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a b s t r a c t

Traditional methods for predicting profile  control effect have limited accuracy, with deviations of 
varying degrees between predicted and actual oil production after operation. In order to solve this 
problem, this study introduces a prediction method of profile control effect based on relative production 
difference (PRD). Initially, Long Short-Term Memory (LSTM) network, Gated Recurrent Unit (GRU) 
network, and Transformer neural network were used to predict the benchmark production of water 
flooding. Subsequently, the study identified  factors influencing profile control effect as input features 
and the relative difference between benchmark production of water flooding and post-treatment actual 
production as the target output. Then three machine learning models were constructed for prediction of 
profile control effect, namely Adaptive Boosting (AdaBoost), Extreme Gradient Boosting (XGBoost), and 
Random Forest (RF). Hyperparameters of all models were optimized using the Optuna framework 
during training process. Finally, the study applied the optimal profile control effect prediction model to 
predict the profile control effect in S reservoir. The results show that LSTM performs the best in pre
dicting the benchmark production of water flooding, with R2 values of 0.9874 and 0.9508 for the training 
and test sets, respectively. RF performs the best in predicting the profile control effect, with R2 values of 
0.9988 and 0.9995 for the test and cross validation sets, respectively. In oilfield applications, the test set 
R2 of RF exceeds 0.9, which proves that the predicted production after profile control is highly consistent 
with the actual production, and the model has strong generalization ability.
© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open 

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

China's dependence on foreign oil resources has exceeded 70%, 
which brings severe challenges to the country's energy security. At 
present, offshore oilfields have become the main source of new oil 
production in China, which is of great significance for increasing 
domestic oil production and ensuring national energy security 
(Sun, 2023). After years of development, some oil reservoirs have 
gradually entered the high water cut stage. This has led to 
increased heterogeneity of the reservoir (Wang et al., 2021a), 

increased difficulty in development, and a significant decrease in 
crude oil recovery rate. To address these problems, series of 
chemical profile  control measures have been implemented (Cao 
et al., 2019; Hou et al., 2023; Song et al., 2022; Zhou et al., 2006). 
The profile control measures inject plugging agents into the for
mation through injection wells to plug high permeability layers, 
thereby expanding the swept volume of injected water in medium 
and low permeability layers, and improving the water flooding 
effect (Elsharafi and Bai, 2012; Xie et al., 2025). Accurate prediction 
of profile control effect serves as a foundation for guiding decision- 
making and optimization design of on-site profile  control mea
sures in oilfields,  especially in optimizing process parameters, 
selecting optimal control schemes and reducing operational costs.

Traditional methods for predicting the effect of profile control 
can be mainly divided into three categories: expert experience 
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method, statistical method, and numerical simulation method. 
Expert experience method requires researchers to summarize the 
physical laws of the profile  control process and on-site profile 
control practice experience based on reservoir engineering 
knowledge, and derive a relationship between profile control ef
fect and its influencing factors. This relationship can then be used 
to evaluate the profile control effect under specific conditions. Wu 
et al. (2007) summarized empirical formulas for liquid production, 
oil production, water cut, and polymer concentration before and 
after profile  control, and successfully applied these formulas to 
predict the profile control effect in Lamadian Oilfield. Chen et al. 
(2014) introduced the dimensionless oil increment multiplier to 
evaluate the profile  control effect of the overall gel beads. They 
proposed a set of calculation formula for dimensionless oil incre
ment multiplier and achieved the evaluation of profile  control 
effect. Expert experience method requires researchers to conduct 
extensive experience practice and summarization, which takes a 
long time. Meanwhile, there are many factors that affect the profile 
control effect. Simple relationships are difficult  to consider the 
effects of various factors on the profile  control effect, and the 
prediction accuracy is limited. Statistical methods utilize statisti
cal knowledge to establish an evaluation method for profile con
trol effectiveness. For example, Wang et al. (2021b) established a 
set of profile control effect evaluation methods using the variance 
rescaled (V/S) analysis method in statistics. They first constructed 
a comprehensive evaluation index for water plugging and profile 
control effect using the apparent water absorption index and the 
oil change rate per ton of water and regarded it as a nonlinear time 
series. Then, they used the V/S analysis method to calculate the 
Hurst index of the comprehensive evaluation index time series, 
and evaluated the profile control effect through the range of Hurst 
index values. However, the V/S analysis method is sensitive to data 
noise (Sun et al., 2014), and on-site data often generates data noise 
due to equipment failures and other reasons, which affects pre
diction accuracy. Numerical simulation method mainly uses nu
merical simulation software to establish geological models for 
simulating the profile  control process. Researchers can evaluate 
the effect of different profile control measures based on indicators 
such as oil production increment or water cut, and then complete 
the optimization design of the profile  control scheme. Liu and 
Zhou (1994) used numerical simulation method to predict the 
profile  control effect. They combined the profile  control mecha
nism with indoor experiment results, established a mathematical 
model, and solved it using finite difference method through their 
self-developed simulator. They evaluated the profile control effect 
based on water cut, oil production and cumulative water produc
tion before and after the profile  control treatment. Feng et al. 
(1997) used numerical simulation method to study the dimen
sionless increment effect of overall profile  control in different 
types of reservoirs, providing a basis for predicting the effect of 
overall profile control. Numerical simulation method requires re
searchers with complete professional knowledge to perform the 
full workflow  operation, which demands high level of personal 
expertise and consequently leads to a longer simulation cycle 
(Wang, 2024).

Machine learning (ML) is an important branch of artificial  in
telligence (AI), which has advantages such as high efficiency, in
telligence, and low cost in data analysis (Xie et al., 2023, 2024). 
Essentially, it is the process where computers use mathematical 
principles and algorithms to identify patterns, extract knowledge 
and make judgments on new data (Min et al., 2020). In recent years, 
ML has been widely applied in the field of oil and gas development 
at home and abroad, showing excellent potential in aspects such as 
dynamic production parameter prediction (Tariq et al., 2019) and 
production time series predicting (Song et al., 2020; Kocoglu et al., 

2024). In terms of profile control effect prediction, ML has shown 
potential to outperform traditional prediction methods. Feng et al. 
(2003) established a predictive model for profile  control effect 
using ANN. They take the wellhead pressure index, water injection 
pressure, water injection volume, corresponding average water cut 
of the oil well and plugging agent as inputs, and measures to in
crease oil production during the effective period of profile control 
as target variables. After application in the field, it is believed that 
the reliability of the predicted results of this model is higher than 
that of traditional methods. Liu et al. (2014) used the oil production 
after profile control as the evaluation index for profile control effect 
and constructed a profile control effect prediction model based on 
BP neural network. Xu et al. (2007) believe that traditional methods 
are difficult to establish a definite relationship between numerous 
influencing  factors and profile  control effect. Therefore, they 
established a prediction model for profile  control effect using 
support vector machine (SVM) with the target variable of 
increasing oil or precipitation through profile  control measures. 
However, existing ML methods for profile control effect prediction 
have following limitations: (1) By directly adopting or simply 
modifying unconventional oil and gas production prediction algo
rithms for new applications, these methods rely only on historical 
profile  control production data and absolute production for time 
series modeling, leading to failure in effectively distinguish the 
impact of natural decline and profile  control measures interven
tion. Meanwhile, the oil content varies in different layers, so the 
increase in production after well group profile control may differ 
greatly. Directly comparing absolute production cannot accurately 
reflect the effect of profile control. (2) Theses methods neglect the 
comprehensive effect of multiple factors such as geological pa
rameters, construction parameters, and production dynamic pa
rameters on the profile control effect. (3) The limited generalization 
ability and engineering applicability of existing models make them 
difficult  to effectively guide practical applications in oilfield sites. 
Given these challenges, there is an urgent need to develop a more 
accurate and practically applicable method for profile control effect 
prediction. At present, ML has developed a variety of algorithm li
braries and models, but different models may exhibit significant 
differences when trained for different tasks, requiring the selection 
of the most suitable model.

This study comprehensively considers the impacts of reservoir 
geological conditions, operation parameters, and production char
acteristics on profile control effect. It further proposes an innovative 
profile control effect prediction method based on a hybrid approach 
integrating data-driven and physics-driven methodologies. The 
method uses the relative difference between the predicted bench
mark production of water flooding  and the actual production of 
profile control as core metric for evaluating the oil increment effect 
of profile control measures. In the study, a high-precision, strongly 
generalized for water flooding production prediction model and a 
profile  control effect prediction model were constructed. The 
Optuna algorithm optimization framework has been used for 
hyperparameter optimization, improving the model's prediction 
accuracy and generalization ability. The flowchart is shown in Fig. 1.

2. Methodology

2.1. Data cleaning

The oil production after profile  control is comprehensively 
influenced by various factors such as reservoir geological param
eters, profile  control process parameters and production condi
tions. This study comprehensively collected the parameters of the 
on-site profile  control well group database from S reservoir (as 
shown in Table 1).
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According to Table 1, there are many marked fields  in the 
collected on-site data, such as well type, injection method, profile 
control injection fluid type and date. These fields do not contribute 
significantly  to improving the accuracy of oil well production 
prediction, so they will be deleted. Statistical analysis of data 
integrity revealed that data of key features such as permeability, 
porosity, oil production, injection volume, and injection pressure 
were relatively complete, with missing rates generally below 10%. 
Given the high availability of these data, the mean imputation 
method was used to fill  in the missing values to ensure that the 
overall distribution and statistical features of the data did not 
deviate significantly. However, the data missing rates of features 
such as formation water salinity, oil pressure, and casing pressure 
exceeded 20%, and they will be deleted.

To reduce the negative impact of outliers and data noise on 
prediction results, this study uses an efficient  data compression 
algorithm, Autoencoder (AE), for unsupervised outlier detection of 
oilfield  production data. Its core mechanism is to use ANN to 
reduce the dimensionality and reconstruct input feature vectors, 
calculate the minimum reconstruction error, capture key infor
mation of data and achieve noise and outlier filtering. Minimizing 
reconstruction error is the minimum value of error between the 
original data and the reconstructed data. Abnormal data points 
often exhibit significantly high reconstruction errors due to devi
ation from the mainstream data distribution. Therefore, AE can 
effectively identify outliers in the original data. The reconstruction 
error is defined as the mean square error (MSE) between the input 
vector xi and the reconstructed vector x̂i: 

MSE=
1
N

∑N

i=1

(xi − x̂i)
2 (1) 

where N is the number of elements in vectors. This study calculates 
the anomaly detection threshold using the following equation: 

τ= μ + k × σ (2) 

where μ is reconstruction error, σ is the standard deviation of 
reconstruction error, and k is a hyperparameter. Based on the 
existing research on the value of k (Luo et al., 2026) and the 
strictness of anomaly detection in this study, we set k = 3.

2.2. Construction of water flooding benchmark production 
prediction model

The benchmark production of water flooding  refers to the 
natural production trend exhibited by oil wells during normal 
water flooding development without intervention of profile con
trol measures. It is an important prerequisite for quantitatively 
evaluating the effect of profile  control and helps to accurately 
clarify the relationship between natural decline and intervention 
measures. In order to enable neural networks to better capture and 
learn the latent temporal features in data, it is necessary to 
transform continuous time series data into samples that are 
compatible with neural network architectures. This study uses 
the temporal sliding window method for processing, which can 
effectively extract the dynamic changes of temporal data and 
form a supervised learning data format.

The schematic diagram of the sliding window method is shown 
in Fig. 2. The core idea of the sliding window method is to set a 
fixed size window and gradually slide it over the original time 
series, generating a new training sample for each step of sliding. 
Specifically, assuming the original time series is y1, y2, …, yT and 
the sliding window size is defined as W. For each time step t (W ≤ t 
< T), a training sample can be generated, where the input sequence 
is data from W consecutive time steps in the past, i.e. Xt= [yt− W+1, 
yt− W+2, …, yt], and the corresponding output is the yield data 
yt+1 for the next time step. By traversing the entire original 
sequence through the sliding window process, the original time 
series y1, y2, …, yT can be transformed into N=T− W training sam
ples, where each sample contains data from W input time steps 
and corresponds to a prediction target. This processing method not 
only ensures the temporal continuity of data, but also meets the 
input requirements of neural networks.
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Based on the historical daily oil production data of reservoir 
well groups in S reservoir, this study selects LSTM, GRU, and 
Transformer, which are commonly used in time series prediction 
and have demonstrated good performance (Alzakari et al., 2025; 
Elshewey et al., 2023; Su et al., 2025; El-Rashidy et al., 2025), to 
construct univariate time series production prediction models. The 
hyperparameters were optimized by Optuna framework. Subse
quently, the stability and generalization ability of the three models 

in engineering applications are compared, and the optimal model 
is selected.

LSTM (Hochreiter and Schmidhuber, 1997) is one of the most 
prevalent gated recurrent neural networks, excelling in the pro
cessing of both time series and nonlinear data. In contrast to 
conventional neural networks, the hidden layer of an LSTM is 
constructed from multiple interconnected memory units that are 
sequentially arranged. Each memory unit is equipped with three 
gate structures (Chen et al., 2020; Lee et al., 2019): forget gate, 
input gate and output gate (Fig. 3(a)). These gates use activation 
functions such as Sigmoid or Tanh to regulate the information flow 
within the sequence.

GRU is a simplified variant of LSTM. Compared to LSTM, GRU 
only comprises two gated units: an update gate and a reset gate 
(Fig. 3(b)). Reset gate replaces the role of forget gate in LSTM, 
deciding whether to discard information from previous hidden 
states, while the update gate determines how much information 
from previous hidden states needs to be retained in the current 
state. This structure is beneficial to reduce model complexity and 
improve computational efficiency  (Yu et al., 2021; Chen et al., 
2024; Tarek et al., 2023).

Transformer is a deep learning model based entirely on self- 
attention mechanism. It is composed of two modules: encoder 
and decoder (Yuan et al., 2024) (Fig. 3(c)). Compared to LSTM and 
GRU, Transformer breaks away from the conventional iterative 
approach of recurrent neural networks (RNN) and adopts attention 
mechanism to process all elements in the sequence in parallel, 
enabling the model to more effectively capture long-range de
pendencies and improve computing efficiency.

After data cleaning, the historical water flooding production in 
chronological order was extracted from data samples. Firstly, 
LSTM, GRU and Transformer were used for time series prediction 
respectively, and the Optuna framework was used to perform 200 
Bayesian optimizations. Subsequently, the optimal hyper
parameter configurations  were used to reconstruct the water 
flooding  production prediction benchmark models. Finally, the 
model with superior predictive accuracy and generalization per
formance was selected for deployment.

2.3. Construction of profile control effect prediction model

2.3.1. Quantification of the effect of profile control measures
To achieve the prediction of the profile  control effect, it is 

necessary to quantify this effect to uniformly evaluate the pro
duction changes of each well group under the effect of profile 
control measures. This study takes the predicted production of 
water flooding in natural conditions as the benchmark, and uses 
the relative difference between the actual production of profile 
control and the benchmark production to characterize the increase 
in production after profile  control. This approach effectively 
quantifies the effect of profile control measures and reduces dis
crepancies in production scale among different well groups, 
thereby facilitating a comparative analysis of profile control effects 
across well groups. The specific  quantification  method is as 
follows.

(1) Based on historical production data of water flooding prior to 
profile  control implementation, time-series forecasting 
models were developed to predict benchmark daily oil pro
duction for each well group under natural depletion condi
tions. The prediction cycle was established as a 12-month 
period commencing immediately after profile control initia
tion, consistent with the field-reported average duration of 
measure effectiveness. To incorporate the temporal accumu
lation effects of water injection, daily predictions were 

y1 y2 y3 y4 y5 y6 y7 yT…

y1 y2 y3 y4 y5 y6 y7 yT…

t Sliding

W

Fig. 2. Schematic diagram of sliding window method.

Table 1 
Production database parameters of profile control well group in S reservoir.

Parameter type Features

Well information Block, well number, well type, injection 
layer, injection method, recovery

Geological parameters Average permeability of the target layer, 
maximum permeability of the target layer, 
breakthrough coefficient, thickness of the 
target layer, effective porosity, pore throat 
radius of the reservoir, viscosity of 
underground crude oil, salinity of 
formation water, concentration of calcium 
and magnesium ions, reservoir 
temperature

Engineering parameters Profile control injection fluid type, injection 
concentration of profile control agents, 
injection speed of profile control agents, 
profile control agent dosage, gel strength

Static production parameters Average daily injection volume before 
operation, average daily injection volume 
after operation, average pressure before 
operation, average pressure after 
operation, difference between maximum 
pressure and trial injection pressure during 
operation, pressure difference before and 
after one month of measures, PI before and 
after measures, average apparent water 
absorption index before operation, average 
apparent water absorption index after 
operation, apparent resistance coefficient, 
apparent residual resistance coefficient, 
water cut of the well group before 
measures, cumulative oil production of the 
well group

Dynamic production parameters Date, injection time, wellhead pressure, 
casing pressure, daily water injection 
volume, daily injection volume of polymer, 
total volume of water and polymer, 
cumulative water injection, cumulative 
polymer injection, production time, daily 
liquid production, daily gas production, 
daily oil production, water cut, daily water 
production, gas oil ratio, gas lift rate 
dynamic liquid level, pump frequency, 
pump current, oil pressure, pressure 
difference, flowing pressure, backpressure, 
pump inlet pressure, pump outlet pressure, 
wellhead temperature, flowing 
temperature, cumulative oil production, 
cumulative liquid production, cumulative 
gas production
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sequentially aggregated to derive the total annual oil pro
duction that would occur in the absence of profile  control 
interventions;

(2) Daily oil production data for each well group were extracted 
from actual field  records over one consecutive year after 
profile control implementation. Considering the cumulative 
impact of the injected mass of profile control agents on oil 
production, the actual daily cumulative oil production after 
profile control within one year is obtained through cumu
lative calculation;

(3) Calculate the relative difference between the actual pro
duction after profile control and the predicted water flood
ing benchmark production in chronological order:

PRD=
Qp(t) − Qw(t)

Qw(t)
(t=1;2;…;360) (3) 

where Qw(t) is the predicted water flooding  benchmark produc
tion, Qp(t) is the actual production after profile  control, PRD is 

relative production difference. Fig. 4 shows the calculation method 
for the difference between the actual profile  control production 
and the predicted waterflooding baseline production. Dividing the 
absolute difference by Qw(t) yields PRD.

2.3.2. Feature selecting
Given the high dimensionality of the input feature space, this 

study implements a two-step feature selection to avoid the 
adverse effects of irrelevant features on model accuracy and 
generalization performance. Firstly, Pearson correlation analysis 
was conducted to quantify relationships among features, followed 
by domain expert knowledge to remove redundant features. 
Subsequently, the Shapley Additive Explanations (SHAP) method 
was used for feature importance assessment.

(1) Correlation analysis

Pearson correlation analysis is a statistical measure of the 
strength of linear correlation between two variables. Its core idea 
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is to evaluate the correlation between two variables by calculating 
the ratio of their covariance to their standard deviation: 

r=

∑n

i=1
(Xi − X)(Yi − Y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Xi − X)2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Xi − Y)2

√ (4) 

where r represents the Pearson correlation coefficient, n denotes 
the total number of samples, Xi and Yi are random variables, and X 
and Y represent the means. Based on the research findings of Wang 
and Fu (2018) and the actual situation of this study, the linear 
correlation strength corresponding to absolute value range is 
summarized in Table 2.

(2) Feature importance analysis

SHAP method is an interpretable machine learning method 
based on game theory, which can provide individual sample level 
feature contribution explanations for the prediction results of 
complex models. Its core idea originates from the Shapley value in 
game theory (Li, 2022). The SHAP method calculates the sum of 
marginal contributions of each feature in the feature subset and 
then obtains the degree of influence of each feature on the pre
diction results. Meanwhile, it can demonstrate the positive or 
negative impact of the feature on the target variable. In this 
method, the Shapley value of a certain feature is represented as the 
weighted average of its marginal contribution across all feature 
subsets, while the final prediction value of the model for a given 
sample can be expressed as the weighted sum of the Shapley 
values of all features in that sample.

(3) Data combination

To fully consider the comprehensive impact of static geological 
parameters and dynamic engineering parameters on yield during 
the production process, this study constructed a multidimensional 
input feature feature set by “static-dynamic parameter coupling”. 
Specifically, for each well group, its static parameters (such as 
average permeability, effective porosity, etc.) are treated as time- 
invariant features and embedded into the feature vector of each 
dynamic sample. Then, the dynamic parameters at corresponding 

time points are concatenated and combined in chronological order 
to form a time-varying feature sequence. By combining data, the 
consistency of data dimensions can be effectively maintained, 
ensuring that the model can capture the synergistic effects of 
static reservoir conditions and dynamic production parameters on 
production.

2.3.3. Data transformation and partition
Owing to the scale inconsistency among input features in the 

dataset, the predictive accuracy of subsequent profile control ef
fect may be significantly  reduced. Hence, it is imperative to 
normalize the original data to a unified numerical range, ensuring 
comparability across feature values. This study used the Max-Min 
normalization method to normalize the data: 

x́ =
x − min(x)

max(x) − min(x)
(5) 

where x́  represents the normalized data, x denotes the specific 
value in the data, min(x) is the minimum value of the feature data, 
and max(x) is the maximum value of the feature data.

Subsequently, the original dataset was divided into a training 
set and a test set in an 8:2 ratio. In order to fully utilize the sample 
data, this study used K-fold cross validation to comprehensively 
evaluate the robustness and generalization ability of the profile 
control effect prediction model. This method divides the dataset 
into K parts, and each iteration selects a subset as the reserved test 
set, while aggregating the remaining K− 1 subsets into the training 
set. This process will continue until each subset happens to serve 
as a test set once to ensure comprehensive model evaluation. The 
mean prediction error of the model on K test sets is used as the 
final model error (Fig. 5).

2.3.4. Model construction
Currently, three types of ensemble learning algorithms, namely 

AdaBoost, XGBoost and RF, have been applied in numerous disci
plines such as petroleum science (Li et al., 2025), agronomy 
(Elshewey, 2025) and medicine (Yeşilkanat, 2020), demonstrating 
significant  advantages in efficiency, accuracy, and stability. 
Therefore, this study takes the main controlling factors of profile 
control effect as input features and the production relative dif
ference as output features, and utilizes the above three algorithms 
to construct profile control effect prediction models. The Optuna 
framework is used for hyperparameter optimization, and then the 
optimal model is selected for further profile  control effect pre
diction. The predicted relative difference can be used to back- 
calculate, in accordance with Eq. (3), the predicted cumulative 
oil production after profile modification, and the predicted daily 
oil production after profile modification can be obtained through 
discrete difference calculation. The discrete difference calculation 
formula is shown in Eq. (6). 

Qd =Qi − Qi− 1 (6) 

where Qd represents the daily production after profile control. Qi is 
the cumulative production from the start time of profile control to 
the i-th day (i > 1). Qi− 1 is the cumulative production from the start 
time of profile control to the (i− 1)-th day.

AdaBoost is an ensemble learning method based on Boosting 
strategy, which gradually trains model in a forward stagewise 
additive manner (Lahiri et al., 2016). During the training process, 
the weights of data points are automatically adjusted based on the 
error rate in the previous sub prediction model. Then, new 
weighted data are used to train the next sub model. When the 
number of iterations or error rate meets the set value, the 

Table 2 
Pearson correlation coefficient and linear correlation strength.

Pearson correlation coefficient 
absolute value

Linear correlation 
strength

[0.6, 1] Strength
[0.2, 0.6) Medium
[0, 0.2) Weak

Starting time of
profile control

Actual oil production
after profile control

Predicting water flooding
production

Time, d

D
ai

ly
 o

il 
pr

od
uc

tio
n,

 m
3

Qp(t) - Qw(t)

Fig. 4. Schematic diagram of quantification method for profile control effect.
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algorithm automatically stops running and saves all sub prediction 
models trained in a certain weight combination as final  model 
(Wang et al., 2024).

XGBoost is an improvement of the Gradient Boosting Deci
sion Tree (GBDT) algorithm, which is also based on the Boosting 
strategy. It uses a second-order Taylor expansion to approximate 
the loss function, thereby optimizing the modeling process and 
improving model accuracy. At the same time, it adds a regula
rization term to the objective function. The regularization term 
controls the complexity of the model to a certain extent, thereby 
helping reduce the risk of overfitting  and effectively improves 
the generalization performance of the model (Chen et al., 2022).

RF was officially proposed by Breiman (2001), which is based 
on the Bagging strategy. Firstly, the training samples are 
sampled using the Bootstrap sampling method to form several 
sub samples. Based on these sub sample data, independent weak 
learners are trained. Finally, the arithmetic mean of all weak 
learner results is taken to obtain the final result. This modeling 
approach enables RF to effectively reduce variance, prevent 
overfitting  and improve prediction accuracy (He et al., 2022; 
Jackins et al., 2021).

2.4. Data driven optimization algorithm

Conventional hyperparameter optimization algorithms, such 
as grid search and random search, exhibit limitations such as 
high computational costs, low efficiency  and vulnerability to 
local optima. Specifically, grid search necessitates a priori 
specification  of discrete hyperparameter values, whereas 
random search offers no convergence guarantees to global op
tima. In contrast, Bayesian optimization, a probabilistic model- 
based approach, addresses these challenges through data- 
driven sequential decision-making. The fundamental principle 
of Bayesian optimization is to construct surrogate models such 
as Gaussian Process (GP) (Jiang et al., 2025) or Tree-structured 
Parzen Estimator (TPE) (Song et al., 2023) to approximate the 
objective function, thereby dynamically constructing the map
ping relationship between the parameter space and the objec
tive function. At the same time, it uses acquisition functions 
such as expected improvement (EI) or probability improvement 
(PI) to assist proxy models in efficiently searching the parameter 
space, in order to find  the optimal parameter combination, 
gradually approaching the global optimal solution, and adept at 
handling continuous or mixed parameter spaces. Optuna is an 

open-source hyperparameter optimization framework tailored 
for ML algorithms. Its core objective is to automate the search 
for optimal hyperparameters by adaptively adjusting the search 
strategy and range, thereby enhancing model performance and 
eliminating the cumbersome manual tuning steps associated 
with traditional methods (Akiba et al., 2019; Rodriguez and 
Salazar, 2022; Yang et al., 2025). Furthermore, Optuna 

Data set

Training set Test set

The first
iteration

The second
iteration

The third
iteration

The K-th
iteration

…

Errors

EK

E3

E2

E1

E =          Ei
1
K∑

K

i=1

Fig. 5. K-fold cross validation schematic.

Table 3 
Evaluation indicators and calculation formulas for ML models.

Evaluation indicators Computational formulations

MAE
MAE =

1
N

∑N

i=1

|yi − ŷi|

MAPE
MAPE =

100%
N

∑N

i=1

|yi − ŷi|

yi

RMSE
RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1

(yi − ŷi)
2

√
√
√
√

R2

R2 = 1 −

∑N

i=1
(yi − ŷi)

2

∑N

i=1
(yi − y)2

Table 4 
Optimal hyperparameter combination for time series prediction model.

Model 
hyperparameters

LSTM GRU Transformer

Num_layers 4 1 1
Hidden_units 64 64 /
Learning_rate 0.001 0.001 0.001
Dropout 0.1 / 0.1
Batch_size 16 32 32
Activation ReLU Tanh ReLU
Optimizer Adam Adam Adam
Epochs 300 300 300
d_model / / 64
Num_heads / / 4
d_ff / / 128

Notes: Num_layers refers to the number of neural networks, d_model refers to the 
characteristic dimension of each time step, num_heads refers to the number of 
heads with multi head attention, and d_ff refers to the middle layer dimension of 
feedforward neural network.
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incorporates an intelligent built-in early stopping mechanism 
that intervenes immediately and terminates model training 
when the initial results are unsatisfactory, significantly 
improving computational efficiency. This framework supports 
various optimization algorithms such as Bayesian optimization, 
random search and CMA-ES, and provides parallel experiment 

management, dynamic pruning, and visual analysis tools. This 
study employs Bayesian optimization principles, using the 
Optuna framework to construct a TPE surrogate model. This 
model performs automated hyperparameter optimizing for 
predictive models during the prediction of water flooding 
benchmark production and profile  control effects. TPE divides 
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Fig. 6. Comparison chart of production forecast results. (a) Trend of loss value changes in LSTM model. (b) Comparison between LSTM predicted oil production and actual oil 
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Transformer model. (f) Comparison between transformer predicted oil production and actual oil production.
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the posterior probability P(x|y) of traditional Bayesian algo
rithms into the following two categories based on the quantile 
threshold y*: 

P(x|y) =
{

l(x); if y < y*

g(x); if y ≥ y* (7) 

where l(x) is the distribution of parameters with objective function 
values better than the threshold, and g(x) is the distribution of 
parameters with objective function values worse than the 
threshold. Subsequently, TPE adopts the Expected Improvement 

(EI) criterion to select new hyperparameters, striving to maximize 
the EI value of the new parameters as much as possible: 

EI(x)=
l(x)

γl(x) + (1 − γ)g(x)
(8) 

where γ is the probability of y < y*.

2.5. Evaluation of model prediction performance

The accuracy and robustness of the previously developed water 
flooding  benchmark production prediction model and profile 
control effect prediction model were assessed using four stan
dardized evaluation indicators: Mean absolute error (MAE), Mean 
absolute percentage error (MAPE), Root mean squared error 
(RMSE) and Coefficient  of determination (R2). The smaller the 
three types of errors and the closer the coefficient of determina
tion is to 1, the better the model stability and accuracy. Given the 
total sample size N, actual target values yi, predicted values ŷ and 
mean actual value y, the computational formulations for these 
indicators are presented in Table 3.
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Fig. 7. Pearson correlation coefficient heatmap of each input feature.

Table 5 
Model performance evaluation.

Models Data set MAE MAPE RMSE R2

LSTM Training set 1.45 1.64% 3.49 0.9874
Test set 1.53 4.74% 2.62 0.9508

GRU Training set 1.82 2.00% 4.01 0.9834
Test set 2.09 6.43% 2.94 0.9379

Transformer Training set 8 7.79% 10.24 0.8918
Test set 5.65 16.17% 8.21 0.5170
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3. Results and discussions

3.1. Prediction of water flooding benchmark production

Table 4 presents the optimized hyperparameter configurations 
for each time-series prediction model. Utilizing the optimal 
hyperparameters from Table 4, the water flooding  benchmark 
production model was trained.

The comparative prediction results are illustrated in Fig. 6 and 
the model performance metrics are detailed in Table 5. As shown 
in Fig. 6(a) and (b), LSTM exhibits rapid initial loss reduction fol
lowed by stable convergence, indicating robust model training 
without overfitting. The predicted and actual oil production data 
points predominantly cluster near the y = x, demonstrating strong 
agreement between predictions and actual values. Table 5 reveals 
that LSTM achieves low prediction errors, with R2 values of 0.9874 
(training set) and 0.9508 (test set), confirming  high predictive 
accuracy and the absence of significant overfitting.

Fig. 6(c) and (d) demonstrate that GRU exhibits rapid initial loss 
reduction followed by stable convergence, indicating robust 
training dynamics without overfitting. Although the predicted and 
actual oil production data points predominantly cluster near y = x, 
the dispersion of data points is marginally greater compared to 
LSTM. Table 5 reveals that GRU has relatively small errors in the 
training and test sets, with R2 values of 0.9834 (training set) and 
0.9379 (test set), which are slightly lower than LSTM, indicating 
that the performance of the two models is similar.

Fig. 6(e) demonstrates that the loss value of Transformer has a 
certain degree of volatility, indicating poor model stability. Fig. 6(f) 
demonstrates that the overall deviation of Transformer's predicted 
oil production and actual oil production data from line y = x is 
greater, indicating that the model has lower prediction accuracy. 
Table 5 reveals that Transformer has higher errors than LSTM 
and GRU, with R2 values of 0.5170 (training set) and 0.8918 (test 
set), indicating that the model has poor generalization ability for 
unknown data. Overall, LSTM performs better than GRU and 
Transformer, making it suitable as a benchmark production pre
diction model for water flooding  to participate in subsequent 
production relative difference calculations. This may be due to the 
fact that the number of parameters in the Transformer model is 
greater than that in the LSTM, and the limited sample size of the 
training set in this study is insufficient to support the large number 
of parameters in the Transformer (Yang and Wu, 2025). At the 
same time, the high computational complexity of the Trans
former's full attention mechanism makes it difficult  to handle 
noise interference in long sequences, resulting in the model being 
sensitive to data noise and prone to overfitting.

3.2. Profile control effect prediction

Using the Pandas tool in Python, Pearson correlation coefficient 
method was used to analyze the linear correlation between 
various features, and the results are shown in Fig. 7. And Fig. 8
shows the feature importance data calculated by SHAP algorithm, 

Table 6 
Well group parameters after data combination.

Average 
permeability, 
1.0 × 10− 3 μm2

Breakthrough 
coefficient

Target layer 
thickness, m

Porosity, % Water cut of the 
well group before 
measures, %

Average apparent 
water absorption 
index

Cumulative 
mass of profile control agents, kg

Accumulated water 
injection volume, m3

3725 1.65 56.4 33.2 75 80.77 0.95 0
3725 1.65 56.4 33.2 75 80.77 1.91 0
…
2941 2.06 48.6 31.0 89 104.14 19.80 123279
2941 2.06 48.6 31.0 89 104.14 19.80 123737
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Fig. 8. SHAP value feature importance.
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where the horizontal axis represents the factors affecting pro
duction and the vertical axis represents the calculated feature 
importance score. The higher the feature importance score, the 
greater the impact of the factor on oil production.

Fig. 7 reveals the that the correlation coefficient between the 
average permeability and the highest permeability stands at 0.69, 
suggesting a strong linear correlation. According to reservoir en
gineering knowledge and expert knowledge, it is evident that the 
average permeability offers a more accurate representation of the 
reservoir's physical properties. Consequently, the highest 

permeability is disregarded. There is a strong linear correlation 
between the injection speed of profile control agents and both the 
injection volume and concentration of profile  control injection 
fluid.  According to reservoir engineering knowledge and expert 
knowledge, it is observed that under standard production condi
tions, an accelerated injection rate corresponds to an increased 
injection volume per unit of time, demonstrating a clear positive 
correlation between the two variables. Therefore, the injection 
speed can be indirectly reflected by the injection volume. In order 
to reduce redundant features, the injection speed for profile con
trol is excluded. There is a strong linear correlation between the 
average visual water absorption index before operation and the 
average daily injection volume before and after operation. Based 
on knowledge and expert experience in reservoir engineering, tit is 
recognized that the average apparent water absorption index 
before operation effectively characterizes the reservoir's water 
absorption capacity. Consequently, the average daily injection 
volumes before and after operation are excluded. There is a 
negative correlation between water cut and cumulative oil pro
duction in the well group. From the perspective of reservoir en
gineering and expert experience, water cut reflects the degree of 
water drive development in the reservoir. The higher the water cut, 
the higher the degree of oil recovery in the reservoir. The dominant 
flow  channels for water drive gradually form, leading to an 
imbalance in oil-water distribution and ineffective water 

Fig. 9. AdaBoost model prediction results. (a) Comparison between the relative difference between the actual production and the predicted production in the test set. (b) Test set 
prediction residuals. (c) Comparison between the relative difference between the actual production and the predicted production in cross validation test set. (d) Cross validation 
test set prediction residuals.

Table 7 
The optimal hyperparameter combination for the prediction model of profile 
control effect.

Model 
hyperparameter

AdaBoost XGBoost RF

n_estimators 200 300 300
Max_depth / 6 5
Min_samples_split / / 4
Min_samples_leaf / / 2
Max_features / / 0.8
Learning_rate 0.1 0.05 /
Subsample / 0.8 /
Colsample_bytree / 0.7 /
Reg_alpha / 0.1 /
Reg_lambda / 1 /
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circulation, ultimately resulting in a decrease in oil production. 
Therefore, water cut of the well group before measures should be 
the main controlling factor for profile control. In addition, from the 
perspective of reservoir engineering and expert experience, the 
injection volume, injection concentration, and injection speed 
jointly determine the actual effect of profile  control measures. 
Higher injection volume and concentration can effectively seal 
high permeability layers and improve water drive efficiency, but 
excessive injection volume and concentration may cause block
ages in the near wellbore area, affecting subsequent injections. 
Furthermore, considering that the true factor affecting oil pro
duction is the mass actually injected into the formation, this study 
multiplies the injection volume by the injection concentration to 
convert them into a comprehensive parameter representing the 
total mass of the injected agent. This parameter will be used in 
subsequent research and analysis to replace the injection amount 
and injection concentration of the agent. The correlation coeffi
cient between reservoir temperature and calculated oil production 
increase of the well group is only − 0.28. Considering that the 
temperature range of S reservoir is 64–65 ◦C, the impact of reser
voir temperature on profile control effect is not significant. Thus, 
this characteristic is excluded.

According to Fig. 8, the reservoir physical parameters that 
have a significant  impact on oil production include target layer 
thickness, average permeability, porosity and post operation 

average apparent water absorption index. The construction pa
rameters that have a significant  impact on increasing oil pro
duction include injection volume, injection concentration, 
injection speed and average daily injection volume after opera
tion of profile  control agents. The production parameters that 
have a significant  impact on increasing oil production include 
the well group water cut before operation and the apparent 
residual resistance coefficient.  However, parameters such as 
apparent residual resistance coefficient  need to be calculated 
through dynamic data after profile  control operations and 
cannot be used for predicting the production of new well 
groups. Therefore, these parameters are excluded when pre
dicting the effect of profile  control on increasing production. 
Breakthrough coefficient  is the ratio of the maximum perme
ability to the average permeability of the target reservoir, 
reflecting  the degree of reservoir heterogeneity. Research has 
shown that the magnitude of the breakthrough coefficient has a 
significant  impact on the profile control effect (Qi et al., 2018). 
Combining expert experience, this study incorporates this 
parameter as a key controlling factor for profile  control effec
tiveness. Based on the results of feature importance analysis and 
expert experience, the remaining parameters have limited 
impact on oil production increase and are not considered.

Through systematic evaluation of feature correlations and 
importance metrics, static and dynamic parameters were 

Fig. 10. XGBoost model prediction results. (a) Comparison between the relative difference between the actual production and the predicted production in the test set. (b) Test set 
prediction residuals. (c) Comparison between the relative difference between the actual production and the predicted production in cross validation test set. (d) Cross validation 
test set prediction residuals.
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combined to construct the final  input features of profile  control 
effect prediction models (Table 6).

After feature selecting, AdaBoost, XGBoost and RF were used to 
construct predictive models for profile  control effect. Subse
quently, 200 Bayesian optimization were conducted using the 
Optuna framework. The optimal parameter combination was ob
tained as shown in Table 7.

The study allocated 80% of the dataset to training set and 20% to 
test set, and trained profile control effect prediction models using 
the optimal hyperparameter configurations from Table 7. To fully 
utilize the dataset, the K-fold cross validation method (K = 10) was 
used to further verify the model's fitting ability and generalization 
performance. Figs. 9–11 respectively present the comparison and 
residual values of the relative difference between actual and pre
dicted yields in three prediction models, respectively.

Fig. 9 shows that in both the test set and cross validation 
evaluation, most data points deviate from the baseline, indicating 
significantly poor prediction accuracy and limited generalization 
performance of AdaBoost. Fig. 10 shows that in both the test set 

and cross-validation evaluations, most data points slightly deviate 
from the baseline. Notably, cross validation exacerbates these 
deviations. This indicates that while XGBoost achieves satisfactory 
prediction accuracy, it exhibits limited generalization capability 
and compromised stability. Fig. 11 shows that in both the test set 
and the overall evaluation of cross validation, most of the data 
points are very close to the baseline, with only a few data points 
deviating. This indicates that predicted values of RF are close to the 
true values, and model has high prediction accuracy and strong 
generalization ability in different data ranges.

Further utilizing performance evaluation indicators to evaluate 
the RF model, the results are shown in Table 8. It can be seen that 
the MAE and MAPE values are low, and the R2 value is close to 1. 
The consistency of indicator values in the test set before and after 
cross-validation demonstrates that RF model achieves high pre
diction accuracy without overfitting.  Meanwhile, the low RMSE 
further indicates its excellent robustness against extreme outliers, 
suggesting superior generalization capability compared to both 
AdaBoost and XGBoost. Consequently, RF was selected for subse
quent on-site profile control effect prediction application.

4. Model application

This study takes the production and development data of well 
group A in S reservoir as experimental data. The well group has one 
injection well and three production wells. The reservoir 

Fig. 11. RF model prediction results. (a) Comparison between the relative difference between the actual production and the predicted production in the test set. (b) Test set 
prediction residuals. (c) Comparison between the relative difference between the actual production and the predicted production in cross validation test set. (d) Cross validation 
test set prediction residuals.

Table 8 
RF model performance evaluation.

Data set MAE RMSE MAPE R2

Test set 0.0008 3.63% 0.0047 0.9988
Cross validation test set 0.0006 4.24% 0.0029 0.9995
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temperature is 64 ◦C, the average permeability is 3848 × 10− 3 μm2, 
the breakthrough coefficient of 2.82, the target layer thickness is 
29.3 m, the effective porosity is 31%, the average apparent water 
absorption index is 29.43. The total water cut of this well group 
reaches 93.6%, which indicates that it has entered the high water 
cut stage. The oil production data of the well group before profile 
control measures was extracted, and a trend chart of oil produc
tion over time was plotted (Fig. 12). Fig. 12(a) shows that the water 
flooding curve of the well group conforms to the natural decline 
law and can be used for subsequent research.

After outlier treatment and missing values imputation on the 
on-site data, the daily oil production curve of water flooding was 
obtain as shown in Fig. 12(b). Use the established LSTM water 
flooding  benchmark production prediction model to predict the 
water drive production of well group A for the next year, as shown 
by the yellow curve in Fig. 12(c).

The RF model is utilized to predict the relative difference in 
production within one year after the start of profile control mea
sures. In order to verify the effectiveness of the method proposed 
in this study to characterize the profile control effect based on the 
relative difference in production, the RF model established in the 
previous section was used to directly predict the oil production 
after profile control. By employing back-calculation based on Eq. 
(3), we obtain the predicted cumulative oil production after pro
file modification for that year. Subsequently, a discrete difference 
calculation was performed to obtain the predicted daily oil pro
duction after profile control. The results are shown in Fig. 13, and 
the model evaluation metrics are presented in Table 9. To assess 
the uncertainty of the model's predictions and better support on- 
site decision-making, the 95% prediction interval (PI) of the model 
was quantified, and prediction interval coverage probability (PICP) 
was calculated, as illustrated in Fig. 14.

Based on Fig. 13 and Table 9 and it can be observed that the RF 
exhibits good predictive performance on the new well group. The 
overall trend of the predicted daily oil production (red line) is 
consistent with the actual daily oil production after profile control 
(black line), with small error values. The R2 value exceeds 0.9, and 
the predicted cumulative production after profile control closely 
matches the actual cumulative production after profile control. As 
clearly illustrated in Fig. 14, the PICP of PI is 95.3%, indicating that 
the probability of the confidence  interval of this model covering 
the actual value is relatively high, and the model has good reli
ability. Therefore, RF for predicting profile  control effects con
structed in this study also demonstrates good performance when 
applied to the new well group. However, if the oil production after 
profile control is directly predicted, the prediction curve exhibits 
strong fluctuations  and significant  deviations (as shown by the 
blue broken line in Fig. 13). Moreover, the predicted total oil pro
duction is 34908.62 m3, which significantly differs from the actual 
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Fig. 12. Oil production curve of well group A. (a) Actual oil production curve of well 
group A. (b) Oil production curve of well group A after data preprocessing. (c) Pre
diction results of water drive benchmark production in well group A.
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after profile control of well group A.

Table 9 
Performance evaluation of the prediction model for profile control effect in well 
group A.

Model Predicting 
cumulative 
production 
after profile 
control, m3

MAE MAPE RMSE R2

RF 11222.35 5.44 18.89% 6.79 0.91
Actual cumulative 

production, m3
10627.37 – – – –
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Fig. 14. Production interval of daily oil production.
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oil production of 10627.37 m3. It can be seen that the profile 
control effect prediction method proposed in this study is scien
tific and more accurate than the conventional method of directly 
predicting absolute production. This is because the method pro
posed in this study adopts the relative difference in production as 
an evaluation index for profile control effect. As mentioned earlier, 
this approach enables direct comparison of profile control effects 
between different well groups. At the same time, the method 
comprehensively considers the synergistic effects of geological 
parameters, engineering parameters, and production parameters 
on profile control effect, effectively enhancing the model's inter
pretation ability for profile control patterns and prediction accu
racy for profile control effects.

5. Conclusions

This study focuses on the complexity and specificity of profile 
control effect prediction (e.g., being influenced by multiple factors 
like production dynamic parameters, and the inability to directly 
compare the production increment from profile  control in 
different well groups). It innovatively constructs a profile control 
effect prediction framework of “water drive benchmark 
production + relative difference”, achieving efficient  and intelli
gent prediction of profile control and production increase effect in 
oil reservoirs. This framework considers the joint influence  of 
geological parameters, construction parameters, and production 
dynamic parameters on the effect of profile  control, and can 
effectively distinguish the impact of natural decline and profile 
control measures on oil production. It has high prediction accuracy 
and strong engineering applicability. The main research results are 
as follows.

(1) This study constructed time-series prediction models for 
water flooding production based on LSTM, GRU, and Trans
former algorithms. Meanwhile, the Optuna framework was 
used for hyperparameter optimization. After comparison, it 
was found that the R2 of the LSTM training set and test set 
both exceeded 0.9, indicating that LSTM has the highest 
prediction accuracy and strongest robustness among the 
three models. Therefore, LSTM is selected to establish a 
water flooding  benchmark production prediction model, 
which provides a high-quality data foundation for further of 
profile control effect prediction.

(2) Innovatively proposing the relative difference between the 
actual production after profile control and the benchmark 
production of water flooding to evaluate the effect of profile 
control measures. By combining expert knowledge, Pearson 
correlation coefficient  method and SHAP analysis method, 
the main controlling factors of profile  control effect were 
screened. These factors for the selected profile control effect 
include average permeability, breakthrough coefficient, 
target layer thickness, porosity, water cut, average apparent 
water absorption index, cumulative amount of substance of 
injected chemicals, and cumulative water injection volume.

(3) AdaBoost, XGBoost, and RF algorithms were used to estab
lish profile  control effect prediction models based on the 
relative difference in production, and the Optuna framework 
was used to achieve hyperparameter optimization. After 
comparison, it was found that both the R2 of the RF model 
test set and the cross-validation test set exceeded 0.99, 
indicating that RF has the highest prediction accuracy and 
strongest robustness among the three models. Therefore, RF 
is utilized to establish a predictive model for profile control 
effect. Based on the relative difference calculation formula, 
the predicted oil production for one year after profile control 

can be inferred, and further discrete difference processing 
can be used to obtain the predicted daily oil production for 
that year.

(4) The on-site application results prove that the profile control 
effect prediction method established in this study has 
strong engineering practicality, which can accurately reflect 
the actual production increase contribution of profile con
trol measures, effectively distinguish the effects of natural 
decline and profile control intervention, and significantly 
improve the reliability of profile  control effect prediction. 
Compared with existing prediction methods, the method 
proposed in this study has higher prediction accuracy and 
can provide effective theoretical guidance for chemical 
profile  control in high water cut oil reservoir, with broad 
application prospects.

(5) It should be noted that the model training data in this 
study originates from oilfield sites, recorded either through 
sensors or manually. There may be some deviations from 
the true values, and a significant  number of feature 
parameter values are missing. Despite rigorous data pre
processing, this may still affect the model's prediction ac
curacy to some extent. Currently, this study has only 
applied the proposed profile  control effect prediction 
model to certain oil reservoirs in offshore oilfields and has 
not yet been used in onshore oilfields.  In the future, the 
application scope will be expanded, and the model will be 
continuously optimized to enhance its generalization abil
ity and robustness. Furthermore, hybrid ML models and 
transfer learning models have been successfully applied in 
numerous fields (Gu et al., 2025; Li et al., 2026; Zhu et al., 
2026; Mohammad et al., 2026). In the future, the prediction 
framework proposed in this study can be combined with 
these technologies to achieve more efficient  and accurate 
calculation of the effect of reservoir profile control.
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Nomenclature

MSE Mean square error
xi Input vector
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x̂i Reconstructed vector
N The number of elements in the vector
τ Anomaly detection threshold
μ Mean of reconstruction error
k Hyperparameter
σ Standard deviation of reconstruction error
PRD Relative difference between the actual production after 

profile control and the predicted water flooding 
benchmark production

Qp(t) Actual daily cumulative oil production after profile 
control

Qw(t) Rredicted water flooding benchmark production
Qd Daily production after profile control
Qi Cumulative production from the start of profile control 

to the i-th day (i > 1)
Qi− 1 Cumulative production from the start of profile control 

to the (i− 1)th day
P(x|y) The posterior probability of traditional Bayesian 

algorithms
l(x) The distribution of parameters with objective function 

values better than the threshold
g(x) The distribution of parameters with objective function 

values worse than the threshold
EI(x) The EI value of the new parameters
r Pearson correlation coefficient
Xi, Yi Random variable
X, Y Mean value of random variable
n Total sample size
x́ Normalized data
x Specific values in the data
max(x) The maximum value of feature data
min(x) The minimum value of feature data
MAE Mean absolute error
MAPE Mean absolute percentage error
RMSE Root mean squared error
R2 Coefficient of determination
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