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Abstract


This paper proposes an efficient productivity-aware optimization framework that utilizes hybrid machine learning with parallel global search to timely and appropriately adjust the critical control parameters (CCPs) of a cutter suction dredger (CSD) during construction. This optimization framework consists of three main parts. First, a hybrid Jaya–multilayer perceptron (MLP) algorithm was developed to rapidly construct a model that captures the interaction between construction parameters and slurry concentration. Next, the preliminary coarse results for the CCPs are determined through multi-parameter sensitivity analysis. Finally, the proposed resilient-zone parallel global search algorithm was employed to further optimize the CCPs, yielding more precise optimization results. To validate the proposed optimization framework and implement the in-situ service, it is applied to a real-world case study involving “Tianda” CSD construction. The results demonstrated that the average optimization duration is 6.7 s, which is shorter than the data acquisition interval of 8 s. Our approach improves the computational efficiency by 9.4 times compared with traditional optimization control methods. Additionally, there is a significant increase in the slurry concentration, with the maximum growth rate reaching 81.64%.
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1. Introduction


As a crucial type of dredging equipment, the cutter suction dredger (CSD) is widely used in various dredging projects such as land reclamation, inland river dredging, and port construction [1]. Uncertainties in environmental factors such as underwater soil conditions and wind waves during construction necessitate dynamic adjustments of control parameters during excavation and construction processes [2]. Improper and untimely adjustments of CSD control parameters, often based on operators’ experience, can reduce excavation efficiency and delay the construction period [3]. Therefore, ensuring the correct and timely optimization of control parameters is crucial for improving the design efficiency of the CSD.



Several studies have been conducted to determine appropriate control parameters for the operation of the CSD. Wei et al. [4] conducted a combined experiment and simulation to investigate the slurry flow rate in the pipeline, aiming to reduce energy consumption and prevent blockage. To comprehend the flow characteristics of solid–liquid two-phase flow in the cutting system of a CSD, Zhang et al. [5] performed numerical simulations by employing the standard k-epsilon model and multiple reference frames to analyze the flow field within and around the cutting system. The findings provide a theoretical basis for optimizing operating parameters. Bai et al. [6] proposed a control model for the transverse movement process of dredgers based on CSD construction data using a linear regression algorithm, which was further applied in the design of subspace identification and prediction controller to ensure a stable output of slurry concentration (SC) and improve dredger operation efficiency. Shang et al. [7] introduced a construction optimization strategy based on real-time productivity regression analysis, using machine learning techniques to guide construction workers in adjusting certain parameters. The optimization of the CSD control parameters primarily focuses on two main aspects: (1) the integration of experimental verification and numerical simulation techniques [8,9,10,11] and (2) the utilization of data-driven machine learning methods, such as support vector regression (SVR), long short-term memory (LSTM), and multilayer perceptron (MLP) [12,13]. The former relies heavily on early pre-construction work, including high-precision experimental measurements, accurate numerical simulations, and sets of historical best cases. Numerical simulation methods typically involve the calculation of large matrices and require higher resolution spatial mesh subdivision and complex boundary conditions to simulate fluid flow states [14,15,16]. These factors lead to longer computation durations, making it difficult to provide timely guidance on control parameters during the construction process [17]. In contrast, data-driven methods can provide guidance based on objectives such as dredging yield and construction SC while reducing optimization duration [18,19,20,21]. Specifically, data-driven approaches extract hidden information from historical time series data to identify patterns and predict future trends [22,23,24]. However, most existing studies focus on model accuracy and the overall construction efficiency, with less emphasis on computation duration [25,26,27]. This results in a temporal lag that is not synchronized with the actual construction process [28]. Recently, approaches integrating artificial intelligence of things (AIoT) technology have emerged, which allow for real-time monitoring and dynamic optimization in response to evolving conditions during CSD operations. These systems leverage self-sensing concrete and advanced AI algorithms to continuously adjust dredging parameters, reducing the inherent temporal lag in traditional and data-driven methods. Thus, the further development of an effective, real-time parameter optimization framework is necessary to enable timely control strategies that synchronize with the CSD construction process.



In CSD construction management, setting and adjusting control parameters significantly impacts the overall efficiency of the construction process [17,29]. During the dredging process, the construction parameters exhibit the following characteristics: (1) Spatiality: This indicates that the monitoring parameters of CSD change along the construction path. (2) Multidimensionality: This implies that a multitude of data are monitored throughout the construction process due to the integration of multiple sensors in the supervisory control and data acquisition (SCADA) system installed in the CSD. (3) Timeliness: This signifies that the SCADA system continuously monitors and records all parameters during every stage of construction. (4) Cross-correlation: This denotes intricate relationships among the various monitoring parameters recorded during the CSD construction process [17,18,26]. Exploring the extensive and timely optimization of control parameters will lead to a more comprehensive understanding of CSD parameter control research [30]. These complex characteristics of monitoring data make analyzing mounts of monitoring data and establishing relationships between multidimensional parameters more challenging.



The cornerstone of achieving an efficient productivity-aware control parameter optimization framework of CSD is the utilization of efficient data-driven models to examine the intricate and nonlinear relationships between timeliness monitoring parameters [30,31]. The deployment of efficient and straightforward algorithms is important for the optimization of critical control parameters (CCPs) [32]. Machine learning algorithms has been extensively used to explore diverse construction parameters, establish implicit relationships between monitoring parameters, and provide guidance to improve construction efficiency [33,34,35,36]. Moreover, a number of methodologies have been proposed for the purpose of optimizing control parameters. Yao, Wang, Shang, and Zhang [19] introduced a nonlinear productivity optimization model based on the Lagrange algorithm, which provides an optimal value range for critical construction parameters. However, this method requires a significant number of input parameters, and the selection of these parameters greatly impacts the results, making it complex for construction personnel to implement. The complexity of parameter selection and the accuracy of the optimization results present significant obstacles to applicating this method directly in engineering projects. On the other hand, Wei et al. [37] suggested using a neural network model to create a virtual environment based on data from experienced CSD operators. They then used reinforcement learning models to develop optimal control strategies through interactions with this virtual environment. However, this approach requires several hours of data collection with experienced operators and suffers from limited learning samples, preventing reinforcement learning agents from effectively addressing uncertainties in actual soil changes during construction. Therefore, it is crucial to develop an optimization framework that can be efficiently applied during the construction. This optimization framework should have minimal computational duration, a simplified structure, and fewer parameter settings. Consequently, this study established a productivity-aware control parameter optimization framework for CCPs in CSD construction.



To address the aforementioned challenges, this paper presents an efficient productivity-aware control parameter optimization framework for CSD construction, leveraging machine learning with parallel global search, specifically designed for the dredging engineering industry. The primary contributions of this paper are as follows: 1. Taking into account the spatiality, multidimensionality, timeliness, and intercorrelation of monitoring parameters during CSD construction, a construction parameter–SC interaction model is developed through the data mining of the monitoring data. 2. A multi-parameter sensitivity analysis method is applied to obtain preliminary rough results for CCP optimization. 3. A resilient-zone parallel global search (RZPGS) algorithm-based optimal control strategy was developed to optimize CCPs, enabling timely and accurate parameter adjustments. 4. The proposed optimization framework preserves calculation accuracy while significantly reducing algorithm computation time, enhancing its potential for practical engineering applications.



The remainder of this paper is organized as follows: Section 2 outlines the construction process of CSD, details the optimization theory and methodology for CCPs, and describes the proposed efficient productivity-aware control parameter framework, providing further elaboration on the overall modeling flow and the methods employed in critical steps. Section 3 presents a case study on the construction monitoring of the “Tianda” CSD, which discusses the results and the effectiveness of the proposed framework. Finally, the conclusions and research perspectives are presented in Section 4.




2. Theoretical Foundations and Framework


2.1. Preliminaries


2.1.1. Dredging Construction of CSD


CSD is a type of vessel designed for the purpose of excavation activities in rivers, ports, bays, and similar environments. It is primarily composed of the reamer cutting system, SCADA system, transverse system, and slurry conveying system. Among these systems, the reamer cutting system is particularly important and requires timely control by technicians during construction, directly impacting the efficiency of the construction process [5]. Additionally, the SCADA system documents a multitude of construction data throughout the process, providing data feedback to workers and storing information in a database for subsequent research or other purposes.



The overall configuration of the CSD is illustrated on the left side of Figure 1. The cutter head, located at the front, is linked to the dredging pump through a suction pipe. The cutter head is capable of rotating along the axis of the suction pipe, which facilitates the fragmentation of soil or rock into smaller pieces. Once loosened, the material is efficiently extracted by a centrifugal dredging pump. The slurry intake inlet, situated beneath the cutterhead, is directly linked to the mud pump through a suction pipe. The vacuum created at this inlet effectively draws up loose soil particles. Subsequently, the pumped material is transported through pipelines to designated discharge areas. During the construction process, the CSD primarily relies on the transverse movement of its cutter head to accomplish dredging tasks. As depicted in on the right side of Figure 1, the hull rotates around a central steel pile in an arc trajectory during the dredging process. After completing the swing dig operation, the cutter head depth or steel pile position can be adjusted for the next excavation.



Parameters that can be manually adjusted during construction are referred to as controllable parameters, while those that are significantly influenced by other factors and that cannot be directly manipulated are designated as uncontrollable parameters. Controllable parameters can be divided into two categories: real-time control parameters and preset parameters. Real-time control parameters are those adjustable parameters that operators can modify during the excavation process. Preset parameters are predetermined values established before each construction cycle, typically remaining unchanged during the excavation work. The classification of construction parameters is shown in Table 1.




2.1.2. Theory of Control Parameter Optimization


This section provides a theoretical explanation for the rationale behind selecting transverse speed and cutter head velocity as the CCPs. In dredging projects, instantaneous production represents a crucial metric for evaluating the performance of a CSD and determining construction efficiency [38]. Equation (1) presents the calculation formula for the instantaneous production.


  W = ( π  r 2  v ) p  



(1)




where W represents the instantaneous production, r is the radius of the slurry discharge pipeline, v represents the flow rate measured by the built-in detector in the pipeline, and p represents the SC. During dredging operations, the value of r remains constant, while v changes to a very limited extent. Consequently, p can be employed as an appropriate indicator for the evaluation of instantaneous yield. Furthermore, the volume of soil excavated by the cutter head primarily determines the SC during dredging operations. An increase in the SC can enhance productive efficiency to a certain extent. However, concentrations above a certain threshold may present a risk of pipeline blockage. Consequently, when maintaining an optimal concentration interval   p ∈ [ a , b ]   (where   a   and   b   represent the maximum and minimum values within this range, respectively), it is considered that the CSD is undergoing efficient construction.



The volume of material removed during excavation depends on three key factors: the longitudinal cutting thickness (excavation step length), the vertical cutting thickness (cutting depth), and the transverse speed. Therefore, the volume of material removed by the cutting head in a given time interval can be calculated using Equation (2).


  V = τ  V t  = τ B D  v s   



(2)




where   V   represents the volume of slurry entering the pipeline in a given time interval;   τ   denotes the cutter head excavation coefficient, typically ranging from 0.8 to 0.9 [39];     V   t     represents the volume of slurry excavation in a given time interval;   B   refers to the longitudinal cutting thickness (excavation step length);   D   signifies the vertical cutting thickness (cutting depth); and     v   s     indicates the transverse speed of the CSD.



As demonstrated by Equations (1) and (2), several controllable parameters, including cutter head velocity, transverse speed, pump power, step length, and cutting depth, exert a significant influence on the instantaneous production [40]. When there is negligible alteration in soil quality at the construction site, pump power, excavation step length, and cutting depth are the preset parameters that remain unchanged throughout a construction cycle [41]. This paper primarily addresses optimizing CCPs when soil quality is relatively stable. Consequently, the adjustment of pump power is not significant in this paper. In conclusion, within a single excavation cycle in CSD construction, transverse speed and cutter head velocity are CCPs that are closely linked to excavation efficiency. In addition, it should be noted that in this paper, after data processing, the slurry concentration is uniformly expressed as the mass concentration.





2.2. Proposed Optimization Framework


2.2.1. Overall Workflow


The proposed optimization framework aims to optimize the CCPs of CSD accurately and timely, thereby enhancing the efficiency of construction. The specific steps are as follows:



Step 1: Establish the construction parameters–SC interaction relationship model.



Substep 1.1 Data preprocessing. Given the high dimensionality, substantial volume, disparities, and fluctuations in the original construction parameters archived in the SCADA system, data preprocessing is imperative. The goal is to mitigate the impact of outliers and enhance the efficiency and accuracy of data analysis. In addition, for the convenience of calculation, the slurry concentration monitored by multiple sensors in the pipeline is uniformly converted into mass concentration.



Substep 1.2 Establish the construction parameters–SC interaction relationship model. The construction parameters–SC interaction relationship model is established on the basis of processed construction data and SC data. It predicts the SC corresponding to the optimized results of CCPs during subsequent optimization processes. Simultaneously, the model assesses whether distinct sets of construction parameters fall within the optimal range for the SC.



Step 2: Conduct a multi-parameter sensitivity analysis of the CCPs.



Substep 2.1 Selection of CCP combination. The transverse speed (    v   s    ) and cutter head velocity (    v   c    ) are identified and selected as CCPs, with their combination specified as (    v   s    ,     v   c    ).



Substep 2.2 Orthogonal experimental design. For the selected CCP combination (    v   s    ,     v   c    ), the variables of transverse speed (    v   s    ) and cutter head velocity (    v   c    ) are considered as two dimensions. The gradient and number of gradients are defined in each dimension, after which an orthogonal combinations experiment is conducted.



Substep 2.3 Determination of optimal parameters adjustment combination. The construction parameters–SC interaction relationship model is employed to anticipate the SC for each combination of CCPs. Subsequently, a comparison is conducted between the predicted SC outcomes corresponding to each CCP combination in order to determine the optimal configuration. The evaluation process yields preliminary outcomes, which provide a foundational comprehension of the optimal results.



Step 3: Establish the optimization framework for the CCPs of CSD.



Substep 3.1 Optimization variables and objective. In the optimization of CCPs,     v   s     and     v   c     are considered as the optimization variables, with   p   as the optimization objective. According to Equation (1), the value of   W   can be calculated by   p  , reaching its maximum when   p   is at its peak. Furthermore,   p   is a function of numerous monitoring parameters, as described in Section 3.2. Additionally, the CSD construction parameter control range is imposed as a constraint, facilitating the optimization of CCPs using Equation (3).


    max p = f (  v s  ,  v c  , v , B , D , ⋯ )     s . t .        p  min   ≤ p ≤  p  max          v   s  min     ≤  v s  ≤  v   s  max            v   c  min     ≤  v c  ≤  v   c  max              



(3)




where   f ( · )    represents the relationship between the construction parameters and the SC interaction, as described in Section 3.2.



Substep 3.2 Obtain optimization result. The RZPGS algorithm is utilized to solve the model in Equation (3) and identify the optimal CCPs. The efficient productivity-aware control parameters optimization framework is illustrated in Figure 2.




2.2.2. Construction Parameters–SC Interaction Relationship Model


During the construction process, the monitored parameters and the SC undergo real-time, synchronous changes. To further investigate the impact of adjusting CCPs (    v   s     and     v   c    ) on the SC, an implicit model was initially established to correlate various construction parameters, including 255 dimensions of monitored data from the SCADA system, with SC, as shown in Equation (4).


  p = f (  v c  ,  v s  , v , B , D , ⋯ )  



(4)




where   f ( · )    represents the relationship between the construction parameters and the SC interaction. The MLP model is selected for the construction parameters–SC model due to its inherent convenience and flexibility.



The MLP is a methodology that has gained considerable traction in the field of implicit modelling. In accordance with the universal approximation theorem, the MLP functions as a fully connected feedforward neural network, incorporating multiple hidden layers [42,43]. Deploying a sufficient number of neurons within these hidden layers allows for precise approximations of spatially defined continuous input–output functions with notable accuracy [44]. Thus, selecting an MLP model offers a pragmatic approach to delineating the relationship between the construction parameters and SC. An MLP architecture encompasses an input layer, one or more hidden layers, and an output layer, all intricately interconnected, as depicted in Figure 3. Beyond the input node, each node embodies a neuron featuring a nonlinear activation function. Neurons in each hidden layer perform transformative weighting operations, converting values from the preceding layer into output values [45].



However, the monitored parameters exhibit a high degree of multidimensionality and involve a substantial volume of data. Using the MLP algorithm for the construction of the training set may result in local optima, impeding the achievement of global optima. Additionally, determining the optimal connection weights and bias values for MLP represents a significant challenge. This challenge can be effectively addressed by employing a suitable heuristic algorithm for training. The Jaya algorithm, a heuristic algorithm, operates on the principle of continuous improvement. Individuals in the population move towards better individuals while distancing themselves from worse ones based on their respective distances from an excellent individual. Consequently, this approach facilitates the identification of optimal connection weights and biases [46].



Compared to other intelligent algorithms, the Jaya algorithm is distinguished by its simplicity, as it does not require the setting of complicated parameters. For specific problems, only two basic parameters (population size and iteration number) need to be set, eliminating the need for additional calculations to optimize objective functions through parameter adjustments [47,48]. Due to its simplicity and ease of implementation, the Jaya algorithm is well suited for addressing a wide range of optimization problems. In this study, the Jaya–MLP model was employed to establish an implicit relationship between the construction parameters and SC. Figure 4 illustrates the flowchart of the Jaya–MLP model. In this context,     X   j , k , i     represents the value of the   j  th variable for the   k  th candidate solution after iteration   i  , while     X   j , b e s t , i     and     X   j , w o r s t , i     denote the best and worst solutions after iteration   i  , respectively.     r   1 , k , i     and     r   2 , k , i     are random numbers between 0 and 1. The values of     r   1 , k , i       X   j , b e s t , i   −     X   j , k , i         and     r   2 , k , i       X   j , w o r s t , i   −     X   j , k , i         indicate the tendency of candidate solutions toward the optimal solution and the extent to which the candidate solution avoids the worst solution, respectively. Consequently, the quality of the updated candidate solutions is continuously improved. This iterative process enhances the efficiency and precision in obtaining optimal connection weights and bias values for the MLP model, fostering convergence. Therefore, this approach ensures the refinement of the MLP model for superior performance.




2.2.3. Multi-Parameter Sensitivity Analysis of CCPs


During the construction process, fluctuations in the dynamic state of the CCPs and SC. Additionally, potential interactions among various construction parameters, especially those associated with the reamer cutting system, become evident [27]. Alterations in     v   s     and     v   c     depend on the current value of the other parameter, signifying a strong interdependence between these two variables. Therefore, conducting a multi-parameter sensitivity analysis is imperative for understanding the impact of fluctuations in CCPs on the SC. The methodology for the sensitivity analysis of control parameters is outlined as follows:



Step 1: The CCPs in Section 2.2 are selected as transverse speed (    v   s    ) and cutter head velocity (    v   c    ), which form a combination of CCPs, denoted as (    v   s    ,     v   c    ).



Step 2: Analyze the distribution characteristics of     v   s     and     v   c    . Subsequently, in accordance with the characteristics of the parameter distribution characteristics, establish     g   s     and     g   c     as the gradients for parameter changes, with   q   and   r   denoting the corresponding number of gradients for conducting orthogonal experiments. The arrangement of the orthogonal experiments is detailed in Table 2.



Step 3: Using the construction parameters–SC interaction relationship model, predict the SC for each CCP combination within the orthogonal set. Compare the forecasted SC values and identify the CCP set with the highest anticipated SC as the optimal parameter adjustment configuration. This methodology establishes preliminary coarse results.




2.2.4. RZPGS-Based Optimal Control Strategy


After completing the multi-parameter sensitivity analysis, the further refined optimization of the CCPs is imperative to provide precise guidance for construction. The conventional grid search algorithm, a direct approach to hyperparameter optimization, systematically explores all possible CCP combinations within the parameter space to accurately identify the optimal solution. The grid search algorithm has been widely used in parameter tuning and optimization due to its simplicity and ease of implementation in real-time scenarios [45]. However, due to its exhaustive nature, this method is computationally expensive and time-consuming, posing a challenge in meeting the temporal constraints for the timely feedback of optimization results in construction projects [49].



Advances in computer hardware technology have enabled the use of multi-core processors for the CCPs of CSD, providing a hardware foundation for parallel computing. Recognizing that parallel computing enhances the computational efficiency and considering the ease of operation of the grid search algorithm, this paper proposes an enhanced RZPGS algorithm based on the conventional approach. By adjusting the computational step sizes and using different cores for simultaneous computations across multiple dimensions, this method significantly improves the computational efficiency. Figure 5 illustrates the basic principle of the RZPGS algorithm, involving the following fundamental steps:



Step 1: Define the hyperparameter space and generate a grid. Identify the dimensions   A ,   B ,   C , … ,   N   of the hyperparameter space to be explored, along with the respective ranges for each dimension (      min  ⁡  A ,   max  ⁡  A        ,       min  ⁡  B ,   max  ⁡  B        ,   …  ,       min  ⁡  N ,   max  ⁡  N        ). Subsequently, create a grid on the hyperparameter space, where each point on the grid corresponds to a unique set of values for different hyperparameters.



Step 2: Initialize the partitioning scheme for the search area. Within the search space, define the initial search point     X   0   (   A   0    ,     B   0   , … ,   N   0    ). Determine the region partitioning parameters   α , β , … , γ   based on the characteristics of each dimension. Initialize the search step size matrix   Δ  , and construct the step parameter structure matrix   Γ  .



Step 3: Establish the parameter points evaluation method. Utilizing the previously proposed construction parameters–SC interaction relationship model as the assessment model for parameter points, conduct an evaluation and comparison of the identified parameter points.



Step 4: Execute the RZPGS algorithm. Cross all hyperparameter combination points within the search area, including     X   0     (    A   0    ,     B   0   , … ,   N   0   ) ,     X   1     (    A   1    ,     B   1   , … ,   N   1   ) ,   … ,     X   i     (    A   i    ,     B   i   , … ,   N   i    ). Validate the optimization results for each parameter combination using the construction parameters–SC interaction relationship model.



Step 5: Identify the precise optimal parameters combination and output the optimal solution.



The initial search point     X   0   (   A   0    ,     B   0   , … ,   N   0    ) serves as the anchor for constructing a rectangular grid for exploration within the RZPGS algorithm. The introduction of region partitioning parameters enhances the search efficiency and facilitates the identification of the optimal grid point. The selection of the search step size in each dimension is contingent upon the search step size matrix   Δ  , and it requires adjustment based on the respective dimension range. The search step size in each dimension can be expressed as detailed in Equation (5).


  ∆ =           l   A         l   B             ⋮       l   N           =            M a x   A − M i n   A   α           M a x   B − M i n   B   β              ⋮        M a x   N − M i n   N   γ                      ( α ,   β , ⋯ , γ ∈ Z , a n d   α ,   β , ⋯ , γ ≥ 1 )  



(5)




where   Δ   represents a step size matrix of order   ( n × 1 )  ,     l   A   ,     l   B   ,   … ,   l   N     represents the search step sizes along the respective dimensions   A ,   B ,   . . . ,   N  , and   M a x   A ,     M i n   A ,   M a x   B ,     M i n   B ,     … ,     M a x   N ,     M i n   N   represent the maximum and minimum values, respectively, along the dimensions   A ,   B ,   . . . ,   N  . Additionally,   α , β , … , γ   are defined as the region partitioning parameters, with values being positive integers (  α , β , … , γ ϵ Z ,   α , β , … , γ ≥ 1  ). The introduction of the region partitioning parameters enables the integration of engineering expertise, thereby facilitating the adjustment of search step sizes in different dimensions according to practical considerations. For instance, a smaller step size coefficient can be assigned to dimensions with minimal impact on the results, while the search step size is proportionally increased. Conversely, an increase in the step size coefficient in dimensions with a lesser impact will effectively reduce the search step size. The simultaneous evaluation of multiple parameters, when coupled with parallel computing, significantly accelerates the search process.



Once the optimization process has been configured, predefine   m   cycles of searches. In the   i  th search, generate random numbers between 0 and 1 to establish the initial generation of the step parameter structure matrix     Γ   i     with dimensions   ( n × n )  , as exemplified in Equation (6).


    Γ   i   =           k   A i     0     0     k   B i           ⋯   0     ⋯   0           ⋯   ⋯     0   0         ⋱   ⋮     ⋯     k   N i            



(6)




where     k   A i   ,     k   B i   ,   … ,     k   N i     are all random numbers between 0 and 1. The new parameter points     X   i + 1   (   A   i + 1   ,     B   i + 1   , … ,   N   i + 1   )   are thus acquired. The matrix representing the new parameter points in each dimension is displayed in Equation (7).


    X   i + 1   =     X   i     +   Γ   i   × ∆  



(7)







The new calculation method for parameter point coordinates can be derived as Equation (8) by substituting Equations (5) and (6) into Equation (7).


            A   i + 1         B   i + 1             ⋮       N   i + 1           =             A   i             B   i               ⋮         N   i             +           k   A i     0     0     k   B i           ⋯   0     ⋯   0           ⋯   ⋯     0   0         ⋱   ⋮     ⋯     k   N i           ×           l   A         l   B             ⋮       l   N            



(8)







The newly obtained parameter point     X   i + 1     is input into the model to derive the optimization result     O   i + 1    , which is then compared with the optimization result     O   i     corresponding to the parameter point     X   i    . If     O   i + 1     does not surpass     O   i    , it becomes necessary to regenerate a new set of step parameters to construct matrix     Γ   i     and iterate through the aforementioned steps. Furthermore, if no improvement is observed for   m   consecutive instances, adjustments are made to the step matrix     L   i     in order to expand the search range. On the other hand, if     O   i + 1     outperforms     O   i    , further assessment is required to determine whether this parameter point represents a local optimal solution. Subsequently, the step size matrix for each dimension must be configured individually in order to compute the new parameter point     X   i + 2    . At this junction, an optimization model is employed to derive the optimization result     O   i + 2    , which is then evaluated in terms of its superior over previous results. If     O   i + 2     is found to be superior,     X   i + 2     is considered to be a local optimal solution. Simultaneously, the extent to which     O   i + 2     fulfils the stipulated output criteria is evaluated. In the event that the aforementioned conditions are met, the parameters from each dimension of     X   i + 2     are output accordingly. However, in the event that no improvement is observed for   m   consecutive instances or if the optimization result falls outside the output range criteria, adjustments are made to the region partitioning parameters, increasing the search step size and continuing the search until reaching an optimal outcome is reached or the cycle limit is reached.



The algorithmic process dynamically adjusted the search step for each dimension parameter during RZPGS, thus facilitating parallel calculations in each dimension. This methodology markedly enhances the efficacy of parameter optimization, while concomitantly guaranteeing the stability of the resulting optimization outputs. Moreover, this approach consistently explores each combination of parameters within the parameter space, thereby ensuring the stability of the outputted optimization results.



However, the CCPs investigated in this study are     v   s     and     v   c    , hence transforming the multi-dimensional RZPGS algorithm into a two-dimensional optimization issue. The region partitioning parameters   α   and   β   in the step size matrix can be assigned random positive integers ranging from 1 to 10 during encoding for computational convenience. At the initial stage of construction, the initial CCP combination (      v   s     0   ,       v   c     0    ) is input into the construction parameters–SC interaction relationship model for prediction. The model assesses whether the initial SC     p   0     falls within the optimal concentration range. If it meets the criteria, the parameters are designated as the current optimal control parameters (  B e s t _   v   s     and   B e s t _   v   c    ) and the SC is regarded as the current optimal concentration (  B e s t _ p  ). The output result is aimed at maintaining the current construction state. If the optimal concentration range is not met, the initial CCP combination (      v   s     0    ,       v   c     0    ) is considered at their near-optimal points and the RZPGS search is conducted in their proximity.



In this context, the search area forms a two-dimensional rectangular space with the initial point as the minimum point and dimensions of length     l     v   s       and height     l     v   c      . When a new CCP combination point (      v   s     1   ,       v   c     1    ) is explored, it is entered into the construction parameters–SC interaction relationship model to obtain the predicted SC. If     p   1   <   p   0    , new random numbers     k     v   s       and     k     v   c       need to be generated to iterate through the aforementioned steps. If no point superior to the original parameter is found for   m   consecutive instances, the search step sizes     l     v   s       and     l     v   c       are adjusted to expand the search scope. On the other hand, if     p   1   ≥   p   0    , a subsequent grid search is conducted to determine whether the CCP combination point represents a locally optimal solution. The region partitioning parameters   α   and   β   are adjusted, and the SC is sequentially predicted at each grid point (      v   s     2   ,       v   c     2    ). This process assesses whether there exists a superior parameter solution. If one is identified, (      v   s     2   ,       v   c     2    ) is considered as the current optimal combination, and the predicted SC     p   2     is considered as the optimal concentration under the given parameters. This point is considered a local optimum, and further evaluation checks whether     p   2     matches the current optimal concentration range. If so, the current optimal CCP combination (      v   s     2   ,       v   c     2    ) is output. If no superior parameters are found for   n   consecutive instances, or if the identified superior parameters do not meet the optimal concentration range, the search step sizes are increased to continue the search. The search concludes when the specified number of cycles is reached, and the current optimal SC is output to guide the CSD operators in setting the CCPs, as illustrated in Figure 6.






3. Case Study and Results


3.1. Project Profile and Construction Data


To validate the application of the CSD’s optimization framework for CCPs based on hybrid machine learning, the CSD “Tianda” was deployed in a harbor dredging project, primarily tasked with silt removal for harbor construction, as illustrated in Figure 7. The initial slurry surface elevation in the construction area is approximately −11 m, requiring excavation to reach an elevation of −14 m, with a total project volume of approximately 402,000 m3. The SCADA system installed at the CSD collects various parameter data during the construction process, forming the basis for subsequent capacity prediction and optimization. All codes were developed using Python 3.9 on a computer equipped with an Intel CoreTM i7-1365UE CPU @ 4.90 GHz, featuring 10 cores and 12 threads. The soil composition within the construction area is clay and silty clay. However, the maximum concentration allowed in the design pipe is limited to 30%. Analyzing 20,000 sets of historical operating data collected by the SCADA system during the construction of the CSD determined that the optimal concentration range falls within the first 30% of the historical data. Consequently, the optimum SC range for this case is between 17.53% and 30%.



Table 3 shows the parameter observations recorded by the CSD during the different construction periods, using the monitoring data from the SCADA system. The monitoring dataset comprised 256 dimensions and was automatically collected and stored at 8 s intervals. The construction monitoring data for the CSD exhibit high dimensionality, large volume, strong temporal correlation, significant variations, and substantial fluctuations. Due to the influence of uneven soil conditions on the performance of the cutter head, each monitored parameter depicted continuous changes, as illustrated in Figure 8.




3.2. Model Performance Verification


In this investigation, the model was trained using 20,000 sets of randomly collected historical operating data obtained from the CSD construction through the SCADA system. Figure 9 depicts the data distribution for the transverse speed (    v   s    ), cutter head velocity (    v   c    ), and SC (  p  ), which are crucial to the investigation. The horizontal speed of the CSD remained consistent in both swing directions, and the cutter head velocity (    v   c    ) exhibited fluctuations hovering around 30 rpm. After completing a transverse swing section, the cutter head would temporarily stop dredging operations during the forward hull advance until it reached the next dredging site. Consequently, during the hull’s advancement towards the next dredging points, both the transverse speed (    v   s    ) and cutter head velocity (    v   c    ) remained at 0 for a specific duration. This study primarily explores how variations in transverse speed (    v   s    ) and cutter head velocity (    v   c    ) influence the SC (  p  ) during the construction process.



The effectiveness of the Jaya–MLP combination algorithm was further validated by training the model on 20,000 sets of historical operational data obtained from the CSD. The training set was constructed with sample sizes of 3000, 6000, 9000, 12,000, 15,000, and 18,000 samples. To comprehensively assess the model’s performance, the test set comprising 1000 samples was employed, and the results are illustrated in Figure 10. The specific parameters configurations for the Jaya–MLP combined algorithm are outlined in Table 4. This model incorporates a ReLU activation function and has two hidden layers, encompassing 100 and 40 neurons, respectively.



The Jaya–MLP model consistently followed the actual monitoring data across all six distinct sample sizes, with a robust overall goodness of fit and with correlation coefficients exceeding 0.9. Additionally, this model eliminated the need for workers to manually input intricate parameters, emphasizing its convenience for engineering practice and showcasing its predictive prowess for SC.




3.3. Multi-Parameter Sensitivity Analysis


After data preprocessing, an analysis was conducted to investigate the interaction between the transverse speed (    v   s    ) and cutter head velocity (    v   c    ) within the reamer cutting system. A multi-parameter sensitivity analysis was performed on the CCP combination to provide insights into the effect of the CCP adjustment. This analysis aimed to preliminary validate the coarse results of CCPs, providing an understanding of how parameter variations influenced the overall operational dynamics.



The transverse speed (    v   s    ) was adjusted incrementally by 2 m/s, creating five sets of parameter adjustment schemes with respective speeds of     v   s     + 2 m/s,     v   s     + 4 m/s,     v   s     + 6 m/s,     v   s     + 8 m/s, and     v   s     + 10 m/s. Furthermore, the cutter head velocity (    v   c    ) was typically maintained within the range of 10–30 rpm based on the accumulated experience of the construction team. Monitoring data for the cutter head velocity (    v   c    ) within this range indicated a gradient increase set at 2 rpm, resulting in five groups of parameter adjustments:     v   c     + 2 rpm,     v   c     + 4 rpm,     v   c     + 6 rpm,     v   c     + 8 rpm, and     v   c     + 10 rpm.



A total of 25 experimental groups were generated through orthogonal experiments, conducted under consistent conditions for other factors. These groups were used to ascertain the effects of optimization and identify the optimal parameter adjustment combinations. In the construction parameters–SC interaction relationship model established earlier, two sets of construction areas (I and II) characterized by a high SC (  p > 15 %  ) were randomly selected. Additionally, two sets (III and IV) of construction areas with low SCs (  p ≤ 15 %  ) were also randomly chosen for calculation. The outcomes of these calculations are detailed in Table 5.



The results revealed that various combinations of adjustment amplitudes for the transverse speed (    v   s    ) and cutter head velocity (    v   c    ) had varied effects on the SC during construction. The optimal adjustment effects, highlighted in a bold font among the construction areas (I, II, III, and IV), were observed under CCP combinations of (    v   s     + 2,     v   c     + 2), (    v   s     + 8,     v   c     + 2), (    v   s     + 2,     v   c     + 2), and (    v   s     + 8,     v   c     + 2). These preliminary findings underscored the significance of CCP optimization. To illustrate the impact of transverse speed (    v   s    ), four groups of orthogonal combination experiments corresponding to     v   c     + 2 were selected for Figure 11. The average SC associated with the optimal CCP combination under each construction area was marked with a red star. It is evident that a 2 rpm increase in cutter head velocity (    v   c    ) indicated that a minor adjustment in cutter head velocity (    v   c    ) could be more effective in enhancing the overall concentration. The optimal effect for transverse speed (    v   s    ) was observed within two distinct ranges: an increase of 2 m/s and an increase of 8 m/s, respectively. The observed optimization effects might vary depending on the specific construction areas. Therefore, operators should consider the specific construction environment and historical data when making judgements. This indicates that further refinement is necessary for the tuning of CCP optimization.



To validate the optimization efficacy of this method, an effect analysis was conducted, selecting adjustments in the CCPs for construction SC data during a single lateral excavation process under construction areas IV. Figure 12 illustrates a comparison of the SC for CCPs in this construction section under the original construction parameters and the optimal optimization scheme. After implementing adjustments to the CCPs, there was a discernible enhancement in the SC, with an average increase of 22.5%. The maximum SC reached 15.72%, while the average SC was recorded at 14.05% during the stable construction stage. Significantly, the improvement effect was more pronounced in the initial construction stage than in the stable construction stage. The average SC increases from 4.02% to 8.87%, representing a remarkable surge of up to 120.65%. This suggested that appropriately increasing the transverse speed (    v   s    ) and cutter head velocity (    v   c    ) could effectively enhance the SC in low-concentration sections. However, it was worth noting that the achieved levels had not yet reached the optimal range (17.53–30%) specified for low-concentration construction areas.



Therefore, the aforementioned approach facilitates the investigation of the correlation between adjusting CCPs and SCs during construction across diverse construction areas. The preliminary optimization outcomes were designed to enhance the SC during construction. However, there is still an opportunity for the further refinement of the precision of the CCPs, especially in low-concentration construction areas where achieving optimal effects proves challenging.




3.4. Optimization of Critical Control Parameters


To provide more accurate suggestions for the optimization of CCPs and further enhance the SC during construction, a meticulous examination was conducted on the SCADA system’s dataset, comprising 20,000 CSD construction history operation datasets and the construction record data that should have accumulated for approximately 44 h. The average SC during the construction period was recorded as 14.63%. Additionally, the average flow rate was determined to be 10,883.09 m3/h, with a maximum flow rate of 11,896.15 m3/h. After excluding a small number of construction data points that exceeded the permitted maximum concentration and flow rate limits, our analysis revealed that the optimal SC range is situated within the initial 30% of historical operational data, precisely spanning from 17.53% to 30%. This range was defined as the optimal SC set under these dredging conditions and corresponds to the optimal construction parameters illustrated in Figure 13.



The timeliness of our framework is exemplified in Table 6, which presents a temporal comparison between the RZPGS algorithm and the conventional grid search algorithm. The calculation duration is contingent on factors such as data volume, algorithmic processes, and parameters, under the assumption of identical computer configurations. Both the RZPGS algorithm and the conventional grid search algorithm were configured to execute 50 iterations under defined parameter settings. To demonstrate the efficacy of the RZPGS algorithm in optimizing CCPs, the algorithm was applied to four distinct construction areas (high SC construction areas: I and II; low SC construction areas: III and IV), each comprising 150 sets for analysis. To emphasize the computational efficiency of the proposed method, a comparison was made with the grid search algorithm. The primary reasons for selecting the grid search algorithm for comparison are its simplicity, fast response time, and suitability for real-time optimization scenarios. Notably, the RZPGS algorithm consistently demonstrated superior optimization results, significantly enhancing the efficiency of CCPs optimization, with an average duration of 6.7 s. This represented a notable improvement, being 9.4 times faster than the grid search algorithm. Additionally, the computational duration was even shorter than the data acquisition interval of 8 s. Consequently, our method can meet the requisite temporal constraints for optimizing CCPs in CSD construction.



The dataset obtained from construction areas IV (low SC area) was used to explore the results of the autonomous optimization of CCPs. Figure 14 illustrates the impact of CCP adjustments on SC. It demonstrates the optimization effect achieved through the autonomous optimization process, where 150 time series numbers correspond to 150 sets of continuous construction collection data, representing 20 min of continuous construction collection data during the construction phase. The findings indicate that the mean SC during construction increased significantly by 27.4% after CCP optimization, reaching an average of 18.6%. This SC fell within the previously defined optimal range of [17.53%, 30%]. The figure illustrates that the optimization effect was particularly pronounced when the initial concentration was lower. It is noteworthy that in section   N   of the construction site, as depicted in Figure 14, the SC improved significantly from 8.4% to 15.2%, an impressive increase of 81%. In regions with higher concentrations, the algorithm effectively maintained the original construction parameters. For example, in section   M  , the initial SC was 20.3%, already within the optimal range [17.53%, 30%], so no further adjustments were deemed necessary for CCPs in this specific construction area.



The optimization outcomes of the CCPs are visually presented in Figure 15. In the construction area, the average transverse speed (    v   s    ) increased from 6.02 m/s to 6.54 m/s, with a notable maximum increase of 3.41 m/s. Similarly, the cutter head velocity (    v   c    ) increased from 29.99 rpm to 30.81 rpm, with a recorded maximum increase of 2.03 rpm. This generally aligns with the findings obtained through multi-parameter sensitivity analysis.



Dredging production served as a crucial indicator of construction efficiency, with the results being depicted in Figure 16. At a construction duration of 20 min, the cumulative production increased from 447.27 m3 to 563.74 m3, representing a relative increase of 26.04%. This evidence demonstrates that the RZPGS algorithm effectively optimizes CCPs, providing operators with guidance for parameter adjustments and consequently enhancing dredging production.




3.5. Practical Application Considerations


The optimization framework for CCPs in a CSD was introduced and analyzed based on the case study. The results illustrated that the optimization framework has streamlined parameter configuration and rapid optimization speed, making it highly suitable for CSD construction. However, certain issues were identified during the case study analysis.



Firstly, the optimization framework relies on a data-driven analysis of historical construction data from the continuous data stream of CSD operations. Given the prevalent geological composition, primarily characterized by clay and silty clay with relatively consistent soil quality, it is anticipated that the feedback for cutter head construction will concern the uniformity throughout the process. However, incorporating additional monitoring data on diverse soil qualities, including varying feedback on cutter head construction states (e.g., encountering rocks), during the model learning phase may necessitate the further refinement of the framework before implementation.



Secondly, the CSD is a sophisticated integrated system encompassing multiple subsystems, which requires the collaborative functioning of bow blowing and other systems during construction. Furthermore, a multitude of parameters collectively influence the efficiency of construction. Despite the abundance of 256-dimensional monitoring data, the monitoring data for the bow blowing system remains relatively limited. This discrepancy presents a challenge in the design and implementation of the monitoring system, potentially leading to the exclusion of CCPs within the bow blowing system in this study. Therefore, further investigation into coordinated parameters analysis, involving systems such as the reamer cutting system, SCADA system, transverse system, positioning system, slurry conveying system, bow blowing, and so on, is essential to achieve the synchronous optimization of additional control parameters throughout the CSD construction process.



Finally, due to the elevated construction costs associated with the CSD, the proposed optimization framework is currently limited to the research stage. Implementing the proposed optimization framework could impact the employment and salaries of construction technicians, potentially discouraging practical testing of CSD. It is anticipated that the application period will be extended, necessitating the continuous monitoring and testing of the framework to identify potential issues that may not have been previously anticipated. The ongoing process is designed to enhance the long-term feasibility of the proposed optimization framework.





4. Conclusions and Future Work


This study introduced an efficient productivity-aware control parameter optimization framework in a CSD. Firstly, the Jaya–MLP combined algorithm is employed to quickly establish a construction parameters–SC interaction relationship model to capture the slurry concentration during production. Secondly, a multi-parameter sensitivity analysis of CCPs is conducted to determine the preliminary coarse results. Finally, the RZPGS algorithm is employed to optimize the construction combination of the CSD, thereby obtaining more accurate results. The applicability of our approach is validated using monitoring data from the dredging operations of the “Tianda” CSD as a case study. Based on these findings, several conclusions can be drawn.



(1) The analysis of CSD construction revealed that the SC is a crucial indicator for assessing production efficiency. The transverse speed and cutter head velocity are considered as CCPs, and an efficient productivity-aware optimization framework for CCPs in the construction process was proposed.



(2) The construction parameters–SC interaction relationship model constructed by Jaya–MLP demonstrated a consistent fitting trend with the actual monitoring data, with a high overall goodness of fit and correlation coefficients exceeding 0.9. This indicated that the proposed model exhibited excellent predictive capacity and could accurately monitor the slurry concentration during the production. Subsequently, a multi-parameter sensitivity analysis was employed to determine the preliminary coarse results of CCP combination optimization. This method was applied to optimize CCPs in four construction areas, resulting in an increase in the cutter head velocity by 2 rpm. However, the optimal results for the transverse speed were achieved through two different increases: 2 m/s and 8 m/s, respectively. After optimization, a noticeable enhancement in the overall SC was observed compared to the pre-optimization state. The average SC exhibited a notable increase of 22.5%, with the maximum SC reaching 15.72%. Furthermore, during the period of the stable construction stage, the average SC achieved 14.05%. However, the multi-parameter sensitivity analysis still faced challenges with insufficient optimization accuracy and unsatisfactory optimization effects.



(3) The RZPGS algorithm was employed to further optimize CCPs, with the objective of enhancing calculation accuracy and reducing computation duration. The more accurate optimization results revealed that, compared to the conventional grid search algorithm, the RZPGS algorithm significantly enhanced the computational efficiency. The average optimization duration for the RZPGS algorithm was 6.7 s, representing a remarkable 9.4-fold increase in computational efficiency. Moreover, the optimization duration was shorter than the data acquisition interval of the SCADA system (8 s), indicating that CCPs could be optimized before the next set of monitoring data was read during the construction process. This would provide timely optimized results for construction workers. After the optimization of CCPs, the SC during the construction process consistently remained high within an expanded range of 27.4%, with the average SC reaching 18.6%, falling within the predetermined optimal SC range. These findings validated the effectiveness of our proposed automatic optimization framework, which provided operators with timely and appropriate guidance for adjusting CCPs during construction.



It should be noted that the proposed approach also has limitations for further improvement. On the one hand, the soil quality in the construction area does not exhibit significant variations in this study case. However, compared to slurry, the operation control methods of the cutter head structure differ when working under geological conditions such as high-strength rocks. Therefore, it is essential to conduct a thorough investigation to evaluate the necessity of improving the proposed framework. On the other hand, considering advancements in detection system technology, there may be opportunities to reduce the monitoring interval time, necessitating the faster optimization of CCPs in subsequent research.
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Figure 1. Schematic of CSD structure and construction process: hull structure of CSD and schematic diagram of cutter traversing process [2]. 
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Figure 2. The proposed efficient productivity-aware control parameters optimization framework. 
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Figure 3. The structural diagram of the MLP model (note: “X1, X2, X3, …, Xn” represents the neurons in the input layer, “I1, I2, I3, …, Is” and “H1, H2, H3, …, Ht” represent the neurons of the hidden layer, and “O” represents the neurons in the output layer). 
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Figure 4. The flowchart of the Jaya–MLP model. 
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Figure 5. Illustration of the RZPGS algorithm. 
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Figure 6. The optimization process of CCPs based on the RZPGS algorithm. 
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Figure 7. “Tianda” CSD construction site. 
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Figure 8. The reamer cutting system monitoring data. 
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Figure 9. The critical parameters value range. 
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Figure 10. Prediction performance of the Jaya–MLP model with various numbers of training sets. 
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Figure 11. Effect of transverse speed (    v   s    ) on SC in multi-parameter sensitivity analysis. 
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Figure 12. The comparison involves evaluating the impact of the construction SC following CCP multi-parameter sensitivity analysis. 
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Figure 13. The distribution of the SC and the range of the optimal concentration. 
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Figure 14. The impact of CCP optimization on SC. 
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Figure 15. The optimization results of CCPs. 
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Figure 16. Comparison of cumulative production before and after optimization of CCPs. 
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Table 1. The classification of construction parameters.
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Parameters

	
Classification

	
Index






	
Construction parameters

	
Controllable parameters

	
Real-time control parameters

	
Cutter head velocity, transverse speed, …




	
Preset parameters

	
Step length, cutting depth, …




	
Uncontrollable parameters

	
Angle of cutter head,

pump suction vacuum,

hull draft, …











 





Table 2. The orthogonal table for CCP combinations (    v   s    ,     v   c    ).






Table 2. The orthogonal table for CCP combinations (    v   s    ,     v   c    ).





	
Orthogonal Experiments

	
   On   the   Parameter     v   c        ,   r        Gradients   of   Size     g   c      Are Set.






	
On the parameter     v   s    ,   q   gradients of size     g   s     are set.

	
   (  v s  ,  v c  )   

	
   (  v s  ,  v c  +  g c  )   

	
…

	
   (  v s  ,  v c  + r  g c  )   




	
   (  v s  +  g s  ,  v c  )   

	
   (  v s  +  g s  ,  v c  +  g c  )   

	
…

	
   (  v s  +  g s  ,  v c  + r  g c  )   




	
…

	
…

	
…

	
…




	
   (  v s  + q  g s  ,  v c  )   

	
   (  v s  + q  g s  ,  v c  +  g c  )   

	
…

	
   (  v s  + q  g s  ,  v c  + r  g c  )   











 





Table 3. Construction monitoring data of CSD obtained from the SCADA system.
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Time

	
1

	
2

	
3

	
4

	
5

	
…

	
255

	
256




	
Density (t/m3)

	
Cutter Head Velocity

(rpm)

	
Cutter Pressure

(bar)

	
Flow Rate (m/s)

	
Transverse Speed (m/s)

	
…

	
Pump Vacuum (bar)

	
Power

(kW)






	
0:00:01

	
1.17

	
31.68

	
124.07

	
5.88

	
−6.59

	
…

	
−0.64

	
625.28




	
0:00:09

	
1.16

	
27.77

	
130.16

	
5.91

	
−7.5

	
…

	
−0.63

	
624.4




	
0:00:17

	
1.17

	
26.79

	
130.97

	
5.91

	
−5.6

	
…

	
−0.61

	
631.69




	
0:00:25

	
1.18

	
29.74

	
111.99

	
5.88

	
−6.59

	
…

	
−0.59

	
616.4




	
0:00:33

	
1.19

	
29.76

	
111.99

	
5.84

	
−6.59

	
…

	
−0.58

	
635.53




	
0:00:41

	
1.18

	
30.66

	
109.92

	
5.84

	
−6.59

	
…

	
−0.59

	
618.03




	
0:00:49

	
1.17

	
29.7

	
109.11

	
5.81

	
−6.59

	
…

	
−0.59

	
643.14




	
0:00:57

	
1.16

	
30.7

	
112.91

	
5.78

	
−6.6

	
…

	
−0.58

	
637.44




	
0:01:05

	
1.16

	
27.78

	
123.15

	
5.83

	
−6.59

	
…

	
−0.59

	
647.82




	
0:01:13

	
1.17

	
28.76

	
109.57

	
5.83

	
−5.58

	
…

	
−0.59

	
630.67




	
0:01:21

	
1.17

	
29.69

	
111.87

	
5.80

	
−6.59

	
…

	
−0.6

	
609.73




	
0:01:29

	
1.17

	
29.69

	
113.37

	
5.76

	
−5.52

	
…

	
−0.61

	
619.71




	
0:01:37

	
1.17

	
29.69

	
107.39

	
5.77

	
−4.62

	
…

	
−0.61

	
625.3




	
0:01:45

	
1.17

	
31.66

	
107.16

	
5.75

	
−6.6

	
…

	
−0.61

	
610.05




	
…

	
…

	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
0:28:49

	
1.17

	
27.75

	
158.23

	
6.17

	
10.03

	
…

	
−0.68

	
636.71




	
0:28:57

	
1.17

	
27.75

	
150.87

	
6.19

	
9.03

	
…

	
−0.73

	
609.03




	
…

	
…

	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
5:48:41

	
1.21

	
29.72

	
113.6

	
5.58

	
11.56

	
…

	
−0.64

	
615.17




	
5:48:49

	
1.2

	
31.69

	
115.78

	
5.53

	
11.55

	
…

	
−0.64

	
642.44




	
Max.

	
1.21

	
31.69

	
158.23

	
6.19

	
11.71

	
…

	
−0.58

	
647.82




	
Min.

	
1.16

	
26.79

	
107.16

	
5.53

	
−12.21

	
…

	
−0.73

	
626.23




	
Avg.

	
1.17

	
29.30

	
120.47

	
5.82

	
−1.17

	
…

	
−0.61

	
626.23








Note: “Avg.” stands for “average,” denoting the average value in this column. “Min.” is an abbreviation for “minimum,” indicating the minimum value in this column. “Max.” is an abbreviation for “maximum,” signifying the maximum value in this column.













 





Table 4. The parameters of the Jaya–MLP model.
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	Parameters
	Value





	The number of neurons in the input layer
	255



	The number of neurons in the two hidden layers
	100, 40



	The number of neurons in the output layer
	1



	Activation function
	ReLU



	Iteration number
	50










 





Table 5. SC prediction results after CCP adjustment.
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SC (%)

	
     v   s      + 2

	
     v   s      + 4

	
     v   s      + 6

	
     v   s      + 8

	
     v   s      + 10




	
Avg.

	
Max.

	
Avg.

	
Max.

	
Avg.

	
Max.

	
Avg.

	
Max.

	
Avg.

	
Max.






	
I

	
    v   c     + 2

	
17.93

	
28.06

	
17.32

	
28.86

	
16.82

	
27.70

	
17.23

	
29.31

	
16.58

	
28.11




	
    v   c     + 4

	
17.47

	
28.22

	
17.65

	
29.47

	
15.49

	
26.49

	
15.39

	
26.77

	
15.92

	
28.27




	
    v   c     + 6

	
17.39

	
28.22

	
16.94

	
27.98

	
15.91

	
27.65

	
15.86

	
27.34

	
15.87

	
28.74




	
    v   c     + 8

	
17.80

	
29.66

	
16.65

	
28.65

	
16.43

	
28.07

	
14.93

	
26.51

	
14.57

	
25.07




	
    v   c     + 10

	
17.51

	
29.49

	
16.89

	
29.29

	
15.39

	
27.11

	
13.39

	
27.23

	
14.11

	
25.40




	
II

	
    v   c     + 2

	
18.08

	
24.67

	
18.23

	
25.62

	
17.96

	
25.61

	
18.82

	
26.42

	
17.45

	
26.02




	
    v   c     + 4

	
17.19

	
24.51

	
17.71

	
25.35

	
16.11

	
23.94

	
17.05

	
24.82

	
17.05

	
25.98




	
    v   c     + 6

	
17.13

	
24.59

	
16.59

	
24.03

	
16.84

	
23.21

	
17.03

	
24.52

	
16.73

	
25.16




	
    v   c     + 8

	
17.26

	
24.45

	
16.73

	
25.04

	
17.29

	
23.59

	
16.67

	
23.27

	
16.69

	
24.52




	
    v   c     + 10

	
17.22

	
24.45

	
16.83

	
25.42

	
17.27

	
25.25

	
13.92

	
23.24

	
15.09

	
22.89




	
III

	
    v   c     + 2

	
10.73

	
17.13

	
9.83

	
17.43

	
7.93

	
16.42

	
7.37

	
16.24

	
7.28

	
15.79




	
    v   c     + 4

	
10.24

	
18.49

	
9.99

	
17.86

	
8.96

	
17.59

	
7.19

	
17.24

	
7.34

	
15.65




	
    v   c     + 6

	
9.94

	
17.66

	
8.46

	
17.86

	
9.43

	
17.07

	
7.75

	
17.29

	
7.28

	
17.18




	
    v   c     + 8

	
9.59

	
17.49

	
8.62

	
17.62

	
7.85

	
17.42

	
6.86

	
16.31

	
6.61

	
18.27




	
    v   c     + 10

	
8.41

	
16.17

	
8.75

	
17.39

	
5.83

	
14.24

	
6.63

	
16.69

	
7.25

	
18.36




	
IV

	
    v   c     + 2

	
9.62

	
13.66

	
9.60

	
13.77

	
8.62

	
12.90

	
11.05

	
15.72

	
10.57

	
16.38




	
    v   c     + 4

	
8.57

	
12.38

	
9.05

	
12.76

	
8.95

	
13.40

	
9.39

	
14.30

	
11.03

	
16.61




	
    v   c     + 6

	
6.55

	
9.52

	
8.62

	
12.38

	
10.00

	
14.17

	
9.33

	
14.13

	
10.48

	
15.81




	
    v   c     + 8

	
7.16

	
10.44

	
7.81

	
12.27

	
8.07

	
12.96

	
8.90

	
12.89

	
8.31

	
12.71




	
    v   c     + 10

	
5.78

	
9.78

	
6.77

	
9.63

	
4.24

	
7.91

	
7.48

	
11.56

	
9.94

	
13.80








Note: “Avg.” is an abbreviation for “average” denoting the average value of SC within the prediction interval, and “Max” is an abbreviation for “maximum” signifying the maximum value of the SC observed during the prediction interval.













 





Table 6. A time-based comparison between the RZPGS algorithm and the conventional grid search algorithm.






Table 6. A time-based comparison between the RZPGS algorithm and the conventional grid search algorithm.





	   Duration   ( s   )
	I
	II
	III
	IV
	Average





	RZPGS algorithm
	6.8
	6.3
	6.9
	6.7
	6.7



	Grid search algorithm
	64.2
	62.7
	62.8
	62.7
	63.1
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