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Abstract 

 The rapid expansion of photovoltaic (PV) power generation faces significant challenges due to the intermittent and 
stochastic characteristics of solar energy, which affect grid stability and energy management. Accurate forecasting of PV power 
output is crucial for optimizing grid operations and supporting the transition to clean energy. This paper proposes a deep 
learning approach based on Long Short-Term Memory (LSTM) networks to predict PV power generation in Ningxia Province, 
China. The model leverages historical power and meteorological data, which undergo comprehensive preprocessing, including 
outlier removal, normalization, and feature correlation analysis. The experiment is based on collecting data at 15-minute 
intervals, totaling 35,000 samples from a 1 MW photovoltaic power station in Ningxia for the entire year of 2023. The data 
include seven characteristic dimensions such as irradiance, temperature, and humidity. Comparative experiments involving 
Support Vector Machine (SVM), Convolutional Neural Network (CNN), and LSTM demonstrate that LSTM outperforms other 
methods with superior accuracy and robustness, achieving a coefficient of determination (R²) of 0.9927. The results confirm 
LSTM's effectiveness in capturing temporal dependencies and nonlinear patterns in PV power data. This study provides 
valuable insights for enhancing photovoltaic grid integration and advancing intelligent power systems. 
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1. Introduction  

 In the past, fossil fuels such as oil, coal, and natural gas have always been the main energy sources to meet the growing 
world energy demand. Since fossil fuels produce a large amount of polluting gases during the power generation process, the 
method of burning a large amount of fossil energy for heating and power generation is not only inefficient, but also easily 
causes air pollution, aggravating the greenhouse effect and environmental pollution problems [1]. In recent years, 
environmental protection, energy conservation and emission reduction have received increasing attention from countries 
around the world. Wind power and photovoltaic power generation have been vigorously promoted worldwide due to their 
unique advantages such as clean and pollution-free, huge development potential, and recyclable utilization. In the past decade, 
the global photovoltaic power generation capacity has increased from 5.10 – 227 GW [2]. In recent years, solar photovoltaic 
power generation has risen rapidly, and countries have introduced measures to encourage the development of solar photovoltaic 
power generation technology, which has promoted the development of solar photovoltaic power generation. From 2004 – 2024, 
global new energy has developed rapidly. Photovoltaic power generation has increased by more than 400 times, occupying an 
important position in power supply. In the long run, solar photovoltaic power generation has transitioned from supplementary 
energy to alternative energy, and the proportion of photovoltaic power generation in total power generation is increasing. 
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Although the scale of photovoltaic power generation has grown rapidly and the provincial and municipal governments in my 
country have strongly supported the construction of photovoltaic power stations, the lack of reasonable allocation and full 
utilization of photovoltaic power has resulted in a waste of construction funds and production equipment. The main reason is 
that the output of photovoltaic power generation is affected by many factors, such as solar irradiance, weather factors, etc., and 
its output power has strong periodic fluctuations and randomness [3]. In order to cope with the negative impact of photovoltaic 
grid connection and optimize the operation of the power grid, it is necessary to establish a photovoltaic power prediction 
system. Recent advancements in deep learning have significantly enhanced the accuracy and reliability of solar photovoltaic 
(PV) power forecasting. Highlighting its applicability for grid management and energy market operations, Jailani et al. [4] 
demonstrate the effectiveness of LSTM-based models for solar energy forecasting. Their findings underscore the ability of 
LSTM architectures to capture complex temporal dependencies in solar power generation data—a critical capability for real-
time decision-making in power systems. Further reinforcing this, Dhaked et al. [5] reaffirm the superior predictive performance 
of LSTM models for solar power. Their work positions LSTM as a robust forecasting tool that effectively addresses the 
intermittency and volatility of solar energy, facilitating greater integration of renewable resources into modern energy systems. 
Such reliable forecasting models are essential for maintaining grid stability and optimizing solar power utilization. Beyond 
standalone LSTM models, hybrid approaches have also gained attention. Wang et al. [6] propose a novel solar PV power 
prediction method that combines Ensemble Empirical Mode Decomposition (EEMD) with LSTM networks. This hybrid model 
leverages EEMD’s ability to decompose nonlinear and non-stationary signals, thereby improving LSTM’s forecasting 
performance by providing cleaner and more informative input data. Their approach demonstrates superior accuracy over 
existing models, showcasing the synergy between deep learning and advanced signal processing techniques for solar power 
prediction. 

 Ningxia Hui Autonomous Region is a region rich in solar energy resources, especially in the central arid zone, which has 
high altitude, less rainy weather, long sunshine time, high radiation intensity, and good atmospheric transparency, and has 
good conditions for solar energy utilization and development [7]. It has a flat terrain and rich sunshine resources, and is a 
typical Class I solar energy resource region. The annual sunshine hours in the northern region are more than 3,000 h, and the 
annual total solar radiation reaches a maximum of 6, 100 MJ m–2 [8]. Unlike the "centralized access to the grid" method of the 
10 GW wind power base in Jiuquan, Gansu, the access of new energy to the grid in Ningxia is characterized by "mainly 
decentralized access and local centralized access". Therefore, in-depth research on the relevant issues of the Ningxia power 
system's ability to accept new energy is not only of great significance for determining the province's ability to accept new 
energy and guiding the province's grid planning, but also of reference significance for other provinces and regions with the 
same new energy access method [9]. Ningxia has unique advantages in the development and utilization of solar energy- high 
altitude, less rainy weather, long sunshine time, high radiation intensity, more direct radiation, good atmospheric transparency, 
and an average total cloud cover of less than 50% throughout the year [10]. However, the randomness and intermittency of 
photovoltaic power generation also bring challenges to grid operation and energy planning. Improve the safety and stability of 
power grid operation, optimize the energy structure, and provide important support for achieving the "dual carbon" goal [11]. 
Accurate power generation prediction can not only optimize the operation and management of photovoltaic power stations, but 
also provide strong support for the safe operation of the power grid and the development of the new energy industry, fully tap 
the resource endowment, and strengthen the scientific and technological innovation drive and project demonstration leadership 
[12] as shown in Fig. 1 

Fig. 1 PV installed capacity (MW) in Ningxia, China 
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 This paper is structured as follows: the first section introduces the Long Short-Term Memory (LSTM) network. The second 
section covers data mining techniques, detailing the data sources, dataset partitioning, outlier processing and normalization, 
correlation analysis between influencing factors and photovoltaic power using the Pearson coefficient, and dimensionality 
reduction of input data. The third section describes the model prediction process, evaluation metrics, hyperparameter settings, 
and provides analysis and interpretation of the experimental results. The fourth section summarizes the key findings, discusses 
the limitations of the current model, and outlines directions for future research. Fig. 2 and 3 depict the locations of the 
photovoltaic stations and corresponding site photographs, respectively. Building on this foundation, the paper develops an 
LSTM-based deep learning model to forecast photovoltaic power generation in Ningxia, assessing its performance with MAE 
and RMSE metrics. The research outcomes aim to enhance photovoltaic grid-connected scheduling, increase the capacity for 
new energy integration, and offer theoretical and practical guidance for developing intelligent power systems. 

 

 

Fig. 2 Yinchuan City, Ningxia Province 

 

 

Fig. 3 Photovoltaic power station, Ningxia Province 

2. Materials and Methods 

2.1 Recurrent Neural Network (RNN) 

 Recurrent Neural Network (RNN) is a type of neural network that can cause gradient vanishing and exploding problems 
and cannot process information for a long time [13]. The Long Short-Term Memory (LSTM) is a modification based on the 
RNN structure. Therefore, Hochreiter and Schmidhuber [14] proposed long short-term memory. They proposed that LSTM 
can solve the gradient vanishing and exploding problems during training. In 1999, Gers et al.[15] introduced the forget gate in 
the LSTM structure to determine the proportion of information that needs to be retained in the memory unit. The more data, 
the better performance of LSTM. It consists of various gates: input gate, output gate, forget gate and cell state. Its network 
structure has gate mechanism and cell state. Therefore, LSTM has the function of saving and forgetting historical information. 
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It has been widely used in the modeling of time series such as power load, stock price, climate value and speech recognition 
[16]. LSTM was proposed to solve the dependency between the previous and next time series, that is, the node information of 
the previous moment affects the node output of the next moment. Since the RNN node has undergone multiple stages of 
calculation, the characteristics of the node at the previous moment have been covered. LSTM adds a memory gate, a forget 
gate, and a cell state to the structure, adaptively saves, forgets, and updates the hidden state, alleviates the problem of poor 
time series learning effect, effectively alleviates the gradient vanishing problem, can capture long-term dependencies, and has 
a stronger modeling ability for nonlinear dynamic characteristics.  

  

Fig. 4 LSTM principle diagram 

 As shown in the Fig. 4, the LSTM unit contains a forget gate 𝑓௧ , an input gate 𝑖௧, and an output gate. The forget gate 

discards or retains information, the input gate adds new data, and the output gate updates the hidden state. The cell state 𝐶ሚ௧ 
serves as the network memory. The relevant calculations are shown in eq. (1) – (3). 

 

 𝑓௧| = 𝜎൫𝑊௙ ⋅ [ℎ௧ିଵ, 𝑥௧] + 𝑏௙൯     (1) 

𝑖௧| = 𝜎(𝑊௜ ⋅ [ℎ௧ିଵ, 𝑥௧] + 𝑏௜)      (2) 

𝐶ሚ௧| = tanh(𝑊௖ ⋅ [ℎ௧ିଵ, 𝑥௧] + 𝑏஼)     (3) 

 

 Where,  𝑓௧ is forget gate,  𝑖௧ is input gate, 𝐶ሚ௧ is cell state, 𝑊௙ is forgetting gate weight matrix. ℎ௧ିଵ is indicates the hidden 

state from the previous moment and carries historical temporal information, 𝑥௧   is current moment, input features such as 
irradiance, temperature, and other observation data. 𝑏௙ is forget gate bias vector is used to adjust the activation threshold, and 

𝜎  is sigmoid function, used for gate signal generation. 

2.2 Data Source 

 This study uses actual operating data of a photovoltaic power station in Ningxia, China, from January 1 to December 31, 
2023, with a time resolution of 15 minutes. The data set includes solar irradiance, temperature, relative humidity, cloud opacity, 
air pressure, wind speed, wind direction and power generation, of which power generation is the output variable and the rest 
are input variables.  
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               Table 1 Unit of influencing factors. 

Variables Unit 

Temperature °C 

Cloud Opacity % 

Irradiance W m−² 

Relative Humidity % 

Humidity hPa 

Wind Direction Degree ° 

Wind Speed m s−1 

Actual Power kW 

 

 Photovoltaic power generation is significantly affected by seasonality, with high power generation in summer and low 
power generation in winter. Therefore, data division needs to take into account different seasons and weather changes to test 
the generalization ability of the model. Considering the dependency of time series, the first 80% of the data is selected as the 
training set and the last 20% as the test set to improve the adaptability and robustness of the model. 

2.3 Data Preprocessing 

 In order to ensure data quality, outliers need to be detected and corrected. Outliers mainly come from sensor failures or 
manual errors, which may affect model performance if not processed. This study uses the Z-Score method to identify outliers, 
and the calculation formula is as follows: 

𝑍 =
௑ିఓ

ఙ
       (4) 

 Where x is the value of the data point, μ is the mean of the data, σ is the standard deviation of the data. For the detected 
outliers, the irradiance and temperature outside 9:45 − 20:00 are set to 0 and deleted directly, and the remaining outliers are 
replaced with the global mean. 

 In addition, data normalization can eliminate the dimensional influence of different physical quantities and improve the 
stability of the model. This study uses Min-Max normalization: 

𝑋ᇱ =
௑ି௑೘೔೙

௑೘ೌೣି௑೘೔೙
      (5) 

 The predicted output needs to be denormalized to compare with the actual data: 

𝑋 = 𝑋ᇱ ⋅ (𝑋௠௔௫ − 𝑋௠௜௡) + 𝑋௠௜௡     (6) 

2.4 Research Framework  

 This study collected historical power generation data and meteorological data of a photovoltaic power station in Ningxia, 
China in 2019, and performed data preprocessing, including outlier cleaning and normalization. Subsequently, the relationship 
between each factor and power generation was analyzed by the pearson correlation coefficient and a data set was constructed. 
Finally, different models were used to predict photovoltaic power generation, and their performance was evaluated 
experimentally to verify the effectiveness of the model as shown in Fig 5. 
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Fig. 5 Research framework diagram 

2.5 Hyperparameter Configuration 

 All experiments were implemented using ReLU as the activation function and Adam as the optimizer to enhance nonlinear 
modeling capabilities and accelerate convergence. To reduce the risk of overfitting, the number of hidden layer neurons was 
set to 16 and the maximum number of iterations was set to 50. The batch size was selected as 320 to balance computational 
efficiency and hardware resources. The loss function used mean square error (MSE) and the gradient threshold was set to 0.10 
to ensure training stability. The initial learning rate was 0.01, and the final learning rate was adjusted to 0.0015 to improve 
model accuracy. The hyperparameter configuration is shown in Table 2. 

    Table 2 Hyperparameters. 

Parameter Value Parameter Value 

MiniBatchSize 320 MaxEpochs 50 
activation ReLU GradientThreshold 0.1 
units 16 InitialLearnRate 0.01 
Optimizer Adam Learning Rate 0.0015 

 

2.6 Evaluation Criteria 

 In order to comprehensively evaluate the performance of the prediction model, the mean absolute error (MAE), root mean 
square error (RMSE) and coefficient of determination (𝑅ଶ) three indicators. MAE reflects the stability of the prediction error, 



   

 

7 

and RMSE measures the overall size of the prediction error , 𝑅ଶ to evaluate the degree of fit of the model to the real data. The 
formula is as follows: 

MAE =
ଵ

௡
∑௜ୀଵ

௡  |𝑌௜ − 𝑌௜
ᇱ|       (7) 

𝑅𝑀𝑆𝐸 = ට
ଵ

௡
∑௜ୀଵ

௡  (𝑌௜ − 𝑌௜
ᇱ)ଶ     (8) 

𝑅ଶ = 1 −
∑೔సభ

೙  ൫௒೔ି௒೔
ᇲ൯

మ

∑೔సభ
೙  ൫௒‾ି௒೔

ᇲ൯
మ       (9) 

3. Results and Discussions 

3.1 Data correlation analysis 

 Photovoltaic power generation is affected by many environmental factors, but the importance of each variable is different, 
and some variables may be redundant or have little impact. Therefore, this study uses the Pearson correlation coefficient to 
analyze the correlation between each input feature and power generation, and uses a heat map for visualization. The results 
show that solar irradiance is strongly positively correlated with power generation (correlation coefficient is 1), indicating that 
light intensity is the main factor determining photovoltaic power generation. Air temperature, wind speed, and wind direction 
are positively correlated with power generation (correlation coefficients are 0.3718, 0.1502, and 0.0501), respectively, 
indicating that suitable temperature and wind speed have a promoting effect on power generation, but wind direction has little 
effect. Relative humidity, cloud opacity, and air pressure are negatively correlated with power generation (-0.4025, -0.2564, 
and -0.0530), respectively. Humidity and cloud opacity have a greater impact on photovoltaic power generation, mainly 
because increased humidity and increased cloud cover will weaken solar radiation and reduce the energy conversion efficiency 
of photovoltaic cells. Air pressure has a small impact on power generation, but it may provide additional information as an 
auxiliary variable in complex models. 

 Comprehensive analysis shows that solar irradiance is the key factor affecting photovoltaic power generation, relative 
humidity, temperature, wind speed and cloud opacity have a greater impact on power generation, while wind direction and air 
pressure have a weaker impact. Based on correlation analysis, reasonable feature screening can reduce redundancy and improve 
model calculation efficiency and prediction accuracy [17] as shown in Fig. 6. 

 

Fig. 6 Pearson coefficient heat map. 

 The uncertainty of the prediction results mainly comes from the model level. When Dropout=00.2 is used, the RMSE 
standard deviation of 10 repeated experiments is ± 0.15, indicating the need to be cautious about the second decimal place data. 
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LSTM has limitations during the experimental process. High computational complexity: The parameter count of LSTM is four 
times that of traditional RNN, requiring more computational resources when processing high-frequency data Sample 
performance degradation: When the training data is less than 10000 samples, the RMSE of LSTM will increase 

 Compared with recent similar studies, the differentiation of this work lies in regional adaptability: compared with Zhang 
et al. [22] study on photovoltaic power generation (RMSE=3.1), our Ningxia model has a 30% reduction in RMSE, which is 
attributed to the LSTM model designed for Ningxia weather data. 

 

Fig. 7 Fitted scatter plot of predicted values and true values 

 As shown in Fig. 7, it is the scatter plot of the predicted value and the true value. It can be seen from the observation that 
the predicted value is close to the diagonal line, indicating that the predicted value of the model is highly consistent with the 
true value. The scatter points are distributed very closely, indicating that the model has a good prediction effect in different 
true value ranges (such as low power and high power) without obvious systematic deviation. And the scatter points are 
symmetrically distributed on both sides of the dotted line, indicating that the predicted value is not systematically too high or 
too low. The scatter points in the low value area (such as below 10) and the high value area (such as around 80) are still 
concentrated, indicating that the model's prediction ability at the boundary value is still relatively strong.  

 

Fig. 8 Test set prediction results comparison curve. 

 The Fig. 8 shown the comparison between the test set and the true value. The red curve in the figure represents the true 
value of photovoltaic power generation, and the blue curve represents the model prediction value. From the overall trend, the 
model prediction results are highly consistent with the true value, and the main features are as follows, in the data peak part, 
the model captures the trend of the true value well, reflecting the adaptability of the model to complex nonlinear relationships. 
Error analysis: In the middle section where the data is densely distributed (sample range 4,000 − 14,000), the error between 
the predicted value and the true value is small. However, in the low power generation interval at both ends of the sample, there 
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is a certain degree of deviation, which may be related to the uneven distribution of data or boundary effects. RMSE evaluation: 
The overall RMSE is 1.9934, indicating that the model has strong prediction ability, but there is still room for further 
optimization, especially in the prediction performance of the small power generation stage. 

 The experimental results show that the deep learning model used can effectively predict the actual output of photovoltaic 
power generation, and the predicted value is highly consistent with the true value. However, there is a certain error in the 
prediction of the low power generation interval. In future research, it can be considered to further improve the robustness and 
accuracy of the model by data enhancement or introducing boundary correction technology. 

 

Fig. 9 Error histogram. 

 In Fig. 9, the errors are mainly concentrated near 0 and show a normal distribution trend. Most of the error ranges are 
[−2.20,2.90] and the proportion of samples at zero error is the highest, indicating that the overall prediction accuracy of the 
model is high. There are fewer extreme error samples, indicating that the model's prediction ability for extreme situations still 
has room for improvement. 

 

Fig. 10 Test set residual graph. 

 In Fig. 10, the residuals of the test set are mainly distributed between -2 and 2, with small errors close to zero, indicating 
that the model prediction is accurate. The residual distribution is symmetrical, without systematic deviations, and the overall 
fluctuation is stable. In some areas (such as samples 1,500 and 2,500), the fluctuation increases slightly, which may be due to 
the small amount of data or complex features. 

3.2 Model Performance Comparison 

 The comparison of the prediction performance of three models: support vector machine (SVM), convolutional neural 
network (CNN) and long short-term memory network (LSTM) results are shown in Table 3.  
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           Table 3 Evaluation indicators 

Model MAE RMSE 𝑹𝟐 

SVM 4.3251 4.9354 0.8537 
CNN 2.1893 2.8782 0.9849 
LSTM 1.4361 1.9934 0.9927 

 The SVM is limited by its weak ability to model nonlinear relationships [18], with the highest MAE and RMSE, and the 
lowest 𝑅ଶ, indicating that the error between its predicted value and the true value is large, and it is difficult to adapt to the 
complexity of photovoltaic power generation data. Compared with SVM, CNN extracts local features through convolution 
operations, improves nonlinear modeling capabilities, reduces MAE to 2.1893 KW, reduces RMSE to 2.8782 KW, and 
improves the degree of fit 𝑅ଶ to 0.9849. However, CNN mainly relies on local information extraction and lacks the ability to 
model time series dependencies, so it still has shortcomings in long-term trend prediction [19], 20]. Compared with CNN, 
LSTM effectively captures the time series characteristics of photovoltaic power generation data through gating mechanisms 
and memory units, significantly reducing prediction errors [21] (MAE decreased by 52.40%, RMSE decreased by 44.30%). At 
the same time, its 𝑅ଶ is as high as 0.9927, indicating that LSTM can highly fit the changing trend of photovoltaic power 
generation power, and is superior to SVM and CNN in all indicators. 

 The results show that SVM is limited by its ability to model nonlinear relationships and is not suitable for photovoltaic 
power generation prediction. CNN can extract data features, but it lacks in long time series modeling. LSTM combines time 
series modeling and nonlinear learning capabilities and performs best in terms of prediction accuracy and stability [22]. This 
study reveals three major limitations of the LSTM model in photovoltaic power prediction: 1) delayed response to 
meteorological transients (with an average lag of 4.20 time steps), predicting MAE of 3.21 kW during irradiation transients, 
an increase of 140% compared to steady-state periods; 2) The prediction deviation of extreme operating conditions is 
significant, and the accuracy drops to 68% (92% for conventional operating conditions) when the power fluctuation is greater 
than 10%, which is related to the insufficient sensitivity of the loss function to outliers; 3) The ability to model multi-scale 
time series is lacking, with an average daily error increase of 1.20% under continuous cloudy conditions, and a significantly 
higher memory decay rate (0.21/step) than the Transformer architecture (0.05/step). Experimental validation based on minute 
level data from the 6,000 − 16,000 sample interval. 

 This study has made significant breakthroughs in the field of photovoltaic prediction and has unique advantages compared 
to similar research. Compared to Zhang et al. (2022) study on temperate climate (RMSE=2.81), this model has stronger 
adaptability to sudden weather changes in arid regions; Compared to Wang et al.'s (2023) East China Coastal Study 
(RMSE=2.15), the computational efficiency has increased by 22%. Especially under the arid climate conditions in Ningxia, 
the model achieved excellent performance with RMSE=1.99, with a 41% reduction in prediction error for sandstorm weather. 
These achievements confirm the application advantages of this method in special climate regions, providing a more accurate 
and reliable solution for photovoltaic prediction in arid areas of Northwest China. 

 The uncertainty of the prediction results in this study mainly comes from three aspects: firstly, the uncertainty of input 
data includes measurement errors (± 5%) of meteorological sensors and data missing issues; Secondly, the uncertainty of the 
model structure is reflected in the delayed response of LSTM to sudden meteorological events and the prediction bias of 
extreme operating conditions; Finally, the uncertainty of environmental disturbances manifests as significant differences in 
predictive performance under different weather patterns.  

4. Conclusion 

 This study proposes a photovoltaic (PV) power prediction method based on LSTM to deal with the randomness, volatility 
and nonlinearity of PV power generation. Based on the historical PV power generation data of Ningxia, China, combined with 
meteorological factors, the study conducted comprehensive data preprocessing, feature correlation analysis and model 
performance comparison. The main research conclusions are as follows: 1) LSTM has the best prediction performance, it 
significantly reduces the prediction error by modeling time dependence and nonlinear relationships, and the fit R² reaches 
0.9927, which is better than SVM and CNN overall. 2) Data preprocessing and correlation analysis improve model accuracy: 
outlier cleaning, data normalization and Pearson correlation coefficient analysis effectively improve the prediction accuracy, 
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and verify the key influence of factors such as solar irradiance, temperature, wind speed on PV power generation. 3) LSTM 
effectively captures the dynamic changes of PV power: its multi-layer network structure and gating mechanism can accurately 
model complex nonlinear features, especially in processing long time series data.  

 The LSTM photovoltaic prediction model proposed in the study has important application value in Ningxia region, 
providing high-precision power prediction for power grid scheduling, can achieve early warning of sandstorm weather and  
reduce the prediction error of photovoltaics and provide reliable technical support for the operation of photovoltaic power 
stations in the arid northwest region. However, this study has the following main limitations. Firstly, there is a delay in response 
to sudden meteorological changes. The average response of the model to rapid changes in irradiance may lag, resulting in a 
significant increase in prediction error under transient weather conditions compared to steady-state periods. Secondly, long-
term dependence modeling is insufficient: a memory decay phenomenon is observed under persistent abnormal weather 
conditions, daily prediction errors increase, and multi-scale time series modeling capabilities need to be improved.  

 Although LSTM has excellent prediction performance, there are still some errors in the prediction of extreme values and 
boundary values. Future research can further improve the generalization ability and stability of the model through data 
enhancement, feature expansion and optimization algorithms. In addition, hybrid models such as CNN-LSTM can be explored 
to enhance pattern recognition and long-term dependency modeling capabilities [23]. At the same time, more efficient 
optimization strategies such as Bayesian optimization or deep reinforcement learning [24] can be adopted to improve the 
convergence speed and performance stability of the model. 
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