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Abstract. Water HYacinth (WHY) is one of the world’s most disturbing invasive aquatic plant species, characterised by a
high spatial and temporal variability. Remote sensing is a valuable approach to monitor WHY, as the dense, floating mats of
vegetation can be detected using various satellite instruments, for example, OLCI on Sentinel-3. The multi-spectral
instrument features only moderate spatial resolution (300 m), however, it achieves global coverage in two days, and with two
instruments currently in orbit, it provides an opportunity to monitor WHY at near-daily resolution. This is crucial,
considering that WHY cover patterns are highly variable due to the plants’ rapid reproduction and the influences of wind and
hydrodynamics. We present the development of an algorithm for the creation of daily WHY maps by: (1) deriving WHY
cover patterns from both OLCI instruments using the Normalized Difference Vegetation Index, NDVI; (2) merging the data
sets into one with near-daily resolution; and (3) filling the gaps (due to missing observations or cloud interference) using a
spatial-temporal interpolation scheme. We show that the gap-filling strategy leads to a consistent daily time series of WHY
cover for the study region and increases the number of days with observations by 55%. A leave-one-out analysis showed that
the interpolation algorithm performs well even for longer periods without observations, unless WHY cover patterns change
abruptly. The presented algorithm is computationally light-weight and, although developed for Hartbeespoortdam Reservoir
(South Africa), is easily adaptable for use with other water bodies. The prototype WHYmapping algorithm was used to
analyse eighteen months of data (July 2022 — December 2023). In the future, long time series of daily WHY maps may
provide an evaluation tool for WHY management and benefit water management strategies directly by allowing continuous

monitoring of WHY.

1 Introduction

Ecosystems around the world are being disturbed by the effects of human presence. Lake ecosystems are particularly

affected by land use changes, pollution, and the introduction of alien species (Jenny et al.,, 2020). The water hyacinth
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(Eichhornia crassipes) is an invasive species in many freshwater lakes and rivers around the planet. Its rapid proliferation is
a symptom of excess nutrient inflow from agricultural fields, industry, inadequately treated wastewater and other sources
(Coetzee et al., 2017).

Water Hyacinth (WHY) are free-floating plants that form patches that can be so dense that boat traffic cannot pass. WHY
clog water treatment plants and inlets of hydroelectric dams, block access to drinking water for humans, cattle and wildlife
(Kleinschroth et al., 2021). Lakes and reservoirs covered by WHY are rendered unattractive to tourists. Moreover, the weed
blocks sunlight from reaching the lower levels, affecting aquatic life (Coetzee et al., 2017).

There have been different approaches to manage WHY infestations, such as: mechanical removal, herbicide spraying, and
the introduction of weevils and other insects feeding on the plant (Coetzee et al., 2017; Fusilli et al., 2013; Glerefa et al.,
2015; Kleinschroth et al., 2021). The high water content of the plants makes mechanical removal highly labour intensive, and
because it is unfeasible to eradicate the weed, the procedure needs to be repeated on a regular basis. Herbicides specifically
targeted at WHY are effective and comparatively cheap in application, but the sinking and subsequent decaying of dead
plant material may cause anoxia at the bottom of the water body. Weevils have been shown to be effective at increasing
WHY mortality and promising results have been achieved at Hartbeespoort dam in South Africa (Jones et al., 2018), but the
insects fail to decrease plant cover appreciably (Harun et al., 2021). A systematic investigation of WHY responses to various
management practices has been missing in the literature to date. Such a systematic investigation requires regular monitoring
of WHY cover over a period of time that is sufficiently long to distinguish effects of applied measures from natural
variability and other factors affecting the spread and movement of the plants.

WHY is a rapidly spreading aquatic plant, which reproduces via vegetative reproduction, but also produces seeds that can
survive several years without water (Albano Pérez et al., 2011). Its growth rate depends mainly on temperature and nutrient
level of the water (Wilson et al., 2005) and, correspondingly, time series of WHY occurrence have been found to feature a
distinct seasonal dependence on temperature and/or precipitation (Dersseh et al., 2020; Janssens et al., 2022; Kleinschroth et
al., 2021). The high degree of interannual variation observed in different regions was mainly attributed to variability in
rainfall (Fusilli et al., 2013; Gbetkom et al., 2023; Janssens et al., 2022), lake water level (Dersseh et al., 2020; Worglul et
al., 2020), changing control measures and urban land cover (Kleinschroth et al., 2021). Because WHY is a free-floating plant,
its dynamics are governed by winds and currents (Coetzee et al., 2017), hence, the distribution of the plants on a water body
varies from day to day. To monitor WHY for the purpose of understanding drivers of WHY proliferation, of evaluating
control measures or issue early warnings, observations at daily resolution — or better — are required. However, the high
variability of the species and the relative inaccessibility of affected sites complicate the acquisition of data suitable for long-
term time series analysis.

Satellite-borne sensors are ideally suited to produce data sets with which aquatic plants can be systematically monitored.
Floating plants, like WHY, form dense mats that are clearly visible from space, and satellite sensors record regular,

consistent observations over large parts of the globe. Floating vegetation can be clearly distinguished from open water or
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submerged vegetation by making use of radiation detected in the visible to near-infrared bands of instruments like the Multi-
Spectral Imager (MSI) and the Ocean and Land-Colour Imager (OLCI) on ESA’s platforms Sentinel-2 and -3, respectively
(Donlon et al., 2012; Drusch et al., 2012). In addition to the sensors on the Sentinel missions, a number of satellite sensors
proved useful for the observation of WHY in the past. These include the MODerate resolution Imaging Spectroradiometer
(MODIS), MEdium Resolution Imaging Spectrometer (MERIS), and various evolutions of the Enhanced Thematic Mapper
(ETM) on Landsat platforms, to name a few. A recent overview is provided by (Datta et al., 2021).

Identification of plants’ location and extent from satellite is based on spectral reflectances (Bayable et al., 2023; Cavalli et al.,
2009) and/or spectral indices (Cheruiyot et al., 2014; Fusilli et al., 2013; Kleinschroth et al., 2021). These studies implicitly or
explicitly make use of the spectral signature of green, leafy vegetation, which differs markedly from that of many other
surfaces, including clear water, in the visible wavelength range (e.g. (Cavalli et al., 2009)). The difference in surface
roughness between water and floating vegetation can also be exploited for WHY detection using satellite-borne radar, as
shown for the Synthetic Aperture Radar-C on Sentinel-1 (Simpson et al., 2022). In many cases, machine-learning techniques
were employed to account for non-linear and unexpected relationships between variables (Bayable et al., 2023; Lin et al.,
2021; Piaser and Villa, 2023; Thamaga and Dube, 2018).

Previous studies on WHY used data from instruments with relatively high spatial resolution, but low overpass frequency,
such as Landsat or Sentinel-2 (overpasses every 5-10 days). In cases where instruments with daily overpasses were used,
e.g., MODIS in (Kleinschroth et al., 2021), the data were averaged on a monthly time scale. Considering the high spatial and
temporal variability of the species, the time resolution of these studies is not sufficient to track the rapid movements of
WHY. This emphasizes the need for the development of an algorithm to provide better temporal sampling of floating
vegetation.

We present the development of a straightforward, computationally light-weight algorithm to derive daily maps of WHY
cover of inland water bodies. The algorithm uses OLCI data to detect floating aquatic plants and applies a sophisticated gap-
filling method to yield daily, gap-free maps of WHY cover. The method was developed for Hartbeespoortdam reservoir,

South Africa, but can easily be adapted to other water bodies of sufficient size.

2. Data and methods
2.1 Study area description

The study was conducted in the Hartbeespoortdam reservoir (25° 43" 32" S, 27° 50’ 54" E) which is located in the North
West Province of South Africa (Fig. 1). The reservoir, in the following called “Dam?”, is fed by the Crocodile and Jukskei
rivers, covers an area of 19 km? and features a maximum depth of 45 m. The Dam plays an important role by providing
water for irrigation and to surrounding communities. In addition, the Dam is a major tourist attraction area, supporting

various recreational facilities, fishing and boat cruising. It is, therefore, a significant natural resource for economic
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development and supporting human livelihood. However, since the 1970s the Dam suffers strongly from the invasion of
floating plants, particularly WHY. Proliferation of the nutrient-loving invasive species is enabled by the influx of wastewater
and the consequent eutrophication of the reservoir. Numerous efforts have been made to remove WHY by mechanical,
chemical or biological means at considerable costs (e.g., (Kleinschroth et al., 2021) ), but these have not led to eradication of
the species. In highly eutrophic waters, the high proliferation rate coupled with long-term viability of WHY seeds makes
eradication nearly impossible; hence WHY are expected to remain present as long as lake nutrient levels remain high

(Coetzee and Hill, 2012).

South Africa

Legend

Railway
Roadlines
- Hartbeespoort Dam

Figure 1: Location of the study area, Hartbeespoortdam reservoir in South Africa (figure made using ArcGIS software).
2.2. Satellite data

Data used within the study are from the OLCI sensors on Sentinel-3 satellites A and B; the details of the data set are
presented in Table 1. OLCI was specifically designed for ocean-monitoring purposes, but is also very suitable for monitoring
of vegetation over land — albeit at a lower spatial resolution than dedicated land surface imagers, such as MSI on Sentinel-2
(Drusch et al., 2012). With two instruments in operation, OLCI observes locations near the equator with a near-daily
frequency.

OLCI level-1C data were obtained from the Copernicus Data and Information Access Service (WeKEO, www.wekeo.eu).

Table 1. Characteristics of OLCI on ESA missions Sentinel-3 (Donlon et al., 2012).
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Platform Sentinel-3

Instrument Ocean and Land Colour Imager
(OLCI)

Start of operations 2016 (3A) and 2018 (3B)

Overpass time (local daytime) 10:00 AM

Overpass frequency (equator) Every 1.1 days

Spatial resolution (IFOV at sub- 300 m

satellite point)

Bands 21 channels in VIS/NIR

Level 1-C (Top of Atmosphere , ToA)

Observation range 01-07-2022 to 31-12-2023

Total number of images OLCI-S3A: 303

OLCI-S3B: 280

2.3. WHYmapping algorithm

Daily maps of WHY coverage were derived from OLCI Level-1C radiances, which were analyzed using python scripts
written for the purpose. This section describes the algorithm used to derive daily WHY maps.

The identification of WHY in OLCI data relies on the Normalized Difference Vegetation Index, NDVI. The NDVI was
introduced to identify leafy green terrestrial vegetation half a century ago (Tucker, 1979), but it has only recently been
applied to the detection of aquatic vegetation. The distinct red-edge information included in NDVI makes it highly suitable
for distinguishing WHY from algal blooms (Cheruiyot et al., 2014; Dersseh et al., 2020; Fusilli et al., 2013; Gbetkom et al.,
2023; Kleinschroth et al., 2021), although the signal may be contaminated by signals from green algae or very still waters.
Other, vegetation indices have been suggested (e.g., (Villa et al.,, 2014)), yet here we make use of the NDVI due to its
applicability to a large number of sensors, its widespread use and its well-characterized behaviour (Huang et al., 2021). The

NDVI is calculated from OLCI L1C top-of-atmosphere (TOA) radiances according to the following equation:

_ Rai—Rao
Ny = Ra1tR)2 1

With Ry and R, the radiance at the wavelength bands A1 and A2 in the near-infrared and red spectral ranges, respectively.
Here, the NDVI is calculated from broad-band radiances in the near-infrared (bands 16-18 centered at 779, 865, and 885 nm)
for A1 and in the red range for A2 (bands 7-10 centered at 620, 665, 674, and 681 nm), following the settings used for OLCI
in the Copernicus Global Land Operations NDVI product (Swinnen and Toté, 2022).

From an inspection of MSI and OLCI RGB images it was found that WHY can be detected through a thin layer of clouds.

Hence, it is not desirable to use a strict cloud filter, as this could remove a considerable amount of useful WHY observations.

5
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Observations strongly affected by clouds, which could produce false negatives, were removed using a threshold based on
the ratio of reflectances in the blue (band 2) and green (band 4) spectral region. A “band ratio blue-green (BRzs)” is defined
for this purpose:

R ue
BRBG = —blue (2)

Rgreen
Clouds reflect radiation in the blue and green range equally, hence the presence of clouds in a scene causes BRgg values to
approach 1, which is the limiting case of scene completely covered by an optically thick, perfectly white cloud. Empirically
it was found that a threshold value of BRps = 1.2 was suitable to remove scenes where clouds dominated the observed
radiance to such an extent that WHY could not be identified. Hence, scenes where BRpg does not exceed 1.2 were considered
as either contaminated by clouds or otherwise unsuitable for further analysis.
After the computation of NDVI and BRp¢ from radiances, the data are gridded on a regular latitude/longitude grid with a
resolution of 0.0025°, which is about 280 m at this latitude, and thereby of similar magnitude as the resolution of OLCI. For
each grid cell, the degree of WHY cover (WHYindex, /wy) is determined according to NDVI thresholds as follows:
If Ny > Nyhieh [y = 2 (grid cell completely covered by plants)
If Ny > Ny'°%, but Ny < Nyhieh [y = 1 (grid cell partially covered or sparsely covered by plants)
All other cases: Iygy =0
where Ny"gh and Ny'°% denote two NDVI thresholds, as will be explained below.
If BRpg < 1.2, Iyny is set to -1, overriding other classification results. These gaps, i.e., Iwny = -1, are filled in at a later stage
(described in Sect. 2.5).
The NDVI thresholds are determined by identifying observations (1) completely covered and (2) completely free of WHY
from the L1C data, by referring to NDVI from the MSI sensor, as shown in Figs. 2A and 2B. The OLCI spectra of a number
of these observations were collected and averaged and are shown in Fig. 2C. From these, a set of synthetic spectra with
varying fractions of WHY cover (fyry) was calculated by assuming linear mixing of radiances, in a fashion similar to (Villa
et al., 2014). NDVI were computed from the mixed spectra and plotted as a function of fixy, as shown in Fig. 2D. The
thresholds Ny"¢" and Nv'°¥ were set at fizyzy = 0.75 and 0.5 and are indicated by dashed lines in Fig. 2. For the prototype
algorithm, the thresholds were determined from data of September 1, 2022, giving Ny"eh = 0.44 and 0.33 and Ny"°¥ = 0.35
and 0.24 for S3A and S3B, respectively. Differences in calibration between the instruments on Sentinel-3A and -3B cause a
difference in NDVI, therefore, the thresholds vary between the instruments.

The two upper panels of Figure 3 show the results for September 1, 2022.
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Figure 2. Steps in the determination of the WHY detection threshold. A. NDVI map from S3A OLCI data, 01/09/2022; B. NDVI
from MSI on Sentinel-2 on 01/09/2022; C. OLCI L1C ToA radiance spectra from selected points within the white (water) and
black (WHY) boxed regions indicated in panels A and B; D. NDVI dependence on WHY cover fraction of a satellite pixel for data
from OLCI on S3A and S3B, 01/09/2022. See the text for details.

2.4. Merged WHYmaps

Maps of Iyyy from both OLCI instruments are merged into a single, daily data set. On most days, only one of the instruments
viewed the scene, but roughly every week S3A views the Dam, 39 minutes after S3B. This happened, for example, on
September 1, 5, 16, 20, 24, and 28, 2022. On these days, a merged WHYmap is created by following the scheme presented in
Table 2. In general, if Iyy is the same for both instruments, that value appears in the merged map; in most cases where the
instruments disagree, the value is set to 1, unless one of the instruments yields /yay = -1. For example, if Iyry of S3A equals
2 and for S3B Iyuy = -1, the merged value equals 2; but the merged value is set to 1 if S3B detects Iyny = 1 or 0. The
resulting merged map for September 1, 2022, can be seen in panel C of Fig. 3. To retain the traceability of the data, a bit-
encoded source flag is created that indicates which OLCI instrument contributed to each merged grid cell: 1 and 2 for
Sentinel-3A and 3B, respectively; 0 for neither, and 3 for both. Hence, the map in panel E of Fig. 3 shows that most of the
observations were made by both instruments (source flag = 3, dark red color), with only a few scattered observations by S3A

only (light blue) or S3B only (yellow).
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Figure 3. WHY mapping product of September 1, 2022. A — WHYmap derived from Sentinel-3A; B — WHYmap derived from
Sentinel-3B; C — WHYmap obtained by merging the results in panels A and B according to Table 2; D — Daily, gap-filled, merged
WHYmap. E — WHYmap source flag; F — WHYmap interpolation flag. The colour bar for the upper four panels is shown at the
top of the figure, whereas the colour bars for the lower panels are shown beneath the respective panel.

2.5. Gap-filling strategy

Any missing values (i.e., /yny = -1) remaining in the merged WHYmaps are interpolated by taking the most frequent value
from neighboring grid cells. For each missing value in a WHYmap, an interpolation is performed according to the flowchart
in Fig. 4. The process is shown exemplarily for the shaded gridcell at the center of the 3x3 kernel shown on the top row of
Fig. 4: cell A. In the first step, the eight gridcells directly surrounding cell A of a missing value are evaluated (shaded cells in
the second 3x3 square). If at least half (i.e., four or more) of those contain valid entries, the median of those entries is
assumed to be the best approximation for cell A. If three or less neighboring entries are valid, the two neighboring time steps
(at -1 and #+1) are additionally evaluated. If this data set, shown schematically as the three overlapping 3x3 squares,
contains more than six valid entries, the median of those data is used to fill cell A. If there are not enough valid entries, a
climatological value is assumed for cell A. The climatology is the 28-day rolling median of a grid cell, considering valid

entries only (/wuy =0, 1 or 2), according to:
Lygy = My (t =t — 14) . Iypy(t =t + 14)) 3)

where M denotes the median over the valid /wmy values of a particular grid cell within the 28-day time period. At the edges

of the time series (the first or last 14 days of a data set) an asymmetric rolling median is calculated as follows:

1}713 = M(Iyuy (t = to) .. lypy (t =t + 14)) 4
or:
Tway = My (8 = t = 14) . Ly (= teng)) Q)

with 7 and ..« denoting the first and last time step of the data set, respectively.
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Figure 4. Flowchart of WHYmapping gap-filling process.

By applying the gap-filling process to each grid cell containing missing data, a gap-free set of WHYmaps is obtained at a
daily frequency. The origin of the gap-filled value can be traced back by referring to the interpolation flag (panel F of Fig.
3). The flag encoding is as follows:

0 — no interpolation

1 — value from climatology

4-8 — median value of neighboring grid cells in same time step

6-18 — median value of neighboring grid cells in neighboring time steps

The values 2 and 3 are not used, whereas both types of neighboring interpolations may yield an interpolation flag of 6, 7, or
8.

10
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3. Results
3.1. Daily WHYmaps from OLCI

The WHYmapping product contains six variables, as displayed exemplarily for September 1, 2022 in Fig. 3, when both
OLCI instruments observed the Dam. The top two panels show WHYmaps derived from the instrument on S3A (A, left), and
S3B (B, right). The location of the plants is similar in both panels, but S3A yields more grid cells classified as “WHY —
confident” compared to S3B. Panel C shows the merged product, with values missing in both instruments classified as
“unknown/missing”. These gaps are filled in the final algorithm step, of which the resulting “WHYmap Daily” is shown in
panel D. The lower left panel (E) presents the source flag, which shows which instrument observed the particular grid cell.
The meaning of the flags is: 1- S3A only; 2 — S3B only; 3 — S3A and S3B; 0 — neither instrument. The flag in panel F
provides information on the interpolation method, as described above.

On September 1, only few grid cells required interpolation, but on October 4, 2022, a large section in the western part of the
Dam was classified as “unknown”, because the BRpg did not exceed the threshold, indicating cloud contamination. Figure 6
shows the WHYmap derived from S3B (panel A) and the merged map (C) with a large number of gaps. Applying the
interpolation algorithm yields the map in panel E. The algorithm filled some of the smaller gaps with data from
neighbouring grid cells, but not the centre of the large gap in the western part of the Dam. The merged WHYmaps of the
days directly preceding and following October 4 contained valid data over most of the Dam (panels B and D), hence, the
remaining gaps were interpolated using the nearest neighbours in time, instead of reverting to the climatology. This can be
reconstructed based on the interpolation map shown in panel F: the region gap-filled in this fashion has an interpolation flag

of 9 or higher (panel F), as opposed to a flag of 1, which indicates the use of climatological values.

11
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Figure 5. Illustration of the gap-filling method for October 4, 2022. The WHYmap derived from Sentinel-3B data is shown in panel
A; merged WHYmaps of Oct. 3-5 are shown in panels B, C, and D; the gap-filled daily WHYmap, and the corresponding
interpolation flag for Oct. 4 are shown in panels E and F, respectively.

3.2. Evaluating the gap-filling strategy

The gap-filling method was evaluated by a leave-one-out type of analysis of a selection of the data set. This analysis entails
the removal of 1, 2 or 3 daily maps from a series of five, applying the gap-filling algorithm to the missing data, and
comparing the results with the original (reference) time series. The results are shown for three such analyses in Figure 6. In
the first column, daily (gap-filled) WHYmaps of the reference data set are shown for (top to bottom) August 12-16, 2022. A
large WHY patch is seen in the northern section of the Dam on August 12, which has increased its extent in a southward
direction on the following day. On August 14, the plants cover an appreciably smaller area in the East of the Dam on account
of wind (as shown in Fig. A6 in the appendix). In the following two days, the patch is seen to increase its surface area,
reaching the northernmost section of the Dam again on August 16. This short time series clearly illustrates the spatio-

temporal variability of the aquatic vegetation.
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Figure 6. Results of the leave-one-out type of analysis used to test the gap-filling WHYmapping algorithm. Each column shows the
gap-filled daily WHYmaps for August 12-16 resulting from: (first column) the reference data set; (second) the data set in which
August 13 was left out; (third) the data set in which August 13-14 were left out; and (fourth) the data set in which August 13-15
were left out. Data left out (and replaced using the gap-filling algorithm) are marked by an X.

The second column of Fig. 6 shows the series of maps obtained when the WHYmap of August 13 (marked with an X) is
replaced by missing values and subsequently gap-filled using the WHYmapping algorithm. In this series, the gap-filling
algorithm creates a map from the median of neighboring grid cells on August 12 and 14. The big change in spatial
distribution that occurred between August 13 and 14 causes the algorithm to misrepresent the situation on August 13, leading
to a difference in coverage fraction of 20%, or 3.8 km? (Table 3).

The third column shows the series of maps that result when a similar method is performed on a time series where both
August 13 and 14 are replaced by missing values. The WHYmap of August 13 is very similar to that of the preceding time
step, as the gap-filling algorithm used the merged WHYmap of August 12 to reconstruct the missing data. On August 14,

most of the missing data are replaced using the nearest-neighbour method (causing a high degree of similarity with August
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15), but a number of grid cells near the coastline are assigned values from the climatology, as they are missing in the merged
WHYmap of August 15.

The fourth column shows the resulting maps when the data of August 13-15 are removed. Again, the nearest-neighbour
strategy employed for the WHYmaps of August 13 and 15 can be clearly recognized by their similarity with WHYmaps of
neighbouring time steps. The WHYmap of August 14, however, is completely taken from the climatology, as nearest
neighbours are missing. The degree of agreement with the reference map is high, because the reference WHYmap of August
14 is similar to the climatology.

The results of the complete leave-one-out analysis are summarized in Table 3, which presents the total WHY coverage of
the Dam (sparse and confident classifications) for the days August 13, 14 and 15 for each of the leave-one-out tests, with the
deviation from the reference (second row) given in brackets. As expected, the algorithm generally works better if
neighbouring maps (or the climatology) are similar to the missing data. This is evidenced by the lower performance of the
gap-filling algorithm on Aug. 13 (Table 3, second column) on account of the low similarity between the WHY coverage on
that day compared to Aug. 14 and the climatology. In contrast, leaving out one day of data causes the fractional coverage on
Aug. 14 and 15 to be overestimated by less than 10% (rows 3, 4 and 5). Leaving out more days only causes a discrepancy
higher than 10% for August 14 (light blue box in Table 3). As mentioned, the good agreement on August 14 in the leave-
three-out series (less than 1 km? difference with the reference) is due to the somewhat coincidental high similarity between
the climatology and the observation.

Table 3. Total WHY coverage (in km?; total Dam area: 19 km?) in the interpolated WHYmaps created within the leave-one-out
type analysis. Values in parentheses denote the deviation from the reference maps (second row); deviations larger than 10% of
Dam area are shaded light red or light blue (for smaller and larger values, respectively) and a darker shade of red for the
deviations larger than 20% of Dam area.

Leave-out scheme August 13 August 14 August 15
Reference 6.65 2.66 3.23

Aug. 13 left out 2.85 (-3.80) 2.47 (-0.19) 3.23 (+0.00)
Aug. 14 left out 6.46 (-0.19) 4.18 (+1.52) 2.85(-0.38)
Aug. 15 left out 6.65 (+0.00) 2.28 (-0.38) 3.80 (+0.57)
Aug. 13-14 left out 3.80 (-2.85) 1.71 (-0.95) 2.85(-0.38)
Aug. 13 and 15 left out 2.85(-3.80) 2.09 (-0.57) 3.80 (+0.57)
Aug. 14-15 left out 6.46 (-0.19) 5.89 (+3.23) 3.61 (+0.38)
Aug. 13-15 left out 3.80 (-2.85) 1.71 (-0.95) 3.61 (+0.38)
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3.3. Use case: Monitoring of WHY in Hartbeespoortdam Reservoir

The daily WHYmaps can be used to monitor WHY proliferation, as shown in Fig. 8. But to illustrate the added value of the
proposed interpolation scheme, we first present the time series of merged (not yet interpolated) WHYmaps in Fig. 7. The
main panel depicts a stacked bar chart containing the fraction of grid cells classified as “WHY sparse” (green), or “WHY
confident” (yellow). Grey bars indicate days without Sentinel-3 overpasses. In the upper panel, the fraction of grid boxes
with valid Iyry (between 0 and 2) is shown as a black line. For reference, the grey bars showing days with no overpasses
extend into the upper panel. According to Fig. 7, the fraction of the Dam covered by WHY varies appreciably throughout the
year: the time series shows a first clear peak in September 2022, followed by a period of high variability and three strong
peaks in January, March and April 2023. Between May and October 2023, the Dam is mostly free of WHY, after which the
coverage starts to increase again to about 40% of the water surface at the end of the year.

The grey bars indicate that there are roughly 3-4 days every month on which neither S3A nor S3B views the scene. These
days (naturally) coincide with a fraction of 0% valid observations (top panel, black line). But there are an appreciable
number of data gaps that do not coincide with observation-less days, for example in February 2023 — apparently in the
middle of the peak WHY season. On these days, the lack of observations is due to cloud cover. A check of MSI images in
that time period confirms that thick clouds regularly obscure the view of the Dam partly or completly. For this reason, the
time series displays large gaps from Feb. 8-15, 17-19; and only few valid observations on Feb. 16, 22 and 23 (see also Figs.
A1-A4 in Appendix A).

| TP IRV T
. “ |
H ” \, ‘l

Figure 7. Observed fraction of the Dam covered by aquatic plants for days between July 1, 2022 and December 31, 2023. Lower
panel: stacked barchart depicting the fractional coverage by WHY (yellow) and sparse WHY (green). Grey bars indicate days
without Sentinel-3 overpasses. Upper panel: fraction of grid cells with valid observations (black line) and days without satellite
overpasses (grey bars).
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The WHYmapping interpolation scheme was developed to create a consistent time series with daily resolution, hence
without the gaps featured in Fig. 7. The stacked bar chart in Fig. 8 depicts the time series obtained by plotting the fraction of
WHY determined from the daily interpolated WHYmaps. In general, as expected, the coverage of both sparse and confident
WHY increased due to the gap-filling: after interpolation, the number of days with WHYmaps increased from 353 to 549
after interpolation (56% increase). Yet the main features — the peaks in the first half of the time series, the near-zero fractions
from May-October 2023, and the peak at the end of the time series — remain clearly visible, and more smooth. In particular,
the data gap in February 2023 appears to be consistently filled, and the number of days with WHYmaps increased from 9 to
28 after application of the interpolation scheme. How the algorithm handled the time period February 6-25 can be seen in the
WHYmaps and flags presented in Figs. A1-A4 in Appendix A.
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Figure 8. Interpolated daily fraction of the Dam covered WHY (yellow) and sparse WHY (green) for days between July 1, 2022
and December 31, 2023.

The pattern of WHY cover in Fig. 8 follows a seasonal cycle, peaking at the end of the warm wet season (October-April).
Daytime temperatures are between 20°C and 30°C on average during this season, which is optimal for WHY growth. The
rapid decline in floating vegetation cover in May might be due to the cold night temperatures, which regularly drop below

10°C, under which WHY ceases to grow (Coetzee et al., 2017; Wilson et al., 2005).

4. Discussion

The high variability of WHY occurrence makes daily monitoring a requirement when assessing prevention and removal
strategies. Yet, despite numerous studies using satellite remote sensing to detect WHY, an algorithm to derive daily maps for
systematic monitoring of WHY cover has not yet been presented. Our WHYmapping algorithm addresses this need and can
be used by water managers to assess the effectiveness of management strategies or by scientists to investigate causes and

effects of WHY in a systematic fashion.
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The WHYmaps created by applying thresholds to NDVI data from OLCI on Sentinel-3A and 3B contain gaps; even after
merging the data of both platforms. The gaps are due to missing observations (grey lines in Fig. 7) and to data points flagged
as possibly contaminated by clouds. To fill these gaps, a strategy is adopted here that is similar to the post-processing step in
the TROPOMI surface albedo algorithm. The step makes use of nearby “donor cells” to fill gaps caused by persistent cloud
cover (Tilstra et al., 2024). Applying the gap-filling algorithm to WHYmaps leads to a more complete, consistent timeseries,
as shown in Fig. 8. From the evaluation of the gap-filling algorithm in Section 3.2 we find that gap-filled maps are in good
agreement with the actual observations if there are no sudden changes in WHY cover patterns — as may be expected for an
algorithm that relies on continuity. A more accurate gap-filling may be achieved by explicitly modelling the evolution and
propagation of floating vegetation, e.g. by taking into account drivers affecting the position of WHY (water currents, wind
speed and direction) and parameters affecting growth (temperature, nutrient concentration) (Coetzee et al., 2017). The
development of such a process-based (hydrodynamical and biochemical/physical) model is not within the scope of this
study; however, the timeseries created by our algorithm may, when correlated with abovementioned parameters, aid the
calibration or boundary condition definition of such a model. This could support the identification of drivers and enable the
parameterization of their effects, thereby laying the foundations for future process-based modelling efforts.

The main patterns of WHY cover on the Dam can be explained by the effects of temperature on plant growth (Section 3.3),
in agreement with previous observations (Dersseh et al., 2020; Janssens et al., 2022; Kleinschroth et al., 2021). But on a
shorter timescale WHY and other floating aquatic vegetation are strongly affected by wind and currents. Moreover, removal
actions, such as the introduction of specific herbivores or spraying of herbicides affect WHY strongly and may cause sudden
changes in the pattern. Some of these effects appear as high-frequency variations in the time series. The effects of the wind
direction change between August 13 and 14 is clearly seen in the first column of Fig. 6: whereas WHY was detected on the
North and center of the Dam on August 12 and 13, the wind had pushed the plants to the eastern shore by the time the
satellite passed over on the morning of August 14.

The time series of daily WHYmaps of the presented prototype algorithm currently spans eighteen months. The algorithm is
relatively light-weight and can be easily applied to longer time series with larger datasets. One limitation at present is the
manual determination of NDVI thresholds, which relies on expert knowledge. This part of the algorithm should be
automated before it can be applied on a global scale.

The prototype algorithm uses Level-1C data to be independent of the Level-2 quality filters, which are considered too
conservative for our purposes, particularly the cloud filter. This means that TOA radiances, uncorrected for atmospheric
effects, are used to calculate the spectral indices (NDVI and BRgg) and their respective thresholds. As the indices are the
ratio of radiances in two wavelength bands, the effects of viewing and solar angles essentially cancel out; but this is not
always the case for atmospheric effects, such as a large aerosol load (Huang et al., 2021). A potential improvement to the
algorithm could be the inclusion of atmospheric correction (AC) as a first step.

While AC might enhance the consistency of WHY detection thresholds between Sentinel-3A and Sentinel-3B, its impact on
the overall results is not guaranteed and may vary depending on the viewing-illumination geometry and atmospheric load of
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aerosols. Nevertheless, the use of TOA radiance remains appealing due to its simplicity, computational efficiency, and global
availability, making it particularly suitable for scalable applications and rapid prototyping.

The introduction of the BRgg threshold allows the removal of thick clouds that have an appreciable effect on observed
radiances. Pixels identified as cloudy by this threshold are assigned a fill value. Thin or partial clouds may not be detected in
this manner, which is intentional, as the strong spectral response from floating plants makes it possible to identify them even
under mildly cloudy conditions, increasing the number of valid observations appreciably.

During a field visit in October, 2022, it became apparent that the Dam was covered in plants — but only a fraction of those
were WHY. The plant covering most of the Dam on that day, giant salvinia (Salvinia molesta), could be observed in the
satellite images as well as WHY itself, therefore the WHYmapping algorithm can be considered useful to monitor other
floating aquatic species as well. Nevertheless, there are reasons to investigate both species separately, and we are exploring
the possibility of using Sentinel-2 and -3 data to discriminate between WHY and giant salvinia.

We are currently applying the WHYmapping algorithm to the complete OLCI time series (2016-2025) to investigate how
WHY reacts to herbicide spraying on the Dam. The time series of WHYmaps will also allow a systematic study of various

management strategies and environmental effects on WHY.

5. Concluding remarks

The presented algorithm offers a simple, computationally efficient, and globally applicable solution by utilizing Top-of-
Atmosphere (TOA) reflectance data to map floating vegetation. The novel interpolation scheme increases the number of
observation days by >50%. The algorithm’s adaptability to different geographic regions is supported by its use of satellite-
derived thresholds; however, this process still relies on expert input. Automating threshold selection will be essential for
scaling the method to broader applications and enhancing its usability across diverse environments.

By running the algorithm on a cloud-computing server with direct access to satellite data, such as the EOAFRICA
Innovation Platform or the Copernicus Data Space Ecosystem (https://dataspace.copernicus.eu/), users do not require
expensive hard- or software, or even large-bandwidth internet connections. This allows the use of the algorithm by scientists
in the tropical and sub-tropical regions that suffer most from water hyacinth invasions, and who might have limited access to

computing power and/or funding.

Appendix A

The following four figures (A1-A4) show the timeseries of WHYmaps to illustrate how the interpolation (gap-filling)
algorithm handles missing data over a large number (>3) of consecutive days. In the first column, the merged WHYmaps
(data from both Sentinel-3 platforms) are shown for five consecutive days per figure. These contain gaps indicated in dark

blue. The second column shows the daily WHYmaps, where missing data have been replaced by the gap-filling algorithm.
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The third column displays the sourceflag, which encodes the source of the values in the merged WHYmap: 1, 2 and 3
indicate satellite data as the source, whereas a flag of 0 indicates no overpass (see Sect. 3.1 for details). For example, on Feb.
405 7, the sourceflag indicates that all valid data in the merged WHYmap comes from Sentinel-3A (sourceflag = 1); on Feb. 8,
there was no satellite overpass (sourceflag = 0) and on Feb. 9, data came from Sentinel-3B (sourceflag = 2). Note that due to
the size of the OLCI footprint, grid cells along the coastline are often not observed. The fourth column shows the
interpolation flag, which indicates how many grid cells are used for gap-filling. The value ranges from 0 (no gap-filling) to 1
(gap-filling from climatology), 4-8 (gap-filling by nearest neighbors in place) and 6-16 (gap-filling by nearest neighbors in
410 space and time). The data missing on Feb. 8 was mostly replaced by data from nearest neighbors in space and time, as
indicated by the interpolation flag of 9 and higher. On Feb. 9, the whole map was filled from the climatology, as no nearest

neighbors were available.

Feb. 6-10, 2023
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Figure Al. Timeseries of WHYmaps for (top to bottom) Feb. 6-10, 2023. From left to right, columns show: merged WHYmaps
415 (observations of S3A and S3B combined); daily WHYmaps (after interpolation of missing values); map of sourceflags; map of
interpolationflags.
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produced within the study, after final revision of the paper. Sentinel-2 MSI and Sentinel-3 OLCI radiance data are freely
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