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Abstract: The reed belt of Lake Neusiedl, covering half the size of the lake, is subject to massive
changes due to the strong decline of the water level over the last several years, especially in 2021.
In this study, we investigated the spatial and temporal variations within a long-term ecosystem
research (LTER) site in a reed ecosystem at Lake Neusiedl in Austria under intense drought conditions.
Spatio-temporal data sets from May to November 2021 were produced to analyze and detect changes
in the wetland ecosystem over a single vegetation period. High-resolution orthomosaics processed
from RGB imagery taken with an unmanned aerial vehicle (UAV) served as the basis for land cover
classification and phenological analysis. An image annotation workflow was developed, and deep
learning techniques using semantic image segmentation were applied to map land cover changes.
The trained models delivered highly favorable results in terms of the assessed performance metrics.
When considering the region between their minima and maxima, the water surface area decreased by
26.9%, the sediment area increased by 23.1%, and the vegetation area increased successively by 10.1%
over the investigation period. Phenocam data for lateral phenological monitoring of the vegetation
development of Phragmites australis was directly compared with phenological analysis from aerial
imagery. This study reveals the enormous dynamics of the reed ecosystem of Lake Neusiedl, and
additionally confirms the importance of remote sensing via drone and the strengths of deep learning
for wetland classification.

Keywords: Lake Neusiedl; reed; LTER; land cover classification; deep learning; DeepLabv3+; struc-
ture from motion; RGB; UAV; green chromatic coordinates

1. Introduction

Wetlands are of immense importance as highly valuable ecosystems intertwined
with human welfare. They fulfill an indispensable function in preserving biodiversity,
purifying water, enhancing resilience against storm surges, sequestering carbon, regulating
microclimates, and more [1]. Reed belts in particular have ecological importance as habitats
for highly specialized species and as a buffer zone for lakes and rivers. They provide an
indispensable habitat for waterfowl [2] and invertebrates. Reed shoots are a food source for
herbivores, and in an aquatic setting reed stands provide a spawning ground and nursery
for fish [3], prevent erosion, and stabilize the strength of the bank [4]. The reed belt of Lake
Neusiedl is the second largest coherent reed ecosystem in Europe after the Danube Delta,
and for nature conservation reasons it is a very important habitat for many protected bird
species [5]. Lake Neusiedl is a long-term ecological research (LTER) site contributing to a
pan-European research network seeking to better understand the structures and functions
of ecosystems (https://lter-austria.at, accessed on 5 August 2023) [6]. Remote sensing
imagery is required to spatially visualize and analyze such sites and understand the effects
of global changes at the local scale [7].
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The following aerial image analysis studies of 1979, 2008, 2018/2019 addressed the
extent of the reed belt of Lake Neusiedl. The Austrian reed belt of Lake Neusiedl was
mapped as early as 1979 to study the vegetation damage and age classes of reeds through
color infrared aerial photography [8]. The study of August 1979 was carried out on the basis
of a three-feature classification utilizing the density, height, and vitality classes. In contrast,
the reed mapping of August 2008 used a continuous stereoscopic (visual) interpretation of
assigned pairs of aerial photographs (stereo pairs) [9]. Although the total reed belt area of
Lake Neusiedl increased between 1979 and 2008, the reed stocks within the reed belt area
decreased [9]. The authors showed that in the year 2008 around 12.5% of the total reed belt
was covered by humic water. For the same aerial photographs from August 2008, the study
of [10] measured 19% water coverage in the reed belt; the authors included small water
areas with a spatial resolution of 0.25 m² as water. In [11], NDVI-inclusive airborne optical
imaging was used in support of habitat ecological monitoring of the Austrian reed belt in a
study investigating the different reed classes and habitat-specific dependencies of different
bird species. The reed belt coverage is clearly higher in the Hungarian part of Lake Neusiedl
(83.6% in 2007, which included grassland with reed coverage of around 5%) as compared to
the Austrian part (around 50%). The Hungarian reed belt area decreased slightly, by 0.8%
from 1979 to 2007, due to the increase in “feltöltés” (embankment/levee areas), though not
in open-water areas [12]. In 2007, only 1.2% of the Hungarian part of Lake Neusiedl was
covered by humic water [12], which is a very small share compared to the Austrian reed
belt; see [10]. Márkus et al. [12] recognized a strong degradation of the Hungarian reed
belt due to damage caused by the harvesting machines, which were called die-back sites
in [13]; these were observed in the Austrian part, though to a lesser extent, in [9]. One study
from 2018/2019 used Sentinel-2b data to monitor the age of reed stands, finding that the
dominant age class (especially in the eastern reed belt) was areas older than 14 years [5].

Previous studies analysing the spatial patterns of the reed belt have been based on
either low-resolution satellite data or medium-resolution aerial imagery derived from costly
single-flight surveys. To date, the spatial patterns of the reed belt have not been studied with
high-resolution data. In addition, little is known about the temporal dynamics of the surface
structure of the reed belt within a one-year time frame. To address this gap, in this study
we used an unmanned aerial vehicle (UAV) to generate a time series of high-resolution
aerial imagery data. A series of ten UAV-derived orthomosaics provided the basis for land
cover classification and phenological analysis to track changes in intra-annual variability
in the spatial dynamics of the reed ecosystem over the growing season of 2021, which is of
particular interest due to the intense drought during the study period. The region of Lake
Neusiedl has been facing drought conditions since the summer of 2015, causing the average
water level of the lake to decrease, especially in recent years [14].

The main objectives of this work are:

• To provide a detailed workflow for land cover classification of high-resolution or-
thoimagery using deep learning image segmentation.

• To reveal the spatial and temporal variability of a reed ecosystem under intensive
drought conditions.

• To disclose the phenological stages of Phragmites australis in the reed stands of Lake
Neusiedl over the 2021 vegetation period.

2. Materials and Methods
2.1. Study Area

The study area is located in the reed belt of Lake Neusiedl near Illmitz in Austria
(47°46′09′′N, 16°45′30′′E). With a maximum area of 315 km², Lake Neusiedl is Austria’s
largest lake, stretching across the Austrian–Hungarian border. It is characterised by a
remarkably shallow lake basin (Zmean = 1.2 m, Zmax = 1.8 m) with no natural outflow [15].
The lake water has an alkaline and subsaline character [16], with high electrical conductivity
(1300–3200 µS cm−1) and an average pH of 8.7. The mean annual precipitation sums
between 1971 and 2020 measured from eight stations surrounding the lake were 556 mm,
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and ranged from 353 mm to 833 mm [14]. Due to the relatively small catchment area of
the lake, rainfall contributes 79% to the total water supply via direct input through the
lake surface. The lake’s shallowness and expansive water surface area make it particularly
sensitive to climatic variations [17].

More than half of the lake (about 181 km²) is covered by a reed belt, which con-
sists of a temporally changing mosaic of reeds (Phragmites australis), water, and sediment
patches. The lake and its reed belt belong to various protected areas, including the Austrian–
Hungarian national park Neusiedler See–Seewinkel/Fertő, a Ramsar site and Natura 2000 area.

This study focused on an area of approximately 53 ha in the eastern reed belt of Lake
Neusiedl; the study area extends from sparsely vegetated shores (landwards) to densely
vegetated areas near the open lake surface. The area surveyed in the UAV flights was about
twice the size of the actual study area (as shown in Figure 1) in order to achieve proper
rectification and georeferencing results for the aerial images within the study area. The re-
search area is located in the nature zone of the National Park Neusiedler See–Seewinkel,
where no management is conducted and access restrictions apply. An Eddy Covariance
(EC) tower for measuring greenhouse gas exchange is located in the center of the study area
(https://wetlands.univie.ac.at, accessed on 5 August 2023). Several channels lead through
the research area and a constructed dam pathway runs through the middle of the study site,
crossing the reed belt from the land shore to the open water area.

Figure 1. Overview maps and detailed map of the research area in the reed belt of Lake Neusiedl,
Eastern Austria (data source used in the overview map: [18]).

https://wetlands.univie.ac.at


Remote Sens. 2023, 15, 3961 4 of 22

2.2. Data Preparation
2.2.1. UAV Data Acquisition

High-resolution images were captured using a quadcopter drone (Mavic 2 Pro, DJI
Technologies Co., Ltd., Shenzhen, China) equipped with a CMOS sensor that captures
optical images in RGB with a resolution of 5472 × 3648 pixel (20 MP). The camera has a
focal length of 10.3 mm and a sensor width of 12.8 mm [19]. A total of ten flight campaigns
were conducted at three-week intervals, starting on 5 May and ending on 6 November 2021
(dates listed in Table 1). Because very few land cover changes in the study area’s surface
were expected during winter to early spring, no flights were carried out from December to
April. The capacity of the four drone batteries covered an average drone survey area of
96 ha during each flight campaign (Table 1), lasting about 2.5 h each. Because distortion
can occur at the edges of a processed orthomosaic, we extended the drone survey area
well beyond the actual study area used for analysis (see Figure 1). In order to have as little
shade as possible in the captured images, all flights were carried out at midday when the
sun was at its highest. Because alternating sunny and cloudy weather conditions were to
be expected over the duration of a flight campaign, the camera settings (ISO values, shutter
speed and aperture) were set to automatic mode during the flights to prevent blurring
and/or overexposure in the images. More than 1000 aerial images were generated during
each flight campaign, with a mean data volume of 15 GB. All flights were performed in
automatic flight mode with predefined parallel flight lines at a constant height of 100 m
above the ground and an image front and side overlap of 75%, with all images taken at 90°
to the surface (nadir). Flight plans were created using the flight planning app PIX4Dcapture,
version 4.10.0 (Pix4D S.A., Prilly, Switzerland).

Table 1. Results and uncertainty values from processing orthomosaics with structure from motion
(SfM) techniques.

Flight Campaign Average GSD 1 [cm] Drone Survey
Area [km²]

RMSE Georeferencing (N = 21) RMSE Check Points (N = 6)

X Error [cm] Y Error [cm] X Error [cm] Y Error [cm]

2021-05-05 2.43 0.84 4.6 2.9 2.0 5.9
2021-05-26 2.39 0.92 23.9 11.7 3.2 3.6
2021-06-18 2.50 1.02 11.6 4.9 1.9 4.4
2021-07-07 2.49 0.99 24.2 8.9 10.7 5.0
2021-07-27 2.45 0.99 14.3 3.0 1.7 4.9
2021-08-18 2.41 0.99 15.5 10.2 3.9 4.2
2021-09-10 2.45 0.95 6.8 3.1 4.5 5.8
2021-09-29 2.36 0.97 5.2 3.8 3.8 5.2
2021-10-20 2.36 0.94 8.3 28.7 2.7 6.0
2021-11-06 2.32 1.00 3.0 1.4 3.2 5.6

Average 2.42 0.96 11.7 7.9 3.8 5.1
1 Ground sampling distance.

2.2.2. Photogrammetric Preprocessing

To georeference the drone imagery, 21 ground control points (GCPs) with a chessboard
pattern in DIN-A3 format were produced and distributed in the study area (displayed with
a yellow x in Figure 1). To ensure their durability over the duration of all flight campaigns,
the GCPs were laminated with a strong and UV-resistant film and fixed to wooden boards
before attaching them to driven wooden piles and existing fence posts. Fixing the GCPs
on posts above ground guaranteed their visibility to the drone sensors throughout the
vegetation period. A GNSS receiver (Trimble R10, Trimble Inc., Sunnyvale, CA, USA) was
used for precise location measurement of the GCPs [20]. In addition, RTK-based correction
using the Austrian Positioning Service (APOS) was applied to improve the precision of
the measurements.
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To obtain distortion-free image processing results, the GCPs were distributed evenly
over the study area [21]. Due to access restrictions in the National Park covering the study
area, our original idea of deploying GCPs along the water channels of the study site could
not be implemented, as this was considered a potential disturbance factor for breeding birds.
For this reason, GCPs were densified along the dam pathway and along the land shore line
of the reed belt, where temporary entry was permitted. The area of the drone survey had
to be extended in the easterly direction in order to capture the easternmost GCPs with the
drone sensor. Furthermore, an additional set of control points (displayed with a red x in
Figure 1) was derived from an orthophoto (2019-06-26, resolution 20 cm) obtained from the
Austrian Federal Office of Metrology and Surveying (BEV) [22] by manually locating the
center of small, isolated, and uniquely identifiable reed patches.

The image datasets from each flight were processed to a rectified and georeferenced
orthomosaic using the Structure-from-Motion (SfM) image matching technique, which
is widely used in geoscience applications [23] and described in detail by Deliry and
Avdan [24]. This preprocessing workflow was carried out using the photogrammetry soft-
ware PIX4Dmapper, version 4.6.4 (Pix4D S.A., Prilly, Switzerland) according to the instruc-
tions [25]. Processing options such as the image scale at which key points were computed
or the degree of camera optimization were adapted to the individual requirements of each
flight dataset. In SfM processing, GCPs must be manually marked in different images
captured from different angles. Identifying the same geolocation in the small isolated reed
patches of the six orthophoto-derived control points was more challenging than identifying
the center of the RTK-GNSS measured chessboard-patterned wooden boards designed
for accurate marking. Of the 27 available control points, 21 were used for rectifying and
georeferencing, while the remaining six served as check points to verify the accuracy of
the resulting orthomosaics (results shown in Table 1). The control points derived from
the orthophoto were not used as check points, as check points were not included in the
process used to rectify the orthomosaic and would have caused wide areas with distortion
of unknown extent. The average ground sampling distance (GSD) across all flights was
2.42 cm/pixel. The RMSE (root mean square error) of the control points used for georefer-
encing was 11.7 cm in the X and 7.9 cm in the Y direction; while relatively high compared to
the GSD, this is acceptable considering the size of the covered area. Both the lower resolu-
tion of the orthophoto and the inherently less accurate method of identifying the center of
the reed patches resulted in significantly higher uncertainty values for georeferencing than
we initially aimed for (see Table 1). Because only RTK-GNSS-measured GCPs were used as
control points, their significantly lower uncertainty values apply only along the areas of
their spatial distribution. The computationally intensive procedure of photogrammetric
processing was performed on an Intel(R) Core(TM) i7-10700 CPU @ 2.90 GHz with 32 GB
RAM (Intel Corporation, Santa Clara, CA, USA) and a Radeon RX 550X GPU (AMD Inc.,
Santa Clara, CA, USA).

2.3. Semantic Segmentation

In this study, we used semantic image segmentation for classifying the different land
cover types of the study area. Semantic segmentation is a machine learning technique that
assigns a class label to each pixel in an image [26]. The whole workflow, from generating
training data for deep learning to model training and pixel classification, was carried out
in ArcGIS Pro 3.0.3 [27] with the Image Analyst license and Deep Learning Libraries for
ArcGIS Pro 3.0.3 [28]. Figure 2 illustrates the most important processing steps carried out for
each orthomosaic, which are described in detail as follows. (a) Deriving ground truth data:
from each orthomosaic, a subset of eight square areas (referred to henceforth as “ground
truth areas”) covering 2500 m² each was obtained. The ground truth areas were carefully
selected to cover the various characteristics of the land cover classes, such as their structure
and colour expression. Care was taken to ensure that the transition zones between classes
(water to sediment, water to vegetation, and sediment to vegetation) were represented
within the ground truth imagery. (b) Image annotation: for each of the eight ground truth
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areas, a fully labeled layer was generated using a semi-automated workflow. A detailed
description of the procedure can be found in Section 2.3.1. (c) Construction of a chip dataset
for deep learning: a dataset consisting of image chips and analog labels was derived from
the fully labeled ground truth data. All chips were exported in TIFF format with a size
of 256 × 256 pixels and a 50% overlap both horizontally and vertically. The chip dataset
was cleaned to remove chips containing areas without any information. This processing
step yielded an average of 1641 chips and the same number of corresponding labels per
dataset. (d) Training a deep learning model: the chip dataset was used to train and validate
a deep learning model. A detailed description of the procedure can be found in Section 2.3.2.
(e) Semantic segmentation for classifying land cover types of the reed belt: the trained model
was finally used to assign a semantic class label to each pixel of the respective orthomosaic
using the “Classify Pixels Using Deep Learning” tool in ArcGIS Pro. The dam pathway and
a boat pier were generously cut out of the classified data used for further analysis.

Figure 2. Full workflow for classifying different land cover types in the reed belt through semantic
segmentation. The different stages of data processing are shown with the respective image size in
pixels. (a) Orthomosaic of the study area (from flight 2021-05-05), with selected locations for ground
truth areas. (b) Image annotation data, consisting of ground truth imagery and a fully labeled layer
indicating the corresponding land cover classes (vegetation = green, water = blue, sediment = brown).
(c) Chip dataset containing small image chips and analog labels derived from ground truth data.
(d) Training and validation of a deep learning model with the training chip dataset. (e) Semantic
segmentation performed on the orthomosaic using the trained model.

2.3.1. Image Annotation

The process of generating ground truth data is known in the machine learning domain
as image annotation. A number of image annotation programs have recently become avail-
able, although most of them are proprietary. With the aim of preparing ground truth data at
no additional cost and with maximum control over the parameter settings, a standardized
semi-automated workflow for image annotation was developed within the ArcGIS Pro
environment using the segmentation tool for object based image analysis (OBIA). For each
of the ten orthomosaics, a ground truth dataset was prepared as follows (the individual
steps are shown in Figure 3):

(a) The eight carefully selected ground truth areas were clipped from the orthomosaic
and resampled to a resolution of 10 cm using the bilinear resampling technique.
Resizing of the imagery was done to reduce processing time for the next step.

(b) The resampled imagery was segmented into groups of adjacent pixels with similar
spectral characteristics. The segmentation tool within the software can be used
to define the spectral and spatial detail. It was found that the best segmentation
results for distinguishing between the classes in our data were obtained when the
spectral detail was set between 15 and 17 and the spatial detail set to 1. Furthermore,
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the minimum segment size was set to 500 pixels. With these parameter settings, while
the segmentation algorithm produced fragmented patches that were smaller then
required, it provided proper delineation between land cover classes along certain
segment boundaries.

(c) The raster output from the segmentation tool was vectorized for the next processing
step.

(d) Segments from the same semantic classes were manually merged. Merging was
performed by visual interpretation of the polygons while overlaying the ground
truth imagery. To speed up this process, segments smaller than 1 m² were removed
and the resulting gaps were filled by adding the geometry of the gap to the adjacent
polygon with which it shared the longest edge. This step provided fully overlapping
semantic class polygons, with each polygon covering the entire area of a class along
with its various intra-class variations contained in the ground truth imagery.

(e) As a last step, the polygons were assigned to the corresponding land cover class in
order to obtain a fully labeled polygon layer.

Steps (a) through (e) were repeated for the eight selected ground truth areas from
each of the ten orthomosaics. The ground truth imagery in original resolution and the
corresponding fully labeled polygon layer were used as input data for exporting the training
chips dataset.

Figure 3. Workflow example of image annotation from one selected ground truth area. (a) Clipped
and resampled ground truth imagery covering various characteristics of vegetation, water and sedi-
ment. (b) Segmentation output showing adjacent pixel groups with similar levels of spectral detail.
(c) Segmentation raster converted into polygons. (d) Polygon segments merged by visual interpreta-
tion. (e) Fully labeled polygon layer for respective ground truth imagery, showing the land cover
classes of vegetation (green), water (blue), and sediment (brown).

2.3.2. Deep Learning

A deep learning model was trained with each chip dataset using a deep convolu-
tional neural network (CNN) architecture for image segmentation. With the rise of deep
learning, CNNs have been applied for various land cover classification applications on
high-resolution remote sensing data [29–31]. In this study, we used the state-of-the-art
DeepLabv3+ model architecture, which uses an encoder–decoder framework with atrous
convolution and a variant of the Xception network as its backbone [32]. This model proved
to be highly accurate in wetland classification on high-resolution RGB imagery [33,34].

The chip datasets were split into 80% training and 20% validation data and stratified
in order to maintain the class proportions between the training and validation data. The
optimum learning rate for the model training was determined for each chip dataset (see
Appendix A). Pre-testing revealed that the model’s accuracy was saturated after 20 to
30 epochs. With the intent of making the results more comparable, we trained each model
for 25 epochs. Several performance metrics were calculated at the land cover class level
to evaluate the accuracy of the models. Precision (1), Recall (2), and F1-Score (3) were
calculated as standard evaluation metrics for machine learning models. In addition, Inter-
section over Union (IoU), which is a standard measure for semantic image segmentation,
was calculated using Equation (4) [35]. In contrast to the other metrics, IoU uses the entire
ground truth map instead of labeled points to assess the similarity between the predicted
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and the ground truth map for a given class. This performance metric is progressively being
applied in deep learning-based UAV remote sensing classification [30,34,36,37].

Formulas for the above-mentioned metrics are provided in Equations (1)–(4), where
true positive (TP) represents the count of correctly labeled pixels, false positive (FP) refers
to the count of pixels misclassified as the target class while belonging to other classes,
and false negative (FN) refers to the count of pixels that belong to the target class and are
misclassified as belonging to other classes.

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1-Score = 2 ∗ (Precision ∗ Recall)
(Precision + Recall)

(3)

IoU =
TP

FP + TP + FN
(4)

Model training was carried out on an ArcGIS Notebook (integrated Jupyter Notebook,
version 5.7.10) with the arcgis.learn module included in ArcGIS API for Python 3.9.11 [38].
The training took about one hour per model and was performed on an Intel(R) UHD
Graphics 630 GPU (Intel Corporation, Santa Clara, CA, USA) with NVIDIA Quadro T2000
(Nvidia Corporation, Santa Clara, CA, USA).

2.4. Phenological Analysis

A vegetation index was calculated with the aim of tracking phenological stages over the
vegetation period within the study area. We extracted the vegetated areas of each orthomo-
saic using the results from the land cover classification. For these areas, the Green Chromatic
Coordinates (GCC) vegetation index was calculated from the red–green–blue (RGB) colour
channel information using the formula in Equation (5). Of the various vegetation indices
available for RGB data, we chose GCC due to its effectiveness in suppressing changes in
scene illumination [39], which occurred in several orthomosaics.

GCC =
G

R + G + B
(5)

Phenocam Data

In the center of the study area, a digital camera (Powershot SX620 HS, Canon Inc.,
Tokyo, Japan) was positioned at the Eddy Covariance tower (see Figure 1) in the main
wind direction (north–west) to study the phenological changes of the reed plant Phragmites
australis since September 2020. The Phenocam automatically takes an RGB image every
1 h from 6 am to 5 pm (time zone UTC + 1), which was ensured by manipulation with the
Canon Hack Development Kit (CHDK). The photos were analyzed with the R package
Phenopix [40]. For this study, one polygon as region of interest (ROI) was drawn in the
reference picture to study the temporal changes of P. australis in the entire year 2021 (see
Figure 4). For the ROI, the GCC vegetation index was extracted using an ROI-averaging
approach [41]. GCC values were filtered according to the max approach following [39] after
determination of the 90th percentile values in three-day moving windows, as this filter
effectively minimized the impact of lighting changes in the environment.

Processing and statistical analysis of the Phenocam data were carried out using R
(Version 4.1.2, [42]). For faster data processing, the R package data.table was used [43]. The R
package ggplot2 was used to visualize the results [44].
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Figure 4. The region of interest (ROI) is marked as a black polygon in the reference picture 2021-06-23
of the Phenocam, which is aligned at the Eddy Covariance tower in the reed belt of Lake Neusiedl in
the main northwest wind direction.

3. Results
3.1. Performance Metrics

Performance evaluation of deep learning models was based on the accuracy metrics
Precision, Recall, F1-Score, and IoU. The Precision, Recall, and F1-score achieved mean
results above 90% over all class types, with a small deviation in the maximum SD of
2.7% (see Table 2). The vegetation class scored particularly highly on these metrics, with
noticeably low deviation. The IoU reached mean results ranging from 68.5% to 89.9%,
showing higher variance within the class types. The vegetation class again performed the
best of all classes. The sediment class type achieved a mean IoU of 72.0% with an SD of
8.1%, and the water class type reached a mean value of 68.5% with a comparably high
variance of 11.5% SD. Detailed information on the models’ accuracy metrics can be found
in Appendix A.

Table 2. Performance metrics of deep learning models (N = 10) trained for land cover classification of
UAV 1 imagery tracking the reed ecosystem from May–November 2021. Metrics are represented with
mean values ± SD 2 of trained models at the class level. The full table is provided in Appendix A.

Class
Precision Recall F1-Score IoU 3

Mean ± SD Mean ± SD Mean ± SD Mean ± SD

Vegetation 0.958 ± 0.010 0.957 ± 0.007 0.958 ± 0.006 0.899 ± 0.020
Water 0.929 ± 0.026 0.923 ± 0.024 0.925 ± 0.020 0.685 ± 0.115

Sediment 0.918 ± 0.023 0.927 ± 0.027 0.922 ± 0.020 0.720 ± 0.081
1 Unmanned Aerial Vehicle, 2 Standard Deviation, 3 Intersection over Union.

3.2. Land Cover Classification

Area shares of the the three land cover class were calculated from each orthomosaic
(N = 10). Figure 5 shows the spatial and temporal variability of land cover in the study area
within the study period of May to November 2021.

The majority of the study area is covered with vegetation (60.8% to 70.9%), and
vegetation has the lowest variation of all the class types over the entire study period.
The vegetated area showed a rapid increase from May to mid June (+6.6%). After a sudden
vegetation decline at the beginning of July (−2.7%), a steady increase began, peaking at the
end of September (+6.2%). Thereafter, the vegetation class remained almost stable, with
a slight decline until November (−0.3%). The area shares of water and sediment have
an interdependent relationship, and show similar variations, although their area shares
differ. Water had its maximum surface coverage in May (29.9% and 30.2%), when sediment
showed its minimum extent (9.3% and 6.3%). Within two months, a strong decline in the
water class (−25.2%) caused sediment to reach its maximum extent (29.4%) at the end of
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July. In August, the water area increased slightly before declining to its minimum extent at
the beginning of September (3.3%). From the end of September to November, the respective
shares of water and sediment areas fluctuated at a very low level, with maxima of ±0.5%
and ±0.7%, respectively.

The changes in the spatial distribution of land cover classes during the study period are
shown in the land cover classification maps in Appendix B. An increase in vegetation area
was observed along the edges of existing reed stands. For this reason, the water channels
became increasingly overgrown with Phragmites australis during the study period, as can
be seen in the maps. In addition, densification of loosely vegetated areas was observed
from early May to late September. The land cover development in the study area shows
a constant and large increase in sediment area from the land shore side combined with
a large decrease in water area from end of May to end of July 2021. Moreover, the maps
show a rather stable spatial distribution with minimal changes in land cover from the end
of September to the beginning of November.

Figure 5. Spatio-temporal variability in the study area of Lake Neusiedl’s reed belt from May–
November 2021.

3.3. Vegetation Index

The seasonal course of vegetation development during the study period could be
observed based on the orthomosaics of our study area. For better understanding of phe-
nological development, GCC values were calculated for each pixel of the vegetated areas.
The seasonal course of vegetation phenology in the entire vegetated study area is presented
as the mean ± SD of the GCC value pixel counts, and can be seen in green in Figure 6.
In the study period, the mean values of GCC ranged between 0.33 to 0.40. The vegetation
areas showed an increase in GCC values from early May until late July, when it peaked.
Thereafter, the mean GCC values decreased and remained stable at 0.37 until the end of
September, continuing to decrease until again reaching the baseline value from early May
(0.33) in November.
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Figure 6. Comparison of the seasonal course of vegetation phenology (year 2021) between the ROI of
the phenocam data and the study area covered by the UAV imagery using the GCC vegetation index.
The GCC values of the Phenocam ROI (black dots) show the average phenology of the reed stands at
the Eddy Covariance tower in the NW direction (center of the study site) for almost every day of year
(DOY) in 2021 as compared to the mean ± Standard Deviation (SD) of the GCC values calculated
from the ten UAV flights (green dots with error bar) for the entire study site covering the land to the
open water shore of the reed belt. The phenology stages of the Phenocam data are separated by the
orange dotted lines.

The GCC maps in Appendix B reveal the spatial and temporal heterogeneity of the
phenological development within the vegetated areas. At the beginning of the study period,
the GCC values increased along the edges of existing reed stands and in loosely vegetated
areas. In areas of dense vegetation, the GCC values gradually increased until the end of July,
though they did not reach the maximum in the most densely vegetated areas. The GCC
histograms in Appendix B differ in width and height. A narrow distribution of GCC
values indicates more homogeneous status of the reed stands (e.g., 2021-05-05), while a
wider distribution shows heterogeneity of reed shoot development within the reed stands
(e.g., 2021-07-27).

The Phenocam provided us with the opportunity to study the phenological changes
of the reed stands of P. australis to the northwest (the main wind direction) of the EC tower
located in the center of the study area on a daily basis. The trend of the GCC values of
the Phenocam in 2021 are shown together with the mean ± SD GCC values of the UAV
flights in Figure 5. From January to the beginning of May, the GCC values of the Phenocam
were stable at 0.33 (phenology stage Dormancy). The GCC values started to increase in the
beginning of May 2021 (DOY 124). The phenology stage Greenup ranged until the beginning
of June (DOY 159). The phenology stage Maturity started at DOY 160, with the highest peak
at the beginning of July (DOY 177) with 0.42. The Senescence phenology stage started at the
beginning of August (DOY 213). The GCC values decreased to 0.33 until the end of October
(DOY 298), then slightly increased in the Dormancy phenology stage to 0.34 at the end of
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the year 2021. According to the GCC values of the Phenocam data, the vegetation period of
the reed stands next to the EC tower in 2021 was around 173 days (4 May until 24 October).

4. Discussion

Changes in the land cover and phenological stages of the reed belt of Lake Neusiedl
were investigated and identified using ten study dates in the period between 5 May 2021
and 6 November 2021. Land cover classification was performed using deep learning image
segmentation, while phenological analysis were carried out using the GCC vegetation index.
As a basis for these analyses, SfM-derived orthomosaics generated with high-resolution
RGB drone imagery were used. Furthermore, we have provided the detailed workflow
used in generating the fully labeled ground truth data for training and validation of our
deep learning model.

Due to access restrictions, GCPs could not be evenly distributed within the study area
as recommended [21]. In order to obtain comparable SfM results and derived subsequent
land cover classifications, it was necessary to acquire additional control points from an
orthophoto. This solution led to a higher RMSE than was initially targeted in terms the
uncertainty values of the SfM processing; however, this was accepted due to the lack of
alternatives and can be considered sufficient as compared to the existing literature [24].
Considering the access restrictions imposed by the National Park, the minimally invasive
method of UAV surveying is currently the most feasible way to collect data covering large
areas with this level of detail, despite the constraints around GCP distribution.

One of the biggest challenges anticipated in our study involved the different appear-
ance of the surface of the study area throughout the investigation period due differences in
the sunlight conditions between flights. As can be seen from Figure 3 and Appendix A, even
within a single orthomosaic the study area showed strong variations within classes; e.g.,
water could range from crystal-clear to opaque turbid due to the sediment load, and had dif-
ferent color expressions, while certain inter-class expressions such as dry sediment and dead
reeds hardly differed. Our attempt to use traditional machine learning techniques, namely,
Support Vector Machine and Random Forest, delivered strong pixel misclassifications due
to the above-mentioned challenges. The use of deep learning for image classification consid-
erably reduced this kind of misclassification error; however, our attempt to train a single
deep learning model using the training chips from the flight campaigns during which the
reeds were in the phenological maturity stage in order to classify the corresponding ortho-
mosaics using the same generic model was unsuccessful. Not only were the performance
metrics significantly lower for this model, the classification results were weak. Strong noise
occurred in certain areas, described as “pepper effects” by [36]. Large areas of changing light
conditions were generally misclassified, and transition areas between land cover classes
appeared in straight edges rather than smooth lines. As a consequence, we trained an
individual model for each orthomosaic. This approach, described in Section 3.1, achieved
satisfactory results in terms of performance metrics compared to related studies [36,45,46].
The individual models were good at merging intra-class variation into one class as well as
at distinguishing between classes. Even changes in the light intensity of the images due to
changing sunlight conditions, which the authors of [46] stated as a key challenge, did not
influence the classification results of the affected orthomosaics.

While reed ecosystems such as the reed belt of Lake Neusiedl are very valuable wet-
lands for nature conservation, they are difficult to access and should generally not be
entered; remote sensing is an excellent tool to circumvent these concerns. As such, UAV
data were used to determine the height, status, and density of reed stands in the lake [47,48].
Other studies have mostly used satellite data to separate reed beds from other vegetation in
wetlands (see, e.g., [49,50]), while other studies have used airborne laser scanning to map the
extent of reed wetlands (see, e.g., [9,12,51,52]). These studies investigated the respective reed
ecosystems only once in a growing season. In addition, airborne laser scanning is highly
costly compared to using a UAV. There have been studies mapping salt marshes, including
reed ecosystems, with satellite data along the coast and comparing the classification results
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between the years; see, e.g., [53]. The evaluation of reed bed changes in [54] showed that
changes were induced by management, i.e., reed mowing. In general, satellite data offer
lower resolution, and can involve difficulties with cloud cover compared to remote sensing
via drone. The height and greenness of vegetation in a floodplain partly covered with reed
was studied with several UAV flights per year in [55]. Higgisson et al. [56] illustrated that the
structure of the reeds was detectable by a CNN. Our study showed that drone (UAV) remote
sensing combined with deep learning is a powerful tool for surveying and classifying reed
beds of wetlands in high detail. High-resolution images were obtained several times within
a single growing season, allowing the phenology of the reed plant Phragmites australis to be
observed. We were able to determine the extent of the reed stands as well as the changes
in the surrounding areas, such as water and sediment areas, which were induced by the
decrease in the water level of the lake due to drought conditions.

4.1. Model Prediction

As input for model training, we fully labeled a subset of eight square-shaped areas
on each orthomosaic using the semi-automated image annotation workflow described in
Section 2.3.1. These labeled ground truth areas summed to only 4% of the entire study area,
and the model prediction yielded favourable results for land cover classification despite
the expected challenges stated above. We assumed that it would be crucial to cover the
various expressions of each class in the training data; thus, the selection of training areas
was carried out with great care. To assess the quality of the model prediction, we manually
labeled a representative test area and compared it with the classification results for the
same area. The error map in Figure 7 shows that the differences between model prediction
and the labeled test area occurred almost exclusively along the class boundaries, where
different reasons for pixel misclassification could be identified.

Figure 7. Classification performance of a deep learning model visualized in an error map, showing the
difference between labeled test data and the model prediction in a reed ecosystem. Misclassification
occurred primarily along class boundaries, especially in transition zones with sparse reed vegetation
or very shallow waters, as well as in heavily shaded areas.

First, class boundaries resulting from model prediction ran more smoothly than the
class boundaries resulting from the image annotation workflow, which can be considered a
negligible error. Second, class boundaries were difficult to predict in extensive transition
areas, for example, where water level depths were in the centimeter to millimeter range
or in areas with sparse reed vegetation. Third, shaded areas were often reported as
misclassified even though they may have been more accurate than the ground truth when
compared directly to the imagery. This error may contribute to the significantly lower
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IoU values for water and sediment in the model performance metrics (see Table 2 and
Appendix A), and suggests that preparation of ground truth data must be done with utmost
care. Because misclassification occurred primarily along class boundaries, we believe that
adding more representative training data from transition zones could further improve
model performance. On the other hand, transition zones are inherently difficult to delineate,
which poses a challenge when generating training data. Both the OBIA segmentation tool
used in this study and the visual interpretation when merging the segmented polygons
had limitation in terms of the accuracy of separating classes in the transition zones.

4.2. Spatio-Temporal Variability

The results of the land cover classification show a clear dominance of reed vegetation
in the study area. Previous studies showing a decline of aquatic reeds in central Europe
during the last decades [52,57,58] do not match our data within one year. The vegetation
area recorded a continuous increase from May to September except for a short period
from mid-June to the beginning of July 2021. This rebound of vegetation was likely due to
the sudden and complete drying of former water pool areas along the northeastern shore
(landward) side of the study area. These pools were sparsely overgrown with juvenile reed
shoots in spring, and could be detected well as vegetation by the model. When the pools
dried out, increased salinity may have contributed to the dying back of juvenile shoots [59],
leading to leaf area loss until the plants could no longer be detected as vegetation by the
model. It was clear that large water pool areas dried out and became sediment areas during
the study period; when the sediment area reached its maximum extent at the end of June, it
was more than four times the size of its minimum extent at the end of May. Water areas
declined rapidly from the end of May to mid-September, with the exception of a slight
increase on 18 August 2021 due to precipitation in the days immediately preceding the
UAV flight (about 20 mm [60]). The distribution of area shares hardly changed from the end
of September to the end of the study period. The minor decrease in vegetation area within
this period suggests that biomass was no longer being built up, reed growth stopped, and
reed leaf surfaces shrank slightly due to dehydration and the onset of wilting. Water and
sediment areas were stable because water input (precipitation) and evaporation rates were
in balance at this time of the year.

The seasonal temporal changes of the water level of Lake Neusiedl and of the reed
belt usually occur annually, with a maximum in spring (March/April) and minimum in
autumn (September/October) [14]. Therefore, the temporal change of the mosaic of the
reed belt consisting of reed stands, water, and open sediment areas occurs annually due
to the change in water level even in “normal” years, though of course with a lower extent
compared to the results of our study. Because the reed belt has a gradient from land to open
water, spatial changes occur at different rates within the reed belt even in “normal” years.
Thus, temporal and spatial changes can be observed in “dry” years as well as in “normal”
years. Of course, 2021 was an extreme year, with an especially dry autumn, and conditions
actually intensified the following year. It may be suspected that a major consequence
of the observed changes in “dry” years for the ecosystem of Lake Neusiedl would be a
disconnection between reed belt and open water areas, which would alter food webs and
have faunistic and biogeochemical consequences, among others. In “wet” years, on the
other hand, there would naturally be rather less spreading of the reed stand areas, though
water level changes would nevertheless continue over the year. In this context, however, it
should be noted that the last “wet” year with high water levels was 2014 [14].

None of the current studies of Lake Neusiedl [5,8–12] have investigated the spatial
and temporal pattern of the three wetland classes (reed, water, and sediment) within one
year, though they have often compared the extent of the reed belt between two years, for
example, 1979 and 2008. Our study is the first to identify open sediment areas as a separate
land cover class in the reed belt. Comparing August 2008 [9] with August 2021 of our
study, the share of water areas in the reed belt decreased by 3.7% (from 10.7 to 7%), which
would be an opposite development from that of 1979 to 2008, and the vegetation coverage
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decreased from 88 to 67%. However, Csaplovics et al. [9] surveyed the entire Austrian reed
belt and reported only humic water; therefore, it is unclear whether the lake water of the
channels is included in the water areas of the reed belt, as it is not shown as separate class.
In contrast to [5,12,13], we observed no die-back sites in our study site for the period from
May to November 2021.

The entire lake, including the reed belt, experienced a sharp drop in water level in
2021; thus, the decrease in water areas inside the reed belt could be observed in other
parts of the reed belt of Lake Neusiedl as well. Therefore, the decline in water areas in our
study can be generalized to an extent to the entire reed belt of Lake Neusiedl. However,
because the reed stands vary in age and structure depending on usage/management (west
side) or no usage (east side) (see e.g., [9]), and some even include reed stands that have died
back (see [5,13]), the increase in reed area within the reed belt cannot be generalized to all
areas. Nevertheless, this study shows exemplary temporal and spatial changes in the three
wetland classes over the 2021 vegetation period, which was affected by drought conditions.

4.3. Vegetation Phenology

Recently, an example of rapid change in wetland vegetation has been reported from
the Rodewiese site, a formerly drained fen on the Baltic coast in NE Germany that was
rewetted in 2010. Grassland species that are sensitive to a high water table, such as Holcus
lanatus, Potentilla anserina, and Trifolium repens, died back very quickly and were replaced
by hydrophytes such as Lemna spp. and, with some delay, Bolboschoenus maritimus, Schoeno-
plectus tabermontanii, and Phragmites australis [61]. Then, in 2018, most of the site that had
been covered by water experienced a drought and turned dry, and the fen canopy, with the
exception of Phragmites australis, disappeared and was colonized by Tephroseris palustris and
Ranunculus sceleratus [62], pioneer species that rapidly spread along nutrient-rich shores
of dried-up water bodies [63]. Beyer et al. [62] have pointed out that analogous climate
effect feedback generally cannot be anticipated; moreover, van Diggelen et al. [64] and
Klimkowska et al. [65] pointed out that in restored fens, water availability, soil, and trophic
status were irreversibly altered, along with propagule availability. The conditions expe-
rienced in the reed belt of Lake Neusiedl favour Phragmites australis as long as the broad
ecological amplitude of this reed is not surpassed.

The vegetation in the study area is dominated by reeds, and was tracked using the GCC
vegetation index for phenological analysis. The Phenocam data suggest that the phenological
time window of the reed stand was well covered in this UAV study. Nevertheless, there is
an offset in the GCC data between the Phenocam and the UAV flights in the phenological
Greenup phase, which is probably due to the different image perspective. Due to the
Phenocam’s lateral perspective of the reed plants, it naturally detects greening-up earlier
than the UAV does from its nadir perspective. However, the UAV covers a much larger
spatial area, which of course develops at different rates in the Greenup phase from land to
open water areas; we have shown the mean and standard deviation of the GCC for the
entire study area in Figure 6. The GCC maps in Appendix B show that new vigorous reed
shoots grow first along the edges of reed stands and in loosely vegetated areas, leading to
an expansion of the vegetation area. In the existing reed mats, shoots break through only
gradually, especially in dense areas. When GCC levels peaked in late July, the densest areas
of the reed mats were only sparsely overgrown with new reed sprouts; therefore, we do not
consider these to be die-back sites.

Phenocam data have the advantages of a lateral perspective and high temporal resolu-
tion (hourly/daily basis); however, they are limited to the small area that a single photo is
able to cover. On the other hand, while aerial surveys with hundreds of images acquired
during a UAV flight campaign can provide detailed information on the spatial develop-
ment of vegetation over a comparatively large area, they are limited to a lower temporal
resolution. Therefore, a combination of both methods can provide complementary analysis.
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5. Conclusions

This study aimed to investigate the spatial and temporal changes in the reed belt of
Lake Neusiedl under intensive drought conditions. For this purpose, a set of 10 SfM-derived
orthomosaics from UAV imagery collected over the 2021 growing season was created.
The high-resolution orthomosaics served as a basis to detect changes in land cover and to
reveal phenological development. We have demonstrated a semi-automated procedure for
generating fully labeled ground truth data for deep learning image segmentation in the
context of land cover classification of a wetland. The results of this study underline the
strong ability of deep learning models to extract complex features from high-resolution
imagery. However, our unsuccessful attempt to train a generic model using training data
from multiple flight campaigns encountered limitations. The classification maps revealed
an enormous decline in water areas within the reed belt, with a simultaneous increase
in sediment areas during the investigation period. Reed vegetation, on the other hand,
increased at a nearly constant rate throughout the growing season due to vigorous reed
growth along existing reed stands and in loosely vegetated areas, as identified by the GCC
maps. While the results of our study can be generalized to the entire reed belt of Lake
Neusiedl to a certain extent, the findings may not be applicable to other ecosystems with
different environmental factors. This study provides a detailed dataset which can be used
to assess the habitat diversity of the reed belt or its ecosystem productivity. In particular,
the generated land cover maps may serve as ground truth data for upscaling to more
coarsely grained sensor data such as satellite imagery.
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APOS Austrian Positioning Service
CNN Convolutional Neural Network
DOY Day of the Year
EC Eddy Covariance
FN False Negative
FP False Positive
GCC Green Chromatic Coordinates
GCP Ground Control Points
GNSS Global Navigation Satellite System
GPU Graphics Processing Unit
GSD Ground Sampling Distance
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IoU Intersection over Union
LCC Land Cover Classification
LTER Long-Term Ecological Research
OA Overall Accuracy
OBIA Object-Based Image Analysis
RGB Red–Green–Blue
RMSE Root Mean Square Error
ROI Region of Interest
RTK Real-Time Kinematics
SD Standard Deviation
SfM Structure from Motion
TP True Positive
UAV Unmanned Aerial Vehicle

Appendix A

Table A1. Detailed table of deep learning parameters and performance metrics. Ten CNN models
were trained for land cover classification of UAV imagery for tracking a reed ecosystem over a
vegetation period.
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2021-05-05 1621 0.0004 0.945 0.958 0.967 0.892 0.941 0.946 0.952 0.950 0.956 0.921 0.851 0.837 0.629
2021-05-26 1642 0.0010 0.948 0.972 0.918 0.927 0.964 0.945 0.908 0.968 0.931 0.918 0.920 0.847 0.575
2021-06-18 1537 0.0010 0.958 0.977 0.959 0.931 0.965 0.917 0.975 0.971 0.938 0.953 0.924 0.731 0.784
2021-07-07 1574 0.0005 0.935 0.960 0.936 0.868 0.955 0.939 0.899 0.958 0.938 0.883 0.910 0.766 0.662
2021-07-27 1696 0.0008 0.939 0.948 0.878 0.944 0.957 0.912 0.924 0.952 0.895 0.934 0.887 0.476 0.801
2021-08-18 1642 0.0008 0.936 0.964 0.908 0.909 0.951 0.867 0.955 0.958 0.887 0.932 0.905 0.639 0.797
2021-09-10 1533 0.0005 0.950 0.951 0.952 0.947 0.964 0.906 0.951 0.958 0.928 0.949 0.890 0.603 0.835
2021-09-29 1706 0.0005 0.937 0.952 0.904 0.931 0.962 0.915 0.906 0.957 0.909 0.918 0.906 0.543 0.747
2021-10-20 1720 0.0005 0.939 0.958 0.923 0.906 0.953 0.953 0.899 0.955 0.938 0.903 0.904 0.689 0.680
2021-11-06 1741 0.0002 0.939 0.945 0.940 0.922 0.961 0.927 0.899 0.953 0.933 0.910 0.892 0.723 0.693

Mean 1641 0.0006 0.943 0.958 0.929 0.918 0.957 0.923 0.927 0.958 0.925 0.922 0.899 0.685 0.720
SD 71 0.0003 0.007 0.010 0.026 0.023 0.007 0.024 0.027 0.006 0.020 0.020 0.020 0.115 0.081



Remote Sens. 2023, 15, 3961 18 of 22

Appendix B

Figure A1. Spatio-temporal development of the study area in the reed ecosystem of Lake Neusiedl
from May to July 2021. The mean GCC (red solid line) and the SD (blue dotted lines) of each flight
date are shown in the GCC histogram.
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Figure A2. Spatio-temporal development of the study area in the reed ecosystem of Lake Neusiedl
from August to November 2021. The mean GCC (red solid line) and the SD (blue dotted lines) of
each flight date are shown in the GCC histogram.
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