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Introduction

Application of artificial intelligence (AI) algorithms including machine learning (ML) algorithms in communication networks has drawn a lot of interest in recent research. Considering that 5G network will become more stable after the completion of Rel-16,  the use cases of AI for 5G network can be initially discussed in Rel-17. 

A new SI named as Study on data collection further enhancement [1] is proposed for this RAN#88 e-meeting after the pre-meeting email discussion over RAN reflector. All potential use cases and examples could be discussed to identify the AI enabling features after this SI is approved. Here we share an example use case:  the Artificial Intelligence based Energy Saving.
Discussion
With the explosion of the number of the base stations and the vast expansion of energy consumption, it is critical to develop the energy-saving technology. Cell activation/deactivation is one of the energe saving(ES) methods in the spatial domain that exploits the traffic offloading in a layered structure to reduce the energy consumption of the whole radio access network (RAN). When the traffic volume predicted is lower than the fixed threshold, the cells will be switched off and the UEs may be offloaded to the new target cell. ML algorithms can be used to train the relevant model and predict the state of the next period, specially the traffic load, with the historical data from RAN.

Load prediction based on ML algorithms
ML algorithms including Arima, Prophet, Random forest (RF), Long short-term memory (LSTM) and Ensemble learning are selected as the load prediction models. The models exploit the historical loads and current load to predict the future loads, so that in this case, historical traffic load are taken into consideration when constructing and training the  ML model. The simulation results of the load prediction is based on the physical resource block (PRB) utilization, the load prediction in one cell in one day shown in the Figure 1.
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Figure 1: Comparison of the load prediction using different ML algorithms

The comparison and analysis of the ML algorithms mentioned above are listed in Table 1. We can see each ML methods has their own merits, i.e. ensemble learning gets the high accuracy, and the Arima/ Prophet achieve the fast speed of the inference. Low complexity denotes the deployment model size is small. According to the Table 1, the suitable load prediction algorithms could be selected to deal with the various RAT or different application scenarios.
Table 1 The comparison and analysis of different prediction algorithms

	 ML Algorithms
	Accuracy 
	Speed 
	Complexity

	Arima
	Medium
	Fast
	Low

	Prophet
	Medium
	Fast
	Low

	LSTM
	High
	Slow
	High

	Random Forest
	High
	Slow
	High

	Ensemble Learning 
	High
	Extremely slow
	High


Observation 1: ML algorithms will predict the future loads using the historical load, which helps to cell activation/deactivation for ES.  To keep a good balance between system performance, as well as user satisfaction and energy efficiency, the suitable load prediction algorithms could be selected to deal with the various RAT or different application scenarios.

Analysis on the AI based ES performance 

We evaluate the application of ML techniques with real scenarios. There are 1089 cells and 328 BSs in the test area. The switch-off strategies used in the BSs include symbol switch-off, channel switch-off and carrier switch-off. After the AI energy saving is enabled, due to the dynamic calculation and adjustment strategy of each cell, the switch-off duration per cell per day is significantly improved compared to the conventional energy saving methods, as shown in Figure 2.

[image: image2.png]Carrier+Symbol

Carrier

Channel+Symbol

Channel

Symbol Switch-off duration

Carrier Switch-off duration

Carrier Switch-off duration

1

7
Symbol Switch-off duration 235 6.48
Channel Switch-off duration 0 6.78
Channel Switch-off duration r 6.11
0 1 2 3 4 5 6 7

I Al Energy Saving per cell per day M Conventional Energy Saving per cell per day





Figure 2: Statistics of the Switch-off Duration (Hours)
From the results in Table 2, we can see that maximum percentage increase is 176%, and the minimum is 91%. It is obvious that if we use the AI algorithms in the energy saving scheme, the switch-off duration of each switch-off strategy increase by over 90%.

Table 2 Statistics of the Switch-off Duration

	Switch-off Strategy
	Switch-off Duration per cell (Hours)
	Percentage Increase

	
	Conventional ES
	AI ES
	

	Carrier
	154.85
	420.47
	172%

	Carrier+Symbol
	Carrier
	144.59
	372.51
	157%

	
	Symbol
	53.92
	116.48
	116%

	Channel
	14169.49
	27082.29
	91%

	Channel+Symbol
	Channel
	8032.77
	15513.90
	98%

	
	Symbol
	5736.99
	14833.61
	176%


As expected, AI energy saving predicts load accurately and switch off the cell in time to achieve the better performance on energy saving. In addition, the actual energy saving of each cell per day is also significantly increased. Figure 3 shows that the power saving used AI could reach up to 1.24 
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, and no matter what switch-off strategy used, AI based ES shows the best results for power saving. 
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Figure 3: Statistics of the energy consumption (
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Table 3 shows the power consumption and electricity saving of the different kinds of ES methods. We can see that the power consumption is totally 25, 988 
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 every week if ES method is not used, and the power consumption of AI ES is the least, which is 22, 304 
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every week. Electricity saving of AI ES all increases more than the conventional ES, and is totally increased by 2, 223 RMB every week.
Table 3 Statistics of energy saving benefits
	Switch-off

Strategy
	Power Consumption (
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/Week)
	Electricity Saving (RMB/Week)

	
	No ES
	Conventional ES
	AI ES
	Conventional ES
	AI ES
	Increase

	Carrier
	382
	377
	364
	5
	18
	13

	Carrier+Symbol
	366
	344
	305
	22
	61
	39

	Channel
	16853
	16265
	15872
	588
	981
	393

	Channel+Symbol
	8387
	7541
	6555
	846
	1832
	986

	Total
	25988
	24527
	22304
	1461
	3684
	2223


In addition,  Figure 4 shows that when AI energy-saving scheme is deployed, the various basic indicators of the network, such as the handover success rate, radio resource control (RRC) establish success rate, connection rate, evolved radio access bearer (E-RAB) establish success rate, RRC re-establish rate and drop rate, are steady and not affected. Therefore, the AI ES achieves satisfying performance with little impact on network KPIs.
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Figure 4: Basic performance indicator

Observation 2: Compared with the conventional ES,  AI based ES achieves great performance on energy saving under little influence on network KPIs. Intelligent ES keeps the balance between the system performance and energy efficiency, as well as reducing the power consumption.

Based on all the simulations and analysis given above, compared with the conventional ES, AI based ES shows better performance, less impact on system KPIs. Therefore we propose to further study on the AI based ES, i.e. load prediction, the input and output data for this use case and the impact on the current NG-RAN structure and interfaces need to be investigated.
Proposal: AI based ES can bring lots of benefits to improve the energy efficiency under little influence on KPIs. Further study on the AI based ES is needed. How to specify it within 3GPP scope needs to be investigated.
Conclusion
It is proposed to approve and discuss the following observations and proposal:
Observation 1: ML algorithms will predict the future loads using the historical load, which helps to cell activation/deactivation for ES.  To keep a good balance between system performance, as well as user satisfaction and energy efficiency, the suitable load prediction algorithms could be selected to deal with the various RAT or different application scenarios.

Observation 2: Compared with the conventional ES,  AI based ES achieves great performance on energy saving under little influence on network KPIs. Intelligent ES keeps the balance between the system performance and energy efficiency, as well as reducing the power consumption.
Proposal: AI based ES can bring lots of benefits to improve the energy efficiency under little influence on KPIs. Further study on the AI based ES is needed. How to specify it within 3GPP scope needs to be investigated.
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