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Abstract


A photovoltaic (PV)-powered electric motor is used for hose-drawn traveler driving instead of a water turbine to achieve high transmission efficiency. PV power generation (PVPG) is affected by different meteorological conditions, resulting in different power generation of PV panels for a hose-drawn traveler. In the above situation, the hose-drawn traveler may experience deficit power generation. The reasonable determination of the PV panel capacity is crucial. Predicting the PVPG is a prerequisite for the reasonable determination of the PV panel capacity. Therefore, it is essential to develop a method for accurately predicting PVPG. Extreme gradient boosting (XGBoost) is currently an outstanding machine learning model for prediction performance, but its hyperparameters are difficult to set. Thus, the XGBoost model based on particle swarm optimization (PSO-XGBoost) is applied for PV power prediction in this study. The PSO algorithm is introduced to optimize hyperparameters in XGBoost model. The meteorological data are segmented into four seasons to develop tailored prediction models, ensuring accurate prediction of PVPG in four seasons for hose-drawn travelers. The input variables of the models include solar irradiance, time, and ambient temperature. The prediction accuracy and stability of the model is then assessed statistically. The predictive accuracy and stability of PV power prediction by the PSO-XGBoost model are higher compared to the XGBoost model. Finally, application of the PSO-XGBoost model is implemented based on meteorological data.
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1. Introduction


The application of a hose-drawn traveler (Figure 1) driven by photovoltaic (PV)-powered electric motor is becoming increasingly widespread [1]. The PV power generation (PVPG) system used in the hose-drawn traveler is illustrated in Figure 2. The power generation of PV panels is subjected to meteorological conditions such as solar irradiance and ambient temperature [2]. In some regions with poor meteorological conditions, the power generation cannot meet the electricity demand of the hose-drawn traveler. In these regions, it is necessary to enhance the PV panel capacity. However, the determination of reasonable configuration in PV panel capacity of a hose-drawn traveler is often conducted based on experience currently [3,4], resulting in excessive PV panel capacity and wasted costs or low power supply reliability. Therefore, in order to achieve precise deployment of PV panel capacity for a hose-drawn traveler and effectively reduce costs, it is urgent to develop a method for predicting PVPG based on local meteorological conditions.



There are many studies on improving the performance of power controllers and enhancing the stability of PVPG. Karchi et al. [5] utilized the adaptive least mean square (LMS) algorithm to develop controllers for maximum power point tracking (MPPT) and inverter control in a solar PV system. The findings demonstrated that customizing the LMS algorithm according to the specific application can effectively control and enhance the performance of solar PV systems. It was observed that the LMS algorithm exhibits superior performance with a weight adaptation step size of 0.01. Das et al. [6] introduced a solar PV system integrated with a shunt hybrid active filter to mitigate current harmonics and utilize the active power generated by the PV system. The findings indicated that the proposed system effectively maximizes the power output of the PV unit and compensates for current harmonics in nonlinear loads. The adaptive notch filters–recursive least square approach demonstrated significant improvements in reactive power control and total harmonic distortion reduction compared to the adaptive notch filters–least mean square method. Houran et al. [7] analyzed unbalanced power quality conditions in solar PV arrays and a battery energy storage system integrated with an active power filter module. The PSO algorithm was employed as a supplementary method for validation and comparison of the results obtained from the grey wolf optimization process. The result shows that the proposed approach can decrease the load current harmonics to the standard range. The above-mentioned research has made breakthrough progress in the control of PVPG, which is of significant reference value for ensuring power stability. In agriculture, different regions and seasons have a significant impact on the power generation of PV systems, making accurate power prediction for PV generation under different conditions also crucial.



The prediction models can be classified into several categories such as time series models [8], regression models [9], and machine learning models [10]. Machine learning models, represented by the artificial neural network (ANN) [11,12,13], are widely used for PV power prediction. An approach involving the optimized and diversified ANN was proposed for PV power prediction [14]. A hybrid neural network was proposed to model the circuit parameters concerned [15]. Rosato et al. [16] presented three techniques based on neural and fuzzy neural networks to predict the PV power. The ANN model shows its advantages in robustness, memory, nonlinear mapping, and self-learning ability. However, it is also disadvantaged by the low speed of convergence and the susceptibility to local optimum [17]. To address these limitations, support vector machine (SVM) models have been proposed in many studies for prediction. For instance, Eseye et al. [18] put forward a hybrid prediction model that combined wavelet transform, particle swarm optimization (PSO), and SVM for the short-term PV power prediction of a real microgrid PV system. The prediction accuracy of this model was then compared with those of other predicting strategies. The obtained results demonstrated that this approach outperforms the other algorithms. Li et al. [19] applied an improved hybrid multi-verse optimizer SVM model to PV power prediction. Their results showed that this hybrid algorithm has higher optimization ability and stability compared with the other algorithms. Malvoni et al. [20] used the least squares SVM (LS-SVM) to predict the PV power and then validated the model on historical data. Their results showed that this technique has very high performance in prediction. Kazem et al. [21] predicted the PV power using three neural mathematical models. Their results demonstrated that the generalized feedforward networks have higher prediction accuracy in comparison with self-organizing feature maps, multilayer perceptron, and support vector machines. However, this algorithm requires excessive machine memory and runtime when it is used for the large-scale training of samples. Extreme gradient boosting (XGBoost), gradient boosting decision tree (GBDT), and random forest (RF) are all classed as the ensemble machine learning model based on decision tree. Compared with the ANN and SVM, they require fewer parameters and less running time, show a stronger robustness to over-fitting, and achieve a better predictive performance [22,23]. For this reason, they have been widely used for predicting the daily reference evapotranspiration [24,25], the spatial distribution of heavy metals in soils [26], and the daily global solar radiation [27,28]. However, this model involves many hyperparameters that are difficult to adjust manually, which limits its applications.



In this study, to minimize the errors between the actual value and the predictive value of the verification set, integrated tree-based machine learning models are used to predict power generation by the PV system of the hose-drawn traveler.



PVPG is an important basis for the PV capacity configuration of the hose-drawn traveler power supply system. Therefore, there is a high demand for accurate prediction of PVPG. XGBoost is a highly effective machine learning model for prediction. However, configuring its hyperparameters can be challenging. PSO has been widely utilized due to its robustness, fewer required computations, and efficient global search solutions. The PSO based XGBoost (PSO-XGBoost) algorithm has high predictive accuracy, fast training speed, simple implementation process, and the capability of hyperparameter adaptive adjustment. Thus, this paper adopts the PSO-XGBoost algorithm for PV power prediction. The XGBoost model is then evaluated comparatively. The predictive accuracy and stability of the proposed model are analyzed in four seasons of a year. Finally, the PSO-XGBoost model is utilized to estimate the daily average PVPG.



The objective of this study is to determine the PVPG at the location of hose-drawn travelers through establishing PV power prediction models of four seasons. The predicted PV power can serve as a basis for further configuration of PV capacity for hose-drawn travelers in different regions. The main contribution of this paper is the introduction of a PV power prediction method based on meteorological data and PSO-XGBoost model. In this method, the meteorological data are divided into four seasons to obtain prediction models for each season. This enables accurate prediction of PVPG for different seasons and precise allocation of PV panel capacity for a hose-drawn traveler. In addition, this method is applied to calculate the daily average PV power generation in 80 regions across China. This research can provide reference data for the PV capacity configuration of the hose-drawn traveler power supply system.



The rest of this paper is organized as follows: in Section 2, PSO-XGBoost methodology and the construction processes of the prediction model are described. In Section 3, the accuracy and stability of the PV power prediction and the validation results are analyzed. In Section 4, the application of the proposed method is carried out. The discussion is provided in Section 5. Finally, conclusions and proposals for future work are provided in Section 6.




2. Materials and Methods


2.1. Methodology


2.1.1. PSO-XGBoost Model


XGBoost is developed based on the gradient decision tree. Compared with the conventional model, XGBoost can conduct parallel computing with multi-core CPUs. Thus, it has a strong advantage in terms of computational speed. In addition, compared with the first-order expansion, XGBoost has second-order derivative expansion and its accuracy is significantly increased when optimizing the function of the target error.



The XGBoost model can be considered as an accumulation model consisting of K decision trees. Each decision tree function of the input vector set D = {(xi, yi)} used for PV power prediction is represented by fk. After stacking K decision trees, the predicted PV power of the i-th sample is given by Equation (1) [27].


    y ^  i k  =   ∑  k = 1  K    f k  (  x i  )   =   ∑  k = 1  K    w j k       (  f 0    =   0 )   



(1)




where j = φ(xi) denotes the leaf node of the k-th decision tree and ω denotes the scores vector in the leaves.



The error function of all the samples is then summed to obtain S:


  S =   ∑  i = 1  n   s (  y i  ,   y ^  i K  )   +   ∑  k = 1  K   Ω (  f k  )    



(2)






  Ω ( f ) = γ Z +  1 2  λ    w   2   



(3)




where   s (  y i  ,   y ^  i k  )   is the loss function, γ and λ are hyperparameters, Z is the amount of leaf nodes, and Ω(f) is a regular term.



According to Equation (2), after the superposition of the k-th decision tree, the obtained loss function is expressed as:


   S k  =   ∑  i = 1  n   s (  y i  ,   y ^  i  k − 1   +  f k  (  x i  ) )   + Ω (  f k  ) + a  



(4)







Equation (4) is then expanded by Taylor series:


   S k  =   ∑  i = 1  n   ( s (  y i  ,   y ^  i  k − 1   ) +  u i   f k  (  x i  ) )   +  1 2   v i   f k 2  (  x i  ) + Ω (  f k  ) + a  



(5)




where:


   u i  = ∂ s (  y i  ,   y ^  i  k − 1   ) / ∂   y ^  i  k − 1    



(6)






   v i  =  ∂ 2  s (  y i  ,   y ^  i  k − 1   ) / ∂   y ^  i  2 ( k − 1 )    



(7)







During the derivation of the minimum value, the constant term in Equation (5) has no effect on the result. Thus, after removing the constant term, the simplified objective function is obtained:


   S k  =   ∑  i = 1  n   (  u i   f k  (  x i  )   +  1 2   v i   f k 2  (  x i  ) ) + Ω (  f k  )  



(8)







Due to the fact that    f k  (  x i  ) =  w j k   , Sk is given by:


   S k  =   ∑  i = 1  n   (  u i   w j k    +  1 2   v i    (  w j k  )  2  ) + γ Z +  1 2    ∑  j = 1  Z     (  w j k  )  2     



(9)







The k-th tree contains a leaf node in the sample set Ij (i.e., i∈Ij) and, therefore, Sk can be expressed as:


   S k  =   ∑  j = 1  Z     ( (   ∑  i ∈  I i      u i    )  w j k  )  2    +  1 2  ( (   ∑  i ∈  I i      v i    ) + λ )   (  w j k  )  2  ) + γ Z  



(10)







Assuming    U j  =   ∑  i ∈  I i      u i     ,    V j  =   ∑  i ∈  I i      v i     , the value obtained by solving Equation (10) and the minimum value of Sk are shown in Equations (11) and (12).


   w j k  = −    U j     V i  + λ    



(11)






   S k  = −  1 2    ∑  j = 1  Z      U j 2     V i  + λ      



(12)







As γ, λ, and Z are unknown results, it is necessary to further use the obtained results to calculate the shape of the tree that the sample set can produce.



In the XGBoost model, the process of generating a tree is consistent with the decision tree, and only the selection criteria need to be changed from information gain to the objective function. The optimal splitting node of the feature is then obtained as:


  G =  1 2  (    U L 2     V L  + λ   +    U R 2     V R  + λ   −     (  U L  +  U R  )  2     V R  +  V L  + λ   )  



(13)




where G is the information gain, UL is the first-order partial derivative sum on the left side of the split node, VL is the partial derivatives on the left of the split node, UR is the first-order partial derivative sum on the right, and VR is the partial derivatives on the right.



Using this model, the decision tree of the k-th weak classifier can be constructed based on the depth d of the set tree, and the previously mentioned unknown parameters can be obtained. To prevent all learning deficiencies, a learning rate η is added to Equation (1). By setting a learning rate, the learning model can be obtained:


    y ^  i K  =   ∑  k = 1  K   η  f k  (  x i  )    



(14)







In this model, the parameters that need to be set are K, d, η, γ, and λ. When the sample is known, the parameter setting is the key factor of the model accuracy. It is difficult to find the precise parameters by artificial settings. Therefore, this study uses the PSO method to find optimal parameters [1]. The objective function is the square of the difference between the estimated value and the actual value of all the sample data:


  E =   ∑  i = 1  n     ( F ( K , d , η , λ , γ ,  x i  ) −  y i  )  2     



(15)




where K ≥ 1, η∈[0, 1], d∈[0, ∞], and γ, λ ≥ 0.




2.1.2. Statistical Indicator


The coefficient of determination (R2), the root mean squared error (RMSE), and the mean absolute error (MAE) are the evaluation indicators for PV power prediction:


   R 2  =         ∑  i = 1  n      E i  −    E i   ¯    ⋅    M i  −    M i   ¯         2      ∑  i = 1  n        E i  −    E i   ¯     2  ⋅   ∑  i = 1  n        M i  −    M i   ¯     2         



(16)






  R M S E =       ∑  i = 1  n     (  E i  −  M i  )  2     n     



(17)






  M A E =     ∑  i = 1  n      E i  −  M i       n   



(18)




where Ei, Mi,      E i   ¯   ,      M i   ¯   , and n are the measured power, predicted power, mean of the measured power, mean of the predicted power, and number of samples, respectively.



Note that an R2 value close to 1 indicates a high prediction performance. In contrast, low RMSE and MAE values indicate a high prediction performance.





2.2. Model Construction


2.2.1. Data Description


The PV power is affected by many factors, such as the meteorological conditions, operation conditions, and operation time. The effect of the PV panel status and actual operating conditions also have an impact on PV power. Thus, the accuracy is limited in the prediction of short-term power if some insignificant factors are used as input parameters. To increase the prediction accuracy, various factors that affect the PV power need to be considered when developing a prediction model of short-term PV power. There are periodic changes in solar irradiance and environmental temperature over time. Therefore, in this study, the solar irradiance, time, and ambient temperature are considered as the input parameters for the prediction model.



The data of PV power, solar irradiance, and ambient temperature were collected from PVPG tests in Yangling (34°18′ N, 108°24′ E; 521 m a.s.l.), Shaanxi, China. Yangling is a typical arid and semi-arid region in China, and its climate data are well representative. The instruments and equipment used for data collection are shown in Figure 3. The CS5M32-260 single crystal PV panels (Golden Electronics Co., Limited, Taizhou, China), having a peak power of 260 W, a peak voltage of 49.71 V, and a peak current of 5.25 A, were used. The PV power, solar irradiance, and ambient temperature were measured by the AV6592 PV cell tester (China Electronics Technology Group Corporation, Beijing, China), having a voltage test precision of 0.01 V, a current test precision of 0.001 A, a power test range of 0.1–500 W, and an acquisition interval of 10 min. The charging and discharging were controlled by an MPPT controller (Jiangsu Hengtong General Electric Co., Ltd., Xuzhou, China; 48 V, 20 A). The PV cell tester was connected to the computer through attached Bluetooth transmission for display and storage.




2.2.2. Model Construction Based on the Data of Each Season


The flowchart of the prediction process is presented in Figure 4. The data of a year were divided into four parts: spring, summer, autumn, and winter. In total, 70% of the data collected in the four seasons were used as a training dataset, while 30% were used as a testing dataset for PV power prediction. The PV power was considered as the dependent variable. The time, ambient temperature, and solar irradiance were considered as the independent variables. The PSO-XGBoost and XGBoost models were used to build the PV power prediction model. Finally, the R2, RMSE, and MAE were used to assess the prediction accuracy and stability of the machine learning models.



The machine learning models were implemented in Python 3.6. The implementation process is as follows: (1) the file is imported and all the features are converted to float form; (2) the dataset is divided into subsets for easy cross-validation; (3) a data subset is constructed (random sampling) and the optimal feature is selected under the specified number of features (manually adjusting the parameters); (4) a decision tree is constructed; (5) extreme gradient boosting is created; and (6) the test set is input, testing is conducted, and the prediction results are output.



The optimal parameters of PSO are obtained when the objective function reaches its minimum within the parameter range during the prediction process. The cognitive and social coefficients are empirically set to 2.05. The maximum number of iterations is determined by the stability of the fitness function. If the fitness function remains unchanged for an extended period, the iteration is terminated. After pre-simulation, the iteration maximum is capped at 150 to prevent excessive simulation time. Additionally, the particle velocity range is limited to −3 to 3 to balance between avoiding skipping the optimal solution due to excessive speed and ensuring convergence. Given the relative simplicity of the optimization problem in this study, the number of particles and population are, respectively, set at 20 and 1 to 70. Through multiple pre-simulations and PSO parameter adjustments, it was found that, when setting the PSO parameters according to the above approach, the objective function achieved the minimum value within the allowable margin of error. Table 1 presents the default values of key parameters for the XGBoost model, while Table 2 presents the selected parameters of PSO-XGBoost model and XGBoost model. The key parameters of PSO-XGBoost model are obtained after optimization by PSO algorithm based on the prediction requirements in this study. The key parameters of the XGBoost algorithm are obtained through multiple adjustments based on experience.






3. Results


3.1. Accuracy of the PV Power Prediction in Four Seasons


The machine learning techniques, namely the PSO-XGBoost and XGBoost models, were used to predict the generation power of the PV system of a hose-drawn traveler in four seasons. The predicted values of the PV power obtained by machine learning models in testing phases are shown in Figure 5 and Figure 6. The horizontal axis denotes the measured PV power, and the vertical axis represents the predicted PV power. Under a measured value in the horizontal axis, the closer the corresponding predicted value in the vertical axis to the 1:1 curve, the closer its value to the measured one and the more accurate the prediction effect. The values of the statistical indicators for all the studied models in the testing phases are also presented in Figure 5 and Figure 6.



The predicted points of the PSO-XGBoost model are more evenly distributed on the two sides of a 1:1 straight line compared with the XGBoost model in the four seasons. The R2 values of the two models in the training and testing phases are all greater than 0.9. This indicates that the regression model based on solar irradiance, ambient temperature, and time can accurately predict the PV power.



Taking the summer season as an example, in the testing phase, the decision coefficients R2 of the PSO-XGBoost and XGBoost models are, respectively, 0.989 and 0.980, the RMSE values are, respectively, 6.772 and 7.656 W, and the MAE values are 2.187 and 2.482, respectively. The prediction accuracy of PSO-XGBoost is higher than that of the XGBoost model. For the four seasons, on average, the PSO-XGBoost model has R2 = 0.987 W, RMSE = 6.537 W, and MAE = 2.021 W, which outperforms the XGBoost model having R2 = 0.983, RMSE = 7.560 W, and MAE = 2.431 W for predicting the PV power in the testing phase. The predictive accuracy of PV power prediction by the PSO-XGBoost model was higher compared to the XGBoost model. The superiority of the PSO-XGBoost model over the XGBoost model is evident.




3.2. Stability of the PV Power Prediction in Four Seasons


The percentage increase (PI) in testing RMSE over training RMSE for four seasons is shown in Figure 7. The PSO-XGBoost model has the highest prediction accuracy during the testing process. The average increment in RMSE of the testing phases relative to the training phases is also shown in Figure 7.



The range of RMSE differences between the training phase and the testing phase during the four seasons were 3.12–8.21% and 6.17–13.07% for the PSO-XGBoost and XGBoost model, respectively. The RMSE increase of the PSO-XGBoost model was lower than that of the XGBoost model in the four seasons during testing. This indicates that the PSO-XGBoost model demonstrates a more stable predictive performance compared to the XGBoost model.




3.3. Experimental Study of the PV Power Prediction Accuracy in Typical Days


This study tests the PV power prediction accuracy of the models in typical sunny and cloudy conditions. The data of typical sunny condition were tested on 22 September 2021 (the maximum temperature = 32.1 °C; the minimum temperature = 13.5 °C) and 9 November 2021 (the maximum temperature = 7.5 °C; the minimum temperature = 1.5 °C). The data of typical cloudy condition were tested on 6 October 2021 (the maximum temperature = 15.2 °C; the minimum temperature = 10.6 °C) and 24 December 2021 (the maximum temperature = 3.4 °C; the minimum temperature = −9.3 °C). The obtained results are shown in Figure 8, Figure 9, Figure 10 and Figure 11, including the data of the predicted and measured PV power. Figure 8 and Figure 9 show the measured PV power and the predicted PV power obtained by the PSO-XGBoost and XGBoost models on typical sunny days. The abscissa axis denotes the predicted periods in a day, and the vertical axis represents the PV power value. From Figure 8 and Figure 9, the accuracy of prediction by PSO-XGBoost is higher than that by XGBoost. The RMSE values of PSO-XGBoost and XGBoost on 22 September 2021 are, respectively, 1.708 and 2.035 W, while those on 9 November 2021 are 1.820 and 1.856 W, respectively.



Figure 10 and Figure 11 show the measured PV power and the predicted PV power obtained by the PSO-XGBoost and XGBoost models on typical cloudy days. The fluctuation of the PV power on cloudy days is more intense than that on sunny days. Although there are fluctuations, the stability of prediction by PSO-XGBoost is still higher than that by XGBoost. The RMSE values of PSO-XGBoost and XGBoost on 6 October 2021 are, respectively, 1.653 and 2.610 W, while those on 24 December 2021 are 1.226 and 3.023 W, respectively. It is obvious that the prediction accuracy of the PSO-XGBoost model is higher than that of the XGBoost model.





4. Application of PSO-XGBoost Model


The daily meteorological data from 2011 to 2020 are obtained for application of PSO-XGBoost model from the National Meteorological Information Center (NMIC) of China Meteorological Administration (CMA) [29]. The method proposed in reference [30] is used to calculate irradiance of 80 typical meteorological stations in China, as shown in Figure 12. Afterwards, the PSO-XGBoost model is used to estimate the daily average PVPG of 80 typical meteorological stations. Based on the estimation results, the PVPG system of hose-drawn travelers can be configured and optimized in different regions [1].



The daily average PVPG in four seasons is estimated using the PSO-XGBoost model. Then, the daily average of PVPG is plotted using the ArcGIS platform and the Kriging interpolation method, as shown in Figure 13. The daily average of PVPG varies significantly between different spatiotemporal distributions. In terms of spatial distribution nationwide, the daily average of PVPG is higher in the west and the south than in the east and the north. Given the dominance of arid climate in most parts of Northwest China, there are obvious variations in the daily average of PVPG. In four seasons, the maximum daily average PVPG value of 110 W is achieved in summer, while the mean value is attained during spring and autumn and the minimum value of 30 W is reached in winter. In winter, the daily average of PVPG shows a decreasing trend with the decline in sunshine hours. The range in which the daily average of PVPG varies between four seasons is 30–110 W/(m2·d).



It can be seen that there are differences in PVPG among different regions and seasons. In regions where the power generation is lowest among the four seasons, it is necessary to increase the capacity of PV panels in order to ensure the normal operation of irrigation machines. On the other hand, regions with high power generation need to avoid investing excessive capacity in PV panels to prevent wastage.




5. Discussion


The application of PV-powered hose-drawn travelers contributes to the reduction in fuel consumption and lower emissions. The accurate prediction of PVPG plays a critical role in the operation of PV-driven hose-drawn travelers. The proposed prediction model, which involves the use of PSO-XGBoost model, contributes to the stability of power supply and the capacity of power generation. In the research of PV power prediction, machine learning models are most used [31]. There are many similar studies to this paper that have been conducted, such as the assessment of PV power potential based on a machine learning model [32], the short-term prediction model developed for power system inertia on the basis of XGBoost [33], and PV power forecasting using Wavelet-PSO-SVM model [18]. However, these studies focus on prediction models, with little attention paid to the grouping of meteorological data. In this paper, the separate data of each season are used to develop the model of PV power prediction, which is one of the highlights of this study. This study focuses on addressing the issue of predicting PVPG for the power supply system of a hose-drawn traveler in four seasons. This method may also be applied to predict the power generation of solar plant in different seasons.



The PSO-XGBoost model performs better than the XGBoost model. The reason for this is that the PSO-XGBoost model can be used to search for the optimal prediction parameters automatically. PSO-XGBoost is effective in solving the problem of excessive hyperparameters in XGBoost, such as learning rate, the maximum depth of decision tree, and the minimum child weight. Additionally, the proposed model can address the difficulty in determining them manually [18]. The PSO-XGBoost model alleviates the overfitting encountered by the XGBoost model, which improves the accuracy of data fitting and predictive performance.



In the PSO-XGBoost algorithm, the optimization of XGBoost hyperparameters is vital for achieving optimal prediction results. To ensure effectiveness, this study merged prediction requirements and identified the square of the difference between the estimated value and the actual value of all the sample data as the target function for minimization. Extensive pre-simulations determined parameters like particle velocity, position, and iteration times, thereby preventing PSO optimization from getting stuck in local optima. This approach facilitated the acquisition of optimized XGBoost hyperparameters, resulting in superior predictions given the current conditions.



Given no need for irrigation on rainy days, there are only two scenarios of using the PV-driven hose-drawn traveler: sunny and cloudy weather. Thus, two days (a sunny and a cloudy day) are randomly selected in this study to measure the meteorological data and PVPG data to verify the predictive accuracy of the proposed model. This is considered sufficient because the data of other weather events show similarities.



Nevertheless, there are some limitations on this work, for example, the data collected from a typical region are used for prediction research and the sample size is insufficient. In future study, the sample size will be increased. Additionally, energy efficiency also has an impact on the PVPG. We will conduct further research in this area in the future.




6. Conclusions


In this paper, the PSO-XGBoost model was introduced to develop the model of PVPG prediction for hose-drawn travelers. The PSO algorithm was used to automatically search for the optimal hyperparameters of the XGBoost model for achieving effective prediction of PVPG. The accuracy and stability of prediction by the proposed model were assessed in four seasons. The predictive accuracy of PV power prediction by the PSO-XGBoost model was higher compared to the XGBoost model. The stability of the proposed model was also superior to XGBoost model. The test results under typical weather conditions showed that the proposed model achieved higher predictive accuracy than the XGBoost model. The construction process based on the proposed model is relatively simple and only the parameters of the optimization model require adjustment. Finally, the PSO-XGBoost model was applied using data from 80 meteorological stations across China, and the daily average PVPG in different regions of China were obtained through prediction. The results provide a theoretical reference for the accurate prediction of PVPG. It can also provide a practical foundation for the application of PV-powered hose-drawn travelers.
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Nomenclature




	Title
	Abbreviation



	PV
	Photovoltaic



	PSO
	Particle swarm optimization



	XGBoost
	Extreme gradient boosting



	PSO-XGBoost
	Extreme gradient boosting model based on particle swarm optimization



	PVPG
	Photovoltaic power generation



	LMS
	Least mean square



	RMSE
	Root mean squared error



	ANN
	Artificial neural network



	SVM
	Support vector machine



	LS-SVM
	Least squares support vector machine



	GBDT
	Gradient boosting decision tree



	RF
	Random forest



	R2
	Coefficient of determination



	MAE
	Mean absolute error



	MPPT
	Maximum power point tracking



	PI
	Percentage increase



	NMIC
	National meteorological information center



	CMA
	China meteorological administration



	WT-PSO-SVM
	Wavelet transform-particle swarm optimization-support vector machine
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Figure 1. Hose-drawn traveler with PV supply system. 
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Figure 2. Schematic diagram for the PV power prediction of the hose-drawn traveler. 
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Figure 3. The data collection instruments and equipment for experiment. (a) PVPG testing system; (b) AV6592 PV cell tester; and (c) MPPT controller. 
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Figure 4. Flowchart of the PV power prediction process based on the data of each season. 
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Figure 5. Scatterplots of the predicted PV power values by the PSO-XGBoost model versus corresponding measured values for the testing phase: (a) spring; (b) summer; (c) autumn; and (d) winter (note: the red lines represent the 1:1 line). 
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Figure 6. Scatterplots of the predicted PV power values by the XGBoost model versus corresponding measured values for the testing phase: (a) spring; (b) summer; (c) autumn; and (d) winter (note: the red lines represent the 1:1 line). 
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Figure 7. Percentage increase in testing RMSE over training RMSE for (a) PSO-XGBoost model; and (b) XGBoost model in four seasons. 
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Figure 8. Comparison between the predicted and measured PVPG on a sunny day (22 September 2021): (a) PSO-XGBoost model; and (b) XGBoost model. 
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Figure 9. Comparison between the predicted and measured PVPG on a sunny day (9 November 2021): (a) PSO-XGBoost model; and (b) XGBoost model. 
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Figure 10. Comparison between the predicted and measured PVPG on a cloudy day (6 October 2021): (a) PSO-XGBoost model; and (b) XGBoost model. 
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Figure 11. Comparison between the predicted and measured PVPG on a cloudy day (24 December 2021): (a) PSO-XGBoost model; and (b) XGBoost model. 
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Figure 12. The distribution of 80 typical weather stations in China. 
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Figure 13. The distribution of daily average PV power: (a) spring; (b) summer; (c) autumn; and (d) winter. 
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Table 1. Default values of key parameters for XGBoost model.
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	Key Parameters
	Default Value
	Range





	max_depth
	6
	[0, ∞)



	min_child_weight
	1
	[0, ∞)



	learning_rate
	0.3
	[0, 1]



	gamma
	1
	[0, ∞)



	subsample
	1
	(0, 1]



	colsample_bytree
	1
	(0, 1]










 





Table 2. Key parameters of the XGBoost and PSO-XGBoost models with four seasons.
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Key Parameters

	
Spring

	
Summer

	
Autumn

	
Winter




	
XGBoost

	
PSO-XGBoost

	
XGBoost

	
PSO-XGBoost

	
XGBoost

	
PSO-XGBoost

	
XGBoost

	
PSO-XGBoost






	
max_depth

	
5

	
11

	
5

	
10

	
4

	
10

	
4

	
12




	
min_child_weight

	
9

	
8

	
7

	
6

	
5

	
7

	
9

	
8




	
learning_rate

	
0.35

	
0.38

	
0.43

	
0.45

	
0.40

	
0.42

	
0.34

	
0.31




	
gamma

	
0.54

	
0.65

	
0.62

	
0.73

	
0.61

	
0.78

	
0.52

	
0.61




	
subsample

	
0.61

	
0.42

	
0.52

	
0.35

	
0.64

	
0.44

	
0.77

	
0.27




	
colsample_bytree

	
0.74

	
0.41

	
0.63

	
0.56

	
0.78

	
0.49

	
0.81

	
0.22
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