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Abstract: Urban expansion substantially alters the impervious areas in a catchment, which in
turn affects surface runoff and sediment yield in the downstream areas. In this study, the Land
Transformation Model (LTM) was used to forecast the urban land expansion in a catchment,
whilst future land use maps were employed according to the Soil Conservation Service Curve Number
method (SCS-CN) and the Modified Universal Soil Loss Equation (MUSLE) model, so as to examine
the urbanization effects on runoff and sediment yield production respectively. Compared to pristine
conditions, urban land is anticipated to increase from 6% in 1979 to 31% by 2027. The latter expansion
pointed to an increase of peak discharge by 2.2–2.6 times and of flood volume by 1.6–2.1 times,
with the sediment yield ranging between 0.47 to 1.05 t/ha for the upcoming 2027 period. Furthermore,
the urban sprawl effects on all the latter variables were more profound during short duration
storm events. Forecasting urban expansion through integrated artificial neural networks (ANN)
and geographic information system (GIS) techniques, in order to calculate the associated design
storm hydrograph and sediment yield, is of great importance, in order to properly plan and design
hydraulic works that can sustain future urban development.
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1. Introduction

Since 1950, the global urban population has rapidly increased from 751 million to 4.2 billion in
2018 and by 2050 two thirds of the world’s population is expected to live in urban areas [1]. The same
pattern is evident in Europe too, since almost three quarters of the European population lived in an
urban area in 2015, whereas no more than half of the European population was living in an urban
area in 1950 [2]. Moreover, the urban population in the US has grown by nearly 500% since 1910,
while the rural population has grown by only 19%; in 2010, 81% of the U.S. population was considered
to be urban [3]. In Greece, which has suffered greatly due to eight hard years of economic recession
and although employment rates are higher in rural rather than urban areas, nevertheless 79.1% of its
population is still living in urban areas [1,2].

This global rapid urban population growth trend is associated with an accelerated urban sprawl,
which may offer certain important benefits to the urban population in terms of higher employment
rates, better infrastructure and a higher income but is also associated with some adverse effects on
the environment and on natural resources. Due to the urban sprawl, the mean annual surface air
temperature in cities has been undergoing excessive warming [4], the habitat potential and biodiversity
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have been negatively impacted by the degree of urbanization [5] and the hydrologic cycle and in stream
process have been altered [6]. These changes could seriously impact the mountain rivers sediment
production and transport [7] with significant changes in the bed morphology [8] and floods with a
high content of transported sediments and debris floods can occur [9]. Moreover, the temporal and
spatial scales of these phenomena may vary greatly during intense precipitation events with respect to
normal conditions [10].

In recent decades, a water budget or hydrologic model have been commonly utilized [11,12]
to evaluate the effects of the recorded urban expansion on the hydrology of catchments, so as to model
the effects of different land use change scenarios on runoff and sediment yield [13,14]. However,
since land use planners and policy makers are more and more interested in predicting urban expansion
and its effect on natural resources, much of the research in recent years has focused on the coupling of
hydrologic models with sophisticated spatial land use change (LUC) models, that are able to project
LUC changes in the near future. LUC models can be used as tools for studying the human effect on the
Earth’s surface and to forecast land change into the future [15].

LUC models use a variety of techniques, including linear extrapolation, suitability mapping,
genetic algorithms, neural networks, scenario analysis, expert opinions, public participation and
agent-based modelling, in order to produce a prediction map for the near future [16]. However,
there are three main stream approaches for LUC models: models which rely primarily on economic
models and data [17–19], models that rely equally on multiple approaches and data to determine cause
and effect relationships [20–22] and models that are role-based analyses, where a norm is established
to allocate LUC-related impacts [23–26].

The objectives of the present paper are: firstly, to use three reference land use maps of the Elaionas
catchment for the years 1979, 1996 and 2007 in the Land Transformation Model (LTM) [27,28], so as to
forecast the urban sprawl for the year 2027; secondly, based on both the recorded land use changes
and the future urban sprawl scenarios developed by the LTM, to examine the effects of current and
future urban expansion on the design hydrograph, and, thirdly, to estimate the impact of urban sprawl
on the associated sediment yield generated by the latter storm events.

The Land Transformation Model (LTM) used for forecasting future LUC was created by the
Human-Environment Modelling and Analysis Laboratory of Purdue University [28] and is based
on the coupling of an Artificial Neural Network (ANN) with a Geographic Information System
(GIS), in which the latter was used to provide the inputs for the ANN. Although there are many
machine learning models such as extreme learning machine, support vector machine, adaptive
neuro-fuzzy inference system and deep learning models the ANN was selected in this study because
the LTM predefined tool box is broadly used worldwide so as to forecast land use evolution [29].
These inputs are used to train and test the neural network in order to generate a numerical solution
between the input and the output, expressed as a future urban area prediction map for the year
2027. The hydrologic response of the catchment to urban sprawl, in terms of observed changes in the
design storm hydrograph, is modelled through the usage of the popular Soil Conservation Service
(SCS) Synthetic Unit Hydrograph (SUH) method [30], whereas the synthetic unit hydrographs were
provided by applying the SUH theoretical framework methods and not from the utilization of any
commercial software, such as the Hydrologic Modelling System (HEC-HMS) [31] or the Catchment
Modelling System (WMS) [32]. Finally, the Modified Universal Soil Loss Equation (MUSLE) model [33]
was chosen so as to calculate the associated sediment yield volume that was produced due to the
aforementioned design storm events. The efficiency of the MUSLE model in estimating design storm
related sediment yield has been proven by several international studies, through the comparison of
sediment yield values that were measured and predicted using the MUSLE model [34–36]. Although
that the MUSLE model has provided good results in many areas throughout the world, limitations of
such equation are that local deposition is not explicitly taken into account, as well as that it has been
applied here in a context that is different from that for which it has been developed [37].
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This approach of coupling a dynamic land use change (LUC) model with a hydrologic model
has been used by various other researchers in an effort to make estimations regarding the effect of
future land usage scenarios on the hydrologic cycle. Tang et al., (2005) use the LTM model to predict
future land use changes in the U.S. Muskegon catchment and to forecast and assess the impact of
the predicted land use changes on long-term runoff [38]; Wayland et al., (2002) modelled the impact
of historical and predicted land use change on surface water quality using ground water flow and
solute-transport models [39]; Lin et al., (2007) employed the simulated land use scenarios derived
from the application of the conversion of land use and its effects (CLUE-s) LUC model in a lumped
hydrological model, so as to reveal the differences to the annual streamflow and groundwater discharge
due to urbanization [40]. Furthermore, the effects of urbanization on annual runoff and flood events
were also assessed through the pairing of the Wayland software, which was used to calculate runoff
generation and the integrated Markov Chain and Cellular Automata model, which was used to develop
future land use maps [41]. However, to the authors’ knowledge, a study that predicts the impact of
future urban expansion on the design storm hydrograph and the associated sediment yield magnitude
has never been published before.

2. Study Area, Datasets and Past Urban Sprawl Description

The catchment under study is situated in Northern Greece, uphill from the city of Thessaloniki,
which is the second largest city in Greece, with a population of 789,191 inhabitants, according to the
2011 census [42]. It encompasses almost half the area of the surrounding urban forest, as is illustrated
in the following orthorectified aerial imagery of 1996 (Figure 1) [12]. The 1:50,000 scale topographic
maps of the study area obtained from the Hellenic Military Geographical Service (HMGS) were used
to create a digital geodatabase, containing the catchment boundary, the drainage network and the
20-m interval contour map layers, all projected at the GGRS1987 geographic coordinate system and to
generate a digital elevation model (DEM) at a 10-m spatial resolution, which is considered sufficient
for most DEM-based geomorphic and hydrologic modelling applications [43]. The catchment drainage
area is approximately 18.62 km2 and the altitude ranges from 60 to 560 m. A fourth-order dendritic
pattern ephemeral stream, based on [44] ordering system, with a total length and main stream slope,
equal to 8.365 m and 5.8% respectively, extends across the catchment and traverses the ring road and
the city, before spilling into the Thermaikos Gulf.

Figure 1. Location map and spatial location of the rainfall gauge (images courtesy of National Cadastre
and Mapping Agency S.A.).
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The weather station of the Department of Meteorology and Climatology of the Aristotle University
of Thessaloniki is located within the University Campus, just 6 km away from the catchment centroid
(Figure 1) which was designated with typical GIS techniques and provided the hourly rainfall dataset
covering the period 1947–2003 [45]. The city has a typical Mediterranean climate, characterized as
Hot-summer Mediterranean climate Csa according to the [46] classification, with a rainy winter season
from October to March and hot dry summers. The mean annual precipitation is 451.7 mm and its
standard variation is ±96.3 mm, whilst the precipitation variation is binomial, with the principal
maximum and minimum observed in December and August respectively [47].

The 1:50,000 scale geological map of the National Institute of Geology and Mineral Exploration
(IGME) revealed that the catchment’s bedrock is composed of quarzitic sandstone (18%) and limestone
(3.9%), which outcrop the headwaters, gneiss (28.1%) in the middle part and red silty clays
(50.0%) that encompass the downstream part of the catchment. Furthermore, the soil texture
characteristics, based on the U.S. Department of Agriculture (USDA) classification scheme, which
were derived from the combined clay, silt and sand maps, were obtained from the European Soil Data
Centre [48]. The latter dataset revealed that the catchment texture is dominated by Loam soils (50.8%),
whereas sandy loam, sandy clay-loam and clay-loam soils encompass 26.4%, 20.1% and 2.7% of the
catchment respectively.

The study area has experienced decades of intensive land use changes in the past, such as
urbanization, deforestation and wildfires, with have highlighted the accelerated rates of urban
sprawl, which are associated with the significant and rapid socio-economic growth noted in the area.
The diachronically formulated artificial stream-channel modifications and registered urban expansion
typically lead to a significant increase in flood hazard downstream [49]. Land use and land cover
patterns for four periods between 1968 to 2007 were mapped using aerial photographs, vertical frame
photographs and a Google image in ERDAS Imagine Essentials 9.3 from Leica Geosystems spatial
analyst software [12] and it was revealed that, between 1968 and 2007, the urban area has increased
more than fivefold, from 3.71% to 19.03% of the study area. Currently, the study area is under significant
constant pressure, so as to expand the urban plan and establish new large building projects.

3. Materials and Methods

3.1. Future Urban Expansion Prediction Using Artificial Neural Networks and LTM

Artificial Neural Networks (ANNs) are computing systems inspired by biological neural networks,
which are part of every living organism. ANNs are used for prediction, pattern recognition and
clustering. A neural network consists of a number of elements called neurons. Each neuron
receives a number of signals which are called inputs. Each neuron is internally defined by certain
states which determine whether the received signal will be transmitted to another neuron or not
(threshold value). In addition, when the signal is transmitted, it is coupled with an internal weight
coefficient, which essentially determines how closely the specified neuron is to the receiving one.
This value fluctuates at a specific interval, for example, the interval between 1 and 0, although this
interval is an arbitrary choice and depends on the problem we aim to solve. The meaning of the weight
value is to show us how important the contribution of the specified signal is to the configuration of
the network structure for the two neurons that it connects. Each neuron has only one output, which
is a function of the input signals [50–53]. The ANN in this project is a feed forward network with
one input layer, one hidden layer and one output layer. The Simple Backpropagation Algorithm was
used as the learning process. SNNS (Stuttgart’s Neural Network Simulator version 4.2 developed at
University of Stuttgart, Stuttgart, Germany) was used for the design, training and prediction of the
ANN. After experimenting with a variety of architectures, we determined that the optimum number
of hidden nodes is 10. Finally, the logistic function was used as an activation function.

In order for the network to be sufficiently trained, some input data must be used. This means that
we must supply the network with some prototypes as inputs (in our case, maps for the years 1979 and
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1996) for which we know what the output should be (a map for the year 2007). The maps from 1979
and 1996 were used for training the ANN for the year 2007. The train result for the year 2007 was
compared with the actual map of that year and the prediction accuracy was determined. The trained
ANN predicted land uses for the year 2027 because it was considered that there should be a significant
leap in the future in order to determine urban expansion effects.

The back propagation algorithm was used to perform the training. This algorithm transfers the
errors produced in the outputs during the training period backwards to the neurons used to produce
the output. The errors are used to change the weights used to produce the output and thus improve
the produced outputs.

For the application of the algorithm, we used two values as inputs (the distance from the road
network and the distance from the stream network) and one value as output (the areas with urban
land uses). These distances are calculated by implementing the Euclidian distance tool which is
incorporated in ArcGIS. This tool calculated the distance of each cell to the closest source, in our case
the road and stream network. The areas with urban land uses are considered as outputs and are used
as the results of the ANN. The datasets of the input values were converted to 1 and all other data
were set to 0, using the reclassify tool of ArcGIS, thus allowing the ANN to recognize the input data
(the driver) to be used for the purpose of training [54].

To avoid over-training of the network [55], the neural network was trained with a partial set
of data by providing it with data from every other cell in the county. To further reduce over-fitting,
the cells in a cycle were first presented to the network in random order [56]. A cycle is defined as one
complete presentation of all training cells to the network. The network was trained with the training
data and the overall mean squared error generated by SNNS and each cycle was stored in a file for
analysis. Based on these results, it was concluded that about 25,000 cycles were adequate to stabilize
the error level to a minimum value. Thus, each model run was set for 25,000 cycles, which meant
that the entire pattern file would be presented to the network 25,000 times. At the end of training,
the neural network can be further tested on an additional independent validation set [51,52,57].

The Land Transformation Model used in order to predict LUC is based on the implementation of
five distinct steps. The first step includes the determination of the parameters and the initial creation of
the ANN as well as the network file. The second step includes all the necessary modifications in order
for the maps to be expressed as text files (of 0 and 1) in order to be used by the network. These text files
are then used as inputs to the ANN and also for the creation of pattern files. The next step incorporates
these pattern files in the network in order to be used for training the ANN. This is done by a special
batch file which is named batchman. The results are then stored in a result file (res file). The fourth
step is then initiated in order for the trained network to be used against real data which were a part of
the initial maps. The results are then converted into maps using a specially written batch file which
converts them into ArcGIS shape file and are compared with the actual maps; more details on this
method can be found in References [58,59]. Moreover, the Kappa coefficient is also calculated.

It is very crucial for the correct application of the methodology to accurately determine the drivers
that affect land use change. In our case, the affecting drivers were: the transportation network and
the proximity to streams. Following the determination of the drivers, we digitized the area of interest
and created the subsequent raster files for the years 1979 and 1996. Therefore, the map from the year
1979 was selected to act as a baseline and the monitored urban expansion was based on that year.

3.2. Hydrologic and Sediment Yield Modelling

The effective hydrological design of water control structures that ensures both the structure safety
and downstream development largely depends on the selection of the precise design discharge value
that will be routed through the water system. Past experience shows that, according to the planned
structure type, for example, a culvert, a flood hazard map or a dam, it is necessary to compute the
design inflows to the water system generated by 20 [60], 50 [61] and 100 [62] year return period flood
events respectively, so as to achieve the optimal hydraulic structure design [63]. Moreover, catchment
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sediment yield estimates can be used to prioritize the checked dam construction [64], as to the most
effective ways to conserve soil and water, slow down erosion [65] and control sediment transport
to downstream areas [66]. However, since most catchments worldwide are ungauged and there are
usually no long-term streamflow records available, the desired design discharges can be generated
through the use of Synthetic Unit Hydrograph (SUH) methods [31,32].

This article focuses on design flood events with 50 and 100-year return periods and durations of 6,
12 and 24 h, which are typically associated with the design of urban drainage, flood hazard maps and
dams. The design precipitation hyetograph can be developed using an Intensify-Duration-Frequency
(IDF) curve, which is readily available for the study area and is obtained by fitting the Extreme Value
Type I (EVI) theoretical distribution [67] to the annual extreme rainfalls of different durations for the
weather station of the Department of Meteorology and Climatology at the Aristotle University of
Thessaloniki [45], as is shown below:

i =
19.77·T0.1909

t0.79 (1)

where i is the rainfall intensity (mm/h), T the return period (years) and t the rainfall duration (h).
By employing Equation (1), six rainfall intensities were computed for the design rain events

with 81 and 140-year return periods, that correspond to design flood return period events of 50 and
100 years [68] and for rain durations of 6, 12 and 24 h. Each storm event precipitation depth (mm)
was then calculated, as the product of its rainfall intensity with its duration. Once the total rainfall
amount was specified, the storm hyetograph was generated by applying the Alternative Block Method
(ABM); more details on this method can be found in Reference [63].

The amount of precipitation (mm) that is transformed to runoff (effective precipitation) can be
found according to the Soil Conservation Service Curve Number method [69], as follows:

Pe =
(P − 0.2·S)2

P + 0.8·S (2)

where Pe is the effective precipitation, P the total precipitation and S the maximum potential for
soil retention. Equation (2) shows that if the rain event is less than 20% of the S, then the effective
precipitation is equal to 0. Moreover, the surface storage (mm) of soil (S) is computed by:

S =
25, 400

CN
− 254 (3)

where CN (Curve Number) is the dimensionless index developed by the USDA Natural Resources
Conservation Service [30] that ranges from 0 (maximum infiltration) to 100 (zero infiltration),
whilst its value depends on land use, soil type and the Antecedent Moisture Conditions (AMC).
The transformation of the effective precipitation into a runoff hydrograph is realized through the usage
of the SCS unit hydrograph method [70], by computing the storm hydrograph from a 1 mm rainfall
event as follows:

Qp =
0.208·A

tp
(4)

tp = tL +
D
2

(5)

where Qp and tp are the peak flow (m3/s) and the time to the peak (h) of the unit hydrograph
respectively, A the catchment area (km2), tL the lag time between the centre of mass of excess rainfall
and the peak of the unit hydrograph (h) and D the duration of the effective rainfall. The lag time in
hours can be computed by [71]:

tL =
L0.8·(2540 − 22.86·CN)0.7

14, 104·CN0.7·Y0.5 (6)
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where L is the hydraulic length (m), CN the runoff curve number and Y the average catchment slope
(m/m). Once the peak discharge and the time of peak were calculated, the unit hydrograph was derived
from the SCS dimensionless hydrograph [30]. The final flood hydrographs were computed based
on the unit hydrograph and the effective rainfall hyetograph by employing the discrete convolution
method; more details on this method can be found in References [63,72,73].

The estimation of the associated sediment yield, which is produced by the six rainfall events for
the different land use conditions, was derived through the use of the MUSLE equation [33], as follows:

S = 11.8·
(
Q·qp

)0.56·K·L·S·C·P (7)

where S is the sediment yield from an individual storm (tones), Q the storm runoff volume (m3),
qp the peak runoff (m3/s) and K, L, S, C and P, the soil erodibility (Mg MJ−1 mm−1), slope length
(dimensionless), slope steepness, crop management and soil erosion control practice respectively,
factors similar to the Universal Soil Loss Equation (USLE) model [74]. The L and S factors reflect the
topography effect on soil erosion and together they constitute the topographic factor (LS).

4. Results

4.1. Future Urban Expansion Prediction

After the determination of the drivers affecting urbanization, we created two maps using the
Euclidean distance tool. The stream distance map and the road distance map are presented in the
Figure 2.

Figure 2. Euclidean distances from the Road Network (a) and Stream Network (b).

Areas depicted in red are closer to the existing stream network and areas in yellow and green are
farther from it. Similarly, as regards the distance from the road network map, areas in red are closer
to the road network, whereas areas in yellow and green are farther away. Using the 1979 map as a
baseline, we performed a reclassification of the land uses focusing on urban uses (Figure 3).
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Figure 3. Land uses for the years 1979 (a) and 2007 (b).

The same process was also followed for the year 2007. These two maps were then used to train
the ANN, the first as input to the network and the second as an output using the back propagation
algorithm. The ANN training produced adequate results after 50,000 training cycles; it is evident in
Figure 4 that no significant improvement of the Mean Square Error (MSE) is to be expected after the
last cycle completion.

Figure 4. MSE error after model training.

The quality of the end results and thus the quality of the prediction were estimated using the
Cohen’s Kappa (Kappa coefficient). This measure of quality estimation is used when binary variables
are used to measure the same thing. Kappa measures the percentage of data values in the main
diagonal of the table and then adjusts these values for the amount of agreement that could be expected
due to chance alone [28]. The equation for the Kappa coefficient is:

K =
P(A)− P(E)

1 − P(E)
=

∑c
i=1 pii − ∑c

i=1 piT · pTi

1 − ∑c
i=1 piT · pTi

(8)

where,
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i = 1, . . . , c: the common categories of change in both observed change and simulated model run
results. There are two categories (i.e., c = 2) categories whose values are predefined ‘0’ (no urban
change) and ‘1’ (urban change).
piT : the proportion of cells in category i of observed change, taken from the marginal totals of the
last column of the contingency matrix.
pTi : the proportion of cells in category i of simulated model run, taken from the marginal totals
of the last row of the contingency matrix.
pii : the proportion of cells in the same category, i, on both observed changes and simulated model
runs, taken from the diagonal elements of the contingency matrix.

P(A) =
c
∑

i=1
pii : the fraction of agreement or sensitivity coefficient.

P(E) =
c
∑

i=1
piT · pTi : the expected fraction of agreement subject to the observed distribution.

The trained ANN produced a Kappa coefficient of 0.15. The coefficient is rather low, mainly due
to the fact that we did not have enough information about the study area in the form of area maps.
The result would significantly improve, if we used more datasets (i.e., more years) in order to perform
our prediction. Finally, after the completion of the training session, we used the model to perform a
prediction of land use change (and the appearance of urbanization) for the year 2027 (Figure 5) using
maps for the year 2007.

Figure 5. Predicted land use for the year 2027.

In Figure 5 the expansion of urban land uses is evident. Areas in red depict the predicted urban
land use state for the year 2027. Additionally, on the map shown in Figure 5, we also present the
road networks as they were in the year 2007. Land use change is performed for one type of change
each time. This is mainly due to the way the ANNs work and perform their prediction. Each ANN
calculates one output (urbanization in our case) for multiple inputs, which we regard as affecting the
output. In order to study another type of land use change, we must train the ANN for the new type.
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Finally, if we try to perform an overall land use change regardless of the type, we will have to add the
errors performed in the prediction of each type separately.

4.2. Hydrologic and Sediment Yield Modelling

The precipitation heights generated from the design rain event with an 81-year return period and
rain durations equal to 6, 12 and 24 h, were found to be equal to 66.6, 77.1 and 89.2 mm respectively;
the ones produced from the 140-year return period storm event under the latter durations were found
to be equal to 74.0, 85.6 and 99.0 mm. Moreover, all the storm event hyetographs were developed
using the ABM method.

The soil maps that were acquired from the European Soil Data Centre were reclassified according
to the four USDA Hydrologic soil groups based on soil texture [75]. The latter classification revealed
that the B, C and D hydrologic soil groups encompass 77.2%, 20.1% and 2.7% of the study area
respectively. The hydrologic soil group map was overlaid with the 1979 and 2007 reference land use
maps and the 2027 LTM future urban sprawl forecast map in the GIS environment, so as to assign
an individual CN number for AMC-II conditions to each possible combination of land use type and
hydrologic soil group from published tables [69]. These individual curve number values for all the
different hydrologic soil types and land use combinations within the catchment were used so as to
generate a catchment area-weighed CN value equal to 65, 69 and 74 for the 1979, 2007 and 2027 land use
maps respectively. The latter values were used to calculate the maximum potential for soil retention
and the effective precipitation amount according to the SCS-CN method [69]; Figure 6 illustrates the
effective precipitation of a 140-year 12-h design rain event for the year 1979 whereas Table 1 presents
the amount of effective precipitation for all storm events and time periods.

Figure 6. The effective precipitation hyetograph for a 140-year, 12-h duration storm event for the
year 1979.

The SCS dimensionless unit hydrograph [30,63] for a 0.333 h rainfall duration storm event,
which is equal to the ABM method incremental precipitation time step, pwas roduced for the years
1979, 2007 and 2027 and is illustrated in Figure 7. The differences in the shape of the unit hydrographs
for the three time periods are solely due to urban expansion, recorded or forecasted, since all other
drivers were set constant, as in 1979. As the urban sprawl expands over the decades, it is evident that
the unit hydrograph’s time of peak, lag time and duration decreases, whilst the peak discharge and
flood volume increase.

By tying together the effective rainfall temporal distribution amounts, derived from the utilization
of the ABM method, with the unit hydrograph, which corresponds to each time period (Figure 7),
the discrete convolution method was applied and the flood hydrographs for all storm events and
different historic and forecasted land use conditions were produced. The information regarding the
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peak discharge, the time of peak and the discharge volume for each storm event is summarized in
Table 1.

Figure 7. The unit hydrograph response to urban expansion.

Table 1 shows that the effective rainfall magnitude increase follows the urban sprawl increase,
which is in line with the rainfall duration and return period increase. Compared to the pristine
conditions of 1978, the peak discharge of the urban sprawl escalated at a range of 1.4 and 1.5 times for
the year 2007 and could range from 2.2 to 2.6 times for the year 2027. However, it should be noted
that, in the latter cases, as the rainfall duration increased, the peak flow was less affected, compared
to the storm events of a short duration. Moreover, as the urban land expanded over the decades,
the time of peak reduced in all cases, while the time of peak delayed as the rainfall duration increased.
Furthermore, flood volume in response to urban expansion surged between 1.2 and 1.4 times for the
year 2007 and could range from 1.6 to 2.1 times for the year 2027, compared to the 1979 reference period.

The peak discharge values and the discharge volumes from the 18 generated flood hydrographs
were used to calculate the MUSLE model runoff factor. The K factor measures the soil susceptibility
to both detachment and transportation caused by raindrops and runoff; it was obtained from the
European Soil Data Centre 500-m resolution soil erodibility raster map [76], whilst its area weighted
value for the study area was found equal to 0.024. The K factor was assumed to be constant over
time since there were not possible to find any additional information’s regarding its value for the
1978 conditions or the forecasted 2027 period. The topographic factor considers the effect of topography
on erosion and relies on slope percentage and slope length, whilst the Moore and Burch (1986a,b)
formula was used in ArcGIS to calculate the LS factor using the catchment’s flow accumulation and
slope in degrees 10-m grids [77,78]; it was found that the area-weighted LS was equal to 1.12.

The crop management factor depends on vegetation cover, which dissipates the raindrops’
kinetic energy before impacting on soil surface; it was computed by allocating the appropriate
C values, as recommended by [79], to the land use classes of the land use maps for the three
time periods. In response to urban land expansion from 6% to 19% and 31% for the year 1979,
2007 and 2027 respectively the area weighted C values were evolved to 0.17, 0.27 and 0.39 respectively.
The supporting practice indicates the rate of soil loss related to various practices, such as contouring,
strip cropping, log terraces and so forth and was obtained from the European Soil Data Centre 100-m
resolution conservation practice factor raster map [80], whilst its area weighted value for the study
area was found equal to 0.98. Finally, the MUSLE/GIS coupling was used to compute the sediment
yield for each of the simulated flood events, by multiplying the MUSLE input variables of Equation (7);
Table 1 shows the computed soil loss volume per hectare for each simulation run.

The sediment yield modelling in this study indicated that, as the urbanization, return period and
rainfall duration increased, the sediment volume increased too and compared to the 1979 pristine
conditions, ranged from 0.19 to 0.48 t/ha for the year 2007 and from 0.47 to 1.05 t/ha for the 2027
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future period. Moreover, the short duration storm events proportionally produced more sediment
than the long duration precipitation events under the same land use conditions. Thus, the sediment
production caused by short duration storm events is more sensitive compared to storm events of a
longer duration.

Table 1. Summary of hydrologic and sediment yield modelling results.

Rainfall
Duration

Return
Period (T) Year CN Pe

Peak
Discharge (m3/s)

Time of
Peak (h)

Discharge
Volume (m3)

Sediment
Volume (t/ha)

6 h

Q50 1979 65 8.4 9.1 3.6 156,381 0.08
Q50 2007 69 11.7 13.8 3.3 217,352 0.19
Q50 2027 75 17.8 23.4 2.6 330,332 0.47
Q100 1979 65 11.8 12.9 3.6 220,394 0.12
Q100 2007 69 15.8 18.7 3.3 293,242 0.27
Q100 2027 75 22.9 30.5 2.6 424,816 0.63

12 h

Q50 1979 65 13.2 12.0 6.7 245,740 0.12
Q50 2007 69 17.5 17.6 6.3 323,359 0.27
Q50 2027 75 25.0 29.1 5.6 461,781 0.64
Q100 1979 65 17.4 16.1 6.7 322,184 0.16
Q100 2007 69 22.3 22.8 6.3 411,723 0.36
Q100 2027 75 30.7 36.4 5.6 568,037 0.81

24 h

Q50 1979 65 19.2 15.2 12.6 350,131 0.17
Q50 2007 69 24.4 21.8 12.0 450,060 0.37
Q50 2027 75 33.2 35.0 11.6 614,843 0.83
Q100 1979 65 24.6 19.9 12.3 454,314 0.22
Q100 2007 69 30.5 27.9 12.0 562,457 0.48
Q100 2027 75 40.4 43.3 11.6 747,490 1.05

5. Discussion

The Land Transformation Model results indicate that by 2027 the urban land will encompass
31% of the catchment, whereas in 1979 and in 2007 the relevant percentages were 6% and 19% of the
study area respectively; all other land use classes were set equal to 1979. Similar assumptions that each
predictor variable pattern will remain constant over time, as in the initial land use map, are common in
similar studies [81,82]. The model’s low prediction accuracy (Kappa coefficient 0.15) in forecasting the
urban expansion could be attributed to the small number of input variables that were incorporated in
the model. Prediction patterns below 0.17 were also reported by [83], when they predicted olive grove
cultivation patterns with the use of neural networks and GIS and attributed the low prediction ability
to the small number of input variables. Moreover, Pijanowski et al. (2002) reported that even when
10 predictor variables were used on 100-m pixel resolution in the Land Transformation Model to assess
future urban expansion, the model’s prediction ability was 46% [81]. Furthermore, by comparing
13 applications of 9 different popular peer-reviewed land change models, Pontius et al. (2018) proved
that, for 6 of the 13 models, the ratio of the intersection of the observed change and predicted change
to the union of the observed change and predicted change was less than 0.15 [29].

Hydrologic modelling provides crucial information regarding the flood hydrograph characteristics
which are used to correctly design hydraulic structures in small and ungauged catchments worldwide.
Statistical analyses of hourly rainfall data by means of Gumbel’s distribution provide the rainfall depth
for different return periods [84], while the latter depth is rearranged over a time span through different
techniques in order to develop design precipitation hyetographs [85]. The ABM hyetographs used in
this study gain better results compared to other hyetograph computation methods because they are
engineered from local rainfall datasets and not from rainfall distributions that are developed for other
areas of the world and which in most cases have not been tested in the study area [86].

The CN values, compared to the ones reported by [12], are in close proximity with the 1979 pristine
conditions and are underestimated for the 2007 period. This divergence for the 2027 time period
is attributed to the fact that this study assumes that all land use types, including urban areas,
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were constant as in 1979. For small catchments, the SCS-CN method [69] is the main approach
used for estimating the infiltration capacity and runoff for various combinations of soil and land/use
cover type [70]. The study highlighted that, as the urban development expanded over the decades,
flood hydrograph peak flows and flood volume substantially increased by 1.4–2.6 times compared
to the pre-urban conditions; the latter peak flow increase has also been documented in similar
studies [6,40]. Additionally, it became evident that the longer the duration of the storm event the
less effect there was on the peak flow. This observation is in agreement with the findings of [41],
who reported that small floods and flood volumes would be more sensitive to urbanization.

The peak flow and runoff volume in the MUSLE model can be obtained through direct
measurements from a water level stage recorder at the outlet of the catchments. However, in the poorly
gauged mountainous areas of the Mediterranean region, these types of data are not usually available
and are often extrapolated from hydrologic models [87], as in the case of the present study. For each
individual storm event and urban sprawl conditions the MUSLE model was applied, in order to obtain
the sediment volume, which ranged from 0.19 to 1.05 t/ha. The latter storm loss values are in line with
reported individual storm soil loss values in different areas of the world [79].

6. Conclusions

Recent studies worldwide on urbanization prospects reveal that there is an upward shift on urban
population rates, which is associated with urban land expansion [1–3]. In order to successfully manage
urban growth and achieve sustainable development, proper catchment management, water resource
planning and flood management must take into account the urban land expansion potential [41],
otherwise the relevant structures may fail. In the present study, future urban land growth patterns for
the catchment under study were revealed. The SCS-CN method indicated the hydrologic response of
the catchment to urbanization in terms of peak discharge and flood volume escalation, while time of
peak, lag time and duration decreased. Moreover, the MUSLE model revealed a significant sediment
yield increase compared to the pristine conditions. As the urbanization of the world continues,
such types of analysis are extremely important in order to design sustainable water constructions and
minimize and mitigate the uncertainty and risks related to the urban sprawl. Future projects could
focus on water structure failures associated to urban expansion.
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