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Abstract

In the Northern Ethiopia, Lake Tana has serious problems related to the alien water hyacinth invasive weed. The weed
species grows in and swims over water and expands very quickly. The purpose of this study is to detect the spatiotemporal
trend of the weed during 2013, 2015 and 2017. Landsat 8 satellite images captured in December were used to assess the
rate of expansion of the water hyacinth. Training samples were collected for supervised classification of the satellite images
and accuracy assessment. Image preprocessing and image enhancement was carried out before classification. The
expansion and distribution of the water hyacinth was analyzed using decision tree and maximum likelihood classification
techniques. The classification accuracy assessment result for 2017 reported 99.5% overall accuracy and 98% of kappa
coefficient. The result depicted that in 2013, water hyacinth coverage was very small in its coverage and was estimated to
be 112.1 ha (0.17%) of the study area. In 2015, the coverage of the weed showed little significant change as of 2013 and
grew up to 168.7 ha (0.25%). However, after two years, its aerial coverage was dynamically expanded to 1512 ha (2.25%)
of the study area in 2017. The result indicated that there was rapid expansion of the weed species from 2015 to 2017s. The
coverage increased by 50% in the period between 2013 and 2015 and by 82% in the period between 2015 and 2017. Since
the expansion of the weed is extremely fast and endangers the existence of the water, appropriate intervention mechanisms
should be urgently introduced.
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Introduction

Water hyacinth is a plant which expands very fast and
claimed to be indigenous to the Amazon basin (Barret and
Forno 1982; Piyaboon et al. 2016). It is a plant which
causes conservation challenges and socioeconomic prob-
lems due to its fast growth and horizontal expansion. It has
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been known for introducing major problems to stream flow,
navigation and recreational activities and causes disruption
to aquatic systems (Téllez et al. 2008). The water hyacinth
is also known for disrupting aquatic ecosystems and
habitats by mainly adversely affecting water quality,
causing tropical diseases to aquatic creatures. Water hya-
cinth is most widespread and damaging aquatic plant spe-
cies identified as toxic plant in some African countries
(UNEP 2013). Threats caused by invasive alien species like
water hyacinth, such as biodiversity, deteriorating water
quality, economic development and human well-being, are
not easily managed and difficult to reverse (UNEP 2013). It
is described as the most troublesome weed worldwide as
well (Ndimele et al. 2011). Sometimes, it brings about a
decline in dissolved oxygen causing a death of significant
number of fish and other aquatic life (Téllez et al. 2008).

Ethiopia, though known as having huge water resources
(Goshu et al. 2010), mainly depends on inland water
resources. Lake Tana, the largest lake in Ethiopia, accounts
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for 52% of the inland water surface area and 33% of the
total volume of inland water resource (88 billion m?)
which is more than half of inland water resource of the
country (Goshu et al. 2010). However, recently the lake is
being threatened by many problems, such as poor waste
management and/or pollution, silt load and the occurrence
of invasive alien species like water hyacinth (Eichhornia
crassipes). Currently, expansion of water hyacinth is
among the most prominent threats of the lake which is
getting a wide media coverage and concern (Fig. 1).

According to Asmare (2017), water hyacinth incidence
in Lake Tana was recognized in 2011. Starting from its
recognition, it continues to flourish year after year. Even if
several efforts have been made by different parties to
control and eradicate the plant, it has become difficult to
manage it. In order to control aquatic weeds and managed
lakes effectively, comprehensive and accurate long-term
water quality monitoring programs are needed and
accomplished systematically (Hestin et al. 2008; McCul-
lough et al. 2012; Lugo et al. 1998). For the last 5 years,
several actions are undertaken by different bodies, gov-
ernmental, non-governmental and local communities to
tackle the expansion of the weed, yet it regenerates and
expands year by year despite these efforts.

Understanding the expansion and seasonal and annual
variation of water hyacinth is important for managing and
maintaining lake ecosystem balance (Julien et al. 2001;
Villamagna and Murphy 2010). Similarly, understanding
the spatial distribution and configuration of aquatic plants,

Fig. 1 Water hyacinth invasion
of the Lake Tana, Northern
Ethiopia
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such as water hyacinth, is important for proper manage-
ment and sustainable monitoring of lake water (Rai and
Munshi 1979; Rommens et al. 2003; Brendonck et al.
2003). However, due to various reasons, such as lake
inaccessibility, shortage of finance and human capacity, it
has become difficult to obtain information on the spatial
distribution, configuration and evolution of aquatic plants
in less developed countries like Ethiopia (Dube et al.
2017).

Different studies were carried out in the area regarding
the increasing expansion of the weed and give recom-
mendations on the monitoring methods. According to Adgo
et al. (2016), if the expansion of the water hyacinth con-
tinues, particularly toward the southern part of Lake Tana,
it is highly probable that it invades the Blue Nile River
from its source and hence the Great Ethiopian Renaissance
Dam (GERD) reservoir. On the other hand, Asmare (2017)
studied that the presence of water hyacinth affects the
fishing environment, which results in a negative impact on
the living communities; this in turn will impose an adverse
effect on sustainability of the lake and the country as a
source of transportation, recreation and source of fish.
Despite the severity of the expansion, its spatiotemporal
distribution, the extent and trend of expansion of the weed
are not well known except recent wide media coverage.
The spatial extent and the rate of expansion of the water
hyacinth needs to be investigated.

Hence, the aim of this study was to detect the spa-
tiotemporal distribution and expansion of the water
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hyacinth in the northeastern part of Lake Tana, Northern
Ethiopia. The outputs of the study will be important for
decision makers to understand the spatiotemporal dynam-
ics of the weed and have an implication for better moni-
toring and intervention activities. The findings of the study
will also be useful for future lake resource planning and
water quality monitoring in the country.

Methodology
Study Area

Lake Tana is located in the basaltic plateau of northwestern
highlands of Ethiopia with 11° 35’ N to 12° 17’ N and 36°
59" E to 37° 37" E (Fig. 2). It is a highland fresh water lake.
It is also the largest lake in Ethiopia and the third largest
lake in the Nile basin (Kebede et al. 2006), with around
3032 km? area coverage and with a mean elevation of
1800 m.a.s.l. It is approximately 80 km long and 68 km

wide and has a shoreline length of around 427 km, with a
mean of 9 m and maximum of 14 m depth (Ligdi et al.
2010; Vijverberg et al. 2009; Lemma et al. 2017). It is the
shallowest highland lake in the country. It has an elevation
of about 1785 m a.s.l. (Poppe et al. 2013).

The areas around the lake are pre-dominantly farmlands
used for crop cultivation. It is bordered by a flood plain of
the Gumara and Rib River in the east and the Megech River
in the north (Lemma et al. 2017), whereas in the west and
northwest, it is surrounded by mountainous areas that do
not rise more than 2000 m a. s. 1. edges of the lowlands
beyond it in the west. The major soils of the Lake Tana
basin include Chromic Luvisols, Eutric Cambisols, Eutric
Fluvisols, Eutric Leptosols, Eutric Regosols, Eutric Verti-
sols, Haplic Alisols, Haplic Luvisols, Haplic Nitisols and
Lithic Leptosols (Heide 2012).

In terms of climate, Lake Tana, including northeastern
parts, is characterized by bimodal rainfall distribution with
a main rainy season from June to October and small rainy
season from February to March. The long-term mean
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Fig. 2 Location of the study area
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rainfall of Bahir Dar, Debre Tabor and Gondar meteoro-
logical stations ranges from 680 to 2400 mm (Sisay et al.
2016). The mean annual rainfall (2006-2013) is
16002400 mm in the south, 1250-1500 mm in the east
and below 1100 mm in the north and west (Lemma et al.
2017) of Lake Tana. Temperature varies between 6 and
30 °C. The annual lake level fluctuates with an average of
level of 1.5 m. The minimum level takes place in June (end
of the dry season), whereas it reaches maximum level in
September (end of the rainy season). The lake is charac-
terized by warm climate with 1564 mm mean annual
rainfall; the highest rain receipt happens between July and
August (Goshu et al. 2010). The water temperatures varies
slightly, the lowest temperature recorded in January and the
highest in May, and declines through the rainy season
between July and August (Ligdi et al. 2010).

Lake Tana is fed by seven permanent and 40 seasonal
rivers. The main feeders are Gilgel Abay, Gumara, Rib and
Megech which contribute more than 90% of the inflow
(Kebede et al. 2006; Dessie et al. 2014). The study site is
part of the Megech watershed which drains to the lake in
the northeastern direction. The Blue Nile River in the
southern part is the outlet of the lake.

According to Heide (2012), about 3 million people live
in Lake Tana watershed, of which 89% are rural settlers
whose livelihood is dependent on agriculture. The econ-
omy of the region is mainly dependent on a subsistence
mixed agriculture, consisting of both crop production, and
livestock rearing like most of the Ethiopian highlands.
Fishery is an alternative source of livelihood of the local
communities living near to the lake.

For this study, the northeastern part of the lake is
selected deliberately based on the amount of water hya-
cinth coverage, ecological condition and accessibility. The
area is having more water hyacinth coverage as compared
to the other peripheries of the lake. Another best oppor-
tunity of the area is its accessibility. This is helpful for
taking samples and training areas and making timely
observations in the study area.

Materials and Methods
Satellite Image Acquisition

Three Landsat 8 satellite images with consecutive 2-year
difference (2013, 2015 and 2017) were used to assess the
rate of expansion of the water hyacinth cover in the last
5 years period (Table 1). Landsat 8 satellite images were
downloaded from the United States Geological Survey
Global Visualization Viewer (GloVis) (https://earth
explorer.usgs.gov/web-link). The downloaded Landsat
images were formatted as Geo-TIFF and projected to
Universal Transverse Mercator, World Geodetic System
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Table 1 Description of Landsat satellite images used

Satellite image Sensor Acquisition date Source
Landsat 8 OLI Dec 15/2013 USGS
Landsat 8 OLI Dec 21/2015 USGS
Landsat 8 OLI Dec 26/2017 USGS

The geometric correction was applied by the provider (USGS) with an
accuracy of 0.2 pixels

1984, and Zone 37. All scenes were from Worldwide
Reference System 2 Path 170, Row 52, and were selected
based on minimal scene cloud cover. The scenes that were
captured during the dry season were selected to reduce
confusion with the growth of seasonal grass and herba-
ceous plants. Closeness of the date of the scene to the date
of the actual field data collection was also taken into
account. The satellite images had 30 m spatial resolutions
(Ruelland et al. 2011).

Training Sample Collection

Field observation and/or training sample collection were
carried out for the image classification and accuracy
assessment. For a successful classification, sufficient
numbers of training samples were needed. The first step for
supervised classification is selecting training sites (Ismail
et al. 2009). In order to get good representative data for
land cover classification, the training data should be evenly
distributed over the study area in a random pattern. Hence,
training sites were decided and classified on the basis of
field observation supported with image interpretation.
Extensive field survey was carried out in the month of
December (similar to the time of image acquisition) to
record training data. Ground control points (GCPs) were
collected using a global positioning system (GPS) for each
land cover type. Along with training data collection, site
observations were carried out with transect walks, and the
observations were important for refining the training sites
and verification after image classification. In terms of
coverage, samples were collected from four major land
cover types, namely water hyacinth-covered areas, water
body areas, bare land/plowed areas and cultivated/shrub-
covered areas. According to Mather and Koch (2011), a
minimum of 30 points/features per class are needed for
supervised classification. Intensive field site survey was
carefully carried out to get a detail understanding of the
study area. A total of 120 training samples were collected,
30 training samples for each land cover class. According to
Hsiao and Cheng (2016), the accuracy of land use/land
cover classification highly depends on the amount of
samples and accuracy of training data used. These training
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data were used to discover potentially predictive relation-
ships between features, and they were inputs for classifying
as well as result validation/accuracy assessment. The
training samples comprised GPS readings and type of
coverage (land cover). Among the samples collected, two-
third were used for classification, whereas one-third of the
samples were used for validation (accuracy assessment).

Image Preprocessing

Radiometric and geometric corrections radiometric and
geometric corrections are mandatory for satellite images
used for change detection analysis (Caprioli et al. 2006).
Radiometric distortion is caused due to atmospheric effect
like seasonal change, sun illumination or sun elevation,
sun—earth distance, sensor failure or noise, etc. (Caprioli
et al. 2006; Paolini et al. 2006). The influences of sun
illumination are corrected by division of each pixel value
by the sine of solar elevation angle for a particular time and
location per spectral band. For the seasonal change, it
minimizes radiometric differences between images by
relative radiometric normalization process (Lillesand et al.
2008). It is also used for sensor failure or system noise
corrected by repetition of neighboring values or averaging
the line below and above, whereas geometric distortion is
caused mainly by orbital variation, relief variation and
projection system. It is necessary to geometrically correct/
rectify the imagery in order to prepare two or more satellite
images for an accurate change detection comparison
(Townshend 1992). The Landsat imageries are geometri-
cally corrected by the providers, and there was no need to
correct them for geometric distortion. The Landsat images
need to be corrected topographically and radiometrically to
better detect land cover changes (Liang et al. 2001; Mahiny
and Turner 2007; Zhang and Li 2011; de Mielenaere et al.
2014). Tomographic correction was not required as the
study site is a flat area with no significant topographic
effects. As Landsat 8 Level 2 imageries are used, atmo-
spheric correction was not required. The satellite images
are atmospherically corrected by the provider (USGS). But
these images need to be corrected for local solar angle.
Hence, the images were corrected for local solar angle
using the following formula (Ihlen 2019):

pi = pi'/sin0SE (1)

where p4 = TOA planetary reflectance; OSE = local sun
elevation angle; the scene center sun elevation angle in
degrees is provided in the metadata; 0SZ = local solar
zenith angle; 6SZ = 90°-0SE.

Similarly, haze correction was required to reduce haze
effects in the satellite images. For haze corrections, the
point spread method (Che-Yen and Chien-Hsiung 2002;

Demissie et al. 2015) with a 3 x 3 kernel method was
applied because the haze effect is very low in the imagery.
Image Enhancement image spectral enhancement is
important to improve the quality of a digitally stored image
to make it more interpretable Advanced image enhance-
ment also supports many filters for altering images in
various ways. One of the most usual problems related to
spectral behaviors of images is the mismatch in brightness.
Hence, in this study, the mismatch in the range of values of
an image was removed using image spectral filter tech-
niques (linear contrast stretching). Finally, the image was
more tonal and clear to interpret and carry out analysis.

Image Classification

Decision Tree Decision tree is one of the inductive
learning algorithms that generates classification tree based
on the “divide and conquer” strategy using the training
data/samples. Otukei and Blaschke (2015) compared
decision tree, with other classification techniques for land
cover change assessment using Landsat images, and found
decision tree methods performing better than others. In
addition, decision tree classification is simple and easy to
understand, relatively fast and gives similar or better result
to the other techniques. It is a predictive model that uses a
set of binary rules to calculate a target value. Hence, in this
study, the decision tree model was used to clearly separate
water hyacinth from other land cover types in the 2013 and
2015 images.

Training the classifier Developing a decision tree
requires supervised training data that consist of both
explanatory and response variables (de Colstoun et al.
2002; Zhou and Zhang 2013; Rouabeh et al. 2014).
Therefore, in this study, training data were taken to define
the classification structure using a statistical procedure.

In order to train the classifier, training sets that were
formulated from training data were used. Training data
(GCPs) collected in 2017 were used for classifying the
2013 and 2015 images using a decision tree technique. The
classifiers were trained using the sample training sets, and
the signature definition was developed for bands 1 through
7, as spectral value of Landsat images is highly variable in
this range of bands. Four training samples for each class
were used, and spectral values of each training sample
were averaged and used for decision tree classification. The
mean spectral signatures for classes, namely water bodies,
water hyacinth, bare land/plowing and cultivated lands/
shrubs, are shown in Fig. 3. The training data were also
used for classifying the 2017 image using a supervised
classification technique. Decision tree approach was not
required for the 2017 image as the training data are taken in
2017 and can directly be used in a supervised classification
technique.

@ Springer
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Fig. 3 Spectral signature of
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Defining class separability class separability was ana-
lyzed through spectral value of each class and feature space
plot (Gong and Howarth 1989; Chen and Stow 2002).
Spectral value of the classes was derived using ENVI 5.3,
and based on the result, bands with high separable class
value were selected to analyze the classification. Classes
with high separability, bands 1 and 5, were used for
classification.

Classification in the decision tree the classification has
an execution structure (Fig. 4). It starts at the root node,
and the decision rule decides to go left or right of the tree
branches where the classification process continues through
the appropriate branch. The tree consists of rules for taking
decision at every node.

B1 (costal) is the band used for initial binary classifi-
cation of the image, which is subsequently supported by B5
(near infrared) (Fig. 4). In the first node, B1 (costal) is used
to segregate plant-covered and non-plant-covered classes.
The second node again used B5 (NIR) to segregate the first
each two nodes into four independent classes. The plant-

Fig. 4 Structure of the decision
tree

Cultivated
/shrubs
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Band Number

covered node was segregated into cultivated/shrubs and
water hyacinth covered, whereas the non-plant-covered
nodes were segregated into water body and bare
lands/plowing areas as a final class.

Decision tree classification approach is helpful for
images in which land cover is not well known, but reflec-
tance value of the classes is known using current training
(field) data (de Colstoun et al. 2002; Zhou and Zhang 2013;
Rouabeh et al. 2014). Using this classification method,
spatially similar but different temporal resolution Landsat 8
satellite images were classified following similar approa-
ches. Hence, in this study, the decision tree was used for
classifying and analyzing water hyacinth coverage in 2013
and 2015. The two images, i.e., 2013 and 2015, are clas-
sified separately following similar approach as the images
were taken in two different times. Hence, a single signature
definition for each land class (as indicated in Fig. 3) was
used for the classification processes

yes
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Supervised Image Classification Maximum likelihood
classifier (MLC) appears to be the most commonly used
and accurate algorithm for supervised -classification
(Dewidar 2004; Ahmad 2012). In supervised classification,
training pixels were taken from different land cover classes
to determine the classes of unknown pixels. Supervised
classification requires the analyst to select training samples
from the data which represent the themes to be classified.
In supervised classification, the user selects representative
samples for each land cover class in the digital image,
which is called training sets. Pixels located within these
areas, called the training samples, are used to guide the
classification algorithm by assigning specific spectral val-
ues to a specific class (Srivastava et al. 2012). This clas-
sification technique is advantageous because it uses a
relatively small number of classes to determine the
appropriate land cover for each pixel. Supervised classifi-
cation technique with maximum MLC was employed to
obtain classified map of the year 2017. In maximum like-
lihood classification, the assumption is that each land cover
in each band is normally distributed and calculates the
probability that a given pixel belongs to a specific class
(Jensen 2015).

Post-Classification and Accuracy Assessment Post-classi-
fication is a part of classification which is used as a final
step in classification procedures. It helps to know the
accuracy or goodness of the classified images to the pur-
pose required (Congalton and Mead 1983; Story and
Congalton 1986). Accuracy assessment of the classified
maps was done for the classified image of 2017, which
have a ground truth data. Accuracy assessment for the 2013
and 2015 was not carried out. It is possible to produce
training data for these periods through image subtraction
method using the 2017 Landsat image (Annys et al. 2016).
But, due to small narrow stripes of the study site where the
land cover classes other than the water body are pre-
dominantly found, the subtraction method does not work
properly to extract unchanged areas. Accuracy assessment
is undertaken in ENVI 5.3 software by using “confusion
matrix using ground truth ROI” (Congalton and Mead
1983; Story and Congalton 1986). This method was
employed by pairing regions of interest (ROIs) with the
classes of a classified image to show what percentage of the
ROI pixels were or were not contained in a resulting class.
Classified image of the year 2017 and ground truth points
in the form of ROIs were the inputs for the accuracy
assessment result. The overall accuracy was described as
follows:

Over All Accuracy

__ Total number of correctly classified pixels

%100,
(2)

Another measure of classification accuracy is the kappa
coefficient. It estimates degree of agreement between test
data and the actual land cover classification and yields Khat
statistics. The values range between — 1 and +1, where
positive values indicate high accuracy of image classifi-
cation (Afirah et al. 2016):

P P
n Zi:l Xij — Zizl XioXoi
P b
n? — Zi:l XioXoi
where n = total number of pixels, P = number of class,

> xii = total number of confusion matrix, Y x;, = sum of
oW i, Y X,; = sum of column i.

Total number of pixels

Kappa(k) =

(3)

Local Community Discussion

In order to investigate the implication of the water hyacinth
invasion to the livelihood of the community living around
the lake, focus group discussion was conducted with dif-
ferent stakeholders who have a direct interest in the lake
water; focus group discussion was carried out with eleven
participants. Fishermen and farmers were participants of
the discussion. In the discussion, the discussants were
asked about whether or not water hyacinth is affecting their
livelihood positively or negatively. They were also asked
how invasive weed can be reduced or eliminated.

Results
Lake Water Body and Land Use Coverage in 2013

The classification results show that the proposed method
classifies each class correctly. In the year 2013, water
hyacinth was having very small coverage, consisting of
112.1 ha (0.17%) of the total study area, which is
67168.3 ha as indicated in Table 2. Whereas most of the
area (91.21%) was covered with water body, the periph-
eries of the lake were covered with the water hyacinth. The

Table 2 Study area coverage in 2013

No. Class Name Area (ha) Percent (%)
1 Water body 61262.35 91.21
2 Water hyacinth 112.14 0.17
3 Cultivated/shrubs/grassland 3462.97 5.16
4 Bareland 2330.81 3.47

@ Springer
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other command areas to the water hyacinth around the
periphery of the study site were cultivated/shrub/grazing
and bareland. The water hyacinth cover in the year 2013
was concentrated only in the northwestern peripheral part
of the study site. The rest of the marginal land of the site
was dominantly covered with cropland/grass, and bareland
as shown in Fig. 5.

Lake Water Body and Land Use Coverage in 2015

In the year 2015, the water hyacinth coverage was esti-
mated as 169 ha, which is 0.25% of the study area
(Table 3). As compared to 2013, its coverage increased by
46.6 ha, which is a 50% increment. According to these
data, a double water hyacinth cover was recorded in
2 years between 2013 and 2015. This is a very fast incre-
ment in a short period. This in turn indicates that such an
increase in water hyacinth coverage takes water surface
under its control in a very short period of time. Whereas
water bodies covered 89.44% of the area of the study site in
2015, a 1.77% decrease in water coverage is observed in
the study site. That is, out of the 1185.69 ha decrease in
water body, 56.6 ha were taken over by the water hyacinth.

Table 3 Study area coverage in 2015

No. Class Name Area (ha) Percent (%)
1 Water body 60076.66 89.44
2 Water hyacinth 168.75 0.25
3 Cultivated/shrubs/grassland 3471.72 5.17
4 Bare land 3450.53 5.14

The rest was converted to cropland/grassland. In 2015, fast
expansion of the water hyacinth was noticed in the eastern
part of the lake as can also be recognized in Fig. 6.

Lake and Land Use Coverage in 2017

In the land cover classification of the year 2017, 99.5% of
overall accuracy and 98% of kappa coefficient were
achieved. As is illustrated in Table 4, water hyacinth
covers 1512 ha (2.25% of the entire study site) in 2017.
Compared to the water hyacinth cover in 2015, it has
shown an increment by 1343.3 ha in 2017, which was
113.3% increment in 2 years period. This expansion of the
water hyacinth was mainly at the expense of both water

37°17'30"E 37°21'0"E 37°24'30"E 37°28'0"E 37°31'30"E 37°35'0"E 37°38'30"E
N

= z
3 2
e &
= z

o B
- o
e &
£ z

o 2
=3
N B
8 g
= z
£ 2
s g

Legend
- Cultivated/shrubs/grazing|
§ - Water Hyacinth %
Y [ water body B
Sl1o0 15 3 6 9 12 ~
O —— w— il meters - Bare land =t
T L} T T T T T
37°17'30"E 37°21'0"E 37°24'30"E 37°28'0"E 37°31'30"E 37°35'0"E 37°38'30"E

Fig. 5 Water hyacinth coverage in 2013
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Fig. 6 Water hyacinth coverage in 2015
Table 4 Study area coverage in 2017 study site. In 2013, the water hyacinth was confined in the
No. Class Name Area (ha) Percent (%) northwestern part of the study site. After 2 years again in
2015, new water hyacinth coverage emerged in the eastern
1 Water body 59877.58 89.15 part of the lake. Increasing its coverage, in 2017, high
2 Water hyacinth 1511.98 2.25 expansion was detected in almost every part of the study
3 Cultivated/shrubs/grassland 2221.60 3.31 site with more pronounced invasion in northeastern part of
4 Bare land 3555.46 5.29 the lake. This expansion depicts expansion of the water

bodies and cultivated lands. In 2017, high expansion of
water hyacinth was detected in almost every part of the
study site but more marked in northeastern part of the study
area (see Fig. 7).

Spatial Distribution of Water Hyacinth During
2013-2017

In the years between 2013 and 2017, the coverage of the
water hyacinth has increased from 112.14 ha to 1511.98 ha
(Table 5). This is a fast invasion of the weed over the lake
in 4 years. In the 4-year period, it has significantly
expanded its coverage by 13.5-fold, which was 1345%, by
this it increased its area from 0.08% to 2% of the entire

hyacinth and a decline in other land cover classes. A
decrease in coverage of 2.06% (in the lake) and 1.85% (in
cultivated land), and an increase by 2.1% of the water
hyacinth coverage were recorded from 2013 to 2017.

Discussion
Detection of the Water Hyacinth

Remote sensing data and techniques (such as decision tree
and supervised classification) allowed to separate water
hyacinth cover from other land cover types. Even though
course resolution satellite images were used because of
unavailability of high resolution satellite images, it has
been possible to clearly detect the expansion of the water
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Fig. 7 Water hyacinth coverage in 2017

Table 5 Overall change

detection of water hyacinth No. Land cover type

2013 to 2015 2015 to 2017 2013 to 2017

Area % Area % Area %
1 Water body — 1185.7 - 1.76 —199.1 —-030 — 13848 —2.06
2 Water hyacinth +56.60 +0.08 4+ 1343 + 2.0 + 1400 + 2.1
3 Cultivated/shrubs/grassland +875 +0.01 —1250.1 —1.86 — 12414 —1.85
4 Bare land + 1120 + 1.67 + 1049 + 0.2 + 1225 + 1.8

hyacinth in the lake. This was also achieved due to the fast
expansion and large area coverage of the water hyacinth,
which in turn makes it easily detectable in course resolu-
tion satellite images. The use of the decision tree approach
to classify has been a good approach to detect the water
hyacinth from other land cover classes. Related to the use
of remote sensing data, similar studies were done by
Rajapakse et al. (2006) in California Central Valley and
water hyacinth was successfully classified using decision
tree technique. Another study by Sharma et al. (2013) in
India concluded that nonparametric nature and non-sensi-
tivity to outliers classification are based upon proportion of
samples within spilt ranges and other properties of decision
tree classification methods which give a guarantee for a
better result. Land cover classification result of 2017 gave
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an acceptable accuracy of 99.54%, which was also con-
firmed by Foody and Mathur (2004); that careful selection
of the training samples can help to maximize the super-
vised classification accuracy. Hence, in the classification,
we were certain enough that the water hyacinth was suc-
cessfully detected clearly and differentiated from other
land cover classes, such as grasses, which have close
reflectance behavior to water hyacinth.

Water Hyacinth Invasion

When we look at the result, the land cover of 2013 indi-
cated that even if water hyacinth recognizably occurred
during 2011 for the first time in Lake Tana, its coverage
was small (Asmare 2017). The invasion and expansion
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were also very slow as was also learned from the local
people. Though it may have a polluting impact on the water
by allowing remains to settle to the bottom (Clayton 2009;
Mangas-Ramirez and Elias-Gutiérrez 2010), the weed
could have been controlled using simple preventive
mechanisms, such as mechanical clearing of the water
hyacinth using human labor (clearing by hand, as it is the
cheaper and easily available power) before it gets worse
expanding over a large area in the water.

It is noticed that the fast expansion of the water hyacinth
was toward cropland and the water body; however, its
expansion was more prominent toward the lake, as it
ecologically survives floating on water (Barret and Forno
1982). The second land cover that is a good environment
for its establishment is cropland. In the study area, reces-
sion farming is commonly practiced during the dry season
when the water of the lake retreats (Lemma et al. 2017).
During the rainy season, the land around the lake is also
used for rice production. This area has high moisture
content and is used for crop production during the dry
season. Hence, this part of the study area was suitable for
the expansion of the water hyacinth, leaving the cropland at
danger of weed invasion. On the other hand, other land
cover areas such as bareland are not affected by the weed,
which is unsuitable for the weed invasion. Similar studies
were conducted by (Verma et al. 2003) to compare water
hyacinth-covered areas on six lakes of India, and similar
results were observed: The expansion of the water hyacinth
is largely toward water bodies and wetlands or cropland.

The occurrence of the weed was more visible in the
northwestern part of the Lake Tana, but later its expansion
toward the water was highly distinct in the northeastern
part. This is perhaps related to the sediment delivery of the
two rivers (Gumara and Rib) in the northern and eastern
part of the lake (Lemma et al. 2017) which provides
comfortable condition (nutrients washed down from
farmlands and other land cover) for the weed in the lake
water, the practice of recession agriculture (rice production
in the rainy season) and production of other crops (mainly
maize) in the northern and eastern part of the lake. The
weed is highly prevalent in tropical and sub-tropical water
bodies, particularly fresh water bodies as saline water is not
suitable for its establishment (Mangas-Ramirez and Elias-
Gutiérrez 2010), where water nutrient concentrations are
often high due to agricultural runoff, deforestation and
insufficient wastewater treatment (Villamagna and Murphy
2010). Moreover, its increasing invasion may also be
related to the rise in temperature level due to climate
change in the surrounding areas of the lake due to defor-
estation and human intervention (Rodriguez-Gallego et al.
2004; Hellman et al. 2008; Rahel and Olden 2008). The
expansion of the water hyacinth in the northern and eastern
part of the lake may also be attributable to its ability to

outcompete native vegetation and phytoplankton and the
absence of consumers found within its native range such as
Neochetina eichhorniae Warner and Neochetina bruchi
Hustache (Wilson et al. 2005; Villamagna and Murphy
2010; Tang et al. 2019). However, this requires further
investigation.

Water Hyacinth and Implication to Livelihood

Water hyacinth invasion and its fast propagation in Lake
Tana have its implication on the livelihoods of the people
and ecological community. Incursion and coverage of
grazing land or farmland and disruption of boat transport
(which in turn reduces fishing) were the most prevalent
problems faced by the residents (Fig. 8). Water hyacinth
introduces challenges in water conservation and is also
causing socioeconomic problems in the surrounding com-
munity. It is also a threat in fresh water bodies by adversely
affecting water flow, navigation, recreation and mechanical
damages to hydroelectric machines (Téllez et al. 2008). It
is also responsible for drastic changes in the plant and
animal communities of freshwater environments and cau-
ses diseases that affect aquatic life in tropical areas. Sim-
ilarly, it has an adverse effect on fish production as it
aggravates a decrease in dissolved oxygen leading to death
of fish and other aquatic creatures (Téllez et al. 2008).

There are many ways of clearing water hyacinth from
fresh water bodies, such as mechanical techniques using
human labor and machineries, and biological techniques
(Cilliers 1991; Center et al. 1999; Julien et al. 2001). In
Lake Tana, due to the recent invasion of the weed, it is
getting wide media coverage. Besides, efforts are in place
to remove it. The removal of the weed from the lake is
undertaken using mass mobilization by hand and
machineries. But this method is not working properly, as
the discussants also confirmed, because the expansion of
the lake after 2015 (as the result in this study also indicates)
is very fast and covers large area in the lake and the sur-
rounding wetland/cropland. Hence, its implication to the
livelihood of the farmers and the fisher men is obviously
devastating.

If the expansion of the water hyacinth continues, there is
no reason for the whole lake to be invaded by the weed.
Hence, clear plans of management and monitoring with
short-term and long-term strategic actions have to be set.
As some authors (e.g., Lu et al. 2007; Martinez-Jimenez
and Gomez-Balandra 2007) suggested multi-scale long-
term monitoring and research, integration among different
control techniques, combination of control with utilization
and landscape-level adaptive management techniques are
required. Moreover, changing the water hyacinth into
economic advantage has to also be thought of as there are
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Fig. 8 Expansion of the water r
hyacinth toward the lake and |
croplands/wetlands that are used

for rice production during the

rainy season and other crop

production during the dry

season

various same experiences worldwide (Gunnarsson and
Petersen 2007; Gupta et al. 2012; Ganguly et al. 2012).

Conclusion

It can be concluded that remote sensing is a very useful
means for establishing a cheap effective method for the
monitoring water body dynamics, such as water hyacinth
expansion and distribution. Water hyacinth coverage has
shown significant expansion for the years between 2013
and 2017. With 5-year interval, the amount of coverage
increased from 112 to 168 ha and then to 1512 ha. Beyond
its size of coverage, the weed is spreading toward north-
eastern part of the study area. Specifically, the result shows
that its coverage and expansion are increasing very fast
toward the lake as compared to other coverage types,
which is dangerous for sustainability of the lake. Generally,
remote sensing images are a vital free source material used
to control the spatial and temporal distribution of water
hyacinth in northeastern part of Lake Tana. In addition,
satellite images are crucial for lake management related to
invasive species in order to understand the dynamics of
their growth and expansion. Satellite imagery is one of the
main resources to monitor change detections, especially,
new-generation Earth observation satellites such as Land-
sat 8 can be obtained freely, and coverage maps can be
produced in a good temporal resolution. Temporal and
spatial analyses of water hyacinth coverage help water
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resource planners and decision makers to improve water
resource management standards.
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