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Abstract. Predicted total sediment load is usually used to identify the intensity of a
sedimentation process. Currently, the existing available models to predict total load are mostly
developed based on data collected from flumes, channels and rivers located in western countries.
These models known as sediment transport model may not be valid to predict total sediment load
of rivers in the tropics due to significant differences in the hydrological and sediment
characteristics conditions. A new technique called Genetic programming (GP) technique is used
to develop a new model to improve the prediction of total sediment load for rivers in tropical
Malaysia. The new model named Evolutionary Polynomial Regression (EPR) model is compared
with other three available sediment transport models using the different techniques including,
Regression Equation, Modified Graf and Multiple Regression. Statistical analyses based on 82
data sets show the sediment transport model using this new technique perform well compare to
other models.

1. Introduction
The total load or total sediment load is defined as the combination of wash and bed material load. Under
conditions when wash load is not present, the term - bed material load and total load - are used
interchangeably. The total sediment load process in a river varies across its length and cross-section.
The variation depends on the interaction of the hydraulics and sediment variables. The reliable
estimation of total sediment load in the river can assist in the estimation of deposition which helps to
predict the water surface elevations during floods.

Currently, there are a few models that are used to estimate total sediment load, including Engelund
& Hansen [1], Graf [2], Ackers & White [3], Yang & Molinas [4], Van Rijn [5], Karim [6] and Nagy et
al. [7]. However, most of these models are developed based on flume data from western countries, such
as America and Western Europe and have not been widely used in other parts of the world [8]. Since
the 1990s, some researchers have developed models based on Malaysian conditions [8,9,10] using the
different various technique. Those models failed to achieve consistent success with the accuracy of
predicting sediment loads and thus there is a need to using a new technique for a more accurate sediment
model.
In this paper, a new sediment transport model named Evolutionary Polynomial Regression (EPR) model
was developed exclusively for rivers with upstream in-stream mining activities. This new model was

Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
BY of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd 1



Energy Security and Chemical Engineering Congress IOP Publishing
IOP Conf. Series: Materials Science and Engineering 736 (2020) 022108 doi:10.1088/1757-899X/736/2/022108

compared with three other models that used other technique; that include Regression Equation, Modified
Graf and Multiple Regression.

An Evolutionary Polynomial Regression (EPR) model [11] is developed based on a set of 256
recorded data of total sediment load. EPR is a model developed by Giustolisi and Savic [12] that
constructs symbolic models by integrating the best features of numerical regression [13] with genetic
programming and symbolic regression [14]. EPR can be classified as a "grey box" technique that details
out the conceptualization of physical phenomena [12]. Figure 1 shows a pictorial representation of this
classification, where greater physical knowledge used during the development of the model would lead
to a better physical interpretation of
the phenomena by the user.
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Figure 1. Graphical classification of EPR among modelling techniques [15].

EPR had been used successfully to solve problems in civil engineering, for instance, pipeline system
[16,17], groundwater study [15], geotechnical and soil performance [18,19]. A detailed description of
the technique is found in [11 and 12].

2. Model development
The first important step in the development of the EPR model is to identify the potential model inputs
and outputs. Based on previous studies [20], seven input variables were selected in five parameter class
are considered to be the most significant factors affecting sediment transport. The variables are, relative
roughness on the bed (R/dso) inflow resistance parameter class, stream width ratio (B/y,), in conveyance
and shape class which are shear velocity ratio to fall velocity (U*/ws), fall velocity to shear velocity
(ws/U*) in sediment properties class is ratio of shear stress to average velocity (U*/V) and dimensionless
unit stream power (VSo/ Ws) in mobility class and the last variable is velocity head (v¥/2g). The output
variable is the total sediment load (Qt/Q).

The initial step in developing the EPR model is selecting the related parameters to develop the model.
This is carried out by a trial-and-error approach in which a number of EPR models are trained with the
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selected parameters until ultimately the optimum model is obtained. The data are randomly divided into
two sets, i.e. a training set for model calibration and an independent validation set for model verification.
In dividing the data into their sets, the training and validation sets are selected such that they are
statistically consistent to represent the same statistical population [21]. Hence, out of 256 data cases,
174 cases (68%) are used for training and 82 cases (32%) for validation. Table 1 shows the range of the
data used in model development.

Table 1. Range of data used in model development.

Parameter Range
Total sediment load, T; (kg/s) 0.2846-44.0144

Flow, Q (m%s) 0.737-87.792
Velocity, V (m/s) 0.194-1.26

Depth of water, y, (m) 0.23-3.23

Particle mean size, dso (M) 0.0004-0.004

Water surface slope, S, 0.0003-0.0167

Fall velocity, Ws (m/s) 0.051-14.821
Hydraulic radius, R (m) 0.22-2.66

2.1. Performance indicator
The best model can be obtained by modeling the information in the data rather than modeling the data

itself [22]. Data contains both noise and information. Over-fitting is a poor strategy and under-fitting
also means getting a poor model that will not give sufficient information. A model that has a good
balance between over-fitting and the under-fitting is required. The discrepancy ratio is the ratio between
the predicted and measured sediment total load, and a model is considered to be suitable if its
discrepancy ratio falls within the range of 0.5-2.0 [8].

2.2. Model accuracy

To examine its accuracy, the EPR model predictions are compared with those obtained from three
available sediment transport models Regression Equation [9], Modified Graf [10] and Multiple
Regression [8]. Summary of sediment parameters used for comparison is given in table 2.

Table 2. Summary of sediment parameters used in the available models.

Model Input parameters used
Regression Equation R/dg,,U" /w,,U IV ,V? /gy,
Modified Graf (S, —1d,,/RS,,CVR/,/g(S, —1d,
Multiple Regression VS, /@, R/dy, ’g(Ss —1)0‘5034 VR
Genetic programming u*/V, R/ dso

where; ys = unit weight of sediment; V is flow velocity; dso is median diameter of sediment load; g
=acceleration of gravity; yw = unit weight of water; t = mean bed shear stress; Ss = specific gravity
of sediment; R is hydraulic radius; C, = volumetric sediment concentration;U” = shear velocity and
ws = fall velocity.
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3. Results and discussion
A statistical analysis carried out on 82 cases of the validation set for discrepancy ratio. The results of

the comparison are given in table 3 and shown graphically in figures 2 - 5.

Table 3. Performance of the Total Sediment Load Model.

Performance measure

Model
Discrepancy ratio (%)
Regression Equation [9] 70
Modified Graf [10] 23
Multiple Regression [8] 90
Genetic Programming (GP) 100

Table 3 shows that the EPR model using Genetic Programming technique outperforms the other
methods in all the performance measures used. This model gives 100 % accuracy in differential ratio
measurement. The graphical result in Figure 5 shows that all the predicted and measured sediment total
loads are between the equality lines. The model developed using Multiple Regression Technique [8] can
be considered to be of second best. The graphical results in Figure 4 also indicate that it has the least
scattering around the line of equality between the predicted and measured sediment total loads.

100 - 100 -
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Predicted Total Sediment Load (kg/s)
Predicted Total Sediment Load (kg/s)

0.1 T 0.1
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Figure 2. Performance of Regression Figure 3. Performance of Modified Graf.

Equation.
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Figure 4. Performance of Multiple Figure 5. Performance of Genetic
Regression. Programming.

4. Conclusion

The performance of the EPR model, to the testing set, shows less scattering around the line of equality
between the measured and the predicted total sediment loads. For the EPR model, the discrepancy ratios
are 100% respectively. Whereas the results values for other model is 70 % respectively for Regression
Equation, 23% respectively for Modified Graf, and 90% respectively for Multiple Regression. These
results indicate that the developed EPR model using Genetic Programming technique outperforms the
other available methods. This is because the parameters used in the EPR model are based on rivers in
Malaysia that appropriately fit the model characteristics and the sediment development process.
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