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Abstract: Morphological changes in canals are greatly influenced by sediment load dynamics, whose
estimation is a challenging task because of the non-linear behavior of the sediment concentration
variables. This study aims to compare different techniques including Artificial Intelligence Models
(AIM) and empirical equations for estimating sediment load in Upper Chenab Canal based on 10 years
of sediment data from 2012 to 2022. The methodology involves utilization of a newly developed
empirical equation, the Ackers and White formula and AIM including 20 neural networks with
10 training functions for both Double and Triple Layers, two Artificial Neuro-Fuzzy Inference System
(ANFIS), Particle Swarm Optimization, and Ensemble Learning Random Forest models. Sensitivity
analysis of sediment concentration variables has also been performed using various scenarios of
input combinations in AIM. A state-of-the-art optimization technique has been used to identify the
parameters of the empirical equation, and its performance is tested against AIM and the Ackers and
White equation. To compare the performance of various models, four types of errors—correlation
coefficient (R), T-Test, Analysis of Variance (ANOVA), and Taylor’s Diagram—have been used. The
results of the study show successful application of Artificial Intelligence (AI) and empirical equations
to capture the non-linear behavior of sediment concentration variables and indicate that, among
all models, the ANFIS outperformed in simulating the total sediment load with a high R-value of
0.958. The performance of various models in simulating sediment concentration was assessed, with
notable accuracy achieved by models AIM11 and AIM21. Moreover, the newly developed equation
performed better (R = 0.92) compared to the Ackers and White formula (R = 0.88). In conclusion,
the study provides valuable insights into sediment concentration dynamics in canals, highlighting
the effectiveness of AI models and optimization techniques. It is suggested to incorporate other AI
techniques and use multiple canals data in modeling for the future.

Keywords: sediment; simulation; efficiency; modeling; prediction; performance

1. Introduction

Canal irrigation plays a vital role in the economic uplift of many regions globally.
Maintaining sustainable morphology of canals is a thought-provoking issue for design
engineers and irrigation departments [1]. Sedimentation of canals is an acute problem for
sustainable morphology where feeding rivers carry a lot of sediments, which are trans-
ferred to the canals taken off from upper river reaches. Hence, in-depth understanding
of sediment concentration is of paramount importance in sustaining acceptable design
parameters of irrigation canals. The behavior of various variables involved in estimation
of sediment load is nonlinear and highly complex. Sediment consists of gravel, sand,
silt, clay, or any other particulate matter transported by water. There is a possibility of
sediment deposition on the bed of the canal, or water can erode the bed material. This
phenomenon is related to three-dimensional flow and is difficult to formulate accurately.
Researchers usually study the sediment load in rivers using two main approaches, as
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outlined in previous research [2–4]. The first method involves analyzing bed loads and
suspended loads separately, treating them as distinct components of the total sediment
load. Conversely, the second method combines both bed and suspended loads to calcu-
late overall sediment concentration [5–8]. The choice between these approaches depends
on various factors such as available data, required accuracy for design studies, and the
characteristics of the riverbed being studied. For example, gravel-bed rivers primarily
transport sediment as bed loads, whereas sandy-bed rivers see contributions from both
suspended and bed loads [9]. Consequently, determining the most appropriate and ro-
bust approach for quantifying sediment concentration is complex, especially considering
how additional hydro-morphological factors can introduce uncertainty into numerical
model outcomes. In-depth understanding of incipient motion and shield’s function is of
utmost importance.

There is a long history of understanding the sediment concentration phenomenon and
estimating the total sediment load, which depends on bed load and suspended sediment
loads. Several formulae have been developed to estimate the total sediment load in
channels [5,10–12]. According to researchers, the predictability of most of these equations
is questionable as these equations may perform comparatively better at one place but very
poorly in another.

As described above, another important phenomenon related to sediment concen-
tration is the incipient motion, which has been given high importance in the under-
standing of sediment concentration, bed level changes of channels, and sustainable
design of channels. The movement of sediment particles is of random and stochas-
tic nature, so it is always difficult to accurately predict at which flow conditions the
sediment particles will start to move or deposit on the bed of the channel. Some re-
searchers have used a shear stress approach with Shield’s diagram to describe the
sediment concentration phenomenon [13,14]. Others have directly used the velocity
approach introducing critical velocity, the non-silting non-scouring velocity. The prob-
abilistic approach, stochastic studies, energy slope technique, stream power concept,
and regression analysis have gained importance from time to time to deal with the
sediment load. However, there is hardly any sediment load formula that can com-
prehensively and accurately be used for various situations. Thus, there is a need for
continual evaluation and upgrading of sediment load formulae. As the transportation
of sediment particles is highly complex, a single Froude number or Reynolds number
or both cannot demonstrate the total sediment load under all situations of a channel.
Hence, a regression equation derived from measured data to estimate the total sedi-
ment load became popular [15,16]. According to Cheng et al. [16], sediment load is
changing globally. Most of the frequently used formulae of sediment load have been
developed for different sediment-carrying capacities and hence need upgrading for
the varied discharge and sediment conditions. They have derived an improved total
sediment load formula for the Lower Yellow River and urged further research in this
field of specialization. Sulaiman et al. [17] have investigated reliability of various
equations for sediment concentration in Euphrates River Iraq. They have tested the
performance of Ackers–White, Colby, Bagnold, Engelund–Hansen, Yang, and Shen
and Hung [5,10–12]. According to the authors, different projects running near the
banks have changed the regime of this river. Although these formulae are well-known
and commonly applied, the Engelund–Hansen performed comparatively better than
all other formulae. Shen and Hung exhibited an accuracy of only 11%, while Yang,
Bagnold, Ackers–White, and Colby showed accuracies of 16%, 21%, 32%, and 32%,
respectively. Only the Engelund–Hansen showed an accuracy of 84%. Another paper
has evaluated sediment load formulae and confirmed the comparatively better per-
formance of the Engelund–Hansen formula for simulating the morphological changes
for channels in South Korea [18]. Avgeris et al. [19] has compared the performance
of estimating total sediment load by various nonlinear regression equations and the
Yang formula for Kosynthos and Kimmeria Rivers. According to the authors, the
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total sediment load estimated from various sediment concentration formulae generally
varies significantly from one another and from the recorded data. Therefore, hardly
any developed sediment load formulae have obtained widespread acceptance for accu-
rately estimating the total sediment load. They found that even the well-established
formula of Yang needs improvements, which they modified by regression on the basis
of long data.

Formulas developed by calibrating parameters from established formulas using pow-
erful optimization techniques can effectively predict sediment concentration under con-
ditions similar to those from which the original formulas were derived. The application
of regression techniques can be found widely to adjust available well-known sediment
load formulae with specific topography different from those that were developed. Envi-
ronmental and climatic changes have further created new challenges in water resources
management [20]. These changes have versed the situation, necessitating adjustment to
the parameters of existing equations to reflect current conditions accurately. The Upper
Chenab Canal (UCC) takes off from Chenab River, which is a transboundary river. Various
projects on this river can cause changes in the river regime, resulting in its aggradation or
degradation. Consequently, the sediment supply and sediment concentration are altered,
disturbing sediment balance of the canals taken from its downstream [21]. Any change
made by India on the upstream of Chenab River directly impacts the sediment load in
the UCC, which is taken from a place soon after the river enters Pakistan. This paper has
investigated the sediment concentration in this canal on the basis of sediment data from
2012 to 2022 collected from Marala Head Works, Sialkot, Pakistan. A reduced gradient
optimization technique has been applied to develop a new sediment load equation for this
canal, which is the first objective of the present paper.

A summary of the above discussion shows that the deterministic sediment concentra-
tion models face great difficulty including the initial and boundary conditions, stochasticity,
and non-stationarity of the stream flow. Hence, the prediction of sediment load in streams
should also be investigated using artificial intelligence (AI) models that according to many
researchers are proficient in tackling nonlinear relationships between water flow, sediment
particles, and environmental variables [22–26]. For investigation of the detailed role of vari-
ous features of sediment concentration using AI models, limited research is reported [22,27].
Therefore, the present study aimed to compare different AI techniques with the empiri-
cal equations for estimation of total sediment concentration in UCC. Hence, the second
objective of the present research is to study the sediment concentration in UCC using AI
models. Application of AI is really a daunting task in the field of sediment concentration
in channels. An Artificial Neural Network (ANN) model has been applied to investigate
sediment concentration for a dataset obtained from laboratory experiments [28]. Various
AI models including Multi-Layer Perceptron (MLP) ANN, Random Forest (RF), Support
Vector Regression, and Long Short-term Memory have been investigated for prediction of
sediment load in Johor River, Malaysia [25]. A thorough review of AI model applications
for the prediction of sediment load has revealed that further investigations are necessary
for successful applications of AI models in this field of specialization. As stated above, the
development of an accurate and generalized sediment concentration model is a demanding
task for AI experts because of the multifaceted character of the sediment concentration
phenomenon [29,30]. A comprehensive study is made in this paper applying 24 AI models
to estimate the total sediment load in the UCC.

2. Materials and Methods
2.1. Geographic Location and Description of Canal Characteristics

UCC is one of the most important main canals of the Indus Basin Irrigation System of
Pakistan, which helps to provide a major portion of water necessary for agriculture, food,
and energy for the nation [31–33]. It is a perennial flow canal. Rice, wheat, maize, barley,
and vegetables are the major crops of the two growing seasons including Rabi and Kharif.
UCC has extraordinary characteristics because it is an irrigation as well as a link canal. It
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serves a large proportion of the population of Punjab province, Pakistan. Therefore, it is
always a subject of continual research.

UCC originates from Marala Head Works constructed on River Chenab six miles down-
stream of its entrance from Jammu Kashmir state to Punjab (Pakistan) during
1905–1912 with a design capacity of 331 m3/s. After the independence of Pakistan, when
supplies of Upper Bari Doab Canal taking off from Madhu Pur Headworks on River Ravi
and Dipal Pur Canal taking off from River Sutlej from Ferozepur (Canda Singh Wala) Head-
works were cut off by the Indian Government, supplies of these canals were supplemented
through development of Bambanwala Ravi Bedian Dipalpur Link Canal from 1950–1953.
In this connection to compensate for this increased supply of this link canal, the capacity
of UCC was increased from 331 to 467 m3/s through widening of the canal. Old Marala
Headworks was not capable of diverting such huge discharges through the canal due to
technical reasons; therefore, model studies were carried out, and it was remodeled during
1965–1968 accordingly. The channel width (B) is 107 m with a bed slope (S) of 0.00015. The
minimum and maximum discharge (Q) in the canal observed during these 10 years of data
is 84.125 m3/s and 424.84 m3/s. The water depth (D) and water velocity (V) varied from
0.69 to 3.44 m and 1.07 to 1.47 m/s, respectively. The range of sediment particle diameter
(d50) found in the UCC canal was 0.1 to 0.24 mm with sediment concentration ranging from
0.11 to 0.5179 g/L.

The Triple Canal Project off-taking from the left bank of the River Chenab at Marala
barrage, district Sialkot (Punjab) also included UCC. This canal at its tail trifurcates into
three channels, which are Banbanwala Ravi Bedian Depalpur Canal, Main Line Lower, and
Nokhar Branch. The main function of these canals is to supply irrigation water to specific
command areas of districts Sialkot, Gujranwala, Sheikhupura, Lahore, Kasur, and, partially,
Hafizabad and Okara in addition to providing the surplus supply through Baloki Head
Works to lower Bari Doab canal.

It has a gross command area of 0.62 mega hectares, out of which more than 63% is
cultivable. The UCC command area is arid to semi-arid wherein the supply of irrigation
water is imperative to sustain agriculture, in view of insufficient and scanty rainfall.
This irrigation system consists of a main canal, branch canals, distributaries, minors,
and watercourses. The layout of UCC and its branches, including the command area un-
der study, is shown in Figure 1. The original design philosophy was to have protective
irrigation over a large area without considering crop water requirements. The present
strategy of the UCC system is to grow more crops, the resulting gap between canal
water supply and crop demands to be met through groundwater abstractions. The UCC
system was also expected to be effective and equitable, but studies have shown that
there is great inequity in actual withdrawals between head and tail watercourses [34],
which always attract research work on UCC.
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Figure 1. Map showing the study area.

2.2. Data Sources and Measures

This paper has investigated the sediment concentration in UCC on the basis of sed-
iment data from 2012 to 2022 collected from Marala Head Works, Sialkot, Pakistan. The
details about the B, S, Q, D, V, d50, and sediment concentration have been mentioned in
Section 2.1 as given above. The channel details including its B, cross-sectional details, and
S have been taken from drawings and topographic maps provided by Marala Headworks
authorities. Q is measured using a rating curve with a gauge reading taken from the barrage
site. Gauge reading and water levels are measured regularly, on a daily basis. Current
meter data are collected from time to time to verify the canal discharge. Sediment-laden
water samples are collected from the canal. A sediment-laden water collector of known
volume is filled from a location of canal head regulator where hydraulic jump occurs, so
that the sediment is fully mixed in water samples. These samples are analyzed in the
laboratory for obtaining the sediment concentration. The sediment amount is measured
partially by hydrometer analysis and partially by weighing the settled sediment in a glass
beaker. From these data, the sediment concentration is calculated in g/L. A gradation
curve is prepared from which d50 of sediment is estimated. The V is estimated in the
data analysis phase. The authors have obtained the data by visiting the measurement site,
having discussions with experts, visiting head works offices, collecting documents and
drawing from the authorities, a thorough literature survey, and surveying the canal itself.
To ensure the accuracy of the data, regular visits were conducted, and data related to on-site
Q, D, gauge height, and sediment concentration were collected frequently in collaboration
with the Marala Headworks team.
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2.3. Data Analysis Methods

The methodology framework for analyzing sediment concentration in canals is
given in Figure 2. In this paper, various state of the art methods have been used to
study the sediment concentration in UCC, including AI. In AI, an internal-structural
procedure performs training, validation, and testing processes. The data are divided
into three parts; usually 60% is used for training, 20% for validation, and 20% for
testing. This ratio may differ as 70%, 15%, and 15% for training, validation, and
testing, respectively. A ratio of 50%, 25%, and 25% for training validation and testing,
respectively, may also work. There are two types for division of the data in the ratio of
70%, 15%, and 15%, for example, or the other for training, validation, and testing. In
one type, the ratio 70%, 15% and 15% is selected randomly, while in the other type the
first 70% of data are used for training, the first half of the remining data (15% of the
whole data set) are chosen for validation and remaining last part is used for testing. In
the current study, the data were randomly chosen for training, validation, and testing
as commonly employed by previous researchers such as [35]. For training, 60% of
the total data set was used, while the remaining 40% (20% + 20%) was designated for
both validation and testing purposes. It was ensured that the model was trained on
sufficiently large portions of data by using this approach.
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A thorough investigation was made combining AI techniques and empirical mod-
els. A total of 24 AI models were tested, including 10 training functions for double
layer (DL) and triple layer (TL) ANN models, making a total of 20 different ANN
models. Furthermore, two types of Artificial Neuro-Fuzzy Inference System (AN-
FIS), Particle Swarm Optimization (PSO), and RF models were employed to study
the sediment concentration in UCC. Additionally, two empirical equations including
Ackers and White total load formula and a simple equation developed from UCC data,
were examined. General Reduced Gradient (GRG) optimization was used to identify
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parameters of the Ackers and White total load formula and a simple equation based on
data of UCC. The efficiency of the models was tested using a variety of performance
indicators, including coefficient of correlation ®values, along with four types of error
metrics. Analysis of Variance (ANOVA) and T-tests were performed to choose the
best of 26 models. Furthermore, the Taylor Diagram was also plotted to represent
the performance comparison visually. A detailed description of all these models and
techniques is given in the subsequent section for comprehensive understanding.

2.3.1. Artificial Intelligence (AI) Models

The application of AI in sediment concentration is becoming important because of its
ability to handle the nonlinear behavior of various variables [23,25,26]. There are several
emerging categories of AI models including ANN, ANFIS, hybrid ANN, and machine
learning techniques [26,36]. ANN models usually have three phases/layers consisting of
an input layer, hidden layer, and output. The elementary units of an ANN technique are
responsible for performing controls with the help of some inputs. The output estimates at
the initial stage are compared with the measured values of variables under consideration
called targets. Certain weights are then selected to improve the accuracy of the predictions.
This involves training, validation, and testing phases in such a way that the out matches
with the target. A feed-forward process of hidden layers turns-out the backpropagation
(BP) to produce precise results. A multiple-hidden layers-system is called an MPL [29,30].
A variety of training functions are found in the literature. The present research has tested
10 types of training functions both in DL and TL as given in Table 1. Number neurons have
been selected through an exercise of hit and trial as per procedures listed in some published
papers [37,38].

Table 1. Training Functions, where, DL stands for Double Layer, TL stands for Triple Layer, and AIM
is Artificial Intelligence Model.

Model Name
Training Function Name Description

DL TL

AIM1 AIM11 trainlm Levenberg–Marquardt
backpropagation

It is a sort of optimization for searching for best solution to minimize
of a non-linear function. It is reasonably fast and stable to converge.

AIM2 AIM12 trainbr Bayesian regularization It is similar to the trainlm based on minimization of suitable weights
with the objective function.

AIM3 AIM13 trainbfg BFGS quasi-Newton
backpropagation

It is an alternative function of the conjugate gradient methods for
accelerated optimization

AIM4 AIM14 trainrp Resilient backpropagation

In multilayer networks, sigmoid transfer functions are commonly
employed in the hidden layers. These functions are frequently

referred to as "squashing" functions, as they condense an infinite
input range into a finite output range.

AIM5 AIM15 trainscg Scaled conjugate gradient
backpropagation

Trainscg is capable of training any network, provided that its weight,
net input, and transfer functions have derivative functions.

Backpropagation is employed to compute the derivatives of
performance (perf) with respect to the weight and bias variables (X).

AIM6 AIM16 traincgb Powell–Beale conjugate gradient
backpropagation

A search is made along the direction of conjugate gradient to govern
the step size for minimizing the performance function. The new
direction of the steepest descent is combined with the previous

search direction.

AIM7 AIM17 traincgf Fletcher–Powell conjugate
gradient backpropagation It uses a similarity index for a non-supervised feature selection.

AIM8 AIM18 traincgp Polak–Ribiere conjugate gradient
backpropagation Optimization with respect to the previous gradient at each iteration.

AIM9 AIM19 trainoss One step secant backpropagation An effort to minimize the gap between quasi-Newton
and conjugate gradient.

AIM10 AIM20 traingdx
Gradient descent w/momentum

and adaptive learning rate
backpropagation

It is highly sensitive to the learning rate. The learning rate needs to
be adjusted carefully, otherwise the algorithm will be unstable or too

slow to converge
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Adaptive Neuro-Fuzzy Inference Systems (ANFIS)

ANFIS encompasses a fuzzy inference system along with ANN. Predictions of various
parameters are made by applying a hybrid technique of combining gradient descent,
backpropagation, and a least-squares system [28]. ANFIS has been used in some past
studies in the field of sediment concentration [39,40]. It is a highly useful and efficient tool
for predicting continuous real functions in each domain. If–then rules and membership
functions are used in the fuzzy part of this technique to establish a connection between
input and output variables; hence, the ANN is used for training in a manner as described
above. Two membership functions used in this research are described in Table 2.

Table 2. Various membership functions of Artificial Neuro-Fuzzy Inference System (ANFIS).

Model (Function) Description of Training Function

AIM21 (gbellmf)

A bell-shaped function consisting of three categories of
parameters for defining the curve. One parameter defines the
width of the curve, the second parameter is for defining the
center of the curve, and the third is simply a positive integer.

AIM22 (Trapmf)

A trapezoidal-shaped function includes four parameters for
defining the curve. The first two parameters are meant for
defining the feet, whereas the other two parameters are used for
defining the curved shoulders, resulting in the shape of a
truncated triangle.

Particle Swarm Optimization (PSO) and Random Forest (RF) Models (AIM23 and 24)

PSO is a state-of-the-art optimization in AI applications. A set of solutions is generated
randomly in the search space, after which the most optimal global minimum/maximum is
sought using frequent particles updates [41]. The method is becoming popular in water
resources engineering due to its high accuracy in solving complex hydraulic problems.
PSO is an efficient algorithm, and it takes a comparatively low volume for computation,
has a high probability of finding a global optimal solution instead of trapping into a local
optimal solution, and has a very high rate of convergence [41–43].

RF is a powerful AI technique that can tackle both regression as well as classification
problems [44–46]. Its algorithm is based on supervised learning, building a forest of decision
trees in the training phase, which is highly useful in reaching the optimal solution [44]. In
building every decision tree, a subset of features is randomly selected from the full feature
set making the technique a robust one.

Input Combinations (IC) for Artificial Intelligence (AI) models and Sensitivity Analysis
of Parameters

Various combinations of input variables for sediment load have been tested using the
best AI model. The results of sediment load estimation are highly dependent on input data.
The beauty of AI techniques lies in the fact that these models build a relationship between
the input data and the output even when dealing with complex relationships that may
not be easily expressible through formal equations. Therefore, selecting an appropriate
combination of input parameters is an imperative step in AI model applications. A total of
9 input combinations (IC1–IC9) have been selected in AI models with varying combinations
of Q, D, V, and d50. The following IC of variables (Table 3) were tested one by one, and the
optimal combination has been highlighted in this paper.
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Table 3. Input Combinations (IC) for Artificial Neuro-Fuzzy Inference System (ANFIS) Model, where Q,
D, V, and d50 represent discharge, water depth, velocity, and sediment particle diameter, respectively.

Combination Description Combination Description

IC1 All variables together (Q, D, V, d50) IC6 Only one variable (Q)

IC2 Three variables (Q, D, V) IC7 Only one variable (D)

IC3 Two variables (Q, D) IC8 Only one variable (V)

IC4 Two variables (D, V) IC9 Only one variable
(d50)

IC5 Two variables (Q, V)

2.4. Ackers and White Total Load Formula and Developed Equation
2.4.1. Ackers and White Total Load Formula

Ackers and White used extensive data from sediment concentration experiments to find
the total sediment load formula. The formula requires five steps to the total sediment load:

1. Computation of a dimensionless particle size parameter:

P(Dgr) = d50

(
g(s − 1)

ν2

)( 1
3 )

(1)

In the above equation, P(Dgr): dimensionless sediment diameter, d50: sediment particle
diameter (sediment size in a distribution, for which 50% by weight is finer), g: gravitational
acceleration, s: specific gravity of sediment, and ν: kinametic viscosity of water. For uniform
grain sizes, the mean sediment diameter, d50, is used. For graded sediments, the d35 is used.

2. Compute four parameters, P(m), P(n), P(A), and P(C), to be used later:

If P(Dgr) > 60, the particle sizes are said to be coarse:

P(n) = 0.0 P(A) = 0.17 P(m) = 1.5 P(C) = 0.025

where P(n), P(A), P(m), and P(C) are the parameter/coefficients in the Ackers and White
technique. If P(Dgr) is less than 60, but larger than 1, the sediments are medium sized:

P(n) = 1.0 − 0.56 log (P(Dgr)) P(A) =
25√

P(Dgr)
+ 0.14 (2)

P(m) =
9.66

P(Dgr)
+ 1.34 (3)

Log(P(C)) = 2.86 log
(
P(Dgr)) −

(
log
(
P(Dgr)) 2 − 3.53

If P(Dgr) is less than 1, the sediments are under 0.04 mm. It is assumed that cohesive
forces may occur, making it difficult to predict the sediment concentration. However, the
sediment concentration is then usually much larger than what is available for the river, so
the sediment load is limited by the supply.

3. The mobility number is then computed (note simplification if n = 0):

P(Fgr) =
un
∗√

gd
(
ρs−ρw
ρw

)
 V
√

32 log
(

10D
d50

)
1−n

(4)

In Equation (4) P(Fgr): mobility number, V: flow velocity, u∗: shear velocity, g: gravita-
tional acceleration, n: Acker and White coefficient, ps: density of sediment, pw: density of
water, d50: sediment particle diameter, and D: water depth.
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4. The sediment concentration, c, is then given in weight-ppm

P(c) =

(
ρs−ρw
ρw

)
D

P(C)

(
P
(
Fgr
)

P(A)
− 1

)P(m)(
V
u∗

)n
(5)

5. The concentration is multiplied with the Q (in m3/s) and divided by (10)3 to get the
sediment load in kg/s.

2.4.2. Developed Empirical Equation

As described above in various sections, the sediment concentration is a highly complex
phenomenon and there is no universal formula that can be applied for various channels
with high accuracy. Every time for every channel, one has to choose the best formular
applicable to the given situation. After choosing the best equation, there is again a need to
optimize the parameters of the sediment load equation by applying a strong optimization
scheme. In this paper, it is thought to develop a simple total sediment load equation having
fewer but catch-all type parameters that may handle the complex relationship between the
sediment concentration variables. The developed equation is of the form as given below:

Qs = αd50
(Q)β

(D)γV
(6)

where Qs is sediment load, V is flow velocity, D is water depth, α, β, and γ are the parameters
of the equation, which have been optimized using General Reduced Gradient (GRG).

2.5. General Reduced Gradeint (GRG), an Optimization Tachniques

Empirical equations of sediment load often require the identification of their parameters
most of the time for accurately modeling sediment concentration phenomena. Therefore,
optimization techniques have great importance in the field of sediment concentration. There
are many optimization techniques available in the literature. GRG is recognized as a state
of the art and efficient optimization technique [47]. GRG stands out for its user-friendliness,
high efficiency, ability to search global minimums without wasting time being trapped in
local optimal solutions, and takes the minimum possible computer memory for computations.
Non-linear problems regarding the Acker and White equation have been solved by applying
GRG to optimize two parameters of the formula. The same technique is used to calibrate a
simple sediment load formula developed in this paper. The main goal of GRG is the global
maximization of R or minimization of the objective function based on Mean Square Error
(MSE) estimated from simulated and observed sediment concentration. Figure 3 illustrates the
flowchart of the GRG process.Hydrology 2024, 11, x FOR PEER REVIEW  11  of  25 
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Figure 3. Flowchart for General Reduced Gradient (GRG) optimization for identification of parame-
ters of sediment load equations, where Q: discharge, V: flow velocity, D: water depth, Qs: sediment
discharge, d50: sediment particles diameter.
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2.6. Performance Evaluation

Five performance indicators, coefficient of correlation (R), Mean Square Error (MSE),
Mean Absolute Error (MAE), Sum of Square Error (SSE), and Sum of Absolute Error (SAE),
were used to assess the degree of accuracy of predictions resulting from the methods
mentioned above. The following equation gives the formula for R [48]).

(R) =

1 −
∑n

i=1

(
Qsmi − Qspi

)2

∑n
i=1
(
Qsmi − Qsmi

)2


0.5

(7)

Qsmi presents recorded sediment discharge/sediment concentration for the ith mea-
sured value, Qspi denotes predicted discharge/sediment concentration for the same data
point, Qsmi is mean discharge/sediment concentration, and n is the total data points used
for the models’ testing.

The MSE was estimated using the following equation:

MSE =
∑n

i=1

(
Qsmi − Qspi

)2

n
(8)

The MAE is given by the following equation.

MAE =
∑n

i=1

(∣∣∣Qsmi − Qspi

∣∣∣)
n

(9)

The SSE is given by the following equation.

SSE =
n

∑
i=1

(∣∣∣Qsmi − Qspi

∣∣∣)2
(10)

The SAE is given by the following equation.

SAE =
n

∑
i=1

(∣∣∣Qsmi − Qspi

∣∣∣) (11)

2.7. Analysis of Variance (ANOVA), T-Test and Taylor’s Diagram

T-tests and ANOVA serve as the statistical bread-and-butter in basic science re-
search [49]. ANOVA, a statistical technique employed to compare means among three
or more groups, is considered an omnibus test statistic [50,51]. A significant p-value in
ANOVA indicates that there is at least one pair where the mean difference is statistically
significant. The ANOVA and T-test were performed using R-values to compare different
models. A key requirement for both tests is that the observations should be independent
and normally distributed. Both conditions are met in the present study as the histogram
of sediment concentration values shows that the data are normally distributed (Figure 4).
In the present study, as a first phase based on the overall performance, one model out ten
DL ANN models showing the best performance, indicated by the highest overall R-value,
is taken as the basis of the T-test and ANOVA. This model is compared with the other
9 models. Similarly, in the second phase, the best-performing model among the 10 TL ANN
models was compared to the remaining 9 TL ANN models. Subsequently, the 2 best models
out of the 20 ANN models were compared against the remaining models, including AIM21,
AIM22, AIM23, AIM24, Emp-equ-1, and Emp-equ-2. Finally, the results obtained from
ANOVA and T-test are then confirmed by Taylor’s Diagram.
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Taylor’s Diagram was developed by Taylor (2001) and is a graphical tool to illustrate
the similarity between two datasets. Taylor’s Diagram was developed to illustrate the rela-
tionship between the measured standard deviation (x-axis), simulated standard deviation
(y-axis), and R (radial axis). The objective is to assess how closely the test field resembles
the reference field. In a single (2D) Taylor diagram, a point on the graph signifies the
root-mean-square error (RMSE), R, and the ratio of standard deviations between the actual
and predicted data [52,53]. The performance of various prediction models has been tested
by various authors by constructing Taylor’s Diagram [52,53]. Taylor’s Diagram shows the
relationship between standard deviation, R, and RMSE.

3. Results
3.1. Evaluating Model Performance and Comparisons

Ten different training functions as described in Table 1 have been tested with
10 neurons in each of the two hidden layers. Figure 5a–e shows the results from vari-
ous angles. Figure 5a compares all ten training functions with respect to the R values.
All the 10 models performed well because the values of “R” ranged from 0.81 to 0.94 in
the testing process. Overall values of “R” are in the range of 0.86 to 0.90. Four types
of results are shown in Figure 5a regarding R values in training, validation, testing, and
overall. Based on these fouR values of R, it is difficult to decide which model has the
best performance. Training, validation, and testing based on randomly chosen data sets
usually provide such varying values of R. However, the models AIM1 and AIM7 have
nearly similar performances and can be chosen as comparatively better performing models
based on the overall values of R.

Figure 5b–e show the performance of models in terms of various types of er-
rors. Figure 5b gives comparative values of MSE, Figure 5c,d provide MAE and
SSE respectively. Considering errors as performance criteria, all the models have
high performance. The results (Figure 5b) show a maximum value of MSE as 0.02.
Other erroR values (Figure 5c–e) are also in the acceptable range (maximum values of
MAE = 0.097, SSE = 3.69, and SAE = 22.45). Unexpectedly, the overall values of SAE
are very high. Figure 5f presents graphs between measured and simulated sediment
concentration from various models. All the models have results close to the 1:1 line,
showing high performance in simulating sediment concentration from the UCC except
model AIM10.
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Figure 5. (a) R values, (b) MSE values, (c) MAE values, (d) SSE values, (e) SAE values, (f) measured
sediment concentration verses simulated for different models, where AIM1 to AIM10 represent
Artificial Intelligence Model with different number of neurons.

TL ANN models, utilizing the same training functions as the previous section, were
examined next. Only two performance indicators, R and MSE are shown here in Figure 6a,b.
However, it is a dual-purpose figure, and it shows the performance of TL ten training
functions and compares DL with TL models. R values, ranging from 0.79 to 0.94, indicate
strong model performance. TL ANN models have simulated sediment concentration that is
comparatively better than that of DL ANN models. MSE values remain within acceptable
ranges despite variations across training, validation, and testing phases. Notably, overall R
and MSE values are estimated on the basis of the whole range of the data set of measured
and simulated sediment concentration. According to Figure 6c, which gives a plot between
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measured and simulated sediment concentration from various models, the AIM11 model
has results close to the 1:1 line. It means that AIM11 produces high accuracy in simulating
sediment concentration from the UCC.
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Figure 6. (a) R values, (b) MSE values, (c) measured sediment concentration verses simulated for
different models, where AIM1 to AIM20 represent Artificial Intelligence Model with different number
of neurons. DL and TL represent Double Layer and Triple Layer, respectively.
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Figure 7a,b shows the impact of the number of neurons in hidden layers. The same
number of neurons were selected for each of the two and three layers of DL and TL models.
It is observed that the number of neurons in the hidden layers of DL and TL has a very small
impact on the performance of models. The average value of the R is 0.895, the maximum is
0.926, and the minimum R = 0.819. The average value of MSE is 0.011, the minimum MSE
is 0.0079, and the maximum is 0.018. It can be seen from Figure 7 that a large variation in
R values occurs in the case of the AIM7 model and the highest value R of is obtained in the
case of 38 neurons in each layer of the TL model AIM11.
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Figure 7. Impact of number of neurons in hidden layer on performance of models (a) R values,
(b) MSE values, where AIM1, AIM7, and AIM11 represent Artificial Intelligence Model with different
number of neurons.

Two ANFIS and two hybrid ANN models including PSO and RF are compared in this
section with the help of overall values of R and MSE as given in Figure 8a,b. The values
of R plotted in Figure 8a show very high performance of the two ANFIS and two hybrid
ANN models. ANFIS AI models have simulated sediment concentration comparatively
better than that of the hybrid ANN models. Figure 8b shows the MSE values for all four
models, which show comparatively better accuracy than the ANN models described in
previous sections. Figure 8c presents a plot between measured and simulated sediment
concentration from various ANFIS and hybrid ANN models. The model AIM22 (ANFIS 2)
and hybrid model AIM24 have results close to the 1:1 line, showing comparatively higher
accuracy in simulating sediment concentration from the UCC.
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Figure 8. (a) R values, (b) MSE values, (c) measured sediment concentration verses simulated for
different models, where AIM1 to AIM24 represent Artificial Intelligence Model with different number
of neurons. DL and TL represent Double Layer and Triple Layer. ANFIS: Adaptive Neuro-Fuzzy
Inference Systems.

The performance of two empirical sediment load equations is shown in Figure 9a,b.
The R values are in the range of 0.88 and 0.92 for calibration and 0.7 to 0.65 for validation of
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equations. Figure 9b shows slight deviations of sediment concentration from the 1:1 line
both in the case of the developed and Acker’s and White equations.
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Figure 9. (a) R values, (b) measured sediment concentration verses simulated for different models,
where AIM1 to AIM24 represent Artificial Intelligence Model with different number of neurons.
DL and TL represent Double Layer and Triple Layer, and ANFIS represents Adaptive Neuro-Fuzzy
Inference Systems.

3.2. Input Combination (IC) Scenarios

Figure 10 presents the performance of models with various IC. IC1 consists of all
variables including Q, D, V, and d50 and produces the highest R value of 0.946 and minimum
MSE = 0.0056. The second top merit combination is the IC2 having Q, D, and V as input
variables. The results of sediment load simulations are in very good range from IC1 to IC7
(R values above 0.9 and MSE less than 0.0093). The worst results are obtained from IC8 and
IC9. The reason for such results is explained in the discussion section.
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Figure 10. Impact of various input variables on performance of Artificial Neural Network (ANN)
models, where IC1–IC9 represent different input combinations.
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3.3. Result of Analysis of Variance (ANOVA), T-Test, and Taylor’s Diagram

Figure 11a–d shows results of ANOVA, T-Test, and Taylor’s Diagram. In the present
study, based on the overall performance, the AIM1 and AIM7 shows the best performance
out of 10 DL ANN models, indicated by the highest overall R (Figure 11a,b). The ANOVA
and T-Test were performed using R values for comparing different models. In the first
phase of comparison, the AIM7 model was selected for comparison with other models,
including AIM1 to AIM10. The choice of the AIM7 model was based on its overall R value,
which was greater compared to those of the other models. Upon comparing AIM7 with
different models, it is observed that AIM7 exhibited statistically significant differences
with AIM1, AIM2, AIM4, and AIM9. The p-values obtained from the ANOVA test for
these comparisons were below the range of p-values (0.05). Taylor’s Diagram in Figure 11b
also confirms these results. In the second phase, the AIM11 model was compared to
AIM12 through AIM20. The results of the comparison indicate that the AIM11 model
has a significant difference with models AIM12 through AIM20. The p-values for these
comparisons were below the confidence level (which was considered 5% for the p-value of
T-test and ANOVA). When both these models, AIM7 and AIM11, were compared to the
remaining models, including AIM21, AIM22, AIM23, AIM24, Emp-equ-1, and Emp-equ-2,
the results showed significant p values for the models AIM21 and AIM22, which also have
the higheR values of R = 0.948 and 0.958, respectively. The overall results of ANOVA and
T-test indicate that AIM11 performed better than other models. Figure 11c,d also show
similar results keeping AIM11, AIM21, and AIM22 in top positions.
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Figure 11. Results of statistical tests. (a) T-test and Analysis of Variance (ANOVA); (b) Taylor’s
Diagram for Double Layer (DL); (c) Taylor’s Diagram for Triple Layer (TL); (d) comparision of AIM7
and AIM11 with Artificial Neuro-Fuzzy Inference System (ANFIS), Particle Swarm Optimization
(PSO), and Ensemble Learning Random Forest (RF) models, where AIM1 to AIM24 represent Artificial
Intelligence Model with different number of neurons in DL (AIM1–AIM10) and TL (AIM11–AIM20).
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4. Discussions

Section 3.1 describes results from 10 DL and 10 TL ANN models. The performance
of all the models is in the “very good” range because all values of “R” are greater than
0.75. These results are in line with past studies [28,53]. According to past research, the
performance of models can be considered very good if R values lie in between 0.75 to
1 [47–49]. The R values also lie in the performance acceptance range given by [39–41].
The results of the models are in line with previous studies [54,55]. Correlations coefficient
R values up to 0.98 for the application of AI models on sediment concentration have
been obtained in past research [41]. However, the results of the present study are varied
over a long range in training, validation, and testing phases. In some cases, the values
of R become higher in training and low in testing and validation, while other cases have
resulted in higheR values of R in testing or validation as compared to that of training
(Figures 5 and 6). The values of R and various errors estimated for the whole data set
(overall R, MSE, MAE, SSE, and SAE) are different than those of training, validation, and
testing. The reason is that the data sets for training, validation, and testing have been
chosen on a random basis. If the data set is uniform and ideal with no errors, then one
can expect all values of performance indicators to be logical and have some relationship
between overall R and errors values with those of values in the training, validation, and
testing phases of these parameters. Due to this reason, the best model out of the 26 models
tested in this research was selected based on performance indicator such as values of “R”,
and a similar trend was adopted in previous research [47–49,53]. An easy way of selecting
the best model is adopted in Section 3.1, where the selection of the best model is based on
only the overall values of the performance indicators instead of considering all the phases
of training, validation, and testing, as a similar trend was noticed in the prior studies [28,53].
However, it is not acceptable to some researchers, and hence additionally, ANOVA, T-Test,
and Taylor’s Diagram have been used in this study [41,50–52].

The performance of the developed equation on the basis of GRG optimization and
the Ackers and White total sediment load formula is the in acceptable range as per criteria
given by some researchers [55–57]. The effectiveness of empirical equations falls short
when compared to AI models. Understanding sediment concentration is a complex three-
dimensional challenge. Deriving a universal formula for total sediment load proves difficult.
Thus, GRG emerges as a valuable tool for recognizing the parameters of total sediment
load formulas. In conclusion, optimizing parameters through GRG can notably enhance
the performance of the Ackers and White formula for total sediment load. The empirical
equation devised for total sediment load in UCC, utilizing the optimization scheme GRG,
demonstrates superior efficiency over the Ackers and White total sediment load formula.

It is given in the results section that the IC1 consisting of all variables (Q, D, V, and d50)
has comparatively higher performance of models in simulating sediment concentration in
UCC. A value of R in the range of “very good” is obtained (R = 0.946 and MSE = 0.0056)
(Figure 10). The second combination IC2 having Q, D, and V as input variables stands
second in merit position with respect to the model performance. The overall performance
of models for sediment load simulations is in the very good range from IC1 to IC7 (R values
above 0.9 and MSE less than 0.0093), whereas the worst results are obtained from IC8
and IC9. It is understandable that excluding d50 from input variables does not make
any significant difference in the efficiency of the models because it is the least impacting
variable. It is very important to note this aspect of data of sediment concentration in UCC.
Usually, d50 is a very important parameter in sediment concentration. Sediment particles
with smaller mean diameters are easily removed from the bed of the channel even with
comparatively smaller velocities of fluid and vice versa. Here in UCC, the case is slightly
different. The sediment concentration and nature depend upon the situation in Chenab
River. In the present study, it is observed that the sediment entering UCC has very small
variations in d50 most of the time due to the constant S and smaller variation in V, and
a similar mechanism was noticed in previous research [58,59]. Hence, this is the least
influencing variable on simulation of sediment load variations. The same is the behavior of
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velocity in total sediment load estimations for various conditions in UCC. The S is nearly
constant in canal reach under study. Hence there is a very small change in V even if the Q
is changed. The changes in Q are encountered by changes in D. As a result, the sediment
load variations are directly related to the Q and D in UCC, and previous research observed
similar mechanisms under different flow conditions in the Upper Mississippi River [58,59].
Total sediment load in UCC changes mainly with changes in gauge height, Q, and D. Hence,
the most influencing variable in the simulation of total sediment load is Q. The second
most important variable is the D (Figure 10). The results of sediment load simulations are
in the very good range from IC1 to IC7 (R values above 0.9 and MSE less than 0.0093),
and this result aligned with previous research findings on suspended sediment load in
the river [59]. The prediction results of total sediment load show poor performance of
models from combinations IC8 and IC9. It is because of this reason that d50 and V are the
least influencing variables regarding sediment load variations as explained above. These
results are in contrast with those reported by Karami et al. [41]. The reason behind this
issue is that they have used a different set of data where the V is the most influencing
variable because they are using different S, which causes changes in V and corresponding
sediment load, whereas in the present study, the S of UCC under study is constant and
insignificant changes in V. However, their results regarding Q and D being significant
variables in sediment load estimation match with the results of the present study.

The present study has mainly focused on addressing the challenges specific to the
UCC, which is providing water to produce food and energy for a significant part of the
population of the Punjab Province, Pakistan. Although it looks like a local scale analysis, its
importance is high because of its relation to a global issue. There is a problem of sediment
concentration in the UCC canal, and every year enormous expenditure is involved in
the dredging of canal sediments in some reaches and maintenance of the foundation of
hydraulic structures in the reaches where there is scouring. Therefore, an attempt has
been made to thoroughly investigate the sediment concentration so that remedial measures
can be proposed in the future. Similar studies have shown that local-scale analyses can
contribute significantly to the understanding of larger-scale processes and inform broader
scientific principles [60,61]. Our aim was to develop a sediment load equation fitted to the
unique characteristics of the UCC canal. The results of the study will be important for the
engineering community in general and especially in the Punjab Irrigation department in
managing sediment concentration in canals.

It is worth noting that this manuscript has tested multiple models covering a wide
range of aspects of AIM. For the sake of completeness of this case study, we have checked
the influence on sediment concentration of some variables that have even insignificant
impact. We aimed to provide a comprehensive evaluation of different methodologies com-
prising AIM and empirical equations to identify the most effective approach for sediment
concentration prediction in the given context. The main purpose for testing many different
combinations in AIM is that we wanted to check the impact of various parameters on
the performance of AI models. While it may appear redundant that almost all models
performed well, such thorough analysis ensures robustness and reliability in our findings.
Similar studies have adopted this approach to ensure a rigorous assessment of model
performance and to identify the most suitable techniques for specific applications [62,63].
One reach of the canal has been selected that has a uniform value of S. Therefore, in this case
study, S being uniform has not been included in the IC of the AI models. Nevertheless, it is
an important parameter in the Ackers and White and other total sediment load formulae.
The d50 of sediment varies from 0.1 to 0.24 mm. Due to its insignificant variation in size
in present study, it has negligible impact on sediment analysis, but it was necessary to
confirm it by including it in the IC. However, it is important to note that even in seemingly
uniform environments, variations in other parameters or boundary conditions can still
significantly influence sediment concentration dynamics. Our discussion of these variables
in the manuscript aims to provide transparency and insight into the limitations of our
study, rather than dismissing their relevance outright.
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The study included 26 models, 9 combinations of variables, and 5 performance indica-
tors. However, as mentioned in the previous sections, we wanted to check the performance
of AIM by trying different combinations. The inclusion of multiple AIM, combinations of
variables, and performance indicators was aimed at providing a comprehensive evaluation
of sediment concentration prediction techniques. Out of 26 models, the best model has been
selected based on R value and MSE value. Additionally, statistical tests including T-tests
and ANOVA tests have been utilized to evaluate the significance of differences between
the best model and the remaining models as shown in Figure 11a. For all the DL ANN
models, we compared the R value of AIM7 with the remaining DL models, and for TL ANN
models, we compared the ANN 11 model with the remaining TL models. The hypothesis
is that there is significant difference between the R value of AIM7 and AIM11 and all the
other models (p value < 0.05). Figure 11a clearly shows that most of the models show a
p-value less than 0.05 against ANOVA test and T-Test. Thus, we believe that statistical
models perform differently. This approach of inclusion of many different combinations in
models allow for an absolute exploration of the effectiveness and robustness of different
methodologies, assuring that our conclusions are robust and reliable, as the same approach
has been employed by past researchers [62,63].

It is worth mentioning that the study focused on the data related to a specific canal, the
UCC, which has different dynamics as compared to rivers. Previous studies such as those by
Almubaidin et al. [64], Kang et al. [65], and Nda et al. [66] have also investigated sediment
concentration for similar cases. Their findings support the relevance of utilizing specific
hydraulic conditions, like those of the UCC, to assess model performance critically. All the
empirical equations have been developed to cover a wide range of data and incorporate the
complex dynamics of sediment concentration. But at the same time, these equations remain
data-specific and must be calibrated whenever these are to be used for a different set of
data. That is why these equations always have low performance when tested against a
different set of data. Almost all engineers have agreed that no single sediment load formula
can be used universally with very high accuracy.

Some important factors related to sediment concentration include the non-linear be-
havior of sediment concentration variables, incipient motion, bed level changes of the
channel, and sustainable design of channel. The movement of sediment particles is of
random nature, so it is always difficult to accurately predict the flow conditions responsible
for initiating the movement of sediment particles or deposition on the bed of the channel.
Shear stress approach with Shield’s diagram is used to describe the sediment concentration
phenomenon [13,14]. Some researchers have directly used the velocity approach intro-
ducing critical velocity called the non-silting non-scouring velocity. However, there is
hardly any sediment load formula that can comprehensively and accurately be used for
various situations. We have elaborated with the help of applied research how optimization
techniques are helpful in identifying the parameters of the empirical equations and how
the successfully AIM captures the above-said aspects of sediment concentration variables.

5. Summary and Conclusions

A highly demanding task has been performed in this study for estimating total sed-
iment load for a certain reach of UCC by using 26 different models. DL and TL ANN
models with 10 training functions have been investigated for the data of UCC. Two ANFIS
and two hybrid ANN models have been tested. The most difficult task was to estimate
total sediment load by empirical equations with acceptable accuracy. Five statistical perfor-
mance indicators have been used for examining the efficiency of models. The AI models
selected data sets for training, validation, and testing of the models on a random basis, so a
significant difference is found in performance indicatoR values for training, validation, and
testing phases. Hence, ANOVA, T-Test, and Taylor’s Diagrams have been found useful for
final selection of the best model for simulating sediment load in UCC.

The ANFIS models have produced the best efficiency in simulating the total sediment
load in UCC. The second topmost model is the AIM11, the TL ANN model with Levenberg–
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Marquardt backpropagation training function. The third merit place is taken by AIM1
and AIM7 DL ANN with Levenberg–Marquardt backpropagation and Fletcher–Powell
conjugate gradient backpropagation training functions, respectively.

In case of data that are not of very high quality, there is a significant difference in
values of performance indicators for training, validation, and testing phases as compared
to the values estimated on the bases of the whole data if the data sets for different phases
are selected on random basis.

The efficiency of empirical equations is low as compared to the AI models. The
sediment concentration is a three-dimensional complex problem. It is hard to develop a
universal total sediment load formula. Therefore, GRG is a useful tool for identification
of parameters of total sediment load formula. It is concluded that the performance of
the Ackers and White formula for total sediment load can be improved significantly by
optimizing its parameters by GRG. The empirical equation developed for total sediment
load in UCC using the optimization scheme GRG has better efficiency than the Ackers and
White total sediment load formula.
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