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Summary

When flood disaster is considered country or region wise, South and Southeast Asia regions are
the worst sufferers due to complex topography and high rainfall intensity during the southwest
monsoon. In order to protect human lives and possessions against severe floods, understanding
potential flood hazard as well as an early warning of the upcoming flood with a sufficient lead
time is necessary. Therefore, special attention must be paid to significant research and
development activity for upgrading the existing models as well as for developing new ones in
order to meet the regional and local requirements. In this thesis, limited data availability in the
region has been addressed to further develop tools and techniques for river flood prediction.

As the third largest river of Myanmar, the Chindwin River with 113800 km? was considered as
the study area because it has great importance as a water resource and a transport artery of
Myanmar. Prior to the investigation of black-box forecasting approaches, hydrologic aspects of
monsoon floods were analyzed using statistical and frequency analysis with the data covering
the period 1966 to 2011. To analyze the change in flood values, the relative differences of flood
quantiles for return periods of 2 to 1000 years in two time phases, 1966-1990 and 1991-2011,
with respect to the entire observation period were compared. The expected floods of the latter
period are found to be the highest. Overall, flood probability and time series analyses show that
the upper and middle parts of the basin have particularly high flood risks. One-dimensional
hydraulic (MIKE 11) simulations also agree with that the upper half of the basin is likely to
suffer frequent floods. Flood risks in Myanmar, particularly the Chindwin River, continue to rise
in the last two decades as evidenced by the interannual structure of regional climate, suggesting
that robust approaches for estimating and characterizing floods would be valued by society.
Since the flood warning or forecasting system does not aim at providing explicit knowledge of
the rainfall-runoff process, applications of black-box approaches have been extensively
researched in case of data deficiency. In this context, data driven models and hydrologic routing
method were investigated for flood prediction at gauged sites. For developing forecasting
models, the Mawlaik station of the Chindwin River is considered as the forecasting station,
which has been defined as the flood prone site.

As a tool for multi-step forecasting at gauged sites, performances of stepwise multiple
regression (SMLR) and artificial neural network (ANN) techniques were investigated. Future

river stages are modeled using past water levels and rainfall from the forecasting station as well
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as from the hydrologically connected upstream station. The input vector selection of both
approaches involved auto-, partial- and cross-correlation of the data series. The developed
models were calibrated with flood data from 1990 to 2007 and validated with data from 2008 to
2011. Model performances were compared for one- to five-day ahead forecasts. With a high
accuracy, both candidate models perform well for forecasting the full range of flood levels. The
ANN models show a clear-cut superiority to the SMLR models, particularly in predicting the
extreme floods. The contribution of upstream data to both types of models improve the
forecasting performance with higher R? values and lower errors. Considering the commonly
available data in the region as primary predictors, the results would be useful for real time flood
forecasting, avoiding the complexity of physical processes.

In case of deficiency in meteorological data, the Muskingum routing model is a widely used
technique with known hydrographs, despite the limitations in its linear form. However, this
method, even in its nonlinear forms with more parameters, is not often adequate for flood
routing in natural rivers with multiple peaks. Therefore, as an alternative approach for flood
forecasting at gauged sites, the feedforward multilayer perceptron (FMLP) model was
developed according to the Muskingum formula in a black-box manner. The results are
compared to that of other reported methods, that have tackled the parameter estimation of the
nonlinear Muskingum model for the Wilson’s benchmark data with a single-peak hydrograph.
Evaluating performance statistics, the FMLP model outperforms other methods in flood routing
of the well-known benchmark data. Further, the FMLP routing model was also proven to be a
promising model for routing real flood hydrographs with multiple peaks of the Chindwin River.
Unlike other parameter estimation methods, the ANN models directly capture the routing
relationship, based on the Muskingum equation and perform well in dealing with complex
systems of a natural river.

On the other hand, understanding potential flood response and possible flood estimation in
ungauged catchments can assist the water resources practitioners in management decision.
Therefore, in the context of ungauged sites, principal components and clustering techniques
were applied for detecting homogeneous regions with similar flood response, and the neural
network-based regional models were developed. Based on catchment physiographic and climatic
attributes, the principal component analysis yields three component solutions with 79.2%
cumulative variance. The Ward’s method was used to search initial cluster numbers prior to k-

means clustering, which then objectively classifies the entire catchment into four homogeneous
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groups. For each homogeneous region clustered by the leading principal components, the
regional index flood models are developed via the ANN and regression method using the longest
flow path, basin elevation, basin slope, soil conservation curve number and mean annual rainfall,
which are less correlated each other. At the stage of developing regional models, main concern
is not only to establish regional IF models via two approaches, but also to reveal the
inconsistency in the performances of the conventional power form model (regression method)
under the conditions of using the log domain as well as real domain. To address this
shortcoming, ANN approach was investigated in the regional models. In the real domain, the
ANN models capture the nonlinear relationships between the index floods and the catchment
descriptors for each cluster, showing its superiority towards the conventional regression method.
Overall, the robustness of the black box approaches will satisfy the requirement of the flood
forecasting system in a developing country, where physical and hydro-metric data are scarce.
The feasibility of such models to the natural river basin is successfully validated with real data.
In all cases, relationships between input and output with a given concept of the approaches are
established as per the existing hydro-meteorological conditions and data availability. Better
understanding the regional characteristics of flood risks and improving forecasting practices for
a monsoon river represents reliable contributions of black-box forecasting approach that will be

a key feature in the future.
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CHAPTER 4
OVERVIEW OF THE RESULTS

This thesis has focused on the assessment of flood risk in term of flood probability and the trend

of annual maximum flows in a monsoon dominated basin, and further provided scientific

messages on developing black-box models with different aspects in order to suit the forecasting

requirement of developing countries where hydrometric data are scarce. All kinds of flood

studies have been carried out in the Chindwin River basin in northern Myanmar, which was also

treated as a case study in the development of the forecasting models. The major

accomplishments in this thesis are summarized as follows:

In article 1, hydrologic aspects of monsoon floods in the Chindwin river basin are
analyzed using statistical and frequency analyses, as high rainfall intensities with spatial
and temporal variation during the southwest monsoon causing severe floods are
threatening the region. It was found that flood responses vary due to the complex
topography and rainfall distribution over the catchment. In the Chindwin basin, mean
annual flood rises with the increase of the catchment areas, and coefficient of variation of
annual maxima series is changing with increasing catchment size. At five gauging
stations along the main river, time series of annual maxima showed no trend of the mean
value. However, according to the linear regression statistics, the deviation of annual
peaks from their means (regardless of positive or negative) showed increasing trends
with positive slopes at all stations in the last decades (1991-2011). Deviation trends at
Hkamti and Mawlaik stations are highly significant at the 5% level with the p value of
0.001 and 0.05 respectively. In addition, flood quantiles are determined for return
periods of 2 to 1000 years using the data covering the period 1966 to 2011. Comparing
the expected floods with the highest observed floods, suggests that these correspond in
the upper mountainous catchment (Hkamti and Homalin) to about 100-year events. In the
central flat terrain with medium elevations (Mawlaik) maximum observed flood has a
statistical return interval of about 50 years, while in the lower part of the dry zone area
(Kalewa and Monywa) it is about 15 years. Time series and flood probability analyses
showed that the upper and middle parts of the basin have particularly high flood risks. To
analyze the changes in flood values of different return periods, the relative differences of
flood quantiles in two time phases, 1966-1990 (TP-1) and 1991-2011(TP-2), with respect
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to the entire observation period are compared. Overall, the year 1990 was considered the
trend change year for the Chindwin watershed because the deviations of annual maxima
series of all stations are getting larger around this year. Beyond the 5-year return period,
expected floods are 2.5% to 26% higher for the data of TP-2, compared to that of TP-1.
In comparisons of relative differences in flood values of two series with respect to the
entire series, flood values are increasing 3% to 15% at different stations in the TP-2,
while the flood values of the TP-1 are decreasing up to 13% with the exception of
Homalin station. The highest difference (either high or low values) was found at the
Hkamti station, followed by Mawlaik, Monywa and Kalewa respectively. This
significance shows that the change in flood quantiles of the Chindwin River is decreasing
from upstream to downstream. Without having significant evidences of anthropogenic
effects, the cause of the increasing variability in annual peaks is probably due to the
interannual structure of regional climate and changes in monsoon intensity. The result
gives a motivation for further analysis of flood forecasting approaches by paying more
attention to the area with relatively high probability floods in this poorly gauged basin.
(Appendix 1)

Due to limited data sources, practical situations in most developing countries favor
black-box models in real time operations. Therefore, in article 1l, performances of
stepwise multiple regression (SMLR) and artificial neural network (ANN) models, as
tools for multi-step forecasting Chindwin River floods, are investigated in a simple and
robust approach. Future river stages are modeled using past water levels and rainfall at
the forecasting station as well as at the hydrologically connected upstream station. The
forecasting models are developed for the Mawlaik station, which has been defined as the
flood prone station in the first article. The developed models are calibrated with flood
data from 1990 to 2007 and validated with data from 2008 to 2011. Correlation analyses
suggest antecedent water level and rainfall data up to 5 lags could be considered as the
input vector. Since the dependent water level series is almost normally distributed and
the autoregressive process is dominant, the most recent antecedent data have a greater
impact on the regression models. With a high accuracy of R? values ranging from 0.8 to
0.99, both SMLR and ANN models provided satisfactory results in a forecasting water
level up to five days ahead during the monsoon flood season. In a comparison of

forecasting performances, the ANN models are superior to the SMLR models,
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particularly in predicting the extreme floods. In the model development, at-site rainfall
could not much contribute to the model performance in terms of R Nonetheless,
involvement of the rainfall reduced the prediction errors in the ANN models, which have
the inherent ability of capturing nonlinearity. The contribution of upstream data to both
models can improve the forecasting performance with higher R? values and lower errors.
Overall, the ANN models can predict high floods with less than 1% error for one step
ahead forecast. Considering the commonly available data in the region as primary
predictors, the results would be useful for real time flood forecasting, avoiding the
complexity of physical processes. (Appendix 2)

The third article examines the application of ANN in the Muskingum flood routing as an
alternative black-box approach in case of no climatic and catchment parameters. The
feedforward multilayer perceptron (FMLP) models are developed according to the
Muskingum equation and their performances are investigated in two case studies. The
first case study is based on the well-known Wilson’s benchmark data, which has only a
single peak and is reported to present a nonlinear relationship between weighted
discharge and storage. The performance of the proposed FMLP Muskingum model is
compared to that of the previously reported methods, which have been used in the
parameterization of nonlinear Muskingum routing. Using the sum of squared deviation
(SSQ), coefficient of efficiency (CE), error of peak discharge and error of time to peak,
the FMLP model shows a clear-cut superiority over other methods in flood routing of
well-known benchmark data. The best SSQ values of previously reported methods for
the three-parameter and four-parameter nonlinear Muskingum models were 36.77 m®s™
and 7.67 m>s™ respectively. The FMLP model in this research can reduce the SSQ value

up to 4.05 m’s™

. In the second case study, the FMLP model is also proven to be a
promising tool for routing real flood hydrographs with multiple peaks of the Chindwin
River. The best structure of FMLP mode in this case is 3-3-1, which provides CE values
of 0.99 in calibration and 0.98 in validation. This article presents a successful attempt to
validate the prediction of real flood events in this natural river via hydrologic routing
enhanced by ANN technique. Unlike other parameter estimation methods in Muskingum
routing, the FMLP models directly capture the routing relationship based on the
Muskingum equation, showing its robustness and predictability in real flood cases.

(Appendix 3)
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In the second and third articles, the applications of data driven models are dedicated only
to gauged sites. Therefore, through the example of the Chindwin River basin, article 1V
presents the application of principal components and clustering techniques for detecting
hydrological homogeneous regions, and a neural network-based regionalization approach
for estimating index floods (IF) at ungauged catchments. Based on catchment
physiographic and climatic attributes, the principal component analysis yields three-
component solutions with 79.2% cumulative variance. The Ward’s method is used to
search initial cluster numbers prior to k-means clustering, which then objectively
classifies the entire catchment into four homogeneous groups. Mean annual rainfall,
basin elevation and basin slope have the greatest contribution to classifying the
hydrological similarities of the Chindwin watershed. Overall the entire Chindwin
catchment is likely to have moderate to high flood potential. For each homogeneous
region clustered by the leading principal components, the regional IF models are
developed via the ANN and regression methods using the longest flow path, basin
elevation, basin slope, soil conservation curve number and mean annual rainfall, which
have lower inter-correlation with each other. The ANN based IF models for each region
explore more consistency in all performance indices, providing CE value higher than
0.95 in both calibration and validation, whereas the regression model has the least
efficiency in validation although it has a higher performance with a CE value of 0.9 in
calibrating. The result shows that the ANN approach captures the nonlinear relationships
between the IF and the catchment descriptors for each cluster, showing its superiority
towards the conventional regression method, for which the bias of parameter estimation
via log transformation is concerned. As a result, better understanding of similar flood
response areas and knowing IF for the entire Chindwin river basin would ease the flood

management in Myanmar. (Appendix 4)

Overall, this thesis explores a better understanding of flood causative factors and the trends of
hypothetical floods in the monsoon dominated river. Furthermore, the main contribution of the
thesis is to improve the current flood forecasting system of Myanmar by introducing the black-
box methods whose versatility have been proven in flood prediction at gauged and ungauged
sites using available data, and whose predictability is quite satisfactory and meets the regional
requirements. In particular, the main advantages of ANN models to be explored in this thesis is

less data requirement, suitability of any data type in the model development, avoiding physical
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meaning of the model structure and free from any statistical prerequisites. The overall results
would contribute to national water resources planning and management in Myanmar. The

methodology can lend itself to other similar regions where catchment data are scarce.
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CHAPTER 5
CONCLUSIONS AND PERSPECTIVES

5.1 Conclusions

To cope with the situation of data deficiency in developing countries, one must develop
predictive models that may use one or few of the available hydrometric data to issue a reliable
forecast of good quality, which are a decisive factor for a successful early warning. In this
context, this thesis had been inspired by the robustness of black-box forecasting approaches that
originates from data driven methods and hydrologic routing. For the scientific community to
benefit more from thesis, it is important to convey a message about how their capabilities are
effective in flood forecasting in general, and particularly how these approaches help the
practitioners in flood assessment in case of data scarcity in Myanmar i.e. regional context.
Driven by these situations, a number of studies have been undertaken with flood cases of the
meso-scale Chindwin River in northern Myanmar.

In terms of probability, flood risks in the upper half of the basin are higher, especially in the
recent decades. Strong trends in standard deviation and probability curves along the main stream
suggest more extreme events are likely to happen in coming years. Despite a weak evidence of
urbanization and substantial changes in land management in the catchment, the cause of the
increasing variability in annual peaks is, however, probably due to the interannual structure of
regional climate and changes in monsoon intensity. This finding also leads to a conclusion that
compared to other factors, hydroclimate parameters likely influence more on the generation of
floods in the region and become a key input to the flood forecasting model in the context of
Myanmar rivers.

On the other hand, multiple flood characteristics (e.g. shape, volume and peaks of hydrograph)
cannot be modeled by the probability of flood peaks, and the risk estimation for a flood event of
a certain dimension depends strongly on hydrological forecasts. Therefore, the core of the
research deals with the proper design of a river flood forecasting model for the flood prone
region of the Chindwin River. The application of SMLR and ANN models in multi-step river
stage prediction (Appendix 2), ANN application in Muskingum flood routing (Appendix 3) and
neural network based regionalization for ungauged catchment (Appendix 4) demonstrate the
robustness of such data models in the context of predicting any desired flood magnitude based

on the existing hydro-meteorological conditions and data availability. This implies an
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introduction of the simple and robust forecasting approach for a monsoon-dominated river basin
in a sustainable manner.

As an improvement of current forecasting approaches, when developing multi-step ahead
forecasting models under two conditions: (a) using at-site data only and (b) using upstream data,
both regression and ANN models provide reliable forecasts up to 5-day lead time which is
sufficient for flood warning and evacuation. The developed ANN models achieved by no means
their best performances via a parallel comparison with SMLR models. Nonetheless, the neural
network approach has shown consistently better performances than the conventional MLR
technique in both conditions, especially for extreme flood prediction. The result not only shows
the relevance of using ANN in flood forecasting with limited data types, but also reveals the
clear-cut superiority of ANN models to regression models using the same input data, for the
conditions under which the regression technique has the best performance. This study would be
a remedy to the shortcoming of previous studies due to unfair comparison between these two
approaches. For more lead times, performances of the models can be further improved by adding
other prediction variables such as rainfall and temperature not only from hydrologically
connected stations, but also nearby stations in the catchment. Although using more information
is challenging for linear regression models, ANN models can incorporate different predictors
and would provide better forecasts.

In case of no meteorological data, the outflow hydrograph from a stream channel can be
predicted by routing methods. In chronological order, better solutions for parameter estimation
of Muskingum routing were proposed in minimizing the SSQ value with respect to the
benchmark Wilson’s data. Very few studies reported the applicability and performance of the
proposed method in real flood cases with a successful validation. The fact that even nonlinear
Muskingum models may not be applicable to every flood event is likely because the inflow-
outflow relationship in natural rivers depends not only on the storage characteristics, but also on
other external influences. As a remedy for such a shortcoming, the FMLP network with error
back propagation was applied for Muskingum flood routing, and its performance was assessed
for the benchmark data in comparison with previous methods as well as for real flood cases of
the Chindwin River. In both cases, the performance of the FMLP models was found to be quite
satisfactory in terms of all performance indices. The ANN approach can disregard any external
disturbances and successfully capture the inflow-outflow relationship of the real flood cases on

the basis of the Muskingum formula which is sensitive to high disturbances by lateral inflows
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into the system. With a set of inflow-outflow records for a river reach, the proposed approach
has been further shown to be a promising tool for routing of real flood events in natural rivers.
Despite the spatial distribution of flood response units is essential for the effective flood
management, gauging all streams is neither possible nor desirable especially in developing
countries. In case of deficiency in flood statistics, different climatic and physiographic attributes
across the Chindwin catchment suggested that it is possible to generalize the effects of climatic
and catchment attributes on floods within the defined homogeneous regions. Mean annual
rainfall, basin elevation and basin slope have the greatest contribution to classifying the
hydrological similarities of the Chindwin watershed. In the development of regional IF models,
the conventional power form (regression) models did not show reliable results in the validation
stage although the calibration result was quite satisfactory. In a comparison using real data in the
power form models, the model performance is slightly lower than that of the linearized models
via log transformation. The regression based IF model has its statistical assumption and the log-
transformed solution of the conventional power form (regression based) model for the parameter
estimation could be biased in a real domain. The neural network approach, with the inherent
ability of capturing nonlinearity, has shown better results in both calibration and validation.

In addition to the issue of model performance, the presented approaches are also found to be
data efficient and worked well. The data-driven models, once trained correctly, yield the reliable
results from the limited or desired input and output data, which can be either linear or non-
linear. This quality is very useful to water resources management with limited resources. These
models are flexible to use, and computationally fast and reliable. Further, the data models need
only pruned input data from the stations, which have a higher correlation. Extrapolation
capability of ANN, formerly regarded as its disadvantage, is no longer a problem and it can be
overcome by using the appropriate data scaling in model training. Traditionally, simplified
modeling techniques like statistical methods have been used to solve the problems posed by lack
of data as long as the relationship between applied variables shows a strong linearity. However,
real world situations never guarantee such conditions. Therefore, nonlinear data driven
techniques like ANNSs are particularly useful for application involving complicated nonlinear
processes that are not easily modeled by traditional means. Although this study used for large
data set (1990-2011) for five days ahead flood level prediction, these models can also be trained

with little data. In IF regionalization, such a merit of requiring less data has also been confirmed
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by ANN models. The proposed methodology is believed to be employed to emulate the role of

simplified forecasting techniques in Myanmar and similar regions.

5.2 Perspectives for Further Research

In the flood assessment, interannual variation of streamflow should further be validated with the
detail spatial precipitation data at the regional level. Attention should also be paid to human
activities which alter regional hydrologic regimes, affecting long-term changes in streamflow at
both seasonal and regional scales. Flood extents should be analyzed with finer spatial scale.

As this study has shown, estimating future floods of a river system is possible by the data driven
models using commonly available data in the region, without any comprehensive data
requirements. However, a number of potential areas of future research with regard to river flood
prediction still remain in the context of data driven modeling. One of the most important aspects
is to complete a detailed quantitative sensitivity analysis and uncertainty assessment of the
models, in order to examine the relative contribution of the model parameters, initial conditions
and input variables to the model’s overall predictive uncertainty. Further investigations should
be conducted to identify other significant predictors that are commonly available in the region,
and build more accurate forecasting models using various relevant methods. In regionalization
processes, spatial flood data must have a sufficient density to cover the entire catchment.
Therefore, modifications of the regional IF models are required from time to time using more
available flood data and catchment attributes. Even if the observed flood data will not be
expected in the near future, it is recommended that synthetic annual maximum discharge series
of ungauged basins would be generated using available climatic data. For further improvement
of the models, relevant analysis and data from regional networks and adjacent territories as well
as from international sources should be acquired. Further, the ANN approach could be adapted
to the distributed modeling of watersheds, using multiple precipitations as inputs for a finer
analysis.

There is no doubt that black-box modeling will be a key feature in the management of flooding
over coming decades, especially in developing countries where catchment monitoring is
extremely limited and flooding is the most critical issue in countries’ socioeconomic

development.
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As the third largest river of Myanmar, the Chindwin River has great importance as a water resource
and transport artery. At 113,800 km? the basin is comparable in size to the Elbe basin in Europe,
although with higher rainfall and runoff. During the southwest monsoon high rainfall intensities with
spatial and temporal variation causing severe floods are threatening the region. The study aims to
analyze the hydrologic aspects of monsoon floods using statistical and frequency analysis. Flood
responses vary due to the complex topography and rainfall distribution over the catchment. Time
series of annual maximum floods shows no trend of the mean value. The deviation of annual maxima
from the respective mean values, however, has increased significantly in recent decades. Flood
quantiles are determined for return periods of 2 to 1,000 years using the data covering the period
1966 to 2011. Flood probability analysis shows that the upper and middle parts of the basin have
particularly high flood risks. To analyze the change in flood values, the relative differences of flood
quantiles in two time phases, 1966-1990 and 1991-2011, with respect to the entire observation

period are compared. The expected floods of the latter period are the highest.

Key words | catchment characteristics, flood characteristics, hydrologic aspects, probability,

southwest monsoon, trends

INTRODUCTION

Many regions of the world are experiencing an intensifica-
tion of floods caused by changing land use and climate.
Consequently, risks to human life and possessions are
increasing, made worse by population growth, urbanization,
settlement in flood plains and development (Huntington
2006; Marchi et al. 2010). Global warming has caused greater
climatic volatility shown by changing precipitation patterns,
increased frequency and intensity of extreme weather events
including flooding and has led to a rise in global mean sea
level (Parry et al. 2007; ADB 2009). Streamflow variability
is not only highly dependent on anthropogenic activities,
but also on seasons and climate (Daniel & Daniel 2006).
With their dynamic nature, floods may develop at any
space and time scales that conventional rainfall and dis-
charge observation systems are not able to monitor
(Marchi et al. 2010). Consequently the atmospheric and
hydrological generating mechanisms of flash floods in

doi: 10.2166/wcc.2014.075

many regions are poorly understood (Borga ef al. 2011).
Hence, understanding the hydro-meteorological processes
of flash flooding is extremely important, from both scientific
and societal perspectives.

Most Asian countries have suffered from flood disasters
frequently. As stated by Dutta & Herath (2004), out of the
total number of flood events in the world during the past
30 years, 40% occurred in Asia. The regional distribution
shows that South Asia is the most affected region with
39%, followed by Southeast Asia with 30%, East Asia with
25% and with 6% the West Asia region is the least affected.
Sharma (2012) observed that the flood events across Asia
have increased threefold and sixfold between 2000 and
2009, in comparison with the events in the 1980s and
1970s, respectively. In humid tropical and subtropical cli-
mates, especially in the realms of the monsoon, river
flooding is a recurrent natural phenomenon (Sanyal & Lu
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2004). The southwest monsoon, the seasonal change of
winds caused by the reversal of the land-ocean temperature
gradient, brings high rainfall over large areas of Asia
especially in the South and Southeast Asian countries.
Hydrological processes related to land surface and water
resources management are strongly affected by the regional
characteristics (Kondoh et al. 2004). The Intergovernmental
Panel on Climate Change (Parry et al. 2007) reported that
the mean surface air temperature in Southeast Asia
increased at the rate of 0.1-0.3 °C per decade between
1951 and 2000. Consequently, the frequencies of extreme
weather events such as heavy precipitation and tropical
cyclones have increased considerably in Southeast Asia
along with an increase in the interannual variability of
daily precipitation in the Asia summer monsoon. These cli-
matic changes have brought massive flooding, landslides,
and droughts in different regions and have caused extensive
damage to property, assets and human life. Studies on the
Bagmati watershed in Nepal by Sharma & Shakya (2005)
and Dhital & Kayastha (2012) explained that the frequency
and duration of monsoon floods have increased since 1991
while their magnitudes have already reached the statistical
100-year flood. Delgado et al. (2010) described that in the
Mekong River, likelihood of extreme floods has increased
during the last decades although the probability of an aver-
age flood decreased.

Over global land monsoon regions, monsoon rainfall
intensity showed a downward trend during 1950-2004
(Zhou et al. 2008). However, a regional study by Yao ef al.
(2008) showed that frequent extreme precipitation events
are found over South and Southeast Asia, with the exception
of a narrow zone over the Indo-China peninsula along
100 "E. At low latitudes, there are both regional increases
and decreases of rainfall over land areas, and increased rain-
fall intensity, particularly during the summer (southwest)
monsoon, could increase the extent of flood-prone areas in
temperate and tropical Asia (Houghton et al. 2001; Yao
et al. 2008). Myanmar’s location in the transition zone
between the South Asian and East Asian monsoon systems
results in a particularly complex spatial pattern of precipi-
tation variability which is not very well understood
(D’Arrigo et al. 2013). With a distinct nature, Myanmar’s
rainfall has no significant relationship with the contiguous
area of India and Bangladesh, even though all of them are

under a similar weather system (Sen Roy & Kaur 2000).
According to the study of the Association of Southeast
Asian Nations Disaster Risk Management Initiative
(ASEAN DRMI 2010), a catastrophic 200-year flood (0.5%
annual probability of exceedance) would have a major
impact on ASEAN countries’ economies, which are already
fragile. In a comparative analysis of social vulnerability to
disaster risks, among ASEAN countries Myanmar is the
second worst-affected country after Indonesia, with 3,480
killed per year from natural hazards.

To the knowledge of the authors, few works on the
hydrologic characteristics of the large-scale basins in Myan-
mar have been reported and particularly the Chindwin
catchment has received relatively little attention. Further
motivation is the public consensus on an increase in flood
damage and risk in recent decades. This paper is intended
to assess the hydrologic aspects of monsoon floods along
the Chindwin River in northern Myanmar. An attempt was
also made to identify the flood probability of the mesoscale
Chindwin River Basin in the tropical monsoon country. As
floods are complex and dynamic processes characterized
by spatial and temporal variations, in this paper special
attention was paid to the understanding of runoff behavior
and its changes which play a crucial role in operational
flood assessment.

Regional situation and monsoon floods

Myanmar is located in the northwestern part of the Indo-
China peninsula, between 9°32'N and 28°31'N latitudes
(with most of the area between the Tropic of Cancer and
the Equator) and between 92°10'E and 101°11’E longitudes.
Based on topographic conditions, Myanmar is divided into
three parts - the western ranges (Himalayan ranges that
divide India and Myanmar), the central plains (Ayeyar-
waddy delta and other river basins) and the eastern hilly
regions (Shan Plateau). River basin characteristics in Myan-
mar are quite variable due to the physiographic differences
(Ti & Facon 2004).

Myanmar is the second biggest country in Southeast
Asia, which is characterized by tropical rain forest and mon-
soon climates with a high and constant seasonal rainfall
(Parry et al. 2007). Due to the diverse topographic conditions
the climate varies across the country. As stated by Htway &
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Matsumoto (2011) the southwest monsoon advances in
southern Myanmar and onset date is end of May, though
the onset date may differ year to year. The monsoon periods
with their areal average monthly rainfalls and temperatures
(1960-2009) are shown in Figure 1. There is the southwest
(summer) monsoon (June to September) with a cloudy,
rainy, hot, humid summer and the northeast (winter) mon-
soon (December to April) with less clouds, scanty rainfall,
lower humidity and moderate temperatures. Annual rainfall
ranges from as high as 4,000-6,000 mm along the coastal
reaches and in the western mountainous region to as low
as 500-1,000 mm in the central dry zone. Two-thirds of
the country lies in the tropics and one-third in the temperate
zone. Lying within the tropics and the great Asiatic conti-
nent to the north and the wide expanse of the Indian
Ocean to the south, Myanmar furnishes one of the best
examples of a monsoon country. Extreme events in Myan-
mar such as heavy precipitation during the southwest
monsoon vary across the country, depending on the mon-
soon intensity in the Bay of Bengal, while droughts are
related to El Nifio and El Nifio Southern Oscillation on a
global scale as well as to the regional monsoon trough and
synoptic situations (Houghton et al. 2001; Myint et al. 2011).

The complex topography of this mountainous country,
high rainfall intensities and the large number of glaciers
mean that Myanmar is highly exposed to flood hazards.

While the contrast between the Asian continent and the sur-
rounding oceans drives the large-scale swing of the
monsoon, the regional distribution of monsoon rain is gov-
erned, to a large part, by orography (Liu et al. 2005).
According to the Department of Meteorology and Hydrol-
ogy (DMH) Myanmar, flood occurrence in Myanmar can
be generally recognized as 6% in June, 23% in July, 49% in
August, 14% in September and 8% in October. Recorded
data by the DMH reveals that several severe floods have
occurred in major rivers in Myanmar during recent decades:
for example 2004 Ayeyarwaddy; 1991, 2002, 2011 Chind-
win; 2002, 2011 Thanlwin; 1997, 2011 Sittaung and 1995,
2011 Bago. In the public’s perception, there seems to be a
trend of frequent hydrological extreme events, leading to a
high risk of flood hazards. Floods usually occur every year
in one river system or another during the southwest mon-
soon. The number of recorded floods with significant
impacts continues to rise, making floods one of the most
costly natural hazards. A hazard-specific distribution and
the impacts of the various disasters that occurred in Myan-
mar during 1970-2009 are shown in Figure 2. In contrast
to the prevailing flood hazards, the present flood manage-
ment system in Myanmar is not satisfactory for most
situations. Moreover, data scarcity still hampers the appli-
cation of distributed hydrological models for predicting
streamflow over a range of spatial scales.
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Figure 1 | Typical monsoon seasons of Myanmar.
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Figure 2 | Disaster impacts in Myanmar during 1970-2009 Source: ASEAN DRMI (2010).

Study area

The study was conducted for the Chindwin River Basin
with a catchment area of 113,800 km? and a length of
985 km, in northern Myanmar as shown in Figure 3. It is
the third largest river and one of the principal water
resources of the country. It is comparable in size with
the Elbe River, which has a catchment area of
148,268 km? and a length of 1,091km, which is the
fourth largest river in Europe. The Chindwin’s catchment
is a mountainous forested terrain with the exception of
its lowest southern part, which comprises a wide flood
plain. The Chindwin River flows down through the
Hukaung valley, Hkamti, Homalin, and Mawlaik to the
southwest and changes its course at Kalewa in the south-
east, crossing a number of vast plains and finally joins
the Ayeyarwaddy River which is one of the major rivers
in Asia (Figure 4). The Chindwin River is 350 m wide
near Hkamti, and spreading over the meridian direction.
Downstream of the defile the river valley gets wider, with
a width of 1,200 m near Monywa, and flow velocities
slow down when flowing through the central flat terrain.
The main tributaries are: the U Yu River just below the
Homalin with a catchment area of 7,485km? the Yu
River above Mawlaik with 6,423 km? and the largest tribu-
tary, Myitthar River at Kalewa, with a 25,563 km?
catchment. The Chindwin with its major tributaries is the
most convenient means of communication within the
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basin connecting it with the main economically developed
areas of the country. The river basin occupies almost the
entire northwestern part of Myanmar and is important to
the development of the country.

Chikamori et al. (2012) reported that the Chindwin
basin is mainly formed by tertiary continental sediments
such as sandstones of different hardness, shale and lime-
There
(granite, granite-gneisses, diorites, etc.) stretching to the

stone. is also exposure of crystalline rocks
east of Chindwin and a range of hills to the north of
Monywa station. Closed forest covers 50% of the basin
area. The second dominant land type is degraded forest
including shrubs which covers about 33%. Agricultural
land, alluvial island cultivation and homestead gardening
cover 15% of the basin area while shifting cultivation and
swamp areas represent 2%. Though the social and econ-
omic conditions have changed and the population in the
basin has increased in recent years, urbanization effects
do not seem to have greater impacts on the basin hydrol-
ogy compared with the geomorphic conditions. The
important role of the basin in national socio-economic
development is hampered by flood hazards due to climate
conditions. Severe floods hit the Chindwin basin every
year at one place or another due to high rainfall intensi-
ties during the southwest monsoon. Since 1965 flood
occurrences in the Chindwin basin have been highest in
July and August contributing 72% of the total number of
floods in the basin.
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Figure 3 | Location of the Chindwin River Basin.
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Figure 4 | Longitudinal profile of the Chindwin River from head to confluence.

MATERIALS AND METHOD

Data analyzed in this paper mainly consist of daily dis-
charges and rainfall (1966 to 2011) at five gauging stations
and relevant hydro-meteorological data of the basin. The

gauging stations also refer to the outlets of the sub-basins
of the Chindwin catchment along its main course. Geo-
graphic information system (GIS) was used to characterize
catchment parameters. The hydro-meteorological data are
mostly obtained from the DMH in Myanmar and from the
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numerous research articles and published reports which are
cited in the reference list. A simple and straightforward
approach was applied to characterize the rainfall and
flood runoff patterns over the basin based on the analysis
of observed hydro-meteorological records and catchment
characteristics.

Data review and analysis

Through a GIS process, catchment characteristics were
extracted from the global digital elevation model (DEM)
available from the USGS (EROS) Hydro 1 K Asia database
as well as from ground survey data and maps. EsriArcGIS
10 software was used to analyze spatial parameters of the
watershed. First raw DEM data was corrected to create a
depressionless DEM by filling the sinks. Then watershed
characterization was done by using the ArcHydrol Tools
function in ArcGIS which processes and analyzes the cor-
rected DEM data to characterize topography, measure
basin parameters, identify surface drainage, subdivide water-
sheds, and quantify the drainage network. Base flow index
(BFI) program was used for identification of annual base
flow contributions of the total annual runoff. Among several
hydrograph separation methods, the program implements a
deterministic procedure developed by the British Institute of
Hydrology and the method combines a local minimums
approach with a recession slope test (Wahl & Wahl 1995).
This program was included in the Developments in Water
Science Series, volume 48, edited by Tallaksen & van
Lanen (2004). Long-term variability of annual maximum
floods in the Chindwin River was studied using flash flood
magnitude index (FFMI), suggested by Kale (2003), which
is the standard deviation of the logarithms of annual peak
discharge, for defining the interannual variability of mon-
soon floods. A literature review on different aspects of
water resources in Myanmar (Ti & Facon 2004; ADB
2009; ASEAN DRMI 2010; Chikamori et al. 2012) helps in
understanding the study area and provides some preliminary
conclusions. Particular attention was paid to information on
flood hydrology. Statistical and regional analysis was
applied to the observed streamflow and rainfall data at the
five gauging stations of the Chindwin River. Mean, standard
deviation and coefficient of variation were mainly used to
understand the general hydrology of the watershed.

Statistical analysis was done using SPSS 19 software and
Microsoft Excel 2010.

Time series analysis

Time series analysis involves applying a linear regression to
detect the trends of annual maxima (AM) series and their
deviation trends. The significance of a linear trend was
assessed using a linear regression function in SPSS 19.
The issue of a linear trend is whether the slope value is sig-
nificantly different from zero (i.e. no trend). The slope is the
average rate of change over the years being examined. For
the test of significance, the P-value was determined by refer-
ring to a t-distribution. The test statistic was calculated
dividing the estimated slope coefficient by the estimated
standard error. The null hypothesis of no trend is rejected
if the p value is smaller than the significance level. In this
study, a trend was considered to be significant at 5% signifi-
cance level. If the p value is less than or equal to 0.05, there
is a significant trend. If not, there is not enough evidence of
a meaningful trend at this significance level.

Frequency analysis

Frequency analysis was applied to evaluate the probability
of flood occurrences and possible trends during the obser-
vation period. Having listed a series of annual maximum
floods, they were then ranked in descending order. The
empirical recurrence interval (T) and probability (P) of the
data could be computed using a plotting position and
fitted by Log-Pearson Type III (LP-3) distribution. LP-3 dis-
tribution is mostly recommended in flood frequency
analysis and is used for design purposes. It is determined
by three parameters: mean, standard deviation and the
skewness coefficient. Using the AM of the entire study
period (1966 to 2011), the hypothetical floods were deter-
mined for the return periods of 2 to 1,000 years and then
the flood risks were defined in terms of probability for
each station along the main river. In the next step, the
time series was split into two time phases: TP-1 (1966 to
1990) and TP-2 (1991 to 2011). The moving average
method was used to determine at which year time series
were split best into two periods. The moving average
method smoothes the fluctuations of AM series. The year
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at which an obvious change occurs in the moving average
series was taken as the trend change year. With this, the
time series are also divided into two partial series of similar
length. To detect the changes in flood quantiles, the relative
differences of flood quantiles in two time phases with
respect to the entire observation period were compared.

Based on the flood frequencies, the index flood method
could be applied to derive the regional frequency curve
(Riggs 1982). The basic premise of this method is that a com-
bination of streamflow records obtained at a number of
gauging stations will produce a more reliable, not a longer,
record, and thus will increase the reliability of frequency
analysis within a region (Jain & Singh 2003). A dimension-
less frequency curve representing the ratio of the flood of
any frequency to an index flood, which is the mean annual
flood, was generated.

RESULTS AND DISCUSSION
Hydrology

Orographic effects, as a natural barrier to the southwest
monsoon in the meridian direction, cause much greater
precipitation on the west side of the mountains and a
rain shadow on the east side. Further, from the source of
the Chindwin to its mouth the amount of rainfall also
decreases because of the western disturbance and tropical
cyclones in the Bay of Bengal. Assessment of the long-
term average annual rainfall demonstrates that the spatial
variation of rainfall was also influenced by topography.
As a monsoon-dominated catchment, riverine floods and
flash floods are most common to the Chindwin River
when intense rainfall persists at the headwaters of the
basin seasonally and annually. Generally the northern
part of the Chindwin basin receives an average of
3,800 mm per year, while the lower (southern) part of the
basin gets only 760 mm. Nearly 90% of the rainfall in the
northern part and 75% in the southern part of the basin
falls between June and October. In a flood warning context,
floods are expected when critical values are exceeded. The
DMH has defined the threshold discharge for a given cross-
section of the Chindwin River. Threshold runoffs are
13,500 m>s~! at Hkamti, 14,200m>s~! at Homalin,

16,200 m®s~! at Mawlaik, 16,800 m®s~! at Kalewa and
19,000 m®>s~! at Monywa.

Figure 5 shows the annual rainfall comparison at differ-
ent stations and typical rainfall pattern and streamflow of
the upper Chindwin basin. It can be seen that intense rain
falls almost every day during the southwest monsoon
season. Lag or response time of rainfall to flow is about 1
to 3 days depending on the rainfall distribution. While
single peak floods are characteristic during the southwest
monsoon season especially in the lower basin, sometimes
multiple peak events occur due to rain on successive days
mostly in the upper Chindwin basin. They are imposed on
the annual flood hydrograph, which is unique for any
given year but similar in shape between different years.
Annual cycle and flood season are stable and defined by
monsoon precipitation that arrives approximately at the
same time of the year. The high fluctuation of streamflow
patterns in the Chindwin catchment is influenced by the
extreme variation of rainfall in the region.

Generally monsoon floods display temporal patterns
characterized by long period fluctuations and non-random
behavior in terms of discrete periods of low and high
floods (Kale 1999). The high rises of water levels and dis-
charges are often noticed in July and August, the mid-
season of the monsoon when soils are saturated with
water concurrently and infiltration during intense rainfall
is less. Nevertheless, early and late monsoon floods should
also be considered as common events. According to past
flood events since 1966, the highest river level reached
4 m above the danger level at the upper Chindwin basin con-
tributing discharges of 19,613 m®>s* and 19,400 m>s ™! at
Hkamti in 1991 and 1997, 26,773 m>s ' and 26,443 m’
s ' at Mawlaik in 1976 and 2002, and 26,220 m>s ™' at
Kalewa (lower basin) in 2002. The severe floods, which
were over critical levels on 22 July 2004 (17,673 m>s ') at
Hkamti, 15 July 1997 (19,470 m®s~!) at Homalin, 01 Sep-
tember 1999 at Mawlaik (24,093 m>s™!), 10 July 2008
(23,720 m® s ') at Kalewa and 19 August 2002 (23,957 m>
s 1) at Monywa, lead to the assumption that extreme
events have occurred more often in the last two decades.
Duration of floods above the danger levels varied from 9
to 18 days. The danger level corresponds to the crest
height of the levees. Historical flood records indicated that
the middle part of the basin also has a high potential flood



8 Z. Z. Latt & H. Wittenberg | Hydrology and flood probability of the Chindwin River, Myanmar

Journal of Water and Climate Change | in press | 2014 ‘

= -% - Monywa —©S—Kalewa —>— Mawlaik —F— Homalin - —+ - Hkamfi

P
£
;

L +

\ £y
1

T
Yt

i
(IR} i
i

! 1

5000 7 +
Tif
] +
!
¥ +*

Annual Rainfall (mm)

G

30000

25000

20000

15000

10000

Discharge (m?s?)

5000

100
200
300
400
500
600
700

Rainfall (mnm)

1-Jan-89
1-Feb-89
1-Mar-89
1-Apr-89
1-Mey-85
1-Jun-8%
1-Jul-8%
1-Aug-89

800

1-Bep-89
1-Oct-89
1-Nov -85
1-Dec-89

Hyetograph and Hydrograph at Hkamti Station

Figure 5 | Annual Rainfall and Typical Rainfall Pattern of the Chindwin River (a) Annual rainfall and (b) typical rainfall and streamflow pattern of the Chindwin River.

hazard although rainfall is not as high as in the most
upstream catchment. During the southwest monsoon,
flood flows at the middle station (Mawlaik) are moderately
correlated with those of the upstream station, Hkamti
(R?=0.5), but strongly correlated with the lower station,
Monywa (R? = 0.8). The latter situation is likely due to the
similar geomorphic condition and rainfall distribution over
these areas.

According to Kondoh et al. (2004) Myanmar belongs to
region B2 of Monsoon Asia where the climate is character-
ized by distinct wet and dry seasons with a large water
deficit in the dry season. Maximum mean annual tempera-
ture at the Monywa station (lower part of the basin) is
29 °C whereas the minimum mean annual temperature
amounts to 25 "C. Average annual evaporation is high with

about 1,400 mm/a in the southern part of the basin to
1,000 mm/a in the north. This causes an average basin
loss of about 45% of total rainfall. From daily streamflow
records, annual base flow contributions were determined
and expressed in BFI, which is the ratio of base flow to
total flow volume for a given year. The average specific dis-
charge at five stations ranges between 0.20 m®s ! km 2)
and 0.53 (m®s~! km2). Basin area and slope, river length
and slope are determined using GIS based on the DEM of
1 km? resolution. All parameters, together with basin prop-
erties, are shown in Table 1.

Figure 6(a) shows the FFMI against the ratios of
observed highest discharge and average annual maximum
discharge at different stations. FFMI values range between
0.08 and 0.1 showing that the interannual variability in
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Table 1 | Catchment characteristics of the Chindwin Basin

Parameter Hkamti Homalin Mawlaik Kalewa Monywa
Location N-26" 00 N-24" 52/ N-23" 38 N-23" 12 N-22° 06
E-95 42 E-94° 55 E-94° 25 E-94° 18 E-95° 08
Basin area (km?) 27,210 49,137 69,057 99,072 113,814
River length (km) 347 546 660 741 985
River slope 0.0013 0.0002 0.0004 0.0002 0.0003
Basin slope 0.104 0.122 0.118 0.120 0.114
Mean annual rainfall (mm) 3,830 2,287 1,738 1,685 764
Mean annual max flow (m>s™1) 14,387 16,243 19,542 20,054 20,603
Specific discharge (m®s~! km—?) 0.53 0.33 0.28 0.20 0.18
BFI 0.61 0.69 0.73 0.74 0.77
(a) 0.14 Time series and frequency analysis of floods
0.12
0.1 Hikamti Mawlaik Monywa The trends in AM and variability of extreme floods were
E 0.08 Hm:aj - Kalewa evaluated. Temporal trends of AM series and their devi-
= 006 ations were detected at five stations along the Chindwin
0.04 River using a linear regression. Annual maximum discharges
0.02 (Qmax) and deviation trends (1967-2011) at two selected
12 1.3 132 1.34 1.36 1.38 gauging stations are shown in Figure 7. Table 2 shows the
0bs.Q/avg.Qpa slope factors and p-values as the significance test for a
linear trend.
i‘.E) 957 AM series at all stations show slightly decreasing trends
E with negative slopes. But trends were not significant as p-
:"E' 28 values are much greater than 0.05. Thus, the AM series of
% the Chindwin River can be regarded as stable for the obser-
E 047 = %! é vation period. The statistical mean value was not changing
T ° with time and there was no significant trend. However, the
E °27 ° % é deviation of annual peaks from their mean (regardless of
@ i positive or negative) showed increasing trends with positive

T T T T T
Hkamti Homalin Mawlaik Kalewa Monywa

Figure 6 | Variability of annual floods: (a) FFMI against the ratio of observed largest floods
to mean annual maximum discharges; (b) distribution of standardized AM.

flood peaks was not very different from station to station.
Figure 6(b) shows the box plot of AM standardized by the
basin area. The annual maximum flood relative to the
basin area is highest at Hkamti followed by Homalin, Maw-
laik, Kalewa and Monywa. Flood generation decreases with
the increase in the catchment area. The standardized AMs
are more variable over time at Hkamti and Mawlaik, with
higher standard deviations than at other stations.

slopes at all stations. Deviation trends at Hkamti and Maw-
laik stations were highly significant at the 5% level with p-
values of 0.001 and 0.05, respectively. At Monywa station,
the deviation of AM series showed an increasing trend
with a marginal significance (p =0.068). At Homalin and
Kalewa stations, there was not enough evidence for mean-
ingful trends at the 5% significant level.

The trend to a higher deviation and thus variation of
annual maximum floods is in accordance with the hypoth-
eses of climate change, making the region experience
more extreme events. For example, ADB (2009) reported
that Southeast Asia is one of the world’s most vulnerable
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Figure 7 | Linear trends of annual Qpax at () Hkamti (b) Mawlaik and deviation of annual Qmax from mean value at (c) Hkamti (d) Mawlaik.

Table 2 | Linear trend statistics of two time series for different stations

Deviation of AM from

AM the means
station Slope P-value Slope P-value
Hkamti -21 0.6 55 0.001
Homalin -28 0.4 30 0.150
Malwaik —42 0.5 68 0.050
Kalewa -28 0.6 25 0.320
Monywa -10 0.8 45 0.068

regions to the impact of climate change in terms of fre-
quency and intensity of extreme weather events which are
projected to increase. Furthermore, frequent extreme pre-
cipitation over Southeast Asia is predicted in the next few
decades due to climate change and that is definitely going
to worsen the flooding situation in the region (Houghton
et al. 2001; Yao et al. 2008; Turral et al. 201). Statistically,
the time series are thus not homogeneous.

In many cases large rivers with the highest annual varia-
bility may have potential impacts from dams because of
substantial control over downstream hydrology (Graf
2006). However, flow changes by dam building were not evi-
dent in the Chindwin watershed. According to the collected
data from the Myanmar Irrigation Department, there is no
dam across the main stream yet and only three dams have
been implemented in recent years on the Chindwin’s tribu-
taries. Locations of the dams are on the Neyinsara River
(23°31’ N and 94°06' E), on the Manipur River (22°58 N
and 93°58 E), and on the Myitthar River (22°00' N and
94°02' E). But none of these dams is finished yet and regu-
lated controls are not capable of exerting substantial
influence on downstream hydrology. Although their impacts
could not be fully assessed, the damming was not a prime
influencing factor for the variability of floods whose magni-
tudes have increased in the last two decades. Furthermore,
as stated by Bruijnzeel (2004), it is difficult to evaluate the
effects of land use change on flood peaks in large rivers
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because such changes are rarely fast and consistent with the
exception of high population pressure and thus often com-
pounded by climatic variability. High variability of
streamflow could be expected as an effect of an interannual
structure in regional climate as well as changes in monsoon
intensity. Regarding other monsoon-dominated rivers in
Southeast Asia, Delgado et al. (2010) came to a similar con-
clusion that the variation of extreme floods in the Mekong
River was validated with the precipitation data, which
suggests climatic causes for the increase in variability.
Frequency analysis was then applied to annual maxi-
mum discharges of five stations during 1966 to 2011.
Although not all stations covered the same data length, all
streamflow data used span over 40 years of records. Mean,
standard deviation, skewness coefficients and coefficients
of variation (CV) of the annual maximum series of the differ-
ent stations are shown in Table 3. Probable floods at each
gauging station were computed by using the LP-3 distri-
bution for different return periods of 2 to 1,000 years. The
expected hypothetical floods were compared with the high-
est observed flows in the past 40 years as shown in Figure 8.
Comparing the expected floods with the highest observed
floods, suggests that these correspond in the upper mountai-
nous catchment (Hkamti and Homalin) to about 100-year
events. In the central flat terrain with medium elevations
(Mawlaik) the maximum observed flood has a statistical
return interval of about 50 years, while in the lower part
of the dry zone area (Kalewa and Monywa) it is about 15
years. It is generally assumed that the reliability of statistical
analyses increases with the length of time series or the
number of data. An important precondition for this, how-
ever, is that the set of data is homogeneous, drawn from a
single data population. As found above, this condition is

Table 3 | Statistical parameter of annual maximum series

Mean (més™")

standard deviation (m3s~")

not fulfilled for the flood data of the Chindwin River.
There was a rise in standard deviation particularly in the
last two decades caused by outer (most extreme) influences
(Table 3). The most likely effects on this high flood variabil-
ity are the changes in rainfall intensity and pattern in the
region, as discussed above. The standard deviations of AM
series for the data from the last two decades are 2.4, 1.5,
1.5, 1.3 and 1.4 times greater than that of the period 1966-
1990 at Hkamti, Homalin, Mawlaik, Kalewa and Monywa,
respectively.

Taken strictly, the frequency analysis of the entire obser-
vation period was not admissible. Therefore, the AM series
should be analyzed in different time phases. A moving aver-
age with seven spans was used to check the trend change at
all stations. The year when the AM series were split is the
year in which a trend of flood variability changes. Moving
average series for five stations are given in Figure 9.
Although the trend change years for all stations are not iden-
tical, with less fluctuation, the moving average series for all
stations are generally smooth till 1990 and the higher fluctu-
ations occurred in the later periods. In this study, detecting
exact change points using possible statistical tests is not the
main focus. Instead, the authors would like to point out that
the deluge of extreme floods frequently occurred after 1990,
especially concentrated in the last 20 years of the time
series.

In Monsoon Asia, substantial regional features are
associated with the changes in precipitation amounts and
duration, and in southeast China, a sharp increase in
extreme precipitation (>50 mm per day) occurred in 1993
(Yao et al. 2008). The change point for annual maximum
flood series of the Wijiang River in South China was
found in 1991with an increase in mean of AM by 45% due

Skew coefficient

Station Entire period 1966-1990 1991-2011 Entire period 1966-1990 1991-2011 Entire period 1966-1990 1991-2011 (E:r‘iltire period
Hkamti 14,387 14,582 14,165 2,481 1,404 3,343 —-0.31 -0.24 —0.80 0.17
Homalin 16,243 16,782 15,653 2,715 2,128 3,189 —0.64 0.32 —0.66 0.17
Mawlaik 19,542 20,017 19,113 3,931 3,001 4,650 —0.31 —0.05 -0.20 0.20
Kalewa 20,054 20,504 19,518 4,175 3,663 4,750 -—0.36 —0.40 -0.21 0.21
Monywa 20,603 20,804 20,362 4,103 3,480 4,820 —0.02 0.16 0.07 0.20
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to increased rainstorms (Chen ef al. 2013). In Southeast Asia,
extreme weather events associated with El Nifio were more
frequent and intense in the past 20 years (Parry ef al. 2007).
Interannual rainfall and temperature variability in Myanmar
is affected by the ENSO (El Nifio Southern Oscillation) pat-
terns (Lwin 2006; Baroang 2013). With the effects of warmer
temperature, the increased water vapor will possibly result
in an increase in precipitation amount and intensity
(Houghton et al. 2001; Wang et al. 2008). Thus extreme
floods in the Chindwin catchment were found not only in
strong La Nifia but also in strong El Nifio years, and the

2000 2005 2010

extreme floods associated with moderate to strong El Nifio
years have been observed since 1991.

A sharp increase in the maximum flood level (4.3 m
above danger level) at Hkamti station occurred in 1991
and the occurrences of extreme floods (>2m above the
danger levels) are more frequent at Hkamti, Mawlaik and
Kalewa stations from 1991 onwards. These regional and
local situations show that higher interannual variations of
streamflows in the Chindwin catchment are expected in
the past 20 years. Through this reasoning, AM series are ana-
lyzed with two time phases: TP1 (1966-1990) and TP2
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(1991-2011). Overall, 1990 was considered the trend
change year for the Chindwin watershed because the devi-
ations of AM series at all stations are also getting larger
around this year. Modification of the rating curve for the
Monywa station was carried out in 2009 and any changes
of monitoring method which affect the rating curves could
not be observed for all stations. Sometimes human activities
are more important in the regional hydrologic regime (Yang
et al. 2004); however the variation of extreme floods in the
Chindwin catchment after 1990 is probably due to climatic
causes especially precipitation since the major human-
induced impacts such as damming and land use changes
were not evident in the catchment.

The two respective frequency curves, along with the
plotting positions, for Hkamti and Mawlaik stations are
shown in Figure 10. Parameters are given in Table 3. As
expected, the frequency curves based on 1991-2011 records,
with the exception of Homalin, provided higher floods.
Hypothetical floods of the two frequency curves were then
compared for the return periods. The increase of flood mag-
nitudes in TP-2 with respect to TP-1 was expressed as a
percentage as shown in Figure 11. Beyond the 5-year
return period, expected floods are 2.5% to 26% higher for
the data of TP-2. Only at Homalin station was no significant
difference found.

To analyze the change in flood peak series, relative
differences of flood quantiles in two periods were compared

Frequency Curve (TP-2)
Plotting Position (TP-2)
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. Plotting Possition (TP-1) +
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with respect to that of the entire period and results are
shown in Figure 12. In the latter period (1991-2011), flood
values are increasing 3% to 15% at different stations while
the flood values of the former period (1966-1990) are
decreasing up to 13% with the exception of Homalin station.
In both comparisons of relative differences in flood values of
two series with respect to the entire series, the highest differ-
ence (either high or low values) was found at the Hkamti
station followed by Mawlaik, Monywa and Kalewa, respect-
ively. This significance shows that the change in flood
quantiles of the Chindwin River is decreasing from upstream
to downstream.

The index-flood method was also applied here as a tool
for regionalization of the basin using five station data.
Dawdy & Gupta (1995) assess this method as unrealistic
with its assumption of simple scaling, that the coefficient
of variation is not changing with the increasing catchment
area. Normally, CV decreases with the increasing catchment
scale due to damping effects (Kuzuha ef al. 2009). In the
Chindwin basin, mean annual flood rises with the increase
of catchment areas and CV is changing with increasing
catchment as shown in Table 3. This agrees with the
former argument. Flood indices (FI) were calculated as the
ratios of expected floods with different return periods (Q.)
to the mean of observed annual maximum series (Table 4).
The regional frequency curve is shown in Figure 13. In aver-
aging the entire basin, the expected floods may range
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Figure 10 | Comparison of frequency curves with the most significant differences: (a) Hkamti (b) Mawlaik.
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Figure 12 | Comparison of flood quantiles: (a) TP-1 and entire period; (b) TP-2 and entire period.

between 0.6 and 1.5 times the mean annual maximum dis-
charge. Average FI for all return periods at each station lie
within 1.2 to 1.3, from upstream to downstream. The aver-
age value of the highest expected floods would not be
much different from station to station. It is also noticeable
that the expected floods, even with higher return periods,
are not largely different from the average annual maximum
floods of the basin.

CONCLUSIONS

Severe floods with high rainfall during the southwest mon-
soon are the most serious natural disasters in Myanmar.
Flood risk management, however, is not yet well-developed.
Flood characteristics and trends at five gauging stations
along the Chindwin River are evaluated. Under the regional
climate the Chindwin is a perennial river with high seasonal
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Table 4 | FI at different stations

Hkamti Homalin Mawlaik Kalewa Monywa
Average FI
Return period (yr) Q. (m3s™") FI Q. (m3s™") FI Qe (m3s™") FI Qe (M3s™) FI Q. (m3s™") FI
7,759 0.54 10,162 0.63 9,844 0.50 9,929 0.50 11,568 0.56 0.55
2 14,436 1.00 16,438 1.01 19,640 1.01 20,126 1.00 20,130 0.98 1.00
16,543 1.15 18,545 1.14 23,088 1.18 23,819 1.19 23,703 1.15 1.16
10 17,520 1.22 19,591 1.21 24,789 1.27 25,659 1.28 25,687 1.25 1.24
20 18,256 1.27 20,423 1.26 26,129 1.34 27,116 1.35 27,393 1.33 1.31
50 18,988 1.32 21,310 1.31 27,530 141 28,651 143 29,381 1.43 1.38
100 19,425 1.35 21,876 1.35 28,408 145 29,618 148 30,754 1.50 1.42
200 19,783 1.38 22,371 1.38 29,159 1.49 30,450 1.52 32,042 1.56 1.46
500 20,175 1.40 22,949 1.41 30,017 1.54 31,406 1.57 33,654 1.64 1.51
1,000 20,411 1.42 23,328 1.44 30,555 1.56 32,019 1.60 34,807 1.69 1.54
Average FI 1.20 1.21 1.29 1.27 1.31
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Figure 13 | Flood regionalization of the Chindwin River Basin.

variation in discharge and rainfall, since up to 90% of rain-
fall occurs during the southwest monsoon. In the past flood
levels have reached up to 4 meters over the bank level at
Hkamti in 1991 and 1997, at Mawlaik and Kalewa in
2002, resulting in relatively large inundations. Duration of
most floods generally lasts over 10 days and such long-last-
ing floods are frequent occurrences in the basin seasonally
and annually.

Statistical analysis shows that there are no trends of the
mean values of annual maximum discharges but strong

1000

trends in standard deviation and probability curves along
the main stream. Particularly at the upper station (Hkamti)
and the middle station (Malwaik), over the last two decades
the standard deviations of AM have significantly increased
2.4 and 1.5 times, respectively, compared with the period
1966-1990. The study pointed out the remarkable increase
in flood occurrence as well as the increasing trend of devi-
ation of annual maximum floods with time since 1990.
Frequency analysis of the entire observation period indicates
that the river has already experienced a 100-year flood in the
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upper part, 50-year flood in the middle and a 15-year flood in
the lower part. The paper also concludes that flood risk is high
in the upper and middle regions of the basin. To detect the
changes in flood quantiles, two distinct phases were studied:
1966 to 1990 with small deviation of annual maximum dis-
charge and 1991 to 2011 with increasing trend of high
floods. As the basin is not well industrialized and urbanized,
except in Monywa, any substantial changes in land manage-
ment were not evident in the catchment. However, the
cause for the increasing variability in annual peaks is prob-
ably the interannual structure of regional climate and
changes in monsoon intensity. It is recommended that inter-
annual variation of streamflow should be validated with the
detailed spatial precipitation data at the regional level. Atten-
tion should also be paid to human activities which alter
regional hydrologic regimes, affecting long-term changes in
streamflow at both seasonal and regional scales.

As a result better understanding of monsoon flood
characteristics of the Chindwin River Basin would contrib-
ute to improved flood hazard management because an
effective mitigation plan could never be realized without a
proper understanding and assessment of the regional
characteristics. The study also gives motivation for further
analysis of flood extents in this poorly gauged basin with
finer spatial scale. It also suggests that flood management
could benefit by paying more attention to the area with rela-
tively high probability floods with the application of reliable
forecasting methods coupling with inundation assessments.
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Fig. S1 Maximum Flood Levels of the major Rivers in Myanmar
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Fig. S2 Mann-Kendall Statistics for streamflow and rainfall series at five stations along the
Chindwin River

Fig. S2 shows the Mann-Kendall (MK) trend analysis, indicating the test statistic for each variable
at five stations. The results show that Qmax at all stations and Rmax at four stations, excluding
Hkamti, has a slightly decreasing trend with negative values. Other rainfall parameters (1-D, 3-D
and 7-D Rmax) show an increasing trend at four stations, excluding Monywa. Neither positive or
negative trends are highly significant at 5% as test statistics are less than Zc. 3-D Rmax at Hkamti
station and 1-D and 7-D Rmax at Mawlaik station shows significant increasing trend with 90%
probability. Sen’s slope values also indicate increasing and decreasing trends in correspondence
with MK tests. Overall, both linear regression and MK tests suggested that Qmax and monsoon
rainfall series are stable as the slightly decreasing trends are not much significant. The remaining
parameters anyhow show increasing trends with marginal significant level. According to trend
analysis, there is an evidence of increasing trends in moving average rainfall series with different

daily spans, except for the Monywa station, where all series show a decreasing trend.
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Fig. S3 Simulated water level profiles for 2-Yr floods by one-dimensional (MIKE 11) hydraulic

model for flood prone reaches (a) Hkamti to Homalin (b) Homalin to Mawlaik

Water levels with respect to 2-year flood discharges at each station are approximately close to the
danger levels at the respective stations. Therefore, water level profiles for 2-year floods are
calculated using one-dimensional MIKE-11 hydraulic model for the flood prone reaches of the
upper Chindwin basin, and the results are shown in Fig. S3. As evidenced by the results, the
simulated discharges spill over the some portions of bank levels along the reaches, despite low
inundations. As a supplement, the hydraulic simulation results also agree that the upper half of the

basin has a higher potential flood risk, even if streamflows with small return periods will come.
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Abstract Due to limited data sources, practical situations in most developing countries favor
black-box models in real time operations. In a simple and robust approach, this study examines
performances of stepwise multiple linear regression (SMLR) and artificial neural network
(ANN) models, as tools for multi-step forecasting Chindwin River floods in northern Myan-
mar. Future river stages are modeled using past water levels and rainfall at the forecasting
station as well as at the hydrologically connected upstream station. The developed models are
calibrated with flood season data from 1990 to 2007 and validated with data from 2008 to
2011. Model performances are compared for 1- to 5-day ahead forecasts. With a high accuracy,
both candidate models performed well for forecasting the full range of flood levels. The ANN
models were superior to the SMLR models, particularly in predicting the extreme floods.
Correlation analysis was found to be useful for determining the initial input variables.
Contribution of upstream data to both models could improve the forecasting performance
with higher R? values and lower errors. Considering the commonly available data in the region
as primary predictors, the results would be useful for real time flood forecasting, avoiding the
complexity of physical processes.

Keywords Artificial neural network - Flood forecast - Rainfall - Real time operation - Stepwise
regression - Water level

1 Introduction

As a non-structural measure, flood forecasting (such as discharge, water level, or flow volume)
is a crucial part of flow regulation and water resources management. Worldwide, flood
disasters account for about one-third of all natural disasters in terms of number and economic
losses (Berz 2000). As stated by Dutta and Herath (2004), out of the total number of flood
events in the world during the past 30 years, 40 % occurred in Asia and Southeast Asia
countries stood for the second worst region in Asia. ASEAN Disaster Risk Management
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Initiative (2010) reported that a catastrophic 200-year flood (0.5 % annual probability of
exceedance) would have a major impact on the economies of the Southeast Asian countries,
including Myanmar, which are already fragile. The process of floods is basically complex,
uncertain and unpredictable, due to its nonlinear dependency on meteorological and topo-
graphic parameters (Thirumalaiah and Deo 1998). While distributed hydrological modeling
involves multidisciplinary and complex issues, simple, robust and sustainable approaches in
flood forecasting system are needed, without much effort in continuous updating such models.
For flood forecasting to be effective, it must provide flood warnings with a reasonable lead
time. Furthermore, for real time operation, the authorities may require to access the gauges of
significant predictors (Corani and Guariso 2005), thus saving considerable costs, a critical
issue in developing countries.

Since a flood warning and forecast system does not primarily aim at providing explicit
knowledge of rainfall-runoff processes, black-box models have been widely used in addition
to the physical based models (Abudu et al. 2010; Magar and Jothiprakash 2011). The main
focus of this paper is on the application of data driven models in the context of real time
forecasting for developing countries, with the example of Myanmar. As real time flood
forecasting systems of Myanmar still provide river stage forecasts for 1-day lead time,
provision of more lead times is an interest of this study. Myanmar is one of the tropical
countries characterized by the monsoon climate and river flooding is a recurrent natural
phenomenon, particularly during monsoon (Sanyal and Lu 2004). Severe floods have occurred
in major rivers in Myanmar during the last decades and there seems to be a trend of frequent
hydrological extreme events, leading to a high risk of flood hazards. When implementing a
flood forecasting system in a developing country, special attention should be paid to the
sustainability of its operation (Shamseldin 2010) and availability of hydrometric data which
are commonly monitored in the region. While conceptual or physically based models are vital
for the understanding of hydrological processes, there are practical situations where the main
focus is to provide accurate predictions at specific locations, especially for the river basins
where catchment properties are not fully monitored. Sometimes, a model is valued for its
simplicity and robustness in solving the local problems. In the Myanmar context, such a strong
predictive model would benefit to the key flood management actions.

In recent years, a great deal of work has been done in applying data driven models like
multiple regressions and neural networks for water resources research. Conventional multiple
linear regression (MLR) methods and time series models have been widely used in real time
flood forecasting and warning. MLR (deterministic) and autoregressive integrated moving
average models, which are stochastic and special cases of MLR, perform well if the data length
is sufficiently long with a high persistence (Magar and Jothiprakash 2011). National flood
forecasting centers, especially those in developing countries such as Myanmar and the Mekong
River Commission in Southeast Asia still widely use MLR methods for daily water level
forecasting at most gauging stations. Linear regression models are quite applicable to fore-
casting, however, they require a prior assumption about the type and consistency of the relation
between dependent and independent variables. In the real world, temporal variations in data do
not always exhibit simple regularities and may not always satisfy this assumption. Thus, the
complexity and nonlinear problems make it attractive to try artificial neural network (ANN)
approaches. There are a number of reasons why ANN applications solve one or more specific
problems. ANNs neither presuppose a detailed understanding of a river’s physical character-
istics, nor do they require extensive data pre-processing (Dawson et al. 2002). Over the last
decade, ANNs have been increasingly used in water resources management, such as rainfall-
runoff modeling (Minns and Hall 1996; Dawson and Wilby 2001; Rajurkar et al. 2002;
Shamseldin 2010; Sattari et al. 2012), stream flow forecasting (Thirumalaiah and Deo 1998;
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Cigizoglu 2003; Haddad et al. 2005), and reservoir inflow prediction (Othman and Naseri
2011; Sentu and Regulwar 2011). Recent studies have also supported application of different
ANN techniques as an efficient alternative tool for real time forecasting of river stages and
discharges (Chang et al. 2007; Kisi 2007; Dawson and Wilby 1999; Dawson et al. 2002).
Cigizoglu (2003) examined the forecasting and the extrapolation ability of ANN for multi-step
forecast using daily flows and proved that multilayer perceptron network could capture the
nonlinear dynamics and generalize the structure of the whole data set. Concepts of ANN
application have been extensively reviewed, and ANN was shown to be an alternative
modeling tool in hydrology (ASCE Task Committee 2000a; b).

In addition, several researchers have also considered ANNs as a competitive
alternative to conventional statistical methods. For example, Asati and Rathore
(2012) compared the ANN with autoregressive (AR) models and multiple-linear
regression (MLR) for short-term flow prediction. In their study, the AR models
provided the best performance beyond one-step lead time. Furthermore, Dawson and
Wilby (1999) demonstrated that multi-layered perceptron has a better performance
than MLR method in one-step ahead river flow predicting, using past rainfalls and
discharges. Bisht et al. (2010) also presented that multilayer feed-forward ANN
models are superior to MLR models in forecasting one-step ahead discharge, using
past river stages and discharges. In this comparison, however, benchmark regression
models did not seem to have the best performance because the criteria of input data
selection were not explained, and the ANN and the regression models were solely
developed using different inputs from the river stage and discharge data series, whose
first few antecedent data were believed to have a strong correlation to output
discharges in regression models. Since performances of different models differ for
different rivers and the choice of input vector has a significant impact on model accuracy
(Rezaeianzadeh et al. 2013), the superiority of the ANN approach towards benchmark regres-
sion methods could not be expected in every forecasting case. Islam (2010) developed a
feedforward ANN with a high accuracy in river stage forecasting of the Buriganga River in
Bangladesh, but the regression model outperformed the ANN model in the validation. More-
over, there was a mixed fortune of model performance in multi-step forecasting for both ANN
and regression models (Tareghian and Kashefipour 2007; Daud et al. 2011). Despite several
efforts in comparing forecasting models, a conclusive comparison could not be achieved
because different input data were used for different types of model, which makes the compar-
ison unfair (Wang 2006).

Keeping the above scenario of real time flood forecasting, the present study aims
to develop multi-step river stage forecasting models using past water levels and
rainfall. A further motivation is that ANN is well suited for problems whose under-
lying process cannot be fully specified, but for which there are sufficient observations.
This study has not only presented the robustness of ANN models in multi-step flood
forecasting with limited data types, but also assessed their clear-cut superiority to
regression models, for the conditions under which the regression technique has the
best performance. To establish the true merits of ANNs relative to conventional
statistical techniques, comparisons are made between the forecasting performance of
ANN and stepwise multiple linear regression (SMLR) models. Two conditions are ad-
dressed in the comparison of forecasting skills: (a) using a-site data only and (b) using at-
site and upstream data. This paper is an effort to improve national flood forecasting systems
in Myanmar by applying ANN models which offer more advantages than the conventional
regression models. Additionally, the results of this study can be applied to similar basins
and further researches.
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2 Study Area

All forecasting models were applied to the Chindwin river basin in northern Myanmar, located
between the latitudes 22° and 26° north, and the longitudes 94°and 96° east. It is the largest
tributary of the well-known Ayeyarwaddy River, which is one of the principle water resources of
Asia. As the third largest river of Myanmar, the Chindwin River has a catchment area of
113,800 km? and a length of 985 km. The average slope of the basin is 13 % and the flow slope
is 0.05 %. Along the main river, there are five hydro-meteorological stations namely Hkamti,
Homalin, Mawlaik, Kalewa and Monywa as shown in Fig. 1. All gauging stations are hydrolog-
ically connected which means that the flow from upstream stations directly affect the flow at
downstream stations. The Chindwin’s catchment is a mountainous forested terrain with the only
exception of its lowest southern part which comprises a wide flood plain. The catchment receives
average annual rainfall between 760 mm (in the lower basin) to 3,800 mm (in the upper basin), out
of which 80 % falls during monsoon season i.e. June to October. Mean annual maximum flows
vary from 14,000 m® s~ ' in the upstream region to 20,000 m* s in the downstream. During the
southwest monsoon, severe floods mostly occur in July and August when the intense rainfall hits
the basin seasonally and annually at one place or another. The river is an important water resource
and transport artery of the country. However, challenging reason against to its important role in the
country’s socio-economic is flood hazard due to climate conditions. In the last two decades, severe
floods along the Chindwin River occurred on 15 July 1997, 1 September 1999, 19 August 2002,
22 July 2004 and 10 July 2008.

In this study, multi-step river stage forecast models were developed for the Mawlaik station (N
23°38'and E 94° 25"), whose elevation is 102 m above mean sea level. In recent years, flood prone
effects on this station have been more critical than other stations. The reason for using water level
instead of discharge is that they are more practical and useful indicators as they directly reflect the
expected flood levels with which the community is more familiar. The drainage area and the river
length at this site are 69,339 km? and 660 km, respectively. Observed daily water level and rainfall
data (1990 to 2011) at Mawlaik (forecast station) and Homalin (upstream station) were used in
model development. The distance from Homalin station to Mawlaik station is 114 km.
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Fig. 1 Location of the Study Area
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3 Data Processing and Selection of Predictor Variables

For water level forecasting especially in the flood period, the data were selected only from July to
October which is a regular monsoon flood season in Myanmar and most Asian countries. In order
to characterize the variation of water level at Mawlaik station, descriptive statistics were calcu-
lated. As shown in Fig. 2, the frequency distribution exhibits almost a normal distribution,
although the data was slightly skewed. The Kolmogorov-Smirnov test was also used to numer-
ically check the normality of the data whose size is 2706. The null hypothesis of normality is
rejected if the probability (p) value is smaller than the significance level of 0.05. Since the p value
associated with the normality test is 0.001, the test statistically detected a non-normal distribution
of'the large data set. However, with a low skewness (0.3) and small kurtosis (—0.56), there seem to
be trivial departures from normality for the water level series at Mawlaik station and the
distribution is reasonably close to the normality. For large sample sizes, significant results would
be derived even in the case of a small deviation from normality, but detecting non-normality
would not affect any statistical analysis (Ghasemi and Zahediasl 2012). It is also imperative that
the training and validation sets are representative of the same population. In the model develop-
ment 80 % of the flood season data (1990-2007) were used for calibration while 20 % (2008—
2011) were used for validation. For ANN models, the calibration data were further randomly
divided into 80 % for training set and 20 % for the testing set. Before applying the ANN models,
the calibration data sets of river stage and rainfall were standardized in a linear scale subtracting
the mean and divided by the standard deviation in order that numerical difficulties, such as slow
convergence of optimization algorithms and getting stuck in local minima, during the calculation
could be overcome. Standardization of the data in the training process can remove the scale
dependence problem of initial weights and improve the model accuracy. The input variables used
in models included various combinations of two major variables: daily water levels and rainfalls
at the forecasting station (Mawlaik) as well as at the hydrologically connected upstream station
(Homalin). For accurate model development, the selection of appropriate input variables is
important. The addition of unnecessary variables would create a more complex model than
required and is susceptible to over fitting of training (Wu et al. 2008). Determining the number of

1507 Mean = 860.31
Std. Dev. = 255.143
N4 \ N=2706
- 100 — |
(>} -
=
= | L
3 \
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T T T I
250 500 750 1000 1250 1500
Mawlaik Water Level (cm)

Fig. 2 Frequency distribution of water level data at Mawlaik station
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input parameters involves finding the lags of water level and rainfall that have a significant
influence on the predicted next day’s water levels. In order to reduce the dimensionality of inputs,
auto- and partial correlation functions (ACF and PACF) on water level series were generated. At
the Mawlaik station on the Chindwin River, cross correlations (CCF) between the water levels
and rainfalls were determined at several lags in order to detect the relationship between data
values. In case of using upstream data, water levels at the forecasting station were cross correlated
with water levels and rainfalls at the upstream station to detect the significant correlation. After the
initial selection of input variables from PACF and CCF, stepwise regression models were used in
determining optimal inputs from a view point of the linear relationship. While the ANN models’
performances depend on network structure, learning method, and training procedure, the perfor-
mances of the SMLR models will be by any means the best in a parsimonious manner since the
regression models use the inputs, which have a strong correlation with the output, decided by the
ACEF, PACF and CCF. Therefore, significant predictors defined by the SMLR models constitute
the inputs for the ANN models to have a conclusive comparison via a parallel assessment.

4 Multiple Linear Regression

Multiple linear regressions are the extended forms of simple linear regressions applied to the
case of multiple explanatory variables. The purpose of MLR is to explain as much as possible
of the variation observed in the response variable, leaving as little variation as possible to
unexplained “noise” (Helsel and Hirsch 2002). The general form of a regression model for &
independent variables is given by

Y:ﬁo+ﬁ1X]+62X2+ ......... +ﬁka+€ (1)

Where, Yis the response variable. Gy, 51, 35, ..., O are the regression coefficients. ¢ is the
error, and X;, X5,....,X; are the independent variables. Based on least squares criterion, the
regression coefficients are estimated by minimizing the sum of the squares of the vertical
deviations of each data point to the best-fitting line.

An important step in choosing the best model is to determine how many variables and which
particular variables should be in the final model. Stepwise regression permits re-examination, at
every step, of the variables in previous steps. A variable that enters at an early stage may become
superfluous at later stages because of its relationship with other variables subsequently added to
the model (Kleinbaum et al. 1998). To check this possibility, at each step a partial F test is
checked for each variable currently in the model, regardless of its actual entry point into the
model. The variable with the smallest non-significant partial F statistic is removed, and the
model is refitted with the remaining variables by checking the partial Fs. The whole process was
repeated until no more variables can be added or removed. In this way, SMLR models were
developed using statistically significant predictors.

5 Artificial Neural Network

Haykin (1994) defines a neural network as a massively parallel distributed processor that has a
natural propensity for storing experiential knowledge and making it available for use. The
black-box type flood forecasting can be classified under the category of pattern mapping
(Sajikumar and Thandaveswara 1999). A feed-forward multi-layer perceptron (MLP) network
(Rumelhart et al. 1986) is usually used for pattern mapping problems. As shown in Fig. 3, an
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Fig. 3 Configuration of feed forward ANN (multi layer perceptron) network

MLP network used in this study consists of a set of sensory units that constitute the input layer,
one or more hidden layers of computational nodes (neurons), and an output layer of compu-
tational nodes. A neuron consists of multiple inputs and a single output. The sum of the
product of inputs and their weights (w) minus bias (b) leads to a net as follows:

net = Zx,»-w,-—b (2)

Then the output of a neuron, f{net) is decided by an activation function that determines a
response of the node to the input signal it receives. The sigmoid and hyperbolic tangent
functions, given as Egs. (3) and (4) respectively, are mostly used in the hidden layers.

1
(x) = 3
0= 6
e—e
= tanh(x) = —— 4
10) = tanh(x) = @
In order to generate an output vector Y=(y;, ¥»,...... ,Vn), a training (learning) process is

employed, making network outputs closer to the targets, to find optimal weight matrices and
bias vectors that minimize a predetermined error function given as follows.

E=Y S 0rt) )

Here, #; and y, represent target (observed) and ANN output at the i node respectively; N is
the number of output nodes and p denotes the number of training patterns. Most hydrological
applications have used a supervised learning that requires large number of inputs and
corresponding outputs. The most frequently used learning rule in many ANN applications is
error back propagation, which is essentially a gradient-descent algorithm that minimizes the
network error function. Each input pattern of the training set is passed forward through the
network. The network output is compared with the desired target, and the error is propagated
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backward through the network to each node. Based on Eq. (6) (ASCE 2000a), the network
weights and biases are adjusted by moving a small step in the direction of a negative gradient
of the error function during each iteration (Thirumalaiah and Deo 1998). The iterations
continue until a specified convergence or number of iterations is achieved.

E))

Aw;;(n) = —n* + ax*Adw;;(n—1) (6)

awW; J

Where Aw;{(n) and Aw;(n—1) are weight interconnections between node i and j during the
n™ and (n-1)™ pass or epoch. 7 and o denote learning rate and momentum, respectively.

In model building, various ANN models with one hidden layer were considered to the same
data set. The different architectures of three-layered fed forward ANN models were trained with
a gradient descent learning algorithm, looking for optimal performance by trial and error.
Different learning rates were applied while momentum was set at 0.9. The number of hidden
layer neurons was changed up to 20 through the training process. Through a trial and error
process, the appropriate neuron number was selected depending on minimum standard error. In
the training stage, an early stopping method was applied in order to avoid over fitting. By
evaluating the objective function at each iteration on training and testing sets, the training
process was stopped in correspondence with the minimum validation error. Sigmoid and
hyperbolic tangent functions were applied in the hidden layer as well as in the output layer.
The linear function (identity), given as f{x) = x, was used at the output layer, making the network
take any values as predicted outputs may be distorted by non-linear activation functions.

6 Assessment of Model Performance

Judging the effectiveness of flood forecasting models is unavoidable in selecting the best
models. Obviously, the selection criterion should be liberal to avoid missing useful predictors
when reliable prediction of future observations is required (Kleinbaum et al. 1998). In selecting
the best candidate models from each method, R’ and error measures were used for the
assessment of the selected models from the same approach during calibration. In validation,
the performances of the best ANN and SMLR models were compared using four performance
indices, namely coefficient of determination (R?), root mean-square error (RMSE), coefficient
of variation (CV) and mean absolute percent error (MAPE).

2
_ znz 1(}'1' —}_7)(5'1' - 3;) (7
| _ A
J It 0722 G- V)2

RMSE = A/ %Zj:l (yi_j’\i)z (8)

R2

RMSE
CV =——=*100 (9)
y
1 n yi_./y\i
MAPE:;ZiZIT*loo (10)
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In above equations, y represents the observed water level, V' the forecasted water level, y and
;? the average observed water level and average predicted water level, respectively and the
number of observation in both calibration and validation stages.

R’ provides the strength of linear relationships between observed and predicted values.
RMSE represents the prediction error in the model. CV'is an average error ratio. MAPE yields
the relative error, providing how close the predicted values are to the respective observed ones
and it is a measure of accuracy in a fitted series, expressed in percentages. A higher R, a lower
RMSE, CV and MAPE imply good performance. Through these criteria, the ability of each
candidate model can be properly understood. The unit of RMSE is the same as that of the
predicted variable in the model.

7 Results and Discussion
7.1 Forecasting Models Using at-Site Data

Table 1 shows the statistical parameters of calibration and validation data. The maximum value
of calibration period was larger than that of the validation range while the minimum value was
less than that of validation. Thus extrapolation problems may not exist in this data set. The
skewness in both calibration and validation data sets are not drastically different. At the
forecasting station, the autocorrelation and partial autocorrelation functions of water level with
corresponding confidence limits were estimated up to 20 lags as shown in Fig. 4. The ACF for
many successive lags was quite high in the water level series as a signal of high persistence.
The PACF indicates a significant correlation up to lag 4. Thereafter, correlations fell within the
confidence limits. In this case, five delay water levels at times (t-1) to (t-5) were considered as
inputs.

The cross correlations between water levels and rainfalls during flood season were also
determined to estimate the degree to which two variables are correlated. It was found that the
water level was less correlated with its at-site rainfall although the positive relation was shown
up to 8 previous rainfalls. The CCFs of five antecedent rainfalls are 0.16, 0.17, 0.16, 0.15, and
0.13, respectively, and considered as predictor variables. The number of input was directly

Table 1 Descriptive Statistics for

dependent water level (cm) at Parameter Calibration Validation

Mawlaik station (1990-2007) (2008-2011)
Number of observation 2214 492
Mean 864 842
Median 839 849.50
Mode 827 729
Standard Deviation 261 228
Variance 67916 52128
Skewness 0.30 0.22
Kurtosis —-0.60 —-0.49
Range 1384 1124
Minimum 204 391
Maximum 1588 1515
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Fig. 4 Autocorrelation (a) and partial autocorrelation (b) functions of water level at the forecasting station
during flood season

determined by the number of lagged values to be used for forecasting of the next value. The
general function of input—output relations for both SMLR and ANN models are as follows:

Case—1  H, 1o Hi+4=fH;-1,H;—2,H,—3,H,—4,H;5]
Case—2 H, to Hps=1H,—\,Hi—2,H;3,H;— 2, Hy5,R;— 1, Ry 2, Ry 3,Ri— 4, Ry 5]

Where ¢ = time (day), H = water level and R = rainfall

The output water levels (/) at time step t to t+4 were mapped with only past water levels of
five lags as inputs in the case (1). For case (2), five previous rainfalls are considered in addition
to the water levels to map with the output water levels. On the basis of R’ and RMSE in
calibration stages, the selected candidate models from each method were evaluated.

Initially simultaneous regression method was performed, taking five previous water levels
all of which must be included in the model to forecast future water levels. Since over-fitting is
a concern, only the variables explaining additional variance are required, without decreasing
model performance. Consequently stepwise regression technique was applied to determine
optimal inputs in the order of their explanatory power by linear relationships. The stepwise
regression models with significant variables are shown in Table 2. In the 1- to 5-day forecast

Table 2 SMLR Models using at-site data

Data Used Lead SMLR models Calibration
Time _
(day) R®  RMSE (cm)
Water level 1 H=21.14+1.56H,,-0.52H, -0.07H3 0.98 36
2 Hg1=50.69+1.99H, ;-1.06H,., 0.93 67
3 Hyup=88.87+2.19H,-1.3H;, 0.86 97
4 Hgs=119.01+2.27H;-1.25H, -0.31H;3+0.15H, 5 0.78 124
5 Huy=152.77+2.27H;-1.31H,, -0.36H,3+0.21H,s 0.70 149
Water level 1 H=22.57+1.56H,;-0.5H, -0.09H,3 -0.17R 3 0.98 36
and rainfall
2 Hg1=53.35+1.95H;-0.84H,, -0.22H,3-0.05H 5-0.2R»,-0.22R,;  0.93 67
3 Hyup=90.83+2.15H,-1.02H, -0.34H,3+0.1H,.5-0.34R,,-0.38R,.;  0.86 97
4 Hus=137.16+2.31H;-1.46H,, -0.35R,-0.49R3-0.3R 5 0.78 124
5 Hu4=165.26+2.27H-1.19H;, -0.49H,5+0.22H.5-0.6R,-0.49R 3 0.70 148
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models, the most significant predictors are two successive past water levels. R? values ranged
from 0.70 to 0.98 and RMSE was between 36 and 149 cm. In addition to the water level data,
five antecedent rainfalls were applied as input variables. After several runs using a different
combination of variables, it was found that the incorporation of rainfall data of the respective
station did not significantly improve the model in terms of R’ and RMSE. The range of R’ was
0.70 to 0.98 and RMSE could not be reduced. The model performances remain the same. As a
result the models using water level and rainfall data did not provide better results than the ones
applying water level only.

ANN models were also trained using the input vectors that were identified by the SMLR
models for 1- to 5-day ahead forecasting. After testing the sigmoid and hyperbolic activation
functions in the hidden layer, the results suggest that hyperbolic tangent was preferable in this
forecasting case, providing less prediction error and high performance than sigmoid function.
In addition, using the same function in both hidden and output layers was not heuristic and
could not minimize the errors. Thus, the linear (identity) function was used in the output layer
to ensure that target values have no bounded range. The combination of hyperbolic tangent in
the hidden layer and identity function in the output layer provides the better performance in
this case.

The best-fit network architectures were determined on the basis of the least errors produced
during calibration. The performance statistics of selected ANN models are shown in Table 3.
According to the ANN structures, there is only one predicted value by each model for every
lead time. The number of hidden layer nodes in the models varies from 2 to 7, depending on
the complexity of the input—output relation to be captured by the models. For all ANN models,
the number of input data is same as that of the SMLR models given in Table 2. For example, in
the ANN structure of 3-3-1 for 1-day lead time, input data refers to H_,, H;, and H3, which
have been used in the SMLR model for same lead time. R for 1 to 5-day forecast was
decreasing from 0.98 to 0.72 while RMSE increased from 36 cm to 143 cm. To improve the
model performance, antecedent rainfalls at the forecasting station were included in the input
patterns successively. Within ANN models, the performance of models would not be better as
both R? and the RMSE did not consistently show a better indication with increasing lead times.
However, ANN models showed their superiority to SMLR models in the calibration stage.
Rainfall contribution in the ANN models slightly reduced RMSE while the models provided
the same R’.

Table 3 ANN models using at-site
data Data Used Lead ANN Learning Calibration

Time (day) Structure Rate _—
R’ RMSE (cm)

Water level 1 3-3-1 0.6 0.98 36
2 2-7-1 0.6 0.94 66
3 2-2-1 0.3 0.87 97
4 4-4-1 0.7 0.80 120
5 4-4-1 0.8 0.72 143
Water level 1 4-4-1 0.8 0.98 34
and rainfall
2 6-7-1 0.3 0.94 65
3 6-3-1 0.8 0.87 93
4 5-2-1 0.2 0.80 120
5 6-5-1 0.2 0.72 142
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7.1.1 Performance Comparison

In this experiment, the addition of station rainfall data to ANN and SMLR models could not
improve the model performance as the aforementioned results have shown. Thus, performance
of best SMLR and ANN models using only water level were compared in a parsimonious
manner. As shown in Fig. 5, both SMLR and ANN models provided satisfactory performance
in forecasting river stages throughout the flood season (July to October). Table 4 shows the
performance statistics of candidate modes to judge the forecasting abilities. In both types of
models, coefficients of determination (R?) decreased from 0.99 to 0.7 for 1 to 5-day forecasts.
The RMSE in these two models ranged from 28 c¢m for the 1-day forecast to 134 cm for the 5-
day forecast. MAPE values were between 2.5 and 13.5 % for 1- to 5-day lead times. CVs of
residuals range from 3 to 16 %. In general, no significant improvement could be observed for
ANN models over SMLR models. This may be due to the fact that past water levels are used as
inputs in the comparison of both models. With a high persistence in the water level data,
SMLR models could capture linear relationships and provide forecasting performance as well
as ANNSs. Although the forecasting performances of SMLR and ANN models were not very
different in this case, the results showed that ANN models were slightly superior to the
conventional MLR models, providing higher R’ and a lower RMSE, MAPE, and CV for 4
and 5-day forecasts.

To get an impression on extreme event forecasting, high floods over critical level (1,200 cm
at the Mawlaik station) were selected during the validation period and compared with the
predicted values by the models using at-site water level for 1-day lead time. The results of the
SMLR model using the water levels at times t-1, t-2 and t-3 were compared with that of the
ANN model with 3-3-1 structure as shown in Fig. 6. In the validation period, high flood over
the critical level occurred four times, in every July and August of 2008 and 2011 respectively.
These four flood events altogether took 32 days. For each severe event, both models provided
satisfactory forecasts for the observed floods in July 2008 and 2001 while the predicted values
marginally agreed with the observed ones in Aug 2008 and 2011. Overall, their performances
are not very different in terms of R”. It was found that both models slightly under predicted the
high floods in rising limb while over predicted the falling limbs, caused by the effects of
antecedent water levels. The models could not fully capture the underlying mechanism of the
rising and falling rates of high floods. In the case of extreme events, the MAPE is 1.5 % for
SMLR and 1.4 % for ANN models. Minimum and maximum percent errors ranged between
0.09 and 7.4 % in the SMLR models while 0.05 and 6.7 % in the ANN models, respectively.
Thus, particularly ANN models have a lower error range than the SMLR in predicting high
floods. It seems that ANN models better generalize the variability of high floods in the
observation period than SMLR models.

7.2 Forecasting Models using Upstream Data

The second application was to predict the water level at the downstream station using upstream
data. The existence of a strong correlation between downstream and upstream data can be
useful for stream flow forecasting at downstream sites. Following the similar methodology in
the previous section, SMLR and ANN models were developed and their abilities to forecast
flood levels were compared. The current water level at the forecasting station (Mawlaik) was
considered as a function of its past water level as well as previous water levels and rainfall of
the upstream station (Homalin). In this part, at-site water level data, which were shown to be
significant in the previous condition, were used again. In addition, appropriate input variables
from the upstream station were initially selected using CCF. Figure 7 shows the correlation
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Fig. 5 Performance comparison of SMLR and ANN models using at-site water levels
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Table 4 Performance Comparison

of SMLR and ANN models using Models  Lead Time  Validation
at-site water levels (day) )
R RMSE (cm) ~ MAPE (%)  CW(%)
SMLR 1 0.99 28 2.54 333
2 0.94 58 5.47 6.90
3 0.86 88 8.52 10.45
4 0.77 113 11.17 13.42
5 0.68 134 13.47 15.91
ANN 1 0.99 28 2.54 333
2 0.94 56 5.46 6.65
3 0.86 87 8.52 10.33
4 0.79 109 10.71 12.94
5 0.70 132 13.45 15.67

between Mawlaik and Homalin stations. Water levels at Mawlaik are strongly correlated with
its upstream river stage at Homalin station up to several lags as shown in Fig. 7a. Only lagged
upstream water levels with CCF greater than 0.8 were taken. In this case, CCFs of past water
levels between the upstream and downstream stations at t-1 to t-5 were 0.94, 0.94, 0.91, 0.87
and 0.81, respectively and thus considered as input. According to CCF in Fig. 7b, the water
level at Mawlaik was less correlated with upstream rainfall at Homalin station. CCFs of five
antecedent rainfalls from upstream station considered in the model are 0.19, 0.22, 0.24, 0.24,
and 0.23.

Hence to predict the water level at the downstream station, all possible inputs consisted of
five past water levels (H; to Hes) and five antecedent rainfalls (R, to Rys) at the upstream
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Fig. 6 High flood forecasting comparison of SMLR and ANN models using at-site water levels
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Fig. 7 Cross correlation function of water levels at Mawlaik and Homalin (a) and Water level at Mawlaik and
rainfall at Homalin (b)

station, incorporating three lagged downstream water levels (H,.;, Hi» and H,;) at Mawlaik,
which were the primary predictors in the previous case. These inputs were regressed with the
output water levels using stepwise regression techniques through which only significant
predictors were included in the models. The performances of selected SMLR models with
significant inputs are shown in Table 5. The maximum R’ is 0.99 for 1-day forecast while
minimum R’ is 0.81 for 5-day forecast. RMSE ranged from 27 to 116 cm. Residual variations
varied from 2 to 11 %. The results are quite satisfactory both in terms of R” and error measures.
Similar to the previous case, the feed forward MLP networks were created using these
significant variables, as inputs, defined by the SMLR models. One hidden layer was used in
the ANN models, which were trained with a gradient descent algorithm. As suggested by the
previous analysis, the hyperbolic tangent function was used in the hidden layer and identity
function in the output layer. Table 6 shows the developed ANN models which used upstream
data. For 1- to 5-day forecasts, R’ values are between 0.83 and 0.99. In the calibration stage,
ANN could generalize the data set, providing higher R’, lower RMSE and MAPE with
increasing lead times, as ANN could identify the nonlinear contribution of upstream rainfall.

Comparing to the performance indicators in the previous section, R” values of the SMLR
and ANN models increased in a similar pattern, with 1, 4, 8, 13 and 16 % higher than that of
the previous R for 1 to 5-day forecasts, respectively. Regarding to the prediction error, SMLR
models reduced the RMSE by 26, 34, 31, 26 and 22 % for 1 to 5-day forecasting periods, over
the errors in the previous cases. In the ANN models, the RMSFE indices were 29, 34, 34, 28 and
23 % lower than that of previous models through 1 to 5-day lead times, respectively. For 1-D
forecast, ANN reduced the CV 32 % whereas SMLR 28 %. From 2 to 5-D forecasts, CVs in

Table 5 Performances of selected SMLR Models using upstream data

Lead Time (day)  Input Variables Calibration

R RMSE (cm)  MAPE (%)

1 ML (H,, Hi»), HO (H,;, Hs Hes, Hes, Ry, Ris) 0.9 27 2.14
2 ML (H, Hep, Hes), HO (He, Hio, Hes, Rep, Res) 097 44 3.88
3 ML (Hy), HO (H,;, Hea, Hes, Ret, Reo, Res) 0.93 67 6.13
4 ML (Hy;), HO (He;, Hea, Hes, Ret, Reo, Res) 0.88 91 8.70
5 ML (H.;), HO (He1, Hia, Rit, Rio) 0.81 116 11.35

ML Mawlaik (forecasting station), /O Homalin (upstream station)
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Table 6 Performance of ANN
models using upstream data Lead Time Structure Learning Calibration

(day) Rate

R’ RMSE (cm) MAPE (%)

1 8-2-1 0.6 0.99 26 2.19
2 8-6-1 0.4 0.97 43 3.70
3 7-3-1 0.7 0.94 64 391
4 7-6-1 0.8 0.90 86 8.25
5 5-5-1 0.7 0.83 110 10.47

both models decreased 32, 25, 21 and 18 % relative to the variation of previous models using
at-site water level. The results showed that involvement of upstream data could improve the
performance of SMLR and ANN models compared to using at-site data alone. Although
rainfall data has less influence on the models compared to the water level data, which exhibits
strong linear correlation, the upstream rainfall would enhance the model performance and
explain the variation of the prediction errors as well. It was found that the first lagged water
level of the downstream station and the two past water levels of upstream station are the
primary predictors in the river stage forecasting model through 1 to 5-day forecasting. One
antecedent rainfall from the upstream station could contribute to the prediction for every lead
time.

7.2.1 Performance Comparison

The predicted water levels were compared with observed ones in the validation period for 1 to
5- day lead times, and performance statistics are given in Table 7. It was found that the
predicted values by both models agreed well with the observed ones up to 5 days. R of ANN
models varied from 0.99 to as low as 0.79 for 1 to 5-day lead time while that of SMLR models
was between 0.99 and 0.78. The RMSE of ANN models varied from 19 to 109 cm compared to
20 to 110 cm in SMLR models. MAPE ranged from 1.62 % for a 1-day forecast to 11.11 % for
a 5-day forecast in ANN and 1.81 to 11.27 % in SMLR models. CV in the ANN models was
lower than that of SMLR models for all forecasts. Figure 8 shows the observed water levels
and the predicted ones with 1- to 5-day lead times for the selected flood season. These plots

Table 7 Performance comparison

of SMLR and ANN models using Models  Lead Time Validation
upstream data (day)
R>  RMSE(cm) MAPE (%) CV (%)
SMLR 1 0.99 20 1.81 2.38
2 0.97 39 3.68 4.63
3 0.93 63 6.29 7.48
4 0.86 88 8.92 10.45
5 0.78 110 11.27 13.06
ANN 1 0.99 19 1.62 2.25
2 0.97 38 3.60 4.51
3 0.93 62 6.15 7.36
4 0.86 86 8.72 10.21
5 0.79 109 11.11 12.90
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Fig. 8 Observed and predicted water levels for the flood season in 2008

clearly indicate the relative skills of each model across the full range of flood levels. According
to the performance indicators, ANN models are superior to the SMLR models in the validation
stage, providing lower RMSE, MAPE and CV, whereas R’ in both models were almost the
same. In the validation stage, the standard deviation of the dependent water level series was
228.3 cm while 227.8 cm for ANN and 227.4 cm for SMLR models, respectively. For the 1-
day forecast, the mean value of the observed water level was 842.2 cm and that of the
predicted series was 842 cm for ANN and 843.6 cm for SMLR models. It was observed that
standard deviations of the modeled values were in close vicinity to that of observed ones,
indicating that the models seem to capture the variability of actual phenomenon.

Four extreme flood events during the validation period were compared with the predicted
water levels. Figure 9 shows the forecasting performance of the SMLR and the ANN models
for 1-day forecast in the extreme flood events. Regarding R°, ANN models provided a better
agreement with the observed floods than SMLR models. For July and August floods in 2008,
the relative errors of SMLR forecasts were 1.4 and 1.1 % while ANN models reported 1.1 % in
both cases. For the prediction of July and August floods in 2011, ANN models had lower
relative errors with 0.7 and 0.8 % compared to the SMLR models with the relative error of 1.5
and 1.4 %. Accuracy of both models was increased by the contribution of upstream data in
predicting the high floods. Overall, the ANN models can predict high floods with less than 1 %
error for one step ahead forecast. In this particular comparison, ANN models clearly
outperformed the conventional regression models.
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Fig. 9 High Flood forecasting comparison of SMLR and ANN models using upstream data

8 Conclusions

To cope with the situation of data insufficiency, one must develop predictive models that may
use one or few of the available hydrometric data to issue a reliable forecast. From the
standpoint of avoiding complexity of physical process and providing a reliable forecast, in
this study, ANN and SMLR models were developed using past water levels and rainfalls to
predict the river stage at a specific location. To suggest the appropriate methodology for the
forecasting problem using commonly available data, the performance of the developed models
was evaluated under two conditions: (a) using at-site data only and (b) using upstream data.
The input vector selection of both models involved auto-, partial- and cross-correlation of the
data series. Since the dependent water level series was almost normally distributed and the
autoregressive process was dominant, the most recent antecedent data had a greater impact on
the regression models.

Overall, the SMLR and ANN models provided satisfactory results in forecasting water level
up to five days ahead during the monsoon flood season. Station rainfall could not much
contribute to the model performance in terms of R”. Nonetheless, involvement of the rainfalls
reduced the prediction errors in the ANN models, which have the inherent ability of capturing
nonlineariy. It was observed that the upstream data contribution could improve the model
performances significantly with a higher R? and lower errors. Further, the developed ANN
models in this study achieved by no means their best performances via a parallel assessment,
while the SMLR models exhibit their best forecasts. Nonetheless, the neural network approach
has shown consistently better performances than the conventional MLR technique in both
conditions, especially for extreme flood prediction with less prediction error.

The study suggests that conventional MLR is simple to use, and the results are quite reliable
as long as the relationship between applied variables shows a strong linearity. However, real
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world situations never guarantee such conditions and ANN would be a promising alternative
tool in case of noisy data. The study recommends that the inclusion of other prediction
variables such as areal rainfall and temperature would enhance the model performances.
Although using more information is challenging for linear regression models, ANN models,
on the other hand, can incorporate different predictors and would provide better forecasts.

The results reveal that ANN models, once trained correctly, yield the reliable results from
the limited or desired input and output data, which can be either linear or non-linear. This
quality is very useful to water resources management with limited resources. With consistent
performances under different assessment conditions, there was a conclusive indication of the
ANN models being superior to the regression method. The study would be a remedy to the
shortcoming due to the unfair comparison between these two approaches. Finally, as this study
and others have shown, there is a convincing basis for the application of ANN flood prediction
models in real-time contexts. With this knowledge, estimating future floods of a river system is
possible by using past water levels and station rainfalls, without any comprehensive data
requirements. Further investigations should be conducted to identify other significant predic-
tors that are commonly available in the region, and build more accurate forecasting models
using various relevant methods.
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Abstract

Abstract

Due to limited data sources, practical situations in most developing countries favor black-box
models for real time flood forecasting. The Muskingum routing model, despite its limitations, is a
widely used technique, and produces flood values and the time of the flood peak. This method has
been extensively researched to find an ideal parameter estimation of its nonlinear forms, which
require more parameters, and are not often adequate for flood routing in natural rivers with
multiple peaks. This study examines the application of artificial neural network (ANN) approach
based on the Muskingum equation, and compares the feedforward multilayer perceptron (FMLP)
models to other reported methods that have tackled the parameter estimation of the nonlinear
Muskingum model for benchmark data with a single-peak hydrograph. Using such statistics as the
sum of squared deviation, coefficient of efficiency, error of peak discharge and error of time to
peak, the FMLP model showed a clear-cut superiority over other methods in flood routing of well-
known benchmark data. Further, the FMLP routing model was also proven a promising model for
routing real flood hydrographs with multiple peaks of the Chindwin River in northern Myanmar.
Unlike other parameter estimation methods, the ANN models directly captured the routing
relationship, based on the Muskingum equation and performed well in dealing with complex
systems. Because ANN models avoid the complexity of physical processes, the study’s results can
contribute to the real time flood forecasting in developing countries, where catchment data are

scarce.

Keywords: artificial neural network; flood routing; multilayer perceptron; multiple-peaked

hydrograph; Muskingum method; nonlinear model



O©CO~NOOOTA~AWNPE

Main Text

1 Introduction

As floods are the most costly and damaging natural disasters in the world (Berz 2000), the
determination of streamflow (stage or discharge) at a river station plays an important role in
environmental and water resources management. Flood routing, a basis for flood forecasting, is the
process of progressively determining the timing and shape of a flood wave at successive points
along a river reach. Among two main approaches for flood routing, hydrologic routing (conceptual
or system approach) is based on the storage concept, and conversely, hydraulic channel routing
(process approach) is based on the principles of mass and momentum conservation. In predicting a
particular hydrograph through a river reach, any flood modeling will involve a number of
assumptions and simplifications. While high demands on the quantity and quality of input data, as
well as on computer resources, restrict the efficiency of hydraulic models in practical applications,
approximate models provide satisfactory results in a considerably less expense with a limitation in
their generality and accuracy depending on the detailed features of the model (Weinmann 1977).
Therefore, simplified approaches that are reasonably accurate, but do not need extensive
information on channel reach have been employed in order to compute discharge of relevant sites
(Reddy and Wilamowski 2000; Tayfur et al. 2007).

When implementing a flood forecasting system in a developing country, special attention should
be paid to the sustainability of its operation (Shamseldin 2010). Channel routing for flood prone
river reaches, which only needs the observation of streamflows, is one of the practical solutions
for flood forecasting systems in developing countries, where the catchments are not fully
monitored, and research on hydrodynamic models is extremely limited. The Muskingum model
(McCarthy 1938) is a popular flood routing method in which storage is assumed to be represented
by a linear relation of inflow and outflow. In the context of Muskingum routing, flood attenuation

properties, which are determined by using a set of observed inflow-outflow hydrographs from a
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river reach remain invariant, and are used for routing of future inflow hydrographs in the same
reach (Das 2009). Due to its wide applicability in many situations of river flood routing, this
method has been extensively researched, with an emphasis on estimating its parameters for linear
and nonlinear forms. In most natural rivers where the nonlinear variations in flows or storage
between upstream and downstream are predominant, it is desirable to have a model to simulate the
nonlinear flood processes.

Several studies on parameter estimation of the Muskingum method have been executed, enabling
the account for nonlinear characteristics of the flood wave. To solve the nonlinear forms of the
Muskingum approach, mathematical techniques include segmented least squares method (S-LSM)
(Gill, 1978), nonlinear least squares (NL-LS) (Yoon and Padmanabhan 1993), Lagrange multiplier
(LM) (Das 2004), and the Broyden-Fletcher-Goldfarb-Shanno method (BFGS) (Geem 2006).
Barati (2013) demonstrated the use of the Excel solver in which the generalized reduced gradient
(GRG) and evolutionary methods are applied for parameter estimation of a nonlinear model. On
the other hand, there are more direct methods of deriving the routing coefficients, namely by using
a linear programming from a known pair of inflow-outflow hydrographs, without first deriving
routing parameters (Stephenson 1979). Moreover, various heuristic algorithms such as genetic
algorithm (Mohan 1997; Sivapragasam et al. 2008), simulated annealing and shuffled frog leaping
algorithms (Orouji et al. 2013), harmony search (HS) (Kim et al. 2001), particle swarm
optimization (PSO) (Chu and Chang 2009), immune clonal selection algorithm (ICSA) (Luo and
Xie 2010), and Nelder-Mead Simplex (NMS) algorithm (Barati 2011) have been developed in
order to search optimum parameters in nonlinear models.

In the light of improving parameter estimation for nonlinear models, several approaches have been
successfully demonstrated, but only for the well-known benchmark data by Wilson (1974).

However, three-parameter nonlinear models may not be appropriate for every flood case. As a
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result, a Muskingum model with more parameters or a novel black box model is required to
achieve a close match between observed and routed flows (Geem 2013). Easa (2013) proposed an
improved four-parameter nonlinear Muskingum model, which is superior to any three-parameter
nonlinear models, and its applicability has been proven in real flood cases with a double-peaked
hydrograph. However, even the four-parameter nonlinear Muskingum model may not be sufficient
for flood forecasting in the case of natural rivers with multiple peaks.

A natural monsoon river has high external influences on the relationship between storages and
inflow-outflow patterns that could not be fully explained by conventional flood routing
procedures. Therefore, the complexity and nonlinear problems in predicting a flood hydrograph of
natural river systems motivated the author to try artificial intelligence (Al) approaches, which have
the inherent ability of capturing nonlinearity. Due to its success in dealing with complex problems,
artificial neural networks (ANN) have been applied to a wide range of hydrological problems such
as rainfall-runoff relationships (Minns and Hall 1996; Sattari et al. 2012), stream flow forecasting
(Thirumalaiah and Deo 1998; Latt and Wittenberg 2014a), and reservoir inflow prediction
(Othman and Naseri 2011). There have, however, been relatively few applications of ANNs to
flood routing. For example, Mohan (1997) demonstrated the objective approach of genetic
algorithm, without demanding any initial estimate of parameters, is efficient in searching
Muskingum routing parameters. Yang and Chang (2001) also applied a multilayer neural network
and sensitivity analysis for direct estimation of routing coefficients, using the same inputs as the
Muskingum formula. Additionally, Chu (2009) has proven the superiority of a network-based
Fuzzy Inference System (FIS), which was designed according to the Muskingum formula for
direct mapping of outflows and inflows, over conventional methods for the benchmark data.
However, as stated by Geem (2013), researchers have so far only tackled the benchmark data in
the parameter estimation optimization of the nonlinear Muskingum model. In earlier studies, the
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applicability of different methods was not tested in real flood cases. Even in the study by Easa
(2013), only one complete single set of real flood data was used in the model development, and
the validity of the model using independent flood data was not reported.

Over time, researchers have searched for better solutions in order to minimize the observed and
predicted outflows for the said benchmark data (Geem 2013); however, no conclusive comparison
could be discerned because there are mixed fortunes of performances of the reported methods in
terms of well-known performance indices. This paper presents a novel black-box approach based
on the feedforward ANN network in Muskingum flood routing, in order to further minimize the
discrepancy between observed and routed flows for benchmark data as well as for developing a
predictive flood model for a natural river in Myanmar dominated by monsoons. The objectives of
this study are (1) to investigate the application of ANN in Muskingum flow routing; (2) to
compare the performance of ANN with the previously documented methods, which have been
used in the parameterization of nonlinear Muskingum routing for the benchmark data; and (3) to
assess the applicability of ANN-based Muskingum model for real flood cases of a natural river.
Assessment of the robustness of the ANN based Muskingum approach in routing of real flood

events with a successful validation would be a remedy to the shortcoming of previous studies.

2 Muskingum Routing

The Muskingum flood routing method, first developed in connection with the design of flood
protection schemes in the Muskingum River basin, performs satisfactorily when linearity is not
unduly violated. It is the most widely used hydrologic routing method in a lumped system for

handling a discharge-storage relationship, based on the continuity equation as

das
|—O:E (1)
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) ds .
Where | = inflow to the reach, O = outflow from the reach, and = = rate of change in channel

storage with respect to time. To derive the Muskingum routing equation, the continuity equation
becomes

Litly 0140z 5145 @)

2 2 At

where, At is the routing period. While 1>0, the flood wave is advancing and a wedge of storage is
produced in the reach. During the recession, O exceeds | resulting in negative wedge storage.
Considering wedge and prism storages, a linear storage function of the Muskingum method is
expressed as a function of both inflow and outflow in the form of

S =K [xI + (1-x)0] 3)
In which S = storage volume; K = storage coefficient; and x = a dimensionless weighting factor. K
accounts for the translation (or concentration) portion of the routing, as being interpreted as the
travel time of the flood wave from the upstream end to the downstream end of the channel reach.
The parameter x accounts for the storage portion of the routing. To get meaningful results from
this approach, it needs to reasonably specify initial conditions and its parameters that reflect the
physical realism (Singh and McCANN 1980). x is generally restricted in the range from 0 to 0.5.
With K=At and x =0.5, the outflow hydrograph retains the same shape as the inflow hydrograph.
For x=0, Muskingum routing reduces to a linear reservoir routing. Values of x greater than 0.5
result hydrograph amplification (i.e. negative diffusion). In determining x, greater accuracy may
not be necessary because the results of the method are relatively insensitive to the value of this
parameter (Chow et al. 1988).

From the continuity and the storage equations, the outflow yields in finite difference form

Orsne = Colpgne + Gl + G50, (4)



O©CO~NOOOTA~AWNPE

Main Text

Since Cyp+C;+C;, = 1, the routing coefficients can be interpreted as weighting coefficients. These
three coefficients are functions of K, x and At and constant throughout the routing procedures.
With sufficient streamflow records, variation of routing parameters can be ascertained through the
calibration for several flood events to cover a wide range of flood levels. The parameters K and x
are conventionally estimated using a graphical method (i.e. trial and error). A tentative value of x
is assumed and the historical data are plotted as S vs. [xI + (1-x)O]. The data generally plot in the
form of a loop (sometimes there are several loops). The value of x, for which the width of the loop
IS minimized, is taken to be the correct value for the reach. Despite the use of the trial and error
method for many decades, it is time consuming and likely to be subjective. In addition, such
estimates tend to be approximate (O' Donnell 1985; Chu 2009).The linear model commonly
applied to flood routing may be inappropriate when a nonlinear relationship between the flows and

channel storage exists, as it does in most natural rivers.

2.1 Nonlinear models

In natural river reaches, it is common to observe the nonlinear storage function and significant
errors may arise in downstream flood routing with the use of the conventional linear Muskingum
approach (Barati 2013). Frequently quoted nonlinear (NL) forms of the Muskingum model in the
literature (Wilson 1974; Gill 1978; Tung 1985; Yoon and Padmanabhan 1993; Papamichail and

Georgiou 1994; Mohan 1997; Kim et al. 2001) are

S=K[xI"+ (1 —x)0"] (NL-1) (5)

S=K[xI"+ (1 —x)0™] (NL-2) (6)

S=K[xI + (L—x)0]™ (NL-3) (7
8
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Following a similar derivation to that of NL-1, Easa (2013) proposed a four-parameter nonlinear

Muksingum model as follows:

S=K[xI* + (1— x)0"]™ (NL-4) (8)
These non-linear models have an exponential parameter n and m, which presumably makes the
nonlinear relationship between accumulated storage and weighted flow more accurate (Kim et al.
2001). There are relatively few applications of NL-1 and NL-2 in the literature. For example, Gill
(1978) stated that NL-1 has seldom been used in flood routing, although the relationship can be
fitted to the storage curves from a theoretical point of view. The NL-3 model is most commonly
used in flood routing as it increases the accuracy of the routing (Orouji et al. 2013). For NL-3 and
NL-4, the parameters X, K, n, and m cannot be estimated through a simple graphical method, and
the calibration procedure becomes more complicated. Unlike in the linear model, K does not
describe the travel time of the flood wave in the nonlinear model, and x does not need to have the

same preconditions (Barati 2011; Easa 2013).

2.2 Objective function

Parameter optimization of nonlinear models search the best routing parameters using an
optimization algorithm in order to minimize objective functions. The commonly used objective
function is the sum of squared deviation (SSQ), which can be calculated via the sum of the squares
of differences between observed outflows and the routed outflows. This is minimized in terms of

the variables x, K, n and m by applying different optimization techniques.
Min SSQ = X, (0, — 6,)° 9)

Where 0, and O, represent the observed outflow and the routed outflow.



O©CO~NOOOTA~AWNPE

Main Text
Therefore, the optimization model for NL-3 and NL-4 may be expressed in Egs. (10) and (11)

respectively as

$SQ =X, |0, - {

(&) -] a0

ssQ=z o~ {(2)(¢) ")) @

The value of the parameter x may range theoretically from -o< to 0.5 (Strupczewski and
Kundzewicz 1980) while the parameters K, n and m have no specific constraints. As a measure of
wedge storage, the negative value of x appears physically unreasonable; nonetheless, negative X is

acceptable from the view of mathematical modeling (Dooge 1973).

3 ANN Approach

ANNs have been used as black-box simplified models in several water resources problems. The
black-box type flood forecasting models can be considered as pattern mappings for input-output
data sets. Multilayer perceptron (MLP) network (Rumelhart et at. 1986) is usually used for pattern
mapping problems and consists of an input layer, one or more hidden layers of computational
nodes (neurons), and an output layer of computational nodes. In a feedforward structure, data flow
only in one direction. A neuron in a particular layer receives all input from the preceding layer and
transmits the values to the succeeding layers of processing element. The schematic representation
of the feedforward MLP network designed according to the Muskingum equation (Eqg. 4) is shown
in Fig. 1. It has one input layer, one hidden layer and one output layer. Each node in a layer is
connected to all nodes in the successive layer, and the neurons in the same layer are not connected

each other. The data transferred from one neuron to another through the connections are controlled

10
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by the weights. The sum of the product of inputs (x) and their weights (w) minus bias (b) leads to a

net as follows:

net=Xx, .w;-b (12)
Then, the output of a neuron, f (net) is decided by an activation function that determines a
response of the node to the input signal it receives. In order to generate an output vector, a training
(learning) process is used to find optimal weight matrices and bias vectors that minimize a

predetermined error function (E) which is the sum of squares error given as follows.
E :ZS::L Z:J:l (}Fi - tfjg (13)

Here, t; and y; represent the target (observed outflow, 0. ,.) and output (predicted outflow, 0., ,.)
at the i™ node, respectively; N is the number of output nodes; and p denotes the number of training
patterns. Three-layered feedforward MLP models with a single hidden layer were trained with
error back propagation, which is essentially a gradient-descent algorithm, to look for optimal
performance by trial and error. Each input pattern of the training set was passed through the
network from the input layer to the output layer. The network output was compared with the
desired target. Then, the error was propagated backward through the network to each node, and the

weights are optimally adjusted.

Sigmoid and hyperbolic tangent functions, as given in Eqgs. (14) and (15) respectively, were
applied in the hidden layer. The linear function (identity), given as f(x) = x, was used in the output
layer, making the network take any values because predicted outputs may be distorted by

nonlinear activation functions.

f(x) = (14)

1+ e—%

11
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X E—.'JC

f(x) = tanh (X) = (15)

In order to overcome numerical instabilities during the training process and to improve the
generalization ability, the calibration data sets were standardized in a linear scale, subtracting the
mean, and were further divided by the standard deviation. Different learning rates were applied
from 0.1 to 0.9, and the momentum was changed in the range of 0.5 to 0.9, as these two
parameters affect the convergence speed of the algorithm. Using more nodes in the hidden layer
may improve the MLP performance, but on the other hand, the model might learn the error, i.e.
noise (Stefanon et al. 2001). The number of hidden layer neurons was changed up to 20 through
the training process. The appropriate neuron number was selected depending on the minimum
standard error. In the training stage, an early stopping method was applied in order to avoid over
fitting. By evaluating the objective function at each iteration on training and testing sets, the

training process was stopped in correspondence with the minimum validation error.

4 Performance Criteria

In this study, the performances of various methods were evaluated using four performance indices,
namely the coefficient of efficiency (CE), the mean relative percent error (MRE), the error of peak

discharge (EQp) and the error of time to peak (ETp) given, respectively, as

E?—i{qi_ﬁsz
=1- =—=—4————— 16
CE=1 (00 (16)
MRE = 1 ':1:1 lgi-ail 100 (17)
n .
|0p—Gp|
EQp = =p ~r (18)
Up
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ETp=|T, - T, (19)
Where Q;, @; and @ represent observed flow, computed flow and the mean of the observed flows

respectively. @, and @, are the observed and estimated peak discharge. T,, and T, are the observed
time to peak and computed time to peak respectively.

CE provides the strength of the models ‘predictive power. MRE vyields the relative error, providing
how the predicted values are close to the observed ones, and it represents a measure of accuracy in
a fitted series, expressed in percentages. EQp provides a deviation of computed peak with respect
to the observed peak. ETp implies how the occurrence of flood peaks is closely estimated. A
higher CE and a lower value of MRE, EQp and ETp imply a good performance. Through these

criteria, the ability of each method can be properly understood.

5 Model application in case studies

In this paper, feed forward multilayer perceptron (FMLP) models were developed according to the
Muskingum formula for routing benchmark data and real flood cases. Two case studies are
considered in this study.

The first case study is based on the well-known Wilson’s benchmark data. The data set is reported
to present a nonlinear relationship between weighted discharge and storage and has been
extensively studied by others for the assessment of various parameter estimation approaches (Gill
1978). In the data set, there is a smooth nonlinear optimization problem. However, the function to
the objective is nonconvex and thus only locally optimal solutions in parameterization can often
be expected. The performance of this study’s proposed FMLP Muskingum model was compared
to that of the previously reported methods, which have been used in the parameterization of
nonlinear Muskingum routing.

13
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The second case study is based on the real flood cases of the Chindwin River in Myanmar, a
typical natural monsoon river with high external disturbance, and the data set is expected to
present the nonlinearity of the flood wave. As a natural monsoon-dominated river, significant
inflows from possible tributaries along the reach considered are likely throughout the entire
monsoon season of July to October. The FMLP models were trained without filtering out this
effect or considering it in any form of modeling. Therefore, the true merit of the ANN technique
on the basis of the Muskingum method could be assessed, upon the flexibility of predictions and
model structures. The applicability of the developed model was also validated with independent

flood data.

6 The study area

A forecasting model based on Muskingum routing was applied to the flood prone reach of the
Chindwin River in northern Myanmar. Fig. 2 shows the location of the Chindwin River basin and
the selected reach for flood routing. Myanmar is one of the tropical countries characterized by the
monsoon climate and river flooding is a recurrent natural phenomenon (Sanyal and Lu 2004).
With an inadequate density of hydrometric stations in most rivers of the country, estimation of
floods in poorly gauged basins is a typical issue of water resources management in Myanmar.
Among the principal rivers of the country, the Chindwin River has experienced frequent and
severe floods in recent years and the flood risk has increased, especially in the last two decades
(Latt and Wittenberg 2014b). However, the river receives relatively little attention. The Chindwin,
with its major tributaries, is the most convenient way of communication within the basin
connecting it with the main economically developed areas of the country. Due to climate
conditions, the flood hazard is a challenge to its important role in the country's social economy.

Severe floods hit the Chindwin basin every year at one place or another due to high rainfall
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intensities during the southwest monsoon. Since 1965, flood occurrences in the Chindwin basin
have been the highest in July and August contributing to 72% of the total number of floods in the
basin. In this study, reported floods of two hydrometric stations, namely Homalin and Mawlaik,
were considered. Flood estimation by routing the reach between these two stations would be
valued in the region because these stations have the highest flood risk in terms of probability and
temporal trend in mean annual maxima (Latt and Wittenberg 2014b). The length of the reach from
upstream (Homalin) to downstream (Mawlaik) is 114km. According to the basin topography, the
reach slope is about 0.0003, which is relatively mild. A flood wave is subjected to translation and
reservoir actions during its passage through natural rivers and hydrologic methods are properly
used in case the reservoir action dominates the translation action for rivers with a mild slope (Das

2009).

7 Result and Discussion

7.1  Study 1: Benchmark Data

The ANN-based Muskingum routing was applied to the Wilson’s benchmark data, which many
researchers have tackled, in order to minimize the SSQ and the routing results were compared to

that of the previously documented methods. According to the Muskingum formula (Eq. 4), the
FMLP structure was built to produce the outflow at the next time step, 0., .. as a function of 1., .,

I, and O.. Therefore, three neurons in the input layer and one neuron in the output layer constitute
the structure of the developed FMLP model. The number of neurons in the hidden layer depends
on the complexity of input-output relationships to be captured. In the principle of traditional
modeling, independent data sets for validation were used, whereas in the earlier studies for

Muskingum parameter estimation that’s used the single set Wilson data, the complete inflow-
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outflow data were used only for calibration (Das 2009). Therefore, with no exception in this study,
100% of the data was used for training the FMLP models. Validation with an independent data set
was not favored. After testing the sigmoid and hyperbolic activation functions in the hidden layer,
the results suggest that the hyperbolic tangent function was preferable in this case, providing less
prediction error and higher performance than sigmoid function. Using the same function in both
hidden and output layers could not minimize the errors. Thus, the linear (identity) function was
used in the output layer to ensure taking any values without a bounded range. The combination of
the hyperbolic tangent in the hidden layer and the identity function in the output layer makes the
models achieve the best performance. Table 1 depicts the best-fit FMLP architectures, determined
on the basis of the least errors during calibration. Table 2 refers to the associated weights and bias
of the best FMLP model (FMLP-1).

As shown in Fig. 3, minimizing SSQ value using various methods in the earlier studies has a
significant improvement. The conventional parameter estimation techniques (PSO, NL-LS, S-
LSM and LM) have resulted in SSQ values greater than 100 (Gill 1978; Yoon and Padmanabhan
1993; Das 2004; Chu and Chang 2009), and the other approaches provide relatively lower SSQ. In
this study, the proposed FMLP model was compared only to the methods that provided SSQ
values lower than 50. With a routing interval of six hours, Fig. 4 shows the comparison between
the outflow hydrograph of the Wilson data and the routed outflows by different methods. Table 3
lists the computed outflows using HJ+DFP (Tung 1985), GA (Mohan 1997), ICSA (Luo and Xie
2010), HS (Kim et al. 2001), BFGS (Geem 2006), NMS (Barati 2011), the NL-4 model (Easa
2013), the FIS model (Chu 2009), and the FMLP model. Three decimal places were used in
calculating the simulated outflows and comparing the performance of the different methods,
except the FIS model, whose simulated flows are originally presented by Chu (2009) in one

decimal place. However, the routed flows are mentioned in one decimal place in Table 3 due to
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the limited space. Although taking different decimal places in performance indices is sensitive to
the results of model comparison, the rounding off effect was faded beyond three decimal points for
benchmark data (Barati 2011). Table 4 presents the performance indices of the FMLP model
compared to recent studies of nonlinear Muskingum routing. It can be seen that routing
performances by different optimization approaches for the NL-3 model are not significantly
different from one method to another. In a comparison of different optimization methods, different
subjects such as number of iterations, convergence time, and algorithm parameters need to be
considered (Barati 2011). However, the study does not extensively discuss the collective strengths
and weaknesses of different methods, but compares their performances by using evaluation criteria
for benchmark data routing. The detailed explanation of the merit of each method can be read in
the literature cited. Since the occurrence of the predicted peak flows coincide with that of the
observed maximum outflow, ETp values become zero for all methods. Although HJ+DFP and GA
methods provide a lower EQp than other algorithms, their SSQ values are far from the optimum
solution. SSQ values of ICSA, HS, BFGS, and NMS methods are very close to one another. Their
MRE and EQp values are around 2.5% and 0.01, while the CE values are the same for these four
methods. Therefore, no significant improvement in model performances among these four
methods can be detected, although they have their own merits and have been proven promising
alternatives for the NL-3 routing procedure. The recent development in parameter estimation for
the NL-3 model has resulted in a smaller improvement in SSQ, namely less than 1% (Easa 2013)
as well as in CE. Evidently, none of the parameter estimation methods for NL-3 models showed a
clear-cut superiority over the others in terms of all evaluation criteria. The SSQ value of best
existing methods for the NL-3 model was 36.77, which was also confirmed using the GRG
algorithm in this study, and for the NL-4 model, it is 7.67. The SSQ value of the FIS model, one of
the artificial intelligence approaches, by Chu (2009) is 4.83, and CE value is 0.9996, which is the
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best performance for benchmark data so far. The NL-4 model and the FIS model significantly
outperformed the other models in the Muskingum flood routing of the benchmark data. However,
there was a mixed fortune of performances for the NL-4 model and the FIS model. The FIS model
has a superior performance over the NL-4 model in terms of SSQ, CE and MRE, whereas the NL-
4 model is superior to the FIS model in terms of EQp. In this study, the best FMLP model
provides the SSQ value of 4.05, which is the smallest value. The CE, MRE and EQp values of the
FMLP model are 0.9997, 0.92% and 0.0024. Therefore, it can be shown that FMLP method is a
promising alternative in Muskingum flood routing. The approach was found superior to other
previously reported methods that have been used in Muskingum routing for the benchmark data,

not only in terms of the objective function, but also in terms of all performance criteria.

7.2 Study 2: Real flood cases

Fig. 5 shows the observed inflow (upstream) and outflow (downstream) hydrographs of the
Chindwin river reach. In the case of the Chindwin River, the hydrograph really reflects the
behavior of a natural river with external influences, leading to higher outflows than inflows.
Instead of first deriving the coefficients x, K and m by a linear or nonlinear Muskingum equation,
it is possible to directly search the optimal weights and bias in mapping inflow-outflow, using the
artificial intelligence approach. With a routing interval of one day, a FMLP structure was designed
according to the Muskingum routing equation, since ANN can map any input-output patterns
either in linear or nonlinear form. In the model development, several flood events during the
monsoon season (July-October) from the period between 2005 and 2009 were simultaneously used

for calibration. The calibration data was further randomly divided into a training set to 80% and a
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testing set with 20%. After a successful calibration, the developed model was subsequently
validated with the flood data during the monsoon seasons of 2010 and 2011.

As suggested by the previous analysis in the study-1, the hyperbolic tangent function was used in
the hidden layer and identity function was used in the output layer. The developed FMLP structure
in this case is 3-3-1 (three neurons in the input and hidden layers and one neuron in the output
layer). The optimal objective function was achieved through the learning rate of 0.5 and
momentum by 0.8. Sum of squares error during the training are 2.278. The computed weights and
bias of the FMLP model are shown in Table 5. In an objective manner, three popular statistical
measures (CE, MRE and EQp) were used to describe the performances of the models during
calibration and validation. For routing real floods in the Chindwin River, the values of CE, MRE
and EQp of the FMLP model during calibration were 0.99, 4.82% and 0.05, respectively. With
high values of performance indices, Fig.6 shows a good agreement between the predicted outflows
by the proposed model and the observed ones in the calibration period. The residuals of the model
do not show a definite pattern, as seen in Fig. 7. Therefore, it can be expected that the residuals are
independently distributed. As a result, the developed FMLP model is believed to be satisfactory
for further prediction.

Validations of the model results are unavoidable in order to ensure the applicability of the
proposed methods to this flood prone reach of the Chindwin River. With the optimally adjusted
weight and bias achieved via the training, the FMLP model was reproduced to predict the
independent flood events during the validation period. The predicted outflows and the observed
ones in the validation period were plotted in Fig. 8, which depicts, except for a few flood peaks,
the higher predictability of the ANN-based Muskingum model. Therefore, it is expected that the
architecture of the trained network is sufficiently effective to generalize as well as to capture the

underlying relationships, when validated with the new data. With a CE value of 0.98, the model
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result is quite satisfactory. The model provides the MRE value of 4.38% in predicting the flows
through the entire flood season. With the EQp value of 0.04, the error in predicting flood peaks is
very low. The FMLP model has shown its robustness and predictability in real flood cases.
Overall, this study presents a successful attempt to validate the prediction of real flood events with
multiple peaks in this natural river throughout the entire monsoon season. It shows that an ANN
approach along with sufficient real time data provides a convenient mechanism for routing of river

flows.

8 Conclusions

Several studies have focused on improving the performance of the well-known Muskingum
routing, with an emphasis on recommendation of optimization approaches for parameter
estimation and direct mapping of input-output relationships, for the benchmark data. In
chronological order, better solutions were proposed in minimizing the SSQ value. However, one
method was not clearly superior to other methods because there are mixed fortunes of
performances for each method in terms of the evaluation criteria. Few studies reported the
applicability and performance of the proposed method in real flood cases with successful
validation. The fact that nonlinear Muskingum models may not be applicable to every flood event
is likely because the inflow-outflow relationship in natural rivers depends not only on the storage

characteristics, but also on other external influences.

In this study, the FMLP network with error back propagation was applied for Muskingum flood
routing, and its performance was assessed for benchmark data in comparison with the previous
reported methods as well as for real flood cases of the Chindwin River in northern Myanmar. In

both cases, the performance of the FMLP models was found to be quite satisfactory in terms of all
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indices. The results have demonstrated that the FMLP model shows the consistency in its
performance by means of all performance indices. Due to the ability of capturing nonlinearity and
complex systems, the ANN approach can disregard any external disturbances and successfully
capture the inflow-outflow relationship of the real flood cases on the basis of the Muskingum

formula, which is sensitive to high disturbances by lateral inflows into the system.

This paper is not primarily interested in extensively discussing the strength and weakness of the
individual methods for Muskingum routing, but in highlighting the merit of the artificial
intelligence approach as a powerful competitive tool in solving complex or not-fully identified
hydrologic systems. While solution algorithms have been studied for nonlinear Muskingum
methods with more parameters from a mathematical standpoint, the values of fitted parameters are
likely to lose physical meaning. Therefore, a novel black box approach, namely an intelligence
method, helps the direct mapping of observed outflows and inflows according to the Muskingum
formula and minimizes the discrepancy between observed and routed flows, without knowing
routing parameters. For the flood routing of the benchmark data, a clear-cut superiority of the
FMLP method over other previously documented methods was discerned. With a set of inflow-
outflow records for a natural river reach, the proposed approach has been further shown to be a

promising tool for routing of real flood events in natural rivers with high nonlinearity.
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Tables

Table 1 The best FMLP models for Muskingum routing of benchmark data

FMLP models stl\r/llj %?E:e Learning rate  Momentum squil:erz grror
FMLP-1 3-2-1 0.62 0.9 0.004
FMLP-2 3-2-1 0.40 0.7 0.005
FMLP-3 3-2-1 0.10 0.8 0.005
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Tables

Table 2 The calculated weight and bias of the best FMLP model (FMLP-1) for routing benchmark

data
Target Variable, 0., .
Predictor Hidden layer
Output layer
Node 1 Node 2
Input layer (bias) 0.682 -0.078
Ion: -0.497 -0.323
I -0.198 0.491
E
0, -0.782 -0.833
Hidden layer (bias) 0.278
Node 1 -0.964
Node 2 -0.886
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Tables

Table 3 Comparison of routed outflows by the FMLP with other methods for Wilson’s data

Observed
Flows Computed Outflow (m3s™)
(m3™)

T('hr:‘)e | O  HMDFP GA ICSA HS BFGS NMS NL-4 FIS FMLP
0 22 22 220 220 220 220 220 220 220 220 220
6 23 21 2200 220 220 220 220 220 220 209 204
12 35 21 204 224 224 224 224 224 223 210 215
18 71 26 267 264 266 263 266 266 257 260 260
24 103 34 348 342 344 342 345 345 331 340 338
30 111 44 447 442 442 442 442 442 436 440 441
36 109 55 569 570 569 569 569 569 558 571 552
42 100 66 677 682 681 682 681 681 665 662 657
48 86 75 763 772 771 771 771 771 752 750 753
54 71 82 822 833 833 833 833 833 816 820 817
60 59 85 847 857 859 859 859 859 847 854 852
66 47 84 835 842 845 845 845 845 838 840 840
72 39 80 798 802 805 806 80.6 806 80.1 800 79.9
78 32 73 733 733 736 737 737 737 730 730 729
84 28 64 655 651 653 654 654 654 643 640 64.0
90 24 54 565 558 559 56.0 560 560 542 540 540
96 22 44 475 467 466 467 467 467 446 440 447
102 21 36 387 380 378 37.8 377 378 358 359 358
108 20 30 314 309 305 305 305 305 292 299 291
114 19 25 259 257 253 253 252 252 247 253 248
120 19 22 221 222 218 21.8 217 217 217 217 220
126 18 19 202 203 200 200 200 200 201 191 202
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Tables

Table 4 Routing parameters and performance statistics of different techniques for the Wilson’s

data
Routing Parameter Objec'give Performance Indices
Method Function
K X m SSQ CE MRE EQp ETp

HJ+DFP  0.0764 0.2677 1.8978 45.61 0.9962 2.974  0.0036 0
GA 0.1033 0.2813 1.8282 38.24 0.9969 2.604  0.0084 0
ICSA 0.0884 0.2862 1.8624 36.80 0.9970 2.526  0.0106 0
HS 0.0883 0.2873 1.8630 36.78 0.9970 2,518  0.0108 0
BFGS 0.0863 0.2869 1.8679 36.77 0.9970 2.526  0.0106 0
NMS 0.0862 0.2869 1.8681 36.77 0.9970 2,525  0.0107 0
NL-4 0.8340 0.2960 4.0790 0.4330 7.67 0.9994 1531  0.0031 0
FIS 4.83 0.9996 0.40 0.0047 0
FMLP 4.05 0.9997 0.92 0.0024 0
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Tables

Table 5 The calculated weight and bias of the FMLP model for routing real flood events of the

Chindwin River

Target Variable, 0, .

Predictor Hidden layer
Output layer

Node 1 Node 2 Node 3

Input layer (bias) -0.513 1.184 0.473

Iine -0.126 -0.080 -0.509

I, -0.011 -0.075 0.434

o, -0.338 -0.352 0.313
Hidden layer (bias) 0.599
Node 1 -1.996
Node 2 -1.805
Node 3 -0.071
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Figures
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Fig.1. Structure of the MLP model for Muskingum routing
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Figures

Fig. 5. Inflow and outflow hydrographs for the Chindwin River reach for the 2008 flood season
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