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Abstract 

The objective of this study is to enhance user trust in electricity consumption forecasting systems for mining enterprises 

by applying explainable artificial intelligence methods that provide not only forecasts but also their justifications. The 

research object comprises a complex of mines and ore processing plants of a company purchasing electricity on the whole-

sale electricity and power market. Hourly electricity consumption data for two years, schedules of planned repairs and 

equipment shutdowns, and meteorological data were utilized. Ensemble decision trees were applied for time series fore-

casting, and an analysis of the impact of various factors on forecasting accuracy was conducted. An algorithm for inter-

preting forecast results using the SHapley Additive exPlanation method was proposed. The mean absolute percentage error 

was 7.84 % with consideration of meteorological factors, 7.41 % with consideration of meteorological factors and a load plan 

formulated by an expert, and the expert's forecast error was 9.85 %. The results indicate that the increased accuracy of elec-

tricity consumption forecasting, considering additional factors, further improves when combining machine learning methods 

with expert evaluation. The development of such a system is only feasible using explainable artificial intelligence models. 
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Introduction 

Electricity consumption forecasting is essential for planning the operation of power systems [1, 2]. 

Many countries are introducing economic incentives to develop demand-responsive electricity con-

sumption1 [3]. One of the tools stimulating enterprises to plan their daily electricity consumption 

curves is the wholesale electricity and power market [4]. When connected to such market, mining 

enterprises can benefit from lower tariffs than when connected to the retail market, provided accurate 

electricity consumption forecasting is undertaken, as tariffs for electricity payment include charges 

for deviations between actual and planned consumption graphs. The consumption graphs of the en-

terprises considered often have a high aperiodic component of electrical load, which requires considering 

multiple production factors to account for, making the forecasting process labor-intensive [5-7]. Thus, 

                                                      
1 On the technology of the community-dependent consumpsion. URL: https://www.so-ups.ru/functioning/markets/dr/ (accessed 

10.11.2023). 
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the task of electricity consumption forecasting becomes important not only for the system operator 

but also economically relevant for large enterprises. 

Methods for short-term (1-3 days) forecasting of electricity consumption graphs can be divided 

into deterministic (statistical) and machine learning methods. The former include seasonal  

models [8] and methods based on autoregression, among which ARMA and ARIMA are most  

used [9, 10]. Algorithms employing various signal filtering techniques, such as the Kalman  

filter [11] or wavelet transformation, can also be classified under autoregression methods and are 

used to build forecasts. 

Machine learning methods can consider many factors, including meteorological [12-14] and pro-

duction-related [15] factors, as well as the dependencies between them [16]. The advantages of using 

machine learning methods over deterministic ones are demonstrated in works [5, 17, 18]. Typically, 

the best results are achieved using neural network models [19-21], including recurrent [5, 22, 23] and 

deep neural networks [24-26], as well as ensemble decision tree models [6, 13, 27]. 

Forecasting electricity consumption for industrial enterprises differs primarily from forecasting 

large power systems (cities or regions) due to the less pronounced periodicity of the graph and greater 

dispersion, which is associated with the summation of electricity consumption from many objects 

when dealing with large energy systems. The average error of electricity consumption forecasting for 

regions of Russia ranges from 1-2 %, as shown in works such as for the Ural Power Grid [27], Altai 

Krai [14], and Siberia [28]. For industrial enterprises, such accuracy is often unattainable due to the 

necessity of accurately accounting for various technological process parameters. It is demonstrated 

in [29] that for several enterprises, it is impossible to construct an acceptable forecast without using 

precise data on the plant's electricity consumption. However, not all enterprises can plan their hourly 

load curve with high accuracy. For example, in the coal mining industry, this is impossible due to a 

complex of geological and technological factors [5, 30]. A more realistic approach is to account for 

scheduled repairs and shutdowns of the most energy-intensive equipment [16], where the use of data 

on scheduled equipment repairs reduced the forecast error from 7 to 5.5 %. 

Studies dedicated to short-term forecasting of electricity consumption for mining enter- 

prises [5, 6, 30] are an order of magnitude fewer than those for large energy systems. They do not 

consider meteorological and production factors. In works [31, 32], the task of forecasting monthly 

consumption values for enterprises is considered, which significantly differs from short -term 

hourly planning. 

A significant factor hindering the industrial adoption of machine learning, which receives insuf-

ficient attention, is the low level of trust in machine learning model results due to their lack of inter-

pretability. Users must accept outcomes without explanation. The challenge in implementing machine 

learning lies in the negative impact of errors and distortions in input data on forecast accuracy, which 

are impossible to trace [33]. 

The objective of this study is to investigate and develop methods for interpreting the results of 

short-term electricity consumption forecasting models for a mining enterprise using explainable arti-

ficial intelligence. The tasks of the study include collecting and preprocessing data from the mining 

enterprise; building a short-term electricity consumption forecasting model based on machine learning; 

examining the influence of meteorological and production factors on forecasting accuracy; analyzing 

methods of explainable artificial intelligence and selecting an interpretation algorithm; applying the 

chosen algorithm and analyzing the results. 

Methods 

Initial data. The data used in this study pertains to a mining enterprise located in Yakutia. The 

complex includes mines, ore processing plants, and administrative buildings. The initial dataset in-

cluded half-hourly electricity consumption values for two years without missing values, obtained 

from the enterprise's automated commercial electricity metering system (ACEMS), manually created 

forecasted consumption values, and data on scheduled repairs of energy-intensive equipment (or 
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complexes) at the enterprise. The use of data for two years is due to the availability of digitized 

indicators and updates to the energy-intensive equipment at the enterprise. Meteorological data, in-

cluding wind speed, air temperature, atmospheric pressure, humidity, was also added from the rp5.ru 

website archive. Table 1 provides information on the original data and the preprocessing performed. 

Half-hourly electricity consumption values were summed pairwise to obtain hourly values, as it is the 

time series with hourly values that is submitted to the sales company or directly to the system operator 

as the enterprise's electricity consumption forecast curve. 

 
 Table 1 
 

Initial data for research 
 

Name Time sampling step, h Source 

Electricity consumption, MW·h 0.5 ACEMS 

Manually created forecasted 

consumption values, MW·h 
1 Chief engineer’s department 

Wind speed, m/s 3 rp5.ru 

Air temperature, °C 3 rp5.ru 

Atmospheric pressure, mm Hg 3 rp5.ru 

Humidity, % 3 rp5.ru 

Scheduled repairs – Chief engineer’s department 

 

Linear interpolation was applied to the meteorological data. In this study, actual meteorological 

data is used instead of forecasted data due to the lack of open access to archives of specifically fore-

casted weather values. This assumption is since meteorological factors are secondary rather than pri-

mary, and they are considered in the electricity consumption forecast for the enterprise, as well as the 

sufficiently high accuracy of weather forecasts for the next day. 

The data on scheduled repairs, initially presented as a list of repair time intervals for each equip-

ment or complex, has been generated by constructing matrix R, where element rij is equal to one if 

the j-th equipment is planned to be in a repair state at the i-th time moment (hour), and otherwise, the 

value is zero. The amount of equipment for the object is m = 23. 

Figure 1 shows a fragment of the hourly electricity consumption graph for two months. In order 

to enhance visibility, the graph starts at the 100 MW·h level. 

 
Fig.1. Fragment of the enterprise's electricity consumption graph 
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Dataset formation for machine learning application. Time series forecasting using machine 

learning models, one of the key factors affecting the result is the selection of features [14, 16, 34]. 

Typically, in addition to other features, electricity consumption forecasting uses previous values to 

predict subsequent ones: 

  1, , ..., , ,i i h i h i h wy f g y y y X

      

where iy
 is the forecasted electricity consumption at i time; f is the forecasting model; g is a function 

that defines the rule for selecting retrospective actual electricity consumption values; h is the fore-

casting horizon; w – is the width of the retrospective data window; X are other features (e.g., hour or 

day of the week, meteorological factors, production factors, etc.). 

When using neural network models, especially recurrent ones, it is possible to process all  

values of the time series 
1, , ...,i h i h i h wy y y    

[5, 6, 21]. However, for industrial enterprises, it is 

sufficient to use retrospective time series values that are offset from the forecasted hour by a mul-

tiple of 6, 12, or 24 h, which is related to production technological cycles. This allows for signifi-

cantly simplifying the model and reducing the risk of overfitting due to an excessive number of 

features [6, 16, 35]. 

During preliminary correlation analysis, it was determined that for forecasting, it is sufficient to 

use hours with a step of 12 and a retrospective depth of three days. For example, to forecast the daily 

load profile component for 28.10.2023 from 19:00 to 20:00, the following data will be used: electricity 

consumption from 27.10.2023 from 19:00 to 20:00 and 07:00 to 08:00, from 26.10.2023 from  

19:00 to 20:00, and from 25.10.2023 from 19:00 to 20:00. Thus, the expression takes the form: 

 24 36 48 60 72, , , , , ,i i i i i iy f y y y y y X

      

where X contains the following features: hour number i (from 0 to 23); day of the month for the 

forecast (from 1 to 31); day of the week for the forecast (1-7); month for the forecast (1-12); expert-

manual load forecast 
e

iy  (results were obtained with and without its consideration); wind speed at 

hour i; air temperature at hour i; atmospheric pressure at hour i; relative humidity at hour i; scheduled 

repairs, vector rij, j = 1, … m. 

As a result, the full feature vector contains 37 values (5 retrospective electricity consumption 

values; 4 calendar features; expert-manual load forecast; 4 meteorological factors; 23 repair-related 

features). During the study, various combinations of features were tested to determine their impact 

on forecast accuracy. Data preprocessing, model building, and testing were performed in Python 3 

using the open-source Pandas and Scikit-Learn libraries. 

Used machine learning methods. Short-term electricity consumption forecasting for enterprises 

is effectively addressed using artificial neural networks and decision tree ensembles. Previous re-

search by the authors of this article demonstrated that ensemble models of gradient and adaptive 

boosting, as well as random forests, achieve comparable accuracy to neural network models while 

offering faster training times and simpler hyperparameter tuning [6, 16, 33]. Studies [27, 29] success-

fully applied decision tree ensembles for forecasting electricity consumption. 

Therefore, in this work, ensemble methods including random forest (Random Forest) and adap-

tive boosting (AdaBoost)2, extreme gradient boosting (XGBoost) [36] for building ensembles of  

regression decision trees. A single tree can be represented as 

  ,i iy t Z   

where t is a hierarchical system of rules, each comparing the value of a specific feature to a  

threshold. 

                                                      
2 1.11. Ensembles: Gradient boosting, random forests, bagging, voting, stacking. URL: https://scikit-learn.org/stable/modules/en-

semble.html (accessed 01.11.2023). 

https://scikit-learn.org/stable/modules/ensemble.html
https://scikit-learn.org/stable/modules/ensemble.html
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Random forest builds a regression model as an ensemble of k decision trees, each trained inde-

pendently on a randomly selected subset of instances from the training dataset3:  

 
1

1
.

k

i j i

j

y t Z
k





   

In contrast, adaptive boosting and extreme gradient boosting build ensembles iteratively. Each 

subsequent model in the ensemble depends on the results of previous ones. Ultimately, the model is 

formed as 

 
1

,
k

i j j i

j

y w t Z



  

where wj is the weight of the j-й model (in this case, a decision tree). 

After adding each new model to the ensemble, adaptive boosting adjusts the weights of the training 

dataset instances, increasing them proportionally to the deviation of the model's output from the true 

value. In gradient boosting, the gradient of the error of the current ensemble serves as the optimization 

criterion for building each new model in the ensemble. Various implementations of gradient boosting 

exist, including extreme boosting [36]. 

Analysis of the applicability of eXplainable Artificial Intelligence. The use of systems that 

provide experts with decisions without explanations based on non-interpretable algorithms is limited 

because they lack user trust and may contain hidden risks of unforeseen critical errors. To address 

this issue, the field of research focusing on improving user interaction with intelligent systems 

through eXplainable Artificial Intelligence (XAI) methods is developing. XAI aims to create intel-

ligent systems capable of interpreting their results and explaining them to the user [37, 38]. The 

XAI concept involves adhering to principles of explainability (the intelligent system must explain 

its results), significance (the explanation should be tailored for the user), accuracy (the explanation 

should truthfully describe how the model obtained the result), and limits of knowledge (the intelli-

gent system must understand its applicability boundaries and not attempt to solve tasks beyond its 

capabilities). 

The directions of XAI application can be divided into creating self-interpretable models and 

methods of a posteriori explanation of obtained results. For example, a decision tree with a  small 

depth is an interpretable model because it represents a system of rules. For complex tasks, current 

methods use non-interpretable models, employing the second approach – applying a posteriori ex-

planation method. Among such explanation methods, there is the Local Interpretable Model-Ag-

nostic Explanations (LIME) method [39]. LIME involves building a local surrogate model that 

explains the workings of the explainable model in a narrow neighborhood of the considered input 

instance. The local surrogate model is a simple, interpretable model, such as a decision tree or linear 

regression, trained to predict the output of the explainable model in this neighborhood. A limitation 

of the method is the need to select, tune, and train the surrogate model, as well as the implicit 

violation of the accuracy principle, as the hypothesis that the surrogate model's explanation corre-

sponds to the decision-making mechanism of the explainable model is an unverifiable assumption 

in each specific case. 

For convolutional neural networks, methods based on class activation mapping (CAM),  

such as Grad-CAM, are used [40]. A limitation of this method is its applicability only to convolu-

tional neural networks, as it relies on processing feature maps formed by each convolutional  

layer and calculating gradients derived from the model's output results with respect to the feature 

maps. 

                                                      
3 1.11. Ensembles: Gradient boosting, random forests, bagging, voting, stacking. URL: https://scikit-learn.org/stable/modules/en-

semble.html (accessed 01.11.2023). 

https://scikit-learn.org/stable/modules/ensemble.html
https://scikit-learn.org/stable/modules/ensemble.html
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If the user of an intelligent decision support system is an expert in the solved task, displaying 

features that influenced the decision formation along with their significance (weights) increases trust in 

the system and the likelihood of effective collaborative work with it. Therefore, in such areas as  

diagnostics, planning, or forecasting, where the model is used by an expert, the application of the  

additive SHAP (SHapley Additive exPlanations) method based on the Shapley vector is particularly 

relevant [41]. The additive SHAP explanation is based on the Shapley values algorithm from game 

theory. It determines the contribution of each player to the overall winnings. If players are replaced by 

features and winnings by the machine learning model's results, an algorithm for determining the impact 

of each feature on the model's result is obtained. When using the SHAP algorithm, the significance of 

the j-th feature for the model f when analyzing input data Zi is calculated as: 

 
 

   { } , { } ,

/{ }

! 1 !
φ , ,

!
j i S j i S j S i S

S P j

S m S
f Z f Z f Z

m

 
  
   

where m is the number of features; S is a subset of features; P is the set of all possible feature combi-

nations; i is the input data instance; j is the feature index. If a feature is not used, its value is replaced 

with the average value. As a result, the feature's importance j is assessed by analyzing its impact on 

the model's results with and without it for various sets of other features. 

The application of LIME and SHAP methods in power industry is still in its initial stages.  

In [42], both methods are applied to solar power plant generation forecasting. SHAP is used for  

electricity consumption forecasting in [43], but the object is a large energy system, not a specific 

enterprise. 

In this work, for the first time, the principles of an intelligent system for short-term forecasting 

of electrical power consumption of a mining enterprise, considering meteorological factors  

and scheduled repairs, which provides the user with a forecast justification using the additive  

SHAP explanation were proposed and validated. The analysis of the obtained explanations and the 

description of the specialist's interaction with the intelligent system in load planning were  

presented. 

Discussion 

Results of electricity consumption forecast. The performance metrics of AdaBoost, XGBoost, 

and Random Forest methods for forecasting of electrical consumption were compared to the load 

forecast error manually created by an expert: mean absolute error (MAE) – 16.53 MW·h; mean ab-

solute percentage error (MAPE) – 9.85 %; root mean square error (RMSE) – 21.18 MW·h. The da-

taset for model construction was divided into training and test sets with a 90:10 ratio. 

Experiments to build machine learning models for forecasting the electrical consumption of a 

mining enterprise, considering different features were conducted. 

In the first experiment, the following features were chosen: 

• hour number i (from 0 to 23); 

• day of the month for the forecast (from 1 to 31); 

• day of the week for the forecast (1-7); 

• month for the forecast (1-12); 

• retrospective electricity consumption (consumption_1, consumption_2, consumption_3, con-

sumption_4, consumption_5 – 
24 36 48 60 72, , , ,i i i i iy y y y y    

). 

Table 2 presents the forecasting results for electricity consumption using these features.  

Used notations are max_depth – maximum depth of decision trees in the ensemble; n_estimators –  

number of trees in the ensemble. The AdaBoost method achieved the best MAPE for the test  

set – 9.68 %. Compared to the MAPE of forecast manually created by an expert (9.85 %), the 

accuracy improved by 0.17 %. It can be concluded that without additional consideration of techno-

logical process parameters and metrological factors, the application of machine learning models 

does not enhance the accuracy of electricity consumption forecasting. However, it reduces the time 
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required to obtain the result. An expert takes 2-4 h to compile a consumption graph, whereas training 

takes up to 5 min. 

 
 Table 2 
 

Forecasting of electricity consumption of the enterprise 

with consideration of retrospective consumption 
 

Method 

MAE, MW·h MAPE, % RMSE, MW·h 

max_depth n_estimators 

Training Test Training Test Training Test 

AdaBoost 10.28 15.80 8.88 9.68 12.51 20.96 7 200 

XGBoost 9.09 18.45 8.34 11.58 12.84 23.79 3 150 

Random Forest 10.60 17.07 9.96 10.89 15.30 23.56 7 7 

 
In the second experiment, the feature vector rij, j = 1, … m of scheduled repairs was added to the 

features selected in first experiment (Table 3). 

 
 Table 3 
 

Forecasting of electricity consumption of the enterprise 

with consideration of retrospective consumption and scheduled repairs 
 

Method 

MAE, MW·h MAPE, % RMSE, MW·h 

max_depth n_estimators 

Training Test Training Test Training Test 

AdaBoost 10.27 17.15 8.93 10.40 12.51 22.23 7 200 

XGBoost 10.71 17.24 9.76 10.72 15.06 22.63 2 150 

Random Forest 11.28 18.26 10.61 11.39 16.32 24.34 6 150 

 

Similarly to the first experiment, the AdaBoost method achieved the best MAPE for the test 

set – 10.40 %. Incorporating the scheduled repairs factor degraded the forecast accuracy by 0.55 %, 

contrary to expectations of improved accuracy with additional consideration of production process 

factors. Further experiments with various repair grouping variants (feature aggregations) did not 

yield accuracy improvements. This is due to discrepancies between scheduled and actual repairs. 

For instance, if a repair was scheduled for 2 h from 10:00 to 12:00, it might have occurred at a 

different time (e.g., 14:00 to 16:00) or lasted longer (e.g., 10:00 to 17:00). 

In the future, it may be beneficial to consider only repairs scheduled with high accuracy, such as 

those lasting several days. This would reduce the stochastic impact of short repairs on the electricity 

consumption graph. 

In the third experiment, meteorological parameters for the i-th hour (wind speed, air temperature, 

atmospheric pressure, and humidity) were added to the features selected for the first experiment  

(Table 4). 

 
 Table 4 

 

Forecasting of electricity consumption of the enterprise 

with consideration of retrospective consumption and meteorological factors 
 

Method 

MAE, MW·h MAPE, % RMSE, MW·h 

max_depth n_estimators 

Training Test Training Test Training Test 

AdaBoost 9.44 13.14 8.17 8.17 11.39 17.66 7 200 

XGBoost 8.12 12.89 7.57 7.85 11.49 17.18 3 150 

Random Forest 8.79 13.59 8.37 8.73 12.70 18.93 8 150 
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In the fourth experiment, both scheduled repairs and meteorological factors were considered 

(Table 5). The AdaBoost method achieved the best MAPE for the test set – 8.38 %. Although this 

represents a 1.48 % improvement over the forecast manually created by an expert, it is primarily due 

to the inclusion of meteorological factors. The discrepancy between actual and scheduled repairs pre-

vents the use of repair data for model construction. 

 
 Table 5 
 

Forecasting of electricity consumption of the enterprise 

with consideration of retrospective consumption, scheduled repairs, and meteorological factors 
 

Method 

MAE, MW·h MAPE, % RMSE, MW·h 

max_depth n_estimators 

Training Test Training Test Training Test 

AdaBoost 8.31 13.57 8.03 8.38 11.22 18.10 7 200 

XGBoost 7.93 14.73 7.38 9.13 11.29 19.26 3 150 

Random Forest 8.72 14.38 8.32 9.04 12.56 19.57 8 150 

 

In the fifth experiment, retrospective consumption data, meteorological factors, and the forecast 

manually created by an expert were used (Table 6). Additionally, computational experiments with long 

short-term memory neural networks, specifically, Gated Recurrent Units (GRU), were conducted for 

model applicability assessment, following the architecture and hyperparameter selection approach de-

scribed in [5]. The XGBoost method yielded the best MAPE for the test set – 7.41 %. This represents a 

2.44 % improvement over the manually conducted expert forecast (9.85 %). In an intelligent system, 

integrating the expert forecast can be achieved through two methods: applying expert adjustments to 

the model-generated load curve; refining the expert load curve using the model. 

The first method is preferable as it saves the time the expert spends on creating the planned elec-

tricity consumption load curve. 

 
 Table 6 
 

Forecasting of electricity consumption of the enterprise 

with consideration of retrospective consumption, meteorological factors, and the forecast manually created by an expert 
 

Method 

MAE, MW·h MAPE, % RMSE, MW·h 

max_depth n_estimators 

Training Test Training Test Training Test 

AdaBoost 8.06 13.63 6.79 8.35 9.67 17.91 7 200 

XGBoost 8.29 11.94 7.29 7.41 11.85 16.53 2 150 

Random Forest 9.50 13.14 8.26 8.30 13.71 17.84 5 150 

GRU 8.11 13.16 7.15 8.31 11.52 17.80 – – 

 

Figure 2 compares actual and forecasted electricity consumption. Analysis of the load curves 

indicates that incorporating and the forecast manually created by an expert allows the machine learn-

ing model to more accurately forecast sudden aperiodic consumption changes, highlighted by red 

ovals. Future research could focus on identifying and formalizing production factors related to these 

technological process changes, and integrating these factors as additional features into the machine 

learning model. 

Table 7 summarizes the experimental results. Absolute and relative forecast improvements were 

calculated relative to the MAPE of the forecast manually created by an expert (9.85 %). Considering 

additional factors enhances accuracy. With retrospective consumption and meteorological data, fore-

cast accuracy improves by 20.34 %. Including the forecast manually created by an expert, it further 

increases accuracy by 24.75 %. 
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Table 7 

 

Forecasting of electricity consumption of the enterprise with consideration of different features 
 

Experiment Feature under consideration Model MAPE, % 

Absolute 

forecast  

improvement 

Relative  

forecast  

improvement 

1 Retrospective consumption AdaBoost 9.68 0.17 1.70 

2 Retrospective consumption, scheduled repairs AdaBoost 10.40 –0.55 –5.54 

3 Retrospective consumption, meteorological factors XGBoost 7.85 2.00 20.34 

4 
Retrospective consumption, meteorological factors,  
and scheduled repairs 

AdaBoost 8.38 1.48 14.97 

5 
Retrospective consumption, meteorological factors,  

and forecast manually created by an expert XGBoost 7.41 2.44 24.75 

 
Explanation of results. SHAP enables the formal mapping of features that influenced the forecast 

of electricity consumption for each hour, along with their significance (weights), which can be inter-

preted by an expert. 

Figure 3 illustrates the features affecting the electricity consumption forecast for one hour during the 

winter period in the third experiment, which considered retrospective consumption and meteorological 
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Fig.2. Comparison of actual (1) and forecasted (2) consumption considering: retrospective consumption  

and meteorological parameters (a); retrospective consumption, meteorological parameters,  

and the forecast manually created by an expert (b) 
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factors. Features are arranged in descending order of their impact on the deviation of the forecasted 

consumption f(x) from the average value E[f(x)]. Thus, for the data in Fig.3, it can be concluded that 

the deviation of f(x), which was 177.665 MW·h, from the average value of 136.496 MW·h, is justified 

by high consumption 24, 36, and 48 h before the forecasted hour and low air temperature. 

Figure 4 shows the features affecting the electricity consumption forecast for another hour during 

the winter period in the same experiment. The deviation of f(x), which was 213.972 MW·h, from the 

average value of 136.496 MW·h, is justified by abnormally low air temperature and high consumption 

24, 36, and 72 h before the forecasted hour. 

Figure 5 depicts the features affecting the electricity consumption forecast during the winter period 

in the same experiment with a different distribution of significance for meteorological features. The 

deviation of f(x), which was 190.858 MW·h, from the average value of 136.496 MW·h, is justified by 

consumption 24, 36, and 72 h before the forecasted hour, air temperature, as well as wind speed and 

pressure values. The analysis of features obtained using the Shapley method confirms the necessity of 

considering meteorological factors when building a model for forecasting electricity consumption. 
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f (x) = 177.665 MW·h 

Fig.4. Visualization of features impacting the electricity consumption forecast 
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Figure 6 presents the results for the fifth experiment, where the expert-formulated consumption 

plan was considered for the same hour analyzed in Fig.3. The expert-formulated plan itself contributed 

the most to the value of f (x), which was 180.863 MW·h. However, the meteorological factors also 

play a crucial role even when considering the expert-formulated consumption plan, as shown in 

Fig.7 for the same hour analyzed in Fig.4. 

The experiments conducted demonstrate that the SHapley Additive exPlanations for  

each output value of the machine learning model visually and comprehensibly illustrates the  

feature impacts, enhancing the model's interpretability for experts. It should be noted that  

this result does not fully meet the requirements for explainable artificial intelligence outlined 

above. Nonetheless, the SHapley Additive exPlanations is considered one of the most promising 

methods in explainable artificial intelligence, and its further development in forecasting tasks  

will likely increase the trust of electricity consumption experts in machine learning-based  

systems. 
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Conclusion 

An approach to creating an intelligent system for short-term forecasting of electricity con-

sumption of a mining enterprise, considering meteorological factors and scheduled repairs was pro-

posed. Incorporating meteorological factors in addition to consumption history enhances forecast 

accuracy by 20.34 %.  

However, due to discrepancies between actual and planned repairs, forecast accuracy decreases 

by 0.55 % relative to the forecast manually created by an expert when considering scheduled  

repairs. Future research will focus on accounting only for repairs lasting more than 12 h to minimize 

the impact of inaccurate repair forecasts on model training results. 

Applying an expert-formulated plan along with retrospective consumption and meteorological 

factors increases forecast accuracy to 24.75 %. In developing an information system, this expert plan 

can be incorporated through expert correction functions and analysis of historical discrepancies be-

tween expert corrections and model results. Future research also aims to more precisely formalize 

expert experience. 

The proposed approach to creating an information system includes a model that provides users 

with a forecast justification using SHapley Additive exPlanations. Explanation results enable experts 

to analyze the impact of factors on forecasting results, simplifying the introduction of expert correc-

tions and accelerating system implementation. The practical significance of the study lies in enhancing 

the accuracy of short-term electricity consumption forecasting for industrial enterprises by considering 

equipment repairs and shutdowns and creating conditions for industry-wide adoption of machine 

learning-based information systems using explainable artificial intelligence algorithms, thereby in-

creasing user trust. 

The proposed system is planned to be tested using machine learning methods and explainable 

machine learning models on data from other industrial enterprises with larger volumes of available 

indicator data and deeper historical depth; to specify and formalize production factors for their inclu-

sion as model features; modify the SHapley Additive exPlanations to improve the interpretability of 

its results for the considered task; and analyze the impact of electricity consumption forecast accuracy 

on the enterprise's electricity consumption costs.  
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