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ABSTRACT

Artificial neural network (ANN) modelling has been applied successfully in hydrology to predict future flows based on previous

rainfall-runoff values. For a long time, flooding has been experienced in the surrounding areas of the Rift Valley lakes including

Lake Baringo, fed by the River Perkerra, due to the rising water levels because of the above-normal rainfall season, resulting in

massive socioeconomic losses. The study aims at predicting the occurrence of floods in River Perkerra using an ANN model

with the input data being 417 consistent pairs of daily rainfall and discharge, and simulated runoff as the output. The model

was trained, tested and validated producing a best fit regression with R2 of 0.951 for training, 0.938 for validation, 0.953 for

testing giving an average of 0.949 indicating a close relationship between the input and output values. The overall best vali-

dation performance, RMSE, was 0.9204 m3/s indicating high efficiency of the FFNN model developed to predict floods.

Flows greater than 14 m3/s, Q1, were the extreme flood events closely associated with socioeconomic losses. This prediction

of Q1 value is crucial in the formulation and implementation of measures and policies by the County Government that will miti-

gate adverse impacts of predicted floods in the catchment.
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HIGHLIGHTS

• Application of ANN in ungauged catchment to predict floods, which have been a menace for years.

• It will aid the county policy and decision makers in water resources planning and management purposes.

• Creating flooding awareness.

• Aids in the design and maintenance of irrigation infrastructures/hydraulic structures, hence reducing the negative impacts of

floods.

• Calls for application of other hydrological models.
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GRAPHICAL ABSTRACT

INTRODUCTION

Flooding is a recurring natural hazard with potentially devastating consequences. Among other natural disasters,
flood impact is one of the most significant, threatening human life, agriculture, property and socioeconomic sys-
tems in the world resulting in approximately a third of socio-economic losses due to floods (WMO 2011).

Floods occur when a river’s flow exceeds its channel flow capacity due to increased surface runoff or breaking

of big water retention structures (Roy & Husain 2014). Flooding continues to be a regular threat in various parts
of Kenya. The surrounding areas of the Rift Valley lakes including Lake Baringo, fed by the River Perkerra, have
experienced rising water levels because of the above-normal 2019 October-December rainfall season (Kenya

Meteorological Department 2020) causing economic losses, destruction of infrastructure, disruption of transport
and social services, displacement and even deaths of people and livestock.

Although extreme climate events such as flooding can be managed, in the future, damage to infrastructure may

be rampant, which in turn increases economic losses. Hence, it is essential to develop a method to deal with
associated massive socio-economic losses (Farhadi & Najafzadeh 2021). It is therefore a priority for the Govern-
ment to plan for a sustainable flood risk management strategy that aids in flood prevention, protection and

preparedness to avert the negative impacts of flooding. This is achieved through reliable and accurate prediction
of floods.

Flood prediction is essential in water resource planning and the design of flood protection structures in a catch-
ment that experiences periodic flooding (Michael & Patience 2018). Mitigation of damage caused by floods,

hazard assessment and extreme event management can be achieved by implementation of flood prediction
models that use historical hydrological data as well as catchment characteristics to predict short-term and
long-term flood occurrences.

Robust and accurate prediction provides useful information for analysis of a catchment’s characteristics, formu-
lation of water policies and strategies with higher efficiency, provision of information for catchment protection,
soil and water conservation, design of hydroelectric projects, real-time operation of water resources tasks and

design of hydraulic structures to minimize damage impacts on the environment of the constantly changing cli-
matic events (Brown 2009; Anusree & Varghese 2016).

Today, there are a wide range of machine learning (ML) techniques applied in flood modelling, which include

empirical black box, event-driven, stochastic, lumped and distributed, continuous, deterministic and hybrid
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models (Mosavi et al. 2018a, 2018b). There have been continuous advancements of these techniques over the past
two decades. They are mainly data-specific and involve various simplified assumptions (Lohani Goel & Bhatia
2014). They are reported to perform better than conventional methods in flood prediction. A study by Ortiz-

García et al. (2014) indicates the efficiency of ML techniques in modelling complex hydrological systems includ-
ing floods by applying specific techniques.

Machine learning defines a subfield of artificial intelligence (AI) that deals with the designing and developing
of algorithms necessary to enhance the performance of computers (machines) over time, based on data

(Mahdavinejad et al. 2018). techniques detects efficiently general flood patterns and variations through learning
of hydro-meteorological parameters and measured climatic indices of a catchment. The most common flood fre-
quency analysis methods includes multiple linear regression (MLR) (Adamowski et al. 2012), autoregressive
moving average (ARMA) and autoregressive integrated moving average (ARIMA) (Valipour et al. 2012) among
other early statistical models.

The most frequently used AI techniques to predict floods with greater accuracy in comparison to traditional

statistical models (Xu & Li 2002) include K-nearest-neighbour (K-NN) methods (Kramer 2013), artificial
neural networks (ANNs) (Lafdani et al. 2013), genetic programming (GP) (Liong Khu & Babovic 2007), adaptive
neurofuzzy inference system (ANFIS) (Ren et al. (2013) and support vector machines (SVMs) (Araghinejad

2013). They are effective for both short-term and long-term flood predictions (Mosavi et al. 2018a, 2018b).
ML methods are as good as their training, hence relying on the quality of the input data for learning of the

target task. Analysis of the data characterising the system under study using computational intelligence methods
and data-driven modelling is crucial in solving problems related to river basin management. They perform well

when the data is robust, covering varieties of the task, with minimum gaps and of sufficient quantity. However, it
is practically impossible to recommend one particular type of data-driven model to solve river basin management
problems since the data for water-related applications are characterized as noisy and of poor quality (Solomatine

& Ostfeld 2008).
Some robust AI techniques such as GP have been widely used in gauged catchments with reliable data to pre-

dict floods giving a reliable mathematical expression for recognizing behavioural patterns of complex systems.

The input variables with low level of contribution to the performance of the model are automatically reduced.
Additionally, GP in flood forecasting requires reliable input parameters and provides functional relationships

which can be analyzed and interpreted. This is unlike physically based and conceptual models, which require
many parameters for development and calibration (Liong Khu & Babovic 2007). This method is suitable for

gauged catchments with reliable datasets. For the perkerra catchment, with unreliable data, this method will not
be suitable.

Incomplete historic rainfall data recorded using rain gauged are available. Due to several gaps in the hydrolo-

gical data sets from the River Perkerra catchment, the study area is referred to as ungauged. Lack of input data
remains a challenge in modelling of river flow in ungauged catchments using hydrologic models, which relies on
the quality and availability of input data and other hydrologic parameters, and the model structure (Meresa et al.
2016; Hadush 2018). Previous studies in the ungauged Perkerra river catchment on run-off prediction are not
available. However, several countries have experienced rising interest for the past decade in understanding the
hydrological processes in runoff estimation in ungauged catchments by hydrologists, water resources planners

and policy makers (Blöschl 2005; Laaha & Blöschl 2007; He et al. 2011).
The most popular learning algorithms among all the ML techniques are ANNs. They gained popularity in mod-

elling flood prediction from 1990s (Wu & Chau 2010). They can mimic flow observations in hydrology, without
any mathematical descriptions of the physical processes being studied, hence, increasing the applicability of black

box-based-AI models in ungauged catchments in comparison with formulation-based AI models such as GP.
The fact that ANNs provide a quick and flexible approach for data integration and development give them an

advantage over other networks (Elsafi 2014). They approximate measurable functions up to a random degree of

accuracy, hence they are appropriate for this research (Parasuraman 2007). A single ‘good’ result is normally
selected as the ultimate result without much explanation of the initial weight parameter (Kim & Seo 2015).

Computational modeling is not necessary when using ANN technique because ANN imitates and memorizes

whichever complicated association between outputs and inputs by learning and training using past data, and also
perform the computational analysis by relating to the inputs. ANN techniques have relatively low computational
demands as well as integrate with other approaches easily.
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There is continual research in the field of prediction of river flow to increase the accuracy. ANNmodels may be
used to increase the accuracy of the prediction. A comparison of ANN model with a traditional statistical model
such as auto-regression suggests that ANN provides better accuracy in prediction (Tsakiri Marsellos & Zurbenko

2014).
Some of the successful applications of ANN with a satisfying accuracy of output despite absence of accurate

information about the physical mechanisms underlying the river flow in a catchment are predictions of river
flow, water quality parameters (precipitation, suspended sediment, stream flow etc.), rainfall-runoff process, fore-

casting of rainfall-runoff, modelling of event-based rainfall-runoff, as well as for characterization of soil pollution
(Nagesh Kumar et al. 2004; Riad et al. 2004; Diamantopoulou et al. 2005; Sarkar & Kumar 2012; Singh et al.
2014; Aichouri et al. 2015; Kostić et al. 2016).

From the literature review, a comparative study between autoregressive models (ARMA and ARIMA) and
ANN on the ability to simulate runoff in a catchment was done. ANN models gave more accurate improvements
than autoregressive models, hence the reason ANN is chosen for this study for flood prediction over the statistical

techniques (Shamseldin & O’Connor 2001; Brath et al. 2002). Asati & Rathore (2012) and Nasri et al. (2008)
developed a non-linear relationship between rainfall and runoff using ANN, MLR and an autoregressive
model with results indicating that ANNs consistently gave superior predictions.

Dibike (2002) states that the use of SVM in hydraulics and hydrology offers an attractive technique of data
modeling; however, it has a slow response as well as high computational demands. Handling a large number
of mediums sustenance vectors (that consist of a series taking a greater length of time as compared to those in
an ANN approach) is a challenge. Unlike SVM, the ANN approach is likely to result in best performance

when predicting activities that are within the scope of the training information as there is no technique check
of the final model.

The K-NN technique is not attempting to isolate an output/input mapping function and therefore has no capa-

bility to extrapolate an unknown input vector into the future. Contrasting this, additional non-linear modelling,
including ANNs, attempts the identification mapping function to output from the input and have the ability to
extrapolate.

Ren et al. (2013) experimented on a monthly runoff prediction with ANFIS and wavelet examination, in which
a wavelet analysis technique was employed and determined that it could be used for prediction but further devel-
opment is needed.

In the current research, the performance of ANNs is examined for prediction of floods of the River Perkerra,

Baringo County, Kenya, where rain gauges were used. Spatial flood prediction for identification of flood location
was not part of the scope. Intelligent sensing systems for data collection are not available for this catchment,
hence this study covers only riverine flooding and not flash floods. The prediction efficiency levels of ANNs

are evaluated by various statistical benchmarks. Using a ANN approach to estimate runoff in this catchment
is very innovative and original in terms of methodology, study area and framework approach. Also, ANNs can
be more easily accepted by decision-makers due to their reliance on simple linear models (Solomatine & Ostfeld

2008). Hence, it is necessary to predict floods in the catchment to mitigate the adverse impacts of floods in the
county.
OVERVIEW OF CASE STUDY

This study was conducted in the River Perkerra, located in Baringo County, Kenya. The Perkerra River watershed
was delineated and the map presented in Figure 1. It covers an approximate area of 1,314.93 sq km, draining Bar-

ingo central, Baringo south and Eldama Ravine sub-counties, covering at longest a length of 95 km. It serves as
the main water source for Perkerra Irrigation Scheme, which was started in 1952 and aims at boosting pro-
ductivity and increasing food production of the semi-arid areas in Kenya (Keitany 2016). The river originates

from the Tugen hills and drains to Lake Baringo. The annual rainfall around the Tugen hills ranges between
1,100 and 2,700 mm and around Lake Baringo between 500 and 750 mm. Temperatures are high in low altitude
areas and vice versa. The top part of the Tugen hills (upper catchment) has very steep slopes and a high altitude of

2,400 m above the sea level while the lower catchment is a semi-arid area with a low altitude of 980 m above sea
level, characterized by scattered shrubs and little undergrowth. The average gradient of the basin is 8.9%. The
river has faced a great sediment load resulting from increased rate of soil erosion and siltation. This has

caused a shallowing effect from a depth of 8 m in 1972 to 2.5 m in 2008 (Akivaga et al. 2010). The land use is
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mainly forest with little or no undergrowth, cultivated lands and few settlement points in rural and urban centres
such as Kabarnet, Marigat and Eldama Ravine. For the past two decades, anthropogenic activities such as defor-
estation, cultivation of lands and settlements within the catchment have resulted in frequent floods.

In the Tugen hills and in areas where farmers practise soil conservation, the soils are highly productive with a
higher content of organic matter. The soils at lower elevation areas around the Perkerra Irrigation Scheme and
Lake Baringo are not so leached as the soils on the uplands. They are calcareous and saline in some areas since

the rainfall is scarce and temperatures are perennially high in low altitude areas. The area is prone to severe sheet
and gully erosions and characterized by mostly unproductive land since in some areas. An entire surface layer of
soil has been removed resulting in a badland with a major contribution from frequent floods in the area

(Sketchley et al. 1978).
Recently, incidences of flooding were reported in various parts of the country. Water levels rose in Lake Vic-

toria, Lake Baringo, Lake Bogoria and other Rift Valley lakes. The water levels are also likely to remain high,

causing flooding in the surrounding areas, whereby families in Baringo south were left homeless after their
houses were submerged in water. Some infrastructure such as hotels worth millions are submerged because
the catchments feeding the lakes have continued to receive above-normal rainfall from the 2019 October-Novem-
ber-December rainfall season to date (Kenya Meteorological Department 2020).

To curb the occurrence of numerous floods causing massive socio-economic effects, there is a need to predict
the occurrence of floods from Perkerra River to protect lives and livelihoods.
METHODOLOGY OF THE RESEARCH

Choice of model parameters

Maier et al. (2010) stated that there are various catchment characteristics that have an impact in prediction of

floods, for example, rainfall, streamflow, groundwater level, rainfall stage, water level, river flood, soil moisture,
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rainfall-runoff, precipitation, daily flows, river inflow, peak flow and extreme flow. A study by Lafdani et al. (2013)
indicates that among the listed key influencing flood resource variables, rainfall and the spatial study of the hydro-
logic cycle had the most remarkable role in runoff and flood modelling. On this note, traditionally in short-term

flood prediction, quantitative rainfall prediction is used (Collier 2007). High-resolution precipitation forecasting
is essential, other flood resource variables were considered in the (Grecu & Krajewski 2000). However, for accu-
rate long-term flood prediction, rainfall prediction was reported to be inadequate. In addition, rainfall and soil
moisture estimates are crucial in streamflow prediction in a catchment (Seo & Breidenbach 2002). Thus, the

methodology of this literature review aims to include rainfall and riverflow parameters in rainfall-runoff model-
ling for floods prediction.

Collection of model input data

The model input parameters include the events and occasions of rainfall and observed runoff data from April
2005 to August 2007, giving a large set of data of up to 417 pairs of rainfall and runoff values. The runoff gener-

ated stood as the output parameter. The daily rainfall data of the period between April 2005 and August 2007 was
used for this study because they were highly consistent with minimum gaps and give a better representation of the
current state of the catchment.

The rainfall data was obtained from the meteorological department in Kabarnet town located within the Per-

kerra catchment boundaries. The observed stream flow data was obtained from the Water Resources
Management Authority (WRMA), Nakuru regional office. Marigat monitoring site (upstream gauging site)
demonstrates the river flow at the recording station especially near the irrigation site and it is the only existing

site for gauging the River Perkerra.

Data partitioning

In neural networks, the data are partitioned into training/learning sets, test sets and validation sets. The training/
learning set is used to determine the adjusted weights and biases of a network. A good training data set generally
contains all possible minimum and maximum values in the training set from the available data series. It also con-

tains the bulk of the data. The test set consists of a representative data set used for calibration and to prevent
overtraining of the networks. For development of ANN model, the observed data were used 80% for training,
10% for testing and 10% for validation.

Estimation of missing rainfall data

For this study, the arithmetic averaging (AA) method (Equation 1) was used to estimate the missing precipitation
since the computational results of the study done by Sattari et al. (2017) demonstrated that among classical stat-

istical methods, the AA method performed best.

Px ¼ 1
n

Xn

i¼1

Pi (1)

where n is the number of nearby stations, Pi is precipitation at the ith station and Px is missing precipitation.

Implementation of ANN

The ANN comprises many processing elements with simple neuron-like and numerous connections weighted
between the elements, and it can have one layer, double layers or multiple layers depending on the number of

layers. It can be categorized as feed-forward, recurrent and self-organizing based on the direction of flow of infor-
mation and processing (Govindaraju 2000).

A wide range of network architectures are suitable for use in addressing different problems. Different types of

feed-forward networks (FFNNs) include the single layer FFNN multi-layer FFNN and radial-basis function net-
works (Augusto & Nugent 2006).

Among these different architectures, the multilayer FFNNs, which have an input layer, many hidden layers and

an output layer, have been widely utilized. However, the FFNN architecture with a single hidden layer was used
in this study because studies have determined that having more than one hidden layer yields no significant
improvement in performance of a network with a single hidden layer (Dawson et al. 2002). Also, in a study con-

ducted by Dogan et al. (2007) on forecasting of streamflow comparing FFNN, RNN and radial basis neural
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networks (RBNN) determined that the FFNN model yields the best result. Networks with fewer hidden nodes
usually have better generalization capabilities and fewer over fitting problems hence are generally preferable.

Use of historical rainfall and water level is crucial in creating the ANNs’ prediction model. The rainfall data

with various return periods recorded with a rain gauge at Kabarnet meteorological station was used. Seo & Brei-
denbach (2002) stated that ground rain gauges and remote sensing with radars or satellites can be used to
measure rainfall. Grecu & Krajewski (2000) emphasized the importance of remote sensing in capturing
higher-resolution data in real time, which is more reliable compared to rain gauges, hence resulting in a predic-

tion model with higher accuracy (Maddox et al. 2002).
Campolo Andreussi & Soldati (1999); Gizaw & Gan (2016) described in detail the principle and strategy for

flood modelling using ML. To construct and evaluate the learning prediction models, individual sets of historical

data are used for training/validation, verification and testing.
The architectural design of the FFNN model developed for this study consisted of three layers, which are an

input layer, a hidden layer and an output layer as illustrated in Figure 2.
Figure 2 | The design architecture of the three-layered multilayer FFNN.
Model evaluation

The coefficient of correlation (R2), root mean squared error (RMSE), mean absolute error (MAE), relative root

mean squared error (RRMSE) and Nash-Sutcliffe (NS) efficiency coefficient are the standard statistical perform-
ance evaluation criteria used to evaluate the performance of the model. The methodology of those criteria
calculation references Chang et al. (2015) and Yaseen et al. (2015). These coefficients are independent of the

scale of the data used and are useful in assessing the goodness of fit of the model (Dawson et al. 2002). In addition
to the above statistical evaluation criteria (in this study, majorly R2 and RMSE are represented), interpretations of
graphs and scatter plots of the simulated values versus the target values were used to evaluate the performance of

the model.
The two popular statistical performance measures, RMSE and R2, were used to evaluate the performance of

the model for this study. R2 measures the proportion of the total variance of the observed data as explained
by the predicted data while RMSE measures the concentration of data points and their standard deviation

from the regression line to measure forecast exactness (it is a good overall performance indicator that punishes
a model for not approximating peaks). The correlation of rainfall and runoff was obtained by performing a linear
regression between the ANN’s predicted values and the targets.
Figure 3 | Rainfall for the month of April.
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RESULTS AND DISCUSSIONS

Rainfall

Graphs of daily rainfall data for the months under study are shown in Figures 3–7.
As shown in Figures 3–7, the highest amount of rainfall recorded was 85 mm in the month of April 2007. Simi-

larly high rainfall values in April and November were observed in the catchment during subsequent years 2008,

2015 and 2020. Generally, study of rainfall patterns helps to understand the possibilities of flood occurrences,
hence mitigating irreparable damage to agricultural land and produce, damage to infrastructural facilities, loss
of life and livestock.
Figure 5 | Rainfall for the month of June.

Figure 6 | Rainfall for the month of July.

Figure 4 | Rainfall for the month of May.
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Assessment of model performance

The FFNN model was used with variations of associated training rules until the highest level of efficiency of the

model to predict runoff was achieved.

The model accuracy. Data pre/post-processing are proven to be an efficient way to improve the prediction
precision in most models (Alizadeh 2018). The training of the FFNN was done using the two input variables

(observed Q and rainfall) against only one output, the river flow. Variations in the number of hidden nodes,
standardization and for different numbers of epochs were put into consideration during training.

Figure 8 shows the results of the ANN with 10 hidden nodes, trained for 11 epochs, with input and output

values standardized by range. The RMSE was calculated as 0.9204 m3/s. The low value of RMSE shows that
the hidden layer of the FFNN was able to learn the pattern of training resulting in a better predictive accuracy
of the developed model.
Figure 8 | The model accuracy plot.
Coefficient of correlation R2. The strength of a linear relationship between the values that have been predicted

and those observed is shown by the correlation coefficient plot Figure 9. Analyzing the linear scatter plots
visually, the plots for the training, validation and testing period are very well distributed around the 1:1 line,
i.e., the regression line represents all the plotted data, hence a better goodness of fit for the observations such

that if more samples were added, they are more likely to fall within the line.
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Figure 9 | Perkerra catchment regression plot.
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The model produced a best fit regression with a coefficient of correlation of 0.951 for training, 0.938 for vali-

dation and 0.953 for testing. With the average correlation coefficient of 0.949, it indicates that there is a close
relationship between the input and output values, hence ANN was very good for rainfall runoff simulation for
flood prediction since according to Singh et al. (2014), a high predictive accuracy is indicated by a correlation

coefficient value greater than 0.67, a moderate effect is indicated by a range of 0.33–0.67, a low effect is a
value between 0.19 and 0.33 while a value below 0.19 is considered unacceptable.

Comparison between observed and simulated flows. A good performance measure is essential in evaluation of
complex hydrographs. There is no universally accepted measure of ANN skill (Dawson et al. 2002). The good
visual evaluation of the graph shows the general appropriateness of the ANN for the prediction of long-term

streamflow for ungauged catchments, rather than relying blindly on performance measures. The ANN
reproduced the largest flow (when the highest rainfall amount was recorded at 87 mm) and intervening low flows.

From Figure 10, the FFNN model was able to predict the runoff values with high accuracy.

The comparison of present results with the previous literature was made efficiently in terms of the accuracy
level of predictive tool. The statistical performance of the ANN model demonstrated a permissible accuracy
level (RMSE¼ 0.9204 and R2¼ 0.949). When compared to the investigation of Kanda et al. (2016), which
aimed to assess the ability of ANN to predict dissolved oxygen as an indicator of water pollution in River

Nzoia in Kenya, the results obtained during training and testing were acceptable with R2 varying from 0.79 to
0.94 and RMSE values ranging from 0.34 to 0.64 mg/l implying that an ANN can be used as a monitoring
tool considering the non-correlational relationship of the input and output variables.

In the Kim & Seo (2015) study, streamflow forecasting in the Nakdong River, Korea was done using an ANN
where management of water use and flood control has been an important national project. The performance of
the ANN was evaluated using coefficient of correlation and RMSE. According to the evaluation results, ANN

produced more accurate and reliable forecasts than other models with several combinations of input variables.
Coefficient of correlation results in the validation were 0.92, 0.95 and 0.97 for the three gauging stations.

Kotlarski et al. (2012) studied river flow modelling using an ANN in the Elbe River in the Czech Republic. Stat-

istical analysis of August 2002 flooding was done yielding a value of coefficient of determination (R2) of 0.56.
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Figure 10 | Plot of a comparison between the ANN simulated flows vs the observed daily streamflow over a period of April-
August 2005, April-August 2006 and April-August 2007.
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Therefore, by performing analyses and examining the performance of the hydrological model, these studies
have shown that ANN is useful as a substitute to the traditional methods including the empirical and statistical

methods in the evaluation of the diverse physical theories including flood prediction.
FLOOD PREDICTION

The integrated hydrologic responses of the Perkerra catchment during the 2004 to 2010 period has been

reflected in the flow duration curve (FDC), Figure 11, plotted from the simulated streamflow data against
percentile flow exceedance percentages. Flood prediction performance of the FDC can be evaluated by
drawing an FDC using serially correlated data. However, to stochastically evaluate the severity of high,

ordinary and low flow regimes of streams, an FDC was drawn using an arbitrary flow return period for suc-
cessive years at suitable time intervals rather than drawing an FDC using serially correlated data (Sugiyama
et al. 2003).

From Figure 12, flow rates between Q1 and Q10 are considered high flow rates and are most often caused by
short-term intense rainfall which normally occurs in the months of April and November. Flow greater than
14 m3/s would be extreme flood events. With a return period of 1 year, Q10 is equalled or exceeded 10% of

the time, 90% of the time the flows are less than this value.
Q45 is the Qmean (7.66 m3 /s). It is equalled or exceeded 45% of the time, and 55% of the time the flows are less

than this value.
Flows from Q20 and Q70 (14 m3/s to 5 m3/s) are the median flows for River Perkerra. The Perkerra Irrigation

Scheme will draw water from the river efficiently right across these flow rates.
Flow rates between Q80 and Q99 are the ‘low flows’ in the river, and as you move further to the right on the

FDC, the scheme will not benefit from the river due to low flows. As flow rates move from Q95 towards Q99

you move into the low-flow drought flows and the river will eventually dry up.
Based on the estimates of recurrence intervals of floods, flood frequency analysis aids in designing of structures

for flood protection such as waterworks, sewage disposal plants, and infrastructures design such as dams, bridges,

culverts, levees, and highways. The flood frequency graph gives the estimate for the design flow values corre-
sponding to specific return periods. As indicated in Figure 13, the estimated floods in Perkerra catchment for
1-, 2-, 5-, 10- and 50-year return period has been found from the ANN as 24, 61.57, 128, 159.47, 234.88 and

476.17 m3/s respectively.
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Figure 11 | Streamflow, duration curve and percentile flows drawn using the daily discharge values observed for Perkerra
between 2004–2014. (streamflow data obtained from Water Resources Management Authority, Nakuru Regional office).

Figure 12 | FDC drawn using the daily discharge values simulated for Perkerra for the period April-August 2005, April-August
2006, and April-August 2007.
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CONCLUSION AND RECOMMENDATION

Conclusion

The aim of this study was to predict floods in the Perkerra catchment using ANN. First, the hydrological model-
ling approach were evaluated and compared with respect to observed runoff in the ungauged Perkerra river
catchment. The scatter plots for the training, validation and testing period produced a best fit regression with
a.silverchair.com/wpt/article-pdf/17/4/914/1044358/wpt0170914.pdf



Figure 13 | Flood frequency curve.
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an average coefficient of correlation of 0.949 implying a close relationship between the input and output values.

The RMSE was calculated as 0.9204 m3/s, showing that the hidden layer of the model was able to learn the pat-
tern of training resulting in a better predictive accuracy of the developed model. Without the need for resource-
intensive and complex additional data in a catchment, an ANN can be used to accurately and reliably predict

river runoff to solve a typical water problem in many other hydrological fields. It provides useful information
on possible floods in the Perkerra catchment while helping in understanding the river flow patterns to enhance
sustainment of the Perkerra Irrigation Scheme during critical flow levels of the river.

Finally, flood frequency analysis was performed using the 10 years flood series. Analyzing the predicted dis-

charge statistically, the extreme flood events in the catchment were determined and at least twice every year,
flooding of different magnitudes has been experienced. Flow rates between Q1 and Q10 are considered high
flow rates, which are closely associated with short-term rainfall. Q1 (flow greater than 14 m3/s) is the extreme

flood event, which causes irrigation infrastructure damages, loss of lives and livelihood. With a return period
of 5 years, Q1 is equalled or exceeded 5% of the time, 95% of the time the flows are less than this value. The
extreme floods of 2009 occurred in 2015 and 2020 and is also likely to occur in 2025. Therefore, this flood mag-

nitude (Q1) needs to be considered by the county policy and decision makers for planning purposes, creating
flooding awareness, design and maintenance of irrigation infrastructures/hydraulic structures, etc. hence redu-
cing the negative impacts of floods.
Recommendation

Understanding and modelling of ungauged river catchments such as Perkerra using an ANN provides crucial
information for analysis of water resource management and planning. Use of hydrological models such as

ANN to predict floods can be used by the county policy and decision makers as a possible measure to mitigate
flood damages. Through flooding awareness, water resource managers and policy makers can prepare effectively
by making informed decisions like designing of an off-stream reservoir for storing excess water during high flows

for sustainability of Perkerra irrigation during low flows and aiding in flood protection.
Daily rainfall and runoff data was used in this study as an input in the flood prediction model. Consideration of

other input variables or combination of other influential variables with different prediction time frames of few

hours, or short time intervals of days will be interesting to study the extent of influence on the flood prediction
model.
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