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PAPER

Dynamic Prediction and Optimization of Energy 
Consumption in Mining Equipment Using Mobile 
Computing Platforms

ABSTRACT
With the increasing energy consumption in the mining industry, the effective prediction and 
optimization of energy consumption in mining equipment have become pressing challenges. 
Traditional energy consumption prediction methods suffer from data processing delays and 
the fixed nature of monitoring devices, making them inadequate for meeting the real-time 
and flexible demands of modern mining operations. The advent of mobile computing plat-
forms has introduced new possibilities for the dynamic prediction and optimization of energy 
consumption in mining equipment. In recent years, energy consumption prediction tech-
niques based on mobile computing platforms have gained significant attention, enabling real-
time data acquisition and analysis for a more precise understanding of energy consumption 
patterns and the implementation of efficient optimization strategies. However, existing stud-
ies predominantly focus on conventional models and methodologies, lacking effective mecha-
nisms to capture spatiotemporal dynamics and optimize energy consumption accordingly. In 
this study, a spatiotemporal gated graph convolutional prediction model was proposed for the 
dynamic prediction of energy consumption in mining equipment based on a mobile comput-
ing platform. Additionally, an energy consumption optimization strategy was explored using 
the prediction results. This study provides a novel approach to energy consumption optimiza-
tion in mining equipment, offering both theoretical significance and practical value.

KEYWORDS
mobile computing platform, mining equipment, energy consumption prediction, spatiotem-
poral gated graph convolution, energy consumption optimization

1	 INTRODUCTION

With the continuous increase in global energy demand, the mining industry, as 
a high-energy-consuming sector, faces significant pressure related to energy con-
sumption [1, 2]. Against this backdrop, the effective prediction and optimization of 
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energy consumption in mining equipment have become focal points of research 
[3–6]. Mobile computing platforms, known for their flexibility, efficiency, and conve-
nience, have been increasingly applied across various fields [7–10], providing new 
avenues for the dynamic prediction and optimization of energy consumption in 
mining equipment.

By leveraging mobile computing platforms for the dynamic prediction and opti-
mization of mining equipment energy consumption, energy utilization efficiency 
can be improved [11], production costs can be reduced [12], and greenhouse gas 
emissions can be significantly minimized [13]. Moreover, enhanced economic and 
social benefits for mining enterprises can be achieved [14]. These advancements 
hold substantial significance for promoting the green transformation and sustain-
able development of the mining industry.

Many existing studies primarily rely on traditional fixed devices and data cen-
ters for energy consumption prediction and optimization [15, 16]. However, these 
methods often suffer from issues such as data latency, high costs, and limited flex-
ibility. For instance, Bouguera et al. [17] utilized a fixed sensor network for energy 
consumption prediction in mining equipment, but delays in data transmission and 
processing resulted in poor real-time performance. Pablo Mora et al. [18] employed 
complex mathematical models for energy consumption optimization; however, 
these models were highly theoretical and challenging to implement in practical pro-
duction environments.

This study explores three key aspects: (1) dynamic prediction and optimization 
of mining equipment energy consumption using mobile computing platforms, 
(2) implementation of a spatiotemporal gated graph convolutional model for energy 
consumption prediction, and (3) an optimization strategy based on the model’s pre-
dictions. By addressing these challenges, the study reduces data latency and inflexi-
bility in traditional methods, enabling effective energy consumption prediction and 
optimization in mining operations. These contributions offer both theoretical and 
practical value.

2	 PROBLEM FORMULATION

Considering the spatial distribution of mining equipment, a graph-based structure 
was employed to represent the topological relationships among different devices. 
Specifically, the spatial positions of mining equipment are encoded as a graph, where 
each node nu represents a piece of mining equipment and contains its energy con-
sumption data along with other relevant information. The edges ru between nodes 
indicate whether two pieces of equipment are directly adjacent, thereby reflecting 
their spatial relationships. Through this graph-based structure, interactions among 
mining equipment and the patterns of energy consumption transmission can be 
effectively captured, facilitating spatiotemporal dynamic modeling for energy con-
sumption prediction and optimization. By leveraging the real-time data acquisition 
capabilities of a mobile computing platform, continuous collection and updating 
of energy consumption data for each equipment node can be achieved, therefore 
providing real-time support for subsequent energy consumption prediction and 
optimization.

The problem can be formulated as predicting the feature graph Hs+1 for the 
next time step based on the given feature graphs (H1, H2,…, Hs) of the preceding 
s time periods. Let Hs represent the topological network graph of mining equipment 
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positions at time step s, which consists of U pieces of mining equipment and their 
V-dimensional features. The prediction model is denoted as d, and the expression is 
as follows:

	 Hs+1 = d(H1, H2,…, Hm)	 (1)

To achieve dynamic prediction and optimization, a spatiotemporal gated graph 
convolutional network (GCN) model was employed in this study. This model inte-
grates graph structures and temporal sequence data to more accurately capture 
the energy consumption trends in mining equipment. By incorporating spatiotem-
poral modeling into the graph structure, both the spatial topological relationships 
among equipment and the temporal dynamics were considered, thereby improving 
prediction accuracy. Upon obtaining the predicted energy consumption of mining 
equipment, an optimization strategy based on the prediction model was proposed. 
By analyzing future energy consumption trends, targeted optimization measures 
were formulated to reduce equipment energy consumption and improve energy 
utilization efficiency.

3	 MODEL IMPLEMENTATION

The proposed dynamic energy consumption prediction model for mining equip-
ment, based on a mobile computing platform, was designed to enhance the dynamic 
prediction accuracy and ability of energy consumption by integrating spatial, tem-
poral, and spatiotemporal correlation information. In the model, the spatial cor-
relation module transforms the topological network of mining equipment positions 
into graph structure data, enabling the extraction of spatial relationship features 
through a multi-layer graph convolutional neural network. Each node in the graph 
represents a piece of mining equipment, while the edges reflect spatial connections 
between equipment units. Through graph convolution operations, the model cap-
tures inter-equipment interactions and their collective influence on energy con-
sumption. This module provides fundamental spatial structural information for 
subsequent dynamic energy consumption prediction, laying a solid foundation for 
analyzing the equipment energy consumption analysis. The temporal correlation 
module in the model focuses on the time-series characteristics of mining equipment 
energy consumption. Historical energy consumption data serve as input to analyze 
the impact of various temporal factors on the energy consumption of mining equip-
ment. By analyzing temporal fluctuation patterns in energy consumption of mining 
equipment, the model can reveal the fluctuation law of energy consumption over 
time, providing an accurate time dimension reference for dynamic prediction. In the 
spatiotemporal correlation module, a gated GCN was used to extract spatiotemporal 
features by combining the spatial and temporal factors. Additionally, an attention 
mechanism was incorporated to dynamically filter significant historical energy con-
sumption data, allowing the model to better capture critical spatiotemporal varia-
tion patterns. The output features from these three modules were aggregated into 
a fully connected layer, ultimately generating precise energy consumption predic-
tions. Figure 1 illustrates the overall framework of the dynamic energy consumption 
prediction model for mining equipment. A detailed explanation of each module is 
provided in the sections below.
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Fig. 1. Framework of the dynamic energy prediction model for mining equipment

3.1	 Spatial correlation module

Mining equipment is distributed across different regions, and its relative posi-
tion, type, and other characteristics determine the spatial relationships and inter-
action patterns among equipment units. The information is critical for dynamic 
energy consumption prediction, as energy consumption is not only influenced by 
the operational status of individual equipment but is also closely related to inter-
actions between equipment units. To extract structural information from the topo-
logical network of mining equipment positions, a multi-layer graph convolutional 
neural network was employed to form the spatial correlation module. This module 
incorporates various types of data, including node attributes that are unaffected 
by temporal factors (e.g., absolute position coordinates, equipment type labels, and 
dynamic properties), connectivity information (e.g., logical association relationships, 
communication links), dynamic feature information (e.g., movement trajectories, 
layout modification records, failure propagation paths), and functional zoning infor-
mation (e.g., production areas, auxiliary areas, hazardous areas).

Various information on mining equipment was firstly used to construct the 
adjacency matrix of correlation degree, denoted as Xu,k. Therefore, Jensen-Shannon 
(JS) divergence was utilized to quantify the similarity between equipment units.  
JS divergence is a widely used metric for measuring the similarity between two prob-
ability distributions, enabling an effective quantification of the correlation degree 
between mining equipment units within the spatial topology. This approach ensures 
that the spatial relationships among mining equipment are accurately reflected in 
the adjacency matrix, thereby providing precise structural input for subsequent 
graph convolution operations. In the context of mobile computing platforms, this 
process enables the real-time transformation of equipment attributes into network 
topology, thereby supporting dynamic prediction and optimization. Let nu,k repre-
sent the correlation between mining equipment of any two nodes in the node set n, 
and TUL(nu,nk) represent the similarity between mining equipment nu and nk, where 
a lower value indicates a higher similarity. Xu,k is expressed as follows:
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Let the features of nu and nk be represented as nu(o) and nk(o), respectively. 
A V-dimensional vector of node nu represents the characteristic information of 
mining equipment. By incorporating it into the JS divergence formula, it leads to:

	 SIM(u,k) = 1 - JS(nu, nk)	 (3)
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Based on the similarity results obtained through JS divergence, the top J most sim-
ilar nodes were selected for each mining equipment unit to form its first-order neigh-
bors. This operation helps to construct the adjacency matrix of correlation degree (Xu,k) 
for the topological network graph of mining equipment positions. In the dynamic 
prediction of energy consumption, the spatial relationships and interaction patterns 
among mining equipment significantly influence variations in energy consumption. 
For instance, adjacent equipment units often exhibit similar energy consumption pat-
terns due to shared production tasks or common resource utilization. By selecting the 
top J most similar nodes, the model effectively captures the mutual influence among 
equipment units, thereby reflecting the spatial proximity of mining equipment.

Furthermore, GCN facilitates the propagation of information across nodes through 
multi-layer convolution operations, thereby progressively aggregating the informa-
tion of neighboring nodes. In the context of dynamic energy consumption predic-
tion, GCN effectively captures interdependencies among mining equipment units, 
where the energy consumption of one unit is often closely related to the status of 
adjacent equipment. In the mobile computing platform environment, GCN enables 
real-time updates of spatial relationship data for mining equipment, ensuring that 
the model maintains accuracy under evolving mining conditions. Let U denote the 
identity matrix and F represent a diagonal matrix, where  F X

u k u k, ,� � . Denoting the 
input of layer m as G(m), the weight parameters of layer m as Qm, and the output of 
layer m as G(m+1), then it leads to:
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To enhance model robustness and prevent overfitting, batch normalization was 
incorporated after the graph convolutional module, followed by the ReLU activation 
function to extract nonlinear features from the data. Batch normalization effectively 
reduces variations in data distribution, ensuring that the input data for each layer 
remains stable during training. This, in turn, improves training efficiency and accel-
erates model convergence. On this basis, the ReLU activation function introduces 
nonlinear features, enabling the model to capture more complex data patterns. 
Let BN denote batch normalization, and let G(m+1) represent the feature output of 
layer m. The expression is as follows:
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Since energy consumption variations in mining equipment are often influenced 
by multiple factors, simple linear models struggle to effectively capture such com-
plexities. Through these processing steps, the spatial correlation module maintains 
high efficiency in energy consumption prediction and optimization even in complex 
environments, providing support for energy consumption management of mining 
equipment based on mobile computing platforms.

3.2	 Temporal correlation module

The energy consumption of mining equipment is influenced not only by its 
instantaneous operational state but also by multiple time-dependent factors, includ-
ing diurnal and seasonal variations, production scheduling, environmental dynam-
ics, equipment status changes, and fluctuations in power grid supply and demand. 
For instance, diurnal cycles and seasonal shifts may lead to variations in energy con-
sumption patterns at different times. Similarly, the operational scheduling of equip-
ment may result in concentrated energy consumption within specific time windows, 
while fluctuations in electricity pricing and renewable energy integration into the 
grid directly affect energy utilization efficiency. By integrating and analyzing these 
temporal factors, energy consumption patterns of mining equipment across differ-
ent time scales can be accurately identified, providing strong support for energy 
management and optimization strategies.

A temporal correlation module was incorporated in this study, especially through 
data analysis across different time scales, enabling the dynamic energy consump-
tion prediction model to achieve energy consumption prediction and optimization 
from multiple dimensions. In the mobile computing platform environment, this 
module integrates and processes energy consumption data and production environ-
ment parameters from different time scales, allowing real-time tracking of energy 
consumption trends and the timely identification of potential anomalies. For exam-
ple, by monitoring equipment status changes and production scheduling plans, the 
model can predict fluctuations in energy consumption at future time points, facilitat-
ing early warnings and optimization strategies. Additionally, by incorporating envi-
ronmental factors, the model can adjust energy efficiency under varying operational 
conditions, thereby minimizing energy wastage. In response to unexpected events, 
the temporal correlation module can rapidly analyze historical data and predict the 
impact of such events on equipment energy consumption.

Considering that mobile computing platforms typically operate with limited 
computational resources and require real-time processing capabilities, the gated 
recurrent unit (GRU) offers computational efficiency advantages over more complex 
time-series models. By employing a simplified structure, GRU reduces computational 
overhead while maintaining high performance, thereby enhancing real-time pre-
diction efficiency. This is particularly critical for the dynamic energy consumption 
prediction system of mining equipment, as it must process large volumes of energy 
consumption data from multiple devices across different time intervals and perform 
energy consumption prediction and optimization in real-time or near-real-time con-
ditions. With the incorporation of GRU, the model can rapidly respond to changes 
in energy consumption, promptly detect potential anomalies or unexpected events, 
and make necessary adjustments. This enhances energy efficiency while minimiz-
ing energy wastage. Let cs and es denote the update gate and reset gate at time step 
s, respectively. The candidate state at time step s is represented by g

s
, while the cur-

rent state is denoted as gs. The parameters to be trained are represented by Qc, Ic, Qe, 

https://online-journals.org/index.php/i-jim


	 242	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 10 (2025)

Zhao et al.

and Ie, and the time-dependent feature multidimensional vector is given by as. The 
GRU computational equations are formulated as follows:

	 cs = d (Qcas + Ic gs−1 + yc)	 (8)

	 es = d (Qeas + Ie gs−1 + ye)	 (9)

	 g Q a I e g y
s g s g s s g
� � � �

�
tanh( ( ) )

1
	 (10)

	 g c g c g
s s s s s
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�
( )1

1
 	 (11)

3.3	 Spatiotemporal correlation module

The dynamic energy consumption prediction dataset is both large and complex. 
Directly utilizing raw data presents challenges in computational efficiency and pro-
cessing power. Therefore, effective data processing techniques are required. In this 
study, the spatial region was divided into \ (a \times a\) subregions, and the shared 
average dynamic energy consumption prediction value was computed for each sub-
region. This approach reduces data dimensionality and enhances computational 
efficiency. For equipment located at the region’s boundary, an average latitude and 
longitude of the start and end positions was computed to assign the equipment to 
the appropriate subregion accurately. This ensures spatial data completeness and 
accuracy, thereby providing more reasonable input data for the spatiotemporal cor-
relation module. Figure 2 presents the spatiotemporal information map of mining 
equipment energy consumption.

Fig. 2. Spatiotemporal information map of mining equipment energy consumption

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 10 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 243

Dynamic Prediction and Optimization of Energy Consumption in Mining Equipment Using Mobile Computing Platforms

Specifically, the latitude of the starting and ending positions of mining equipment 
is denoted by LATSu and LATEu, respectively, while the longitude of these positions is 
represented by LNGSu and LNGEu. The processed coordinate of mining equipment u 
is represented by ROu. The latitude and longitude of mining equipment are denoted 
as LATu and LNGu, respectively. The coordinates of mining equipment in boundary 
regions are formulated as follows:

	 ROu = (LATu, LNGu)	 (12)

	 LAT
LATS LATE

u

u u�
�

2
	 (13)

	 LNG
LNGS LNGE

u

u u�
�

2
	 (14)

The spatiotemporal correlation module integrates GCN and GRU to extract deep 
spatiotemporal features of mining equipment energy consumption. First, GCN was 
utilized to capture spatial features, effectively capturing the spatial relationships 
between mining equipment and the distribution patterns of energy consumption. 
Next, GRU was used to process the GCN output matrix to extract temporal sequence 
features, thereby capturing variation patterns in energy consumption across differ-
ent time periods. Since features extracted from different time intervals exert varying 
influences on energy consumption fluctuations and potential anomalies, an atten-
tion mechanism was introduced in this study to assign different weights to each 
feature, emphasizing the impact of historical information on energy consumption 
prediction outcomes. Let rs denote the score value corresponding to the current 
state gs extracted by the GRU at time step s. The corresponding weight coefficient at 
time step s is denoted as xs. The final output o denotes the weighted representation 
of spatiotemporal features extracted at time step s. The computation is expressed 
as follows:
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3.4	 Feature fusion layer

The spatial correlation module, temporal correlation module, and spatiotempo-
ral correlation module each extract spatial and temporal features of mining equip-
ment using methods such as GCN and GRU. These extracted features exhibit distinct 
patterns and dependencies across different dimensions. To effectively integrate 
these complex features, a feature fusion layer was used to convert the extracted 
features from multiple modules into a one-dimensional tensor for further process-
ing. Through feature fusion, spatial, temporal, and spatiotemporal features were 
analyzed at the same hierarchical level, ensuring that the model comprehensively 
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considers the spatial relationships, temporal variations, and their interactions of 
equipment during the final prediction process.

The feature fusion layer further processes the integrated features through a fully 
connected layer, ultimately generating the final energy consumption prediction. 
To enhance the accuracy of experimental results, particularly in scenarios involv-
ing major incidents in mining equipment, a weighted L2 loss function was intro-
duced in this study. By assigning higher weights to severe incidents, this approach 
addressed the zero-inflation problem. In the dynamic energy consumption predic-
tion of mining equipment, major incidents often cause drastic fluctuations in energy 
consumption. However, such anomalies occur infrequently in datasets, leading to 
poor predictive accuracy for these critical events. The weighted L2 loss function 
increases the weight of these data points of serious accidents, ensuring that the 
model pays greater attention to crucial time periods during prediction.

Let B represent the true values, B denote the predicted values, V indicate the 
number of samples, and ju be the weight coefficient. To assign different weights to 
different features, the weighted L2 loss function introduced is formulated as follows:

	 LOSS B B
V

j B B
u v v

v

V

( , ) ( ) � ��1 	 (18)

4	 OPTIMIZATION STRATEGY

The dynamic prediction system enables real-time collection and analysis of min-
ing equipment energy consumption data, facilitating the identification of anomalies 
and high-energy consumption periods. Through in-depth analysis of the data, key 
factors affecting energy consumption—such as equipment usage frequency, envi-
ronmental conditions, and production scheduling—can be determined. Based on 
these factors, targeted optimization strategies can be formulated. For instance, pro-
duction scheduling and equipment operation times can be adjusted to prevent con-
centrated use of high-energy-consuming equipment during peak periods, thereby 
balancing energy loads and minimizing unnecessary energy waste. Additionally, 
by utilizing the prediction model, potential energy fluctuations and anomalies can 
be anticipated, allowing preemptive adjustments and optimizations to maximize 
energy efficiency.

Beyond real-time monitoring of energy consumption, the dynamic prediction sys-
tem also provides insights into equipment operational status and health conditions. 
Energy consumption data analysis facilitates the early detection of aging, wear, and 
potential faults, enabling timely maintenance and repairs to prevent energy surges 
caused by equipment failures. Furthermore, advanced energy-saving technologies 
and equipment upgrades—such as high-efficiency motors and variable frequency 
drives—can be introduced to enhance overall equipment energy efficiency. By 
integrating environmental dynamics, operational parameters can be optimized to 
ensure that mining equipment maintains optimal performance under varying envi-
ronmental conditions. These measures significantly reduce energy consumption, 
improve energy utilization efficiency, and promote green production and sustain-
able development. The specific implementation steps may include:

a)	 Data collection and analysis: The real-time prediction capabilities of the mobile 
computing platform were leveraged to continuously collect energy consumption 
data from mining equipment. These data were then integrated with production 
scheduling and environmental dynamics for comprehensive analysis.
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b)	 Anomaly detection and prediction: The spatiotemporal correlation module 
and time-series models were utilized to detect energy consumption anomalies in 
real time and predict future energy consumption trends, providing data-driven 
support for optimization decisions.

c)	 Optimized scheduling and operations: Based on the results of energy con-
sumption data analysis, production schedules and equipment operation times 
were adjusted to prevent concentrated usage of high-energy-consuming equip-
ment during peak periods, thereby balancing energy loads.

d)	 Equipment maintenance and upgrades: The aging, wear, and potential faults 
of equipment were identified to enable timely maintenance and upgrades. The 
adoption of high-efficiency, energy-saving equipment further enhanced opera-
tional efficiency.

e)	 Parameter optimization and technological improvements: By incorporating 
environmental dynamics, operational parameters were optimized to ensure that 
mining equipment maintains peak performance under varying environmental 
conditions. Advanced energy-saving technologies and equipment upgrades were 
also implemented.

f)	 Continuous monitoring and feedback: A continuous monitoring and feed-
back mechanism was established to enable the dynamic adjustment of the opti-
mization strategy, ensuring the long-term stability and effectiveness of energy 
consumption optimization.

By implementing these steps, mining equipment energy consumption can 
be effectively reduced, energy utilization efficiency can be improved, and green 
production and sustainable development can be achieved.

5	 EXPERIMENTAL RESULTS AND ANALYSIS

Table 1. Comparison of dynamic energy consumption monitoring performance of different  
models for mining equipment

Models
Training Set Testing Set

RMSE MAE Recall (%) RMSE MAE Recall (%)

SGC 7.56 4.32 58.6 9.12 5.24 55.6

MobileGCN 8.12 4.68 53.2 9.36 5.36 51.2

DwGCN 8.32 4.23 54.5 9.62 5.58 51.8

GLSTM 6.32 3.58 63.2 8.12 4.26 61.2

T-GCN 5.69 3.24 64.8 7.36 4.12 61.4

MixHop Graph Convolution 5.74 3.29 65.6 7.56 4.26 61.8

Edge-GCN 5.21 2.87 66.9 6.42 3.58 64.5

SparseGCN 4.56 2.69 68.5 6.12 3.26 65.9

Proposed model 4.12 2.25 72.3 5.69 3.15 67.8

Based on the experimental results presented in Table 1, the proposed model 
demonstrates superior performance in dynamic energy consumption monitoring for 
mining equipment compared to the baseline models. Specifically, for the training set, 
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the root mean square error (RMSE), mean absolute error (MAE), and recall achieved 
by the proposed model are 4.12, 2.25, and 72.3%, respectively. For the testing set, the 
corresponding values are 5.69, 3.15, and 67.8%. In contrast, other models exhibit 
higher RMSE values on the testing set. For instance, the simplified graph convolution 
(SGC) model produces an RMSE of 9.12, while MobileGCN yields 9.36. Although Edge-
GCN (6.42) and SparseGCN (6.12) perform relatively better, their RMSE values still 
remain higher than that of the proposed model. Additionally, in terms of MAE and 
recall, the proposed model consistently outperforms the alternatives. It achieves an 
MAE of 3.15 and a recall of 67.8%, which are significantly better than the 5.24 MAE 
and 55.6% recall of SGC, as well as the 5.58 MAE and 51.8% recall of DwGCN.

a) MAE and RMSE

b) Recall

Fig. 3. Results of the ablation experiment for the proposed model

Based on the ablation experiment results presented in Figure 3, performance 
degradation was observed when individual modules were removed from the pro-
posed model. In terms of MAE and RMSE, the complete model achieved an RMSE of 
4.0 and an MAE of 2.1. However, when different modules were removed, perfor-
mance declined to varying degrees. For instance, after removing the fully connected 
layer, RMSE increased to 5.1 and MAE rose to 3.2. When the L2 loss function was 
removed, RMSE reached 5.6 and MAE increased to 3.4. Eliminating the spatiotem-
poral correlation module resulted in a more substantial decline in performance, 
with RMSE increasing to 6.4 and MAE rising to 4.1. Removing the spatial correlation 
module and temporal correlation module led to a moderate decline in performance 
compared to the complete model, but their impact was relatively smaller than other 
components. The RMSE values for these cases were 4.5 and 4.7, while the MAE val-
ues were 2.62 and 2.9, respectively. For recall, the complete model achieved 72%, 
while the removal of different modules resulted in a general decline. After removing 

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 10 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 247

Dynamic Prediction and Optimization of Energy Consumption in Mining Equipment Using Mobile Computing Platforms

the fully connected layer, recall dropped to 62%, while removing the L2 loss func-
tion reduced it further to 61%. The most significant drop was observed after remov-
ing the spatiotemporal correlation module, which resulted in recall decreasing to 
55%. Removing the temporal correlation module caused recall to decrease to 66%, 
while removing the spatial correlation module reduced it to 67%. These results 
demonstrate the critical role of the spatiotemporal correlation module and the fully 
connected layer in model performance. Removing the spatiotemporal correlation 
module led to a significant increase in RMSE and MAE, highlighting the essential 
role of spatiotemporal feature integration in achieving precise energy consumption 
predictions. The removal of the fully connected layer also resulted in a noticeable 
decline in performance, indicating its importance in extracting high-order features. 
Although removing the L2 loss function had a considerable impact, it was still less 
pronounced compared to the effects of removing the spatiotemporal correlation 
module and the fully connected layer. Furthermore, while the removal of the spatial 
and temporal correlation modules had a relatively smaller impact on recall, perfor-
mance degradation was still observed. Notably, removing the temporal correlation 
module caused recall to drop by 6%.

Fig. 4. Performance of the model in dynamic energy consumption prediction for mining equipment  
under different numbers of hidden layer units

Based on the experimental results presented in Figure 4, the performance of the 
model in the dynamic energy consumption prediction task varies with the number 
of hidden layer units. For RMSE, when the number of hidden layer units is 32, the 
RMSE is 21.8, indicating poor performance. As the number of units increases to 64, 
the RMSE decreases to 8.4. Further increasing the number of hidden layer units to 
128 leads to an RMSE reduction to 4.2, achieving the best performance. However, 
when the hidden layer units are increased to 256, the RMSE rises again to 6.8, indi-
cating performance fluctuations. Regarding MAE, a similar trend is observed. As the 
number of hidden layer units increases, the MAE gradually decreases from 9.8 to 
4.8 and then to 2.1. However, at 256 units, the MAE slightly increases to 4.0. These 
results suggest that the lowest prediction error is achieved at 128 hidden layer units. 
Based on these findings, it can be concluded that increasing the number of hidden 
layer units effectively improves prediction performance, particularly at 128 units, 
where the model achieves the best RMSE and MAE performance. This indicates 
that, under this configuration, the model is capable of better capturing the underly-
ing patterns and features in the data. However, when the number of hidden layer 
units increases to 256, the rebound in model performance indicates that excessive  
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hidden layer units may lead to overfitting or a decrease in computational efficiency. 
Therefore, 128 hidden layer units appear to be the optimal choice for this task, ensur-
ing low error while preventing unnecessary computational resource consumption.

Figure 5 presents the scatter plots of energy consumption predictions for key min-
ing equipment, including both single-day predictions (Figure 5a) and single-week 
predictions (Figure 5b). Upon analyzing these plots, it is evident that most prediction 
points are closely clustered around the regression line, indicating that the predicted 
values are highly consistent with the actual values, thereby demonstrating high pre-
diction accuracy. Notably, in the single-week prediction plot, a greater number of 
points align with the regression line, suggesting that the model effectively captures 
variations in mining equipment energy consumption over extended time periods. 
These results further validate the effectiveness and accuracy of the spatiotemporal 
gated graph convolutional model in handling the dynamic energy consumption pre-
diction task for mining equipment.

Fig. 5. Example of scatter plots for energy consumption prediction of key mining equipment

6	 CONCLUSION

This study focused on the dynamic prediction and optimization of energy con-
sumption in mining equipment and proposed an innovative solution based on a 
spatiotemporal gated graph convolutional model. First, a method for utilizing mobile 
computing platforms to achieve real-time dynamic energy consumption prediction 
and optimization for mining equipment was presented. This approach provides 
intelligent support for energy efficiency management in mining equipment. Second, 
a spatiotemporal gated graph convolutional prediction model was designed and 
implemented. This model effectively captures spatiotemporal correlations in mining 
equipment energy consumption, thereby enhancing prediction accuracy and reli-
ability. Finally, an optimization strategy based on the output of the prediction model 
was explored, offering new approaches and methodologies for equipment schedul-
ing and energy efficiency improvement. The experimental results demonstrate that 
the proposed model outperforms baseline models in the task of mining equipment 
energy consumption prediction. In comparative experiments, the model achieves 
superior performance in RMSE, MAE, and recall metrics. Additionally, ablation stud-
ies confirm that the inclusion of the spatiotemporal correlation module and the fully 
connected layer is critical to improving prediction accuracy. Furthermore, the scatter 
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plot experiments further validate the model’s effectiveness in practical applications, 
as most predicted points align closely with the regression line, reflecting high predic-
tion accuracy. These findings confirm the practicality and accuracy of the proposed 
model in dynamic energy consumption prediction for mining equipment.

Despite improvements in prediction accuracy and optimization, this study has 
some limitations. While the model performs well on training and testing sets, its 
generalization in complex environments remains unverified. Additionally, it focuses 
on energy consumption prediction but lacks extensive exploration of real-time 
data integration for dynamic optimization, especially in large-scale mining. Future 
research should enhance the model’s generalization, explore its integration with 
real-time scheduling for better energy management, and optimize computational 
efficiency to ensure practicality and scalability in industrial applications.

7	 REFERENCES

	 [1]	 P. A. Filippov and A. M. Freidin, “Development of ore metal provision for metallurgy 
industry in West Siberia,” Journal of Mining Science, vol. 48, pp. 700–708, 2012. https://
doi.org/10.1134/S1062739148040156

	 [2]	 B. Kekeç, N. Bilim, and D. Ghiloufi, “An insight on the impact of COVID-19 on the global 
and Turkish mining industry,” Work, vol. 72, no. 4, pp. 1163–1174, 2022. https://doi.
org/10.3233/WOR-220037

	 [3]	 K. Krzysztof and P. M. Piotr, “Methods of mechanical mining of compact-rock—a com-
parison of efficiency and energy consumption,” Energies, vol. 12, no. 18, p. 3562, 2019. 
https://doi.org/10.3390/en12183562

	 [4]	 C. F. J. Kuo, C. H. Lin, and M. H. Lee, “Analyze the energy consumption characteristics and 
affecting factors of Taiwan’s convenience stores-using the big data mining approach,” 
Energy and Buildings, vol. 168, no. 1, pp. 120–136, 2018. https://doi.org/10.1016/ 
j.enbuild.2018.03.021

	 [5]	 A. Soofastaei, S. M. Aminossadati, M. M. Arefi, and M. S. Kizil, “Development of a multi-
layer perceptron artificial neural network model to determine haul trucks energy 
consumption,” International Journal of Mining Science and Technology, vol. 26, no. 2, 
pp. 285–293, 2016. https://doi.org/10.1016/j.ijmst.2015.12.015

	 [6]	 S. Iram et al., “An innovative machine learning technique for the prediction of weather 
based smart home energy consumption,” IEEE Access, vol. 11, pp. 76300–76320, 2023. 
https://doi.org/10.1109/ACCESS.2023.3287145

	 [7]	 S. Maftah, M. El Ghmary, H. El Bouabidi, M. Amnai, and A. Ouacha, “Optimal task 
processing and energy consumption using intelligent offloading in mobile edge com-
puting,” International Journal of Interactive Mobile Technologies (iJIM), vol. 16, no. 20, 
pp. 130–142, 2022. https://doi.org/10.3991/ijim.v16i20.34373

	 [8]	 H. Y. Abuaddous, A. M. Saleh, O. Enaizan, F. M. Ghabban, and A. B. Al-Badareen, 
“Automated User Experience (UX) testing for mobile application: Strengths and lim-
itations,” International Journal of Interactive Mobile Technologies (iJIM), vol. 16, no. 4, 
pp. 30–45, 2022. https://doi.org/10.3991/ijim.v16i04.26471

	 [9]	 S. S. Hashmi, A. M. Abdul, A. A. K. Mohammad, C. Atheeq, and R. Chinapaga, “Advancing 
secure mobile cloud computing: A Chaotic Maps-based password key agreement 
protocol,” Ingénierie des Systèmes d’Information, vol. 28, no. 6, pp. 1669–1678, 2023.  
https://doi.org/10.18280/isi.280625

	[10]	 H. Tunga, S. Kar, and D. Giri, “Intrinsic profit maximization of the offloading tasks for 
mobile edge computing with fixed memory capacities and low latency constraints using 
ant colony optimization,” Mathematical Modelling of Engineering Problems, vol. 9, no. 3, 
pp. 668–674, 2022. https://doi.org/10.18280/mmep.090313

https://online-journals.org/index.php/i-jim
https://doi.org/10.1134/S1062739148040156
https://doi.org/10.1134/S1062739148040156
https://doi.org/10.3233/WOR-220037
https://doi.org/10.3233/WOR-220037
https://doi.org/10.3390/en12183562
https://doi.org/10.1016/j.enbuild.2018.03.021
https://doi.org/10.1016/j.enbuild.2018.03.021
https://doi.org/10.1016/j.ijmst.2015.12.015
https://doi.org/10.1109/ACCESS.2023.3287145
https://doi.org/10.3991/ijim.v16i20.34373
https://doi.org/10.3991/ijim.v16i04.26471
https://doi.org/10.18280/isi.280625
https://doi.org/10.18280/mmep.090313


	 250	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 10 (2025)

Zhao et al.

	[11]	 Z. Guo, X. Ren, and F. Ren, “Better realization of mobile cloud computing using mobile 
network computers,” Wireless Personal Communications, vol. 111, pp. 1805–1819, 2020. 
https://doi.org/10.1007/s11277-019-06958-y

	[12]	 N. Pissinou, K. Makki, and B. Konig-Ries, “Mobile users in heterogeneous environments 
with middleware platform,” Computer Communications, vol. 26, no. 7, pp. 700–707,  
2003. https://doi.org/10.1016/S0140-3664(02)00203-7

	[13]	 P. Hosseini, N. Gharib, J. F. Derakhshandeh, and P. Radziszewski, “Exploring an 
energy-based model in comminution,” ASME. J. Tribol., vol. 144, no. 4, p. 041201, 2021. 
https://doi.org/10.1115/1.4052780

	[14]	 G. Santelices, R. Pascual, A. Lüer-Villagra, A. Mac Cawley, and D. Galar, “Integrating 
mining loading and hauling equipment selection and replacement decisions using 
stochastic linear programming,” International Journal of Mining, Reclamation and 
Environment, vol. 31, no. 1, pp. 52–65, 2017. https://doi.org/10.1080/17480930.
2015.1115589

	[15]	 E. Angeles et al., “Quantification of relationship between greenhouse gas emissions and 
equipment management in mineral industries,” Process Integration and Optimization for 
Sustainability, vol. 6, pp. 669–679, 2022. https://doi.org/10.1007/s41660-022-00239-1

	[16]	 Y. Amerlinck, W. De Keyser, G. Urchegui, and I. Nopens, “A realistic dynamic blower 
energy consumption model for wastewater applications,” Water Science and Technology, 
vol. 74, no. 7, pp. 1561–1576, 2016. https://doi.org/10.2166/wst.2016.360

	[17]	 T. Bouguera, J. F. Diouris, J. J. Chaillout, R. Jaouadi, and G. Andrieux, “Energy consump-
tion model for sensor nodes based on LoRa and LoRaWAN,” Sensors, vol. 18, no. 7,  
p. 2104, 2018. https://doi.org/10.3390/s18072104

	[18]	 J. Pablo Mora, J. Samper, and C. F. Rodriguez, “Estudio de la optimización bayesiana 
para reducir el consumo energético de un robot paralelo durante tareas pick and place,” 
Revista Iberoamericana de Automatica e Informatica Industrial, vol. 20, no. 1, pp. 1–12, 
2023. https://doi.org/10.4995/riai.2022.16724

8	 AUTHORS

Tongsheng Zhao is currently employed at Power China Road Bridge Group Co., 
Ltd. (E-mail: zhaots@powerchina.cn).

Zhiguo Ma is currently employed at Power China Road Bridge Group Co., Ltd. 
(E-mail: 804842495@qq.com).

Xiaodong Sun is currently employed at Power China Road Bridge Group Co., Ltd. 
(E-mail: 807332678@qq.com).

Qiong Yan is currently employed at Power China Road Bridge Group Co., Ltd. 
(E-mail: 403558346@qq.com).

Depeng Wang graduated from Hebei Agricultural University with a Bachelor’s 
degree in Engineering. His research focuses on the application of intelligent con-
struction equipment (E-mail: enjoynow123@163.com).

https://online-journals.org/index.php/i-jim
https://doi.org/10.1007/s11277-019-06958-y
https://doi.org/10.1016/S0140-3664(02)00203-7
https://doi.org/10.1115/1.4052780
https://doi.org/10.1080/17480930.2015.1115589
https://doi.org/10.1080/17480930.2015.1115589
https://doi.org/10.1007/s41660-022-00239-1
https://doi.org/10.2166/wst.2016.360
https://doi.org/10.3390/s18072104
https://doi.org/10.4995/riai.2022.16724
mailto:zhaots@powerchina.cn
mailto:804842495@qq.com
mailto:807332678@qq.com
mailto:403558346@qq.com
mailto:enjoynow123@163.com

