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Abtract: Thomas-Fiering (T-F) model was applied for generating synthetic streamflow
for the Thaphanseik reservoir. The Thomas-Fiering model accommodated the non-
stationarity of seasonal data. Time series of streamflow are crucial for the planning,
design, and management of various water resource systems. In this study, the model was
tested using historical data spanning 39 years (from 1985 to 2023). The model’ s
performance was evaluated by using statistical measurements such as Coefficient of
Determination (R2) and Nash-Sutcliffe Efficiency (NSE). Additionally, this model was
utilized to generate synthetic streamflow data for the years 2024 to 2100. The
logarithmic transformation method was used in order to avoid the negative flows in the
synthetic data. In this study, synthesis flow data were generated using different random
sequences. The mean, standard deviation and correlation coefficient of different
synthetic series were calculated. The calibration process was performed for the periods
1985 to 2016 and validation process was performed for the years 2017 to 2023. Based
on R2 value, most suitable synthetic series were chosen. The generated data showed a
high goodness of fit, with R and NSE values. An analysis of the historical and synthetic
discharge statistics revealed that the model successfully captured the features of the
historical data and integrated them into the generated sequences.
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1.  Introduction

Stochastic simulation of hydrologic time series has been extensively employed to address
various issues in water resource planning and management over several decades [1].
Common applications include determining reservoir capacities, assessing the adequacy
and reliability of reservoirs, evaluating water resource management strategies under
different hydrologic scenarios, and analyzing irrigation system performance amid
uncertain water distributions. These simulations rely on mathematical models, with
various models having been proposed. Time series data on streamflow are essential for
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both hydrological research and water management practices. Assessing surface water
flow is a crucial element in hydrological projects, including water quality monitoring,
flood analysis and prediction, geomorphological studies, and the support of aquatic
ecosystems, among other areas [2].

Water is an essential and valuable resource for humanity. It is crucial for agriculture,
industry, transportation, and energy production. A significant issue arises when water is
unavailable or lacks sufficient quality at the times and places it is required. Therefore,
forecasting inflows into storage reservoirs is necessary for effective reservoir
management, ensuring optimal use of limited water supplies [3]. Managing water
resources, as well as addressing floods and droughts in hydrology, involves forecasting
future conditions in a probabilistic manner. Temperature and streamflow data can be
helpful for predicting precipitation, while climate data may assist in forecasting
streamflow. This level of coherence can be assessed using wavelet techniques [4]. The
planning and design of water resources projects largely rely on hydrologic and economic
data, with streamflow records being a key component of hydrologic information.
Surface streamflow data serve two main purposes. Firstly, they offer valuable regional
insights, representing "natural" conditions. This information can be combined with
similar data from other locations to develop a comprehensive understanding of
streamflow patterns in a given area.

Streamflow time series are crucial for the planning, design, and management of various
water resource systems. However, in many cases, there is a lack of comprehensive flow
records at the sites of interest. Consequently, relying solely on existing historical
streamflow data may not yield reliable estimates of flow statistics [5]. Since the future
cannot be directly observed and remains uncertain, predictions must be made, often
through various hydrological models. These models are typically driven, calibrated, and
assessed using historical data to form hypotheses about catchment behavior.

Although the modeling process itself has been widely covered in literature, this discussion
will focus specifically on the variables used to project future discharge, including
catchment discharge, precipitation, and evapotranspiration estimates [6]. The creation
of forcing variables is inherently linked to the observable data used for calibration and
validation. However, this process will involve stochastic elements due to the inherent
variability in the observables themselves and the uncertainty of future values. It is
important to note that the historical time series of these observables can be uncertain,
especially when applied to a catchment area. Consequently, historical data should be
treated as virtual variables [7]. The model was originally developed to generate long
sequences of feasible streamflow time series in Thaphanseik reservoir to simulate,
analyze, and optimize water management policies [8].

Time-series analysis is a simple method for examining a sequence of data points arranged
in chronological order. This technique involves gathering data at consistent time intervals
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rather than in a random or haphazard manner. It goes beyond merely organizing the
data by investigating how these values change over time. Additionally, it provides
insights into the relationships between different data points. Techniques used in time-
series analysis can also predict future values based on past data trends. However, it
necessitates that the data values confirm regularity and dependability. The application of
time-series forecasting includes estimating the probable change in data values, like
seasonality or cyclic behavior, which deliver an improved understanding of data
variables.

Most water resource projects necessitate a historical streamflow data record, with longer
records leading to more informed decisions during design and operation. Unfortunately,
a lengthy streamflow data record is often unavailable, making it crucial to synthetically
generate streamflow sequences that statistically resemble the observed data. There are
models for generating these sequences for both single rivers (single-site) and for rivers
along with their tributaries (multi-site). However, before applying these models to real
systems, it is important to conduct comparative studies [9].

The Thomas-Fiering model to maintain the normal distributions of annual flow, the log-
normal distributions of monthly flows, and the autocorrelation for both annual and
monthly flows [10]. In the past ten years, the TF model has been employed for various
applications, including streamflow forecasting [11], reservoir operations [12] and rainfall
predictions [13]. This study assessed the effectiveness of stochastic streamflow models in
generating synthetic streamflow data. The Thaphanseik Dam experienced its lowest
water levels in 2019, with reservoir storage dropping to 518,000 acre-feet by August 30
of that year. This issue of low water levels was also noted in 2004 [14]. Therefore, The
Thomas-Fiering (T-F) model was employed to simulate the Thaphanseik reservoir in the
Mu River basin, using historical monthly streamflow data from 1985 through 2023. The
statistical evaluation metrics were computed to assess the performance of the Thomas-
Fiering model by comparing observed and simulated inflow during the calibration
period. Synthesis flow data were created by utilizing different random variables and
selected the optimal result.

The mean, standard deviation, and correlation coefficients were computed for both the
gauged data and the synthetic series from the first through fifth runs. Calibration was
conducted for the period from 2001 to 2016, while validation took place from 2017 to
2020. The synthetic series deemed most suitable were selected based on the R values.
The Thomas-Fiering T-F model has demonstrated its effectiveness as a valuable tool for
simulating the Thaphanseik Reservoir. It can reverse key historical statistical parameters,
making it useful for predicting future values, especially when applied in its transformed
format. Furthermore, these sequences allow for the development of a probabilistic
framework to predict overall system performance, extending beyond specific events and
the timing of recorded droughts. The results of this study provide important insights for
decision-making regarding the management of the Thaphanseik reservoir. Additionally,
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the model created in this research was utilized to generate synthetic streamflow, which
is crucial for effective planning and management of water resource.

2. Material and methods

This research involves choosing the study area and location, gathering data, evaluating
the model's performance, determining the correlation coefficient between observed data
and synthetic series, and inflow generation for the years 2024 to 2100.

2.1 Study area

The Mu River, situated in the upper central region of Myanmar, serves as a tributary to
the Ayeyarwady River, the primary river of the country. It drains the Kabaw Valley and
part of the dry zone located between the Ayeyarwady River to the east and its major
tributary, the Chindwin River, to the west. The river flows approximately 275 kilometers
from north to south before joining the Ayeyarwady River to the west of Sagaing, near
Myinmu. It is predominantly utilized for irrigation, with the Mu River basin covering an
area of 6,000 square miles.
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Figure 1: Location map of Mu River basin at Thaphanseik dam site
The Thaphanseik Dam, situated on the Mu River in Sagaing Region, was completed in

2001 and spans 6 kilometers, making it one of Southeast Asia's largest dams. This multi-
purpose structure supports both irrigation and power generation for national
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development. The dam is designed to retain and regulate water flow in the Mu River. It
is positioned between latitudes 23° 17 N and 24° 28’ N and longitudes 94° 30’ E
and 96° 00’ E, within Kyunhla Township in the upper Sagaing Region [15]. The region
experiences an average annual rainfall of approximately 962 mm. Figure 1 illustrates the
location of the Mu River basin at the Thaphanseik Dam site. The inflow datasets for the
Thaphanseik Reservoir were collected from the lrrigation and Water Utilization
Management Department (IWUMD).

2.2 Stochastic data generation

Stochastic simulations of streamflow sequences are essential for water resource planning
and management [16]. Many hydrologists view streamflow and rainfall sequences as
instances of a stochastic process during their analysis [17]. The data derived from these
sequences, especially monthly time series like streamflow or rainfall, play a crucial role in
water resources planning and management by helping to assess the variability in future
system performance. Stochastic simulations of streamflow provide a viable alternative
for representing streamflow patterns that closely match the observed data from a river
basin. These simulations generate time series across multiple locations, capturing both
short- and long-range temporal dependencies, as well as non-stationarities and spatial
correlations in extreme events [18].

However, since these observed data are usually limited in temporal scope, the variability
captured in stochastic streamflow simulations especially regarding extreme events can be
restricted. The purpose of stochastic data generation is to create synthetic data that
statistically mirrors the observed data. Consequently, this generated data is vital for
developing more precise solutions to complex challenges in water resources planning,
design, and operations.

2.3 Thomas-fiering model

Thomas and Fiering were the first to create a mathematical model for the sequential
generation of streamflows [19]. The Thomas-Fiering model utilizes a regression equation
that relies on discharge data collected over successive time intervals [20]. The earliest
model introduced in hydrology for generating synthetic monthly flow sequences was
developed by Thomas and Fiering in 1962 [21]. Thomas and Fiering pioneered a
mathematical framework for the sequential generation of stream flows. Their approach
models the flow for any given period as a linear function of the previous period’ s flow.
This model is versatile, applicable to various time scales including weekly, monthly,
seasonal, and annual flows.

The Thomas-Fiering (TF) model is a traditional technique used to generate synthetic flow

time series through linear regression [22]. It predicts the flow for the next month based
on the previous month's flow. For instance, the flow in February depends on the flow in
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January, and this relationship continues for subsequent months. The equation for the

Thomas-Fiering (TF) model is presented as follows.
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By applying a log transformation to historical monthly streamflow data, it is possible to
generate synthetic monthly streamflow using the Thomas-Fiering model, since the
transformed data exhibit a normal distribution. The Thomas-Fiering model was
enhanced by specifying the model parameters in advance to reduce forecast errors [23].

2.4 Data

Inflow data of the Thaphanseik reservoir covering the period from January 1985 to
December 2023, was analyzed in the study. The inflow datasets for the Thaphanseik
Reservoir were sourced from the Irrigation and Water Utilization Management
Department (IWUMD). Figures 2 and 3 display the monthly and annual inflow data

series utilized in this research.
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Figure 2: Monthly inflow of Thaphanseik dam

— ————r—

15| Page



ISSN 3047-5473
Innovation in Engineering, Volume 1, Nomor 2, 2024, pp. 110-124

8000000 -+
7000000 H
6000000 -
5000000 -
4000000 -

Inflow (Ac-ft)

3000000 -
2000000 -
1000000 -

0]

— = T = = — r— r— ——

Figure 3: Annual inflow of Thaphanseik dam

3. Results and discussion
3.1 Random number component

In stochastic models, randomness is inherent to the process. Generating rainfall data relies
heavily on random numbers, which are crucial for accurate simulations. Computers use
a sub-function to produce these numbers with a uniform distribution. Each number in a
series with a uniform distribution is generated independently, creating a random
sequence throughout the time series. The dataset includes 12 variables, one for each
month from January through December. In the models, the incidental random numbers
used are typically distributed according to a normal distribution [24]

Random numbers are characterized by a sequence where each number is equally likely,
making it impossible to predict future values from the current sequence. These numbers
are produced using mathematical algorithms that ensure a uniform distribution across the
entire range of possible values [25]. Normally distributed random numbers with a mean
of zero and a standard deviation of one were then generated. A set of 12 regression
equations was established. In this research, logarithmic transformations of the flows were
employed to address the issue of negative values in synthetic data. Subsequently,
statistical metrics such as the mean, standard deviation, and serial correlation coefficient
for each month were determined.

3.2 Thomas-fiering model calibration and validation

According to the Thomas-Fiering model, extending existing streamflow data necessitates
at least 12 years of inflow data. The Thaphanseik reservoir provides inflow records from
1985 to 2023, yielding approximately 39 years of monthly streamflow data. Calibration
was carried out for the period from 1985 to 2016, while validation was conducted for
the years 2017 to 2023. The most appropriate synthetic series were selected based on
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their R values. Ultimately, the synthetic inflow data were converted back from their
logarithmic form to obtain the actual flow values. Basic statistical measures, including the
mean and standard deviation, were calculated and compared between historical and
generated streamflow data. The synthetic flow data were created using various random
sequences in this study. The mean, standard deviation, and correlation coefficients for
both the observed data and the synthetic series of multiple runs were computed. Table 1
shows the correlation coefficient between observed data and synthetic series for five
runs. The analysis revealed that synthetic result 3 provided the most favorable results and
was therefore selected for the final outcomes.

Table 1: Correlation coefficient between observed data and synthetic series

Synthetic Synthetic Synthetic Synthetic Synthetic
Year Result 1 Result 2 Result 3 Result 4 Result 5

2

R NSE R° NSE R*> NSE R> NSE R> NSE

Calibration

(1985- 0.35 0.34 048 047 063 0.6 023 023 0.36 0.35
2016)

Validation

(2017- 035 032 044 042 056 0.53 0.23 0.22 035 0.33
2023)

The results demonstrate a consistency in the statistical characteristics of both observed
and generated mean and standard deviation, as shown in table 2. The synthesized
monthly flow data align closely with the observed flows, with coefficients of
determination (R ) of 0.99 for the mean and 0.89 for the standard deviation.
Comparison of observed and synthetic mean and standard deviation were shown in
Figures 4 and Figure 5 respectively. Itis noted that mean values are close in most months.
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Figure 4: Comparison of observed and synthetic means
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Table 2: Comparison of observed and synthetic mean and standard deviation

Observed Synthetic
Month Observed Mean  Synthetic Mean Standard Standard
(Ac-ft) (Ac-ft) Deviation Deviation
(Ac-ft) (Ac-ft)
Jan 37002 36139 22627 24905
Feb 29124 38901 23136 45883
Mar 28452 51713 32102 91853
Apr 28577 42823 30270 76620
May 119981 114246 144139 109052
Jun 393807 466692 339528 524807
Jul 461133 423517 493276 442410
Aug 718760 656227 443035 403608
Sep 965226 1043880 519900 643089
Oct 817068 909898 401332 567372
Nov 194103 229733 132309 192807
Dec 61726 72678 25599 57361

Figure 6 displays the overall simulation flows, achieving an R value of 0.63 and the
Nash-Sutcliffe efficiency (NSE) was 0.6 for the calibration process. Figure 7 presents the
comparison of observed and synthetic flows during the validation period from 2017 to
2023. The coefficient of determination R was 0.56, and the Nash-Sutcliffe efficiency
(NSE) was 0.53. This indicates a similarity between the observed and synthetic results.
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Figure 5: Comparison of observed and synthetic standard deviations
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Figure 6: Comparison of observed and synthetic flows for calibration process (1985 to
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Figure 7: Comparison of observed and synthetic flows for validation process (2017 to
2023)

3.3 Inflow generation by thomas-fiering model

Additionally, synthetic monthly data spanning from 2024 to 2100 were produced using
the chosen model. It is important to note that if any generated streamflow values were
negative, they were substituted with the minimum observed streamflow for that month.
Alternatively, negative values could be addressed by applying the log transformation.
The comparison of statistics between historical and synthetic discharges demonstrated
that the model successfully preserved the characteristics of the historical series and
effectively incorporated them into the generated data. Figures 8 and 9 show the
generated series of synthetic flows based on 39 years length record. Future possible

predicted inflow using Thomas-Fiering model can be used for managing the operation
of Thaphanseik dam.
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Figure 8: Generated flows for the periods (2024 to 2060)

After the calibration and validation process, same Thomas-Fiering model structure was
used to forecast the inflow timeseries for the period of 2024-2100. It is clear from Figure
8 and 9, that the maximum flows are predicted in the years 2026 and 2097. Whereas
the lowest flows are expected in the year 2035. This forecasted inflows timeseries was
used in the reservoir operation. After this, the forecasted rule curve of reservoir was
determined, and water shortage was also determined. These predictions may help the
reservoir operators and managers to fulfil the water demands. The Thomas-Fiering
stochastic streamflow generation model was employed to synthetically create monthly
inflow scenarios for the Thaphanseik Reservoir. These scenarios will be utilized in an
optimization model based on stochastic programming that is currently being developed
for the management of Thaphanseik Dam. Analysis of a 39-year historical dataset used
for parameter estimation indicated that the statistics of the generated data closely
matched those of the historical records. This suggests that the Thomas-Fiering model
effectively captures the statistical characteristics of the historical data in the generated
values. Therefore, it can be concluded that the model is well-suited for generating the
inflow scenarios required for the stochastic optimization model.
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Figure 9: Generated flows for the periods (2061 to 2100)
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The Thomas-Fiering model has been widely utilized by researchers to generate
streamflow for the effective operation of reservoir systems [5], [26]. Comparable
research has also been performed on various reservoirs and river systems in India [27],
[28], [29]. Overall, the synthetic data sequences produced are statistically similar to the
observed data, making them essential for developing more accurate solutions to
complex challenges in water resources planning, design, and management. The
investigators reported that Thomas-Fiering model effectively preserves all specified
statistics and is therefore recommended for generating monthly streamflow.

4. Conclusion

In this research, the Thomas-Fiering stochastic streamflow generation model was utilized
to create synthetic monthly inflow scenarios for the Thaphanseik reservoir in Mu River
basin. A key feature of this model is its ability to account for non-stationary monthly
inflow data. Analysis using a 39-year historical dataset to calibrate the model revealed
that the generated data closely matched the historical statistics, including mean, standard
deviation, and coefficient of determination (R2). This analysis revealed that the
performance of stochastics model in generating synthetic streamflow time series. By using
log-transformed historical monthly streamflow data, the Thomas-Fiering model was able
to produce synthetic monthly streamflow effectively.

The mean, standard deviation, and correlation coefficients were calculated for both the
observed data and the synthetic series across the multiple runs. The calibration period
with optimum series yielded an overall R value of 0.63, which aligns well with historical
records and demonstrates a satisfactory performance in predicting inflows. According to
result, the histogram of the synthetic inflow series was similar to that of the observed
series. This indicates that the Thomas-Fiering model effectively incorporates the
statistical characteristics of historical inflows into the generated data, demonstrating its
suitability for producing inflow scenarios required for the optimization model.
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