04-2018, respectively
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Figure 92 Zoomed in Lahma index map for the Distelbach river. Orthoimage of 06-04-2018 was used as a basemap.

Figure 93 Zoomed in Lahma index map for the Jossa river. Orthoimage of 17-08-2018 was used as a basemap
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Figure 94 Example of hydrophilic vegetation probability accurately identifies locations of hydrophilic vegetation. Jossa flight
of 17-08-2017
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