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[bookmark: OLE_LINK13][bookmark: OLE_LINK14]Introduction
In RAN1 Meeting #102e [1], some potential enhancements for NR positioning were discussed and many agreements were reached. In this contribution, we present our views on some new techniques for NR positioning.
Background
[bookmark: Pro2]3GPP Rel-16 specified various positioning techniques to support regulatory as well as commercial use cases. The target horizontal positioning requirements for commercial use cases studied in Rel-16 were <3 m (80%) for indoor scenarios and <10 m (80%) for outdoor scenarios. While in Rel-17, RAN1 needs to study the potential enhancement of NR positioning for more stringent requirements (such as <0.2m (90%), <100ms positioning latency, high efficiency, etc.) in the IIoT and commercial use cases. In this section, some considerations are proposed about those requirements. 
Rel-16 positioning techniques 
There are many RAT-dependent positioning techniques were introduced in Rel-16, such as DL-TDOA, UL-TDOA, DL-AOD, UL-AOA, and multi-RTT techniques. 
In the last RAN1 meeting, the baseline evaluation scenarios have been achieved. And we evaluated the accuracy, latency, network efficiency, and device efficiency in [2] based on those agreements. The evaluation results and the performance gap with respect to Rel-17 requirements are identified and summarized in Table 1.
[bookmark: _Ref47001688][bookmark: _Ref47001681]Table 1 The evaluation results of accuracy, latency, network efficiency, and device efficiency in [2]
	
	
	Requirement target
	Achieved target in [2]
	Performance gap

	Accuracy
(Horizontal) 
	SH baseline
	<0.2m @90%
	0.094m@ 90%
(Case E9 in [2])
	

	
	DH
	baseline
	<0.2m 90%
	0.17@90%
(Case E13 in [2])
	

	
	
	{60%,6m, 2m}
	<0.2m 90%
	18.71m@90%
(Case 9 in [2])
	21m

	Accuracy
(Horizontal)

	SH, sync error 50ns
	<0.2m 90%
	25.67@90%
(Case E10 in [2])
	25m

	
	DH, sync error 50ns
	<0.2m 90%
	19.69@90%
(Case E14 in [2])
	19m



[bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: _Hlk47108721]Based on our evaluation results in Table 1, it can be seen that the accuracy requirements can be achieved except the NLOS scenario of DH ({60%,6m, 2m}). There is no needed to introduce new technology to improve accuracy for baseline scenarios (i.e. the LOS scenario). But the user experience and achievability are bad in the NLOS scenario and the scenario with sync error. So, for accuracy target, enhancement may be needed for the NLOS scenario and the scenario with sync error in Rel-17.
Observation 1: 
· The accuracy requirements (0.2m@90%) can be met in the baseline scenario with Rel-16 technologies and some implementation algorithms.
Observation 2: 
· The accuracy requirements (0.2m@90%) can not be met in the NLOS scenario ({60%,6m, 2m} in DH) with Rel-16 technologies.
Observation 3: 
· The accuracy requirements (0.2m@90%) can not be met with sync errors for Rel-16 technologies.
Proposal 1: 
· The enhancements to improve positioning accuracy are needed for the NLOS scenario.
· The enhancements to improve positioning accuracy are needed for the scenario with sync errors 
New techniques for improving the accuracy in NLOS
As we showed in our companion contribution [2], the accuracy can hardly meet the requirement with the existing positioning techniques in some NLOS scenarios (e.g, {60%, 6m, 2m} of InF-DH). The problem is that when in scenarios of almost NLOS conditions, severe timing or angle measurement errors are introduced, which leads to inaccurate location estimation for Rel-16 positioning techniques. As shown in Figure 1, it is observed that positioning performance in such scenario ({0.6,6,2}) is much worse than baseline scenario. The positioning performance is severely impacted by NLOS even with large bandwidth. So it is necessary to improve the accuracy in those NLOS scenario. 
[image: ]
[bookmark: _Ref52530788]Figure 1 Performance with DL-TDOA in baseline and optional scenario for FR1
Table 2 Evaluation results (m) with DL-TDOA in baseline and optional scenario for FR1
	
	
	50%
	67%
	80%
	90%

	FR1
	DH {0.4, 2, 2}
(Case E13 in [2])
	0.056
	0.075
	0.11
	0.17

	
	DH {0.6, 6, 2}
(Case 9 in [2])
	6.13
	7.76
	13.38
	18.71



NLOS is a difficulty to resolve for positioning. But it may be improved in IIoT considering the environment is fixed, and the factory is not sensitive to cost. In this section, two technologies are proposed to improve positioning accuracy in NLOS, differential positioning technique and machine learning
Differential positioning technique
In GNSS field, it is common to correct the errors and provide high accuracy positioning services based on the reference station. So, it is natural for us to consider the same idea to eliminate NLOS errors because of the clutter in the factory.
In an industrial factory, the NLOS of UEs in the adjacent area can be assumed to be similar. The measurement results of the reference points can be used to calculate the NLOS error or other measurement error by comparing its’ real location with the estimated location, then the NLOS error or other measurement error can be provided to the nearby UEs to compensate for the error accordingly. The differential positioning can also be used with Rel-16 positioning techniques to improve positioning accuracy. 
It is worth noting that the spatial consistency model is also an optional scenario for positioning evaluation. The channel and RSTD are spatially consistent. So we can simulate and compare the performance between differential positioning technique and R16 technology in that scenario. 
The simulation procedure as below:
Step 1: Randomly scatter 540 UEs in DH with the spatial consistency model;
Step 2:  Randomly select a half UE as the reference point;
Step 3: Calculate the measurement result and error of the reference point;
Step 4: Map the  of a UE to one or multiple reference point based on the Euclidean distance of RSTD vector;
Step5: Modify the measurement result of UE based on the reference point,that is   
Step 6: Compare the positioning result error based on  and .
And the simulation results are summarized in below:
[image: ]
Figure 2 Simulation results (m) with differential positioning and DL-TDOA in DH scenario for FR1
Table 3 Simulation results (m) with differential positioning and DL-TDOA in DH scenario for FR1
	Scenario 
	technique
	50%
	67%
	80%
	90%

	FR1, DH {0.6,6,2}
	Differential positioning
	2.65
	3.83
	4.67
	7.29

	
	DL-TDOA
(Case 9 in [2])
	6.13
	7.76
	13.38
	18.71



Based on the above simulation results, it is observed that the positioning accuracy can be improved by the differential positioning. It is worth noting that the performance of differential positioning can be further improved by the amount of reference points.
Proposal 2: 
· The differential positioning can be studied as potential positioning techniques for the NLOS scenario.
· Considering combining differential positioning with Rel-16 positioning techniques to improve the positioning accuracy
Machine learning positioning technique
Machine learning has been used in many domains recently, such as artificial intelligence, pattern recognition, and so on. Machine learning is good at mine useful information or extracts useful features from a lot of data, whose information or features are hard to extract by traditional statistical methods. If machine learning is used in positioning, more features about the location may be extracted by training in advance with a large number of data, which is helpful to improve the positioning accuracy in NLOS conditions.
As everyone knows, the first peak timing in the channel impulse response is the delay of signals propagates through the LOS path. While it is inaccurate in the NLOS scenario. However, we think the channel impulse response may have a similar feature when UEs are in the adjacent area even though under the NLOS conditions or other multipath situations. So, a machine learning model based on channel impulse response can be used to improve positioning accuracy.
The machine learning model is trained by training data collected in advance. And the most important problem in machine learning positioning is data processing. In fact, there are already many mature machine learning models whose performance has been verified, such as Googlenet, Resnet. Therefore, it can be used to train a positioning model in advance. 
Finally, the simulation result with machine learning and DL-TDOA is shown in Figure 3. 
[image: ]
[bookmark: _Ref52530842]Figure 3  Simulation Evaluation results (m) with machine learning and DL-TDOA in DH scenario for FR1
Table 4 Simulation results (m) with machine learning and DL-TDOA in DH scenario for FR1
	Scenario 
	technique
	50%
	67%
	80%
	90%

	FR1, DH {0.6,6,2}
	Machine learning
	2.49
	3.05
	3.64
	4.603

	
	DL-TDOA
(Case 10 in [2])
	6.49
	10.35
	15.33
	24.59


It is noted that the performance of machine learning has a big space to improve. The performance of machine learning can increase with the amount of train data, different machine learning models, and the channel model.  Although much optimization has not been conducted, the performance of machine learning has a lot of improvement compared to DL-TDOA based on the above simulation result. Therefore, we propose
Proposal 3: 
· Machine learning techniques can be studied as potential positioning techniques for the NLOS scenario in Rel-17.
New techniques for reducing Rx/Tx errors and synchronization error
Reducing Rx/Tx errors and synchronization error by differential positioning technique

In GNSS field, it is common to correct the errors and provide high accuracy positioning services based on the reference station. So, it is natural for us to consider the same idea to eliminate sync error and Rx/Tx Transmission delays.
In an industrial factory, the sync error and Rx/Tx Transmission delays of TRPs are the same in an industrial factory within a certain time. The measurement results of the reference points can be used to calculate the sync error and Rx/Tx Transmission delays of TRPs by comparing its’ real location with the estimated location, then the sync error and Rx/Tx Transmission delays of TRPs can be provided to the other UEs to compensate for the error accordingly. Besides, the differential positioning can also be used with Rel-16 positioning techniques to improve positioning accuracy. 
The estimation accuracy of sync error is listed as below, where the pink line is the real sync error (which is  the sync error of case 2 in [2]) or Rx/Tx timing error  (which is Rx/Tx timing error of caseE75 in [2]) of positioning TRP for all UEs, the blue line is the sync error which is estimated by differential positioning, and the green line is the error of estimation. it is observed that the sync error is reduced from 78.9 ns to 0.42ns and the Rx/Tx Timing error is reduced from 9.11 ns to 0.44ns for 90% positioning TRP of all UE by differential positioning.
[image: ]
Figure 4 sync error estimation accuracy with differential positioning 
Table 5 Accuracy of sync error estimation results (ns) with differential positioning in SH 
	
	
	Source
	50%
	67%
	80%
	90%

	FR1
	SH
Convex UE
	real sync error (case 2 in [2])
	34.57
	42.34
	50.45
	78.9

	
	
	detect sync error
	34.64
	43.01
	51.54
	79.2

	
	
	accuracy of sync error estimation
	0.12
	0.17
	0.23
	0.42



[image: ]
Figure 5 Rx/Tx Timing error accuracy with differential positioning
Table 6 Accuracy of Rx/Tx timing error estimation results (ns) with differential positioning in SH 
	
	
	Source
	50%
	67%
	80%
	90%

	FR1
	SH
Convex UE
	real Rx/Tx timing error (case E75 in [2])
	3.03
	5.07
	7.08
	9.11

	
	
	detect Rx/Tx timing error
	3.15
	5.12
	7.26
	9.23

	
	
	accuracy of Rx/Tx timing error estimation
	0.15
	0.21
	0.29
	0.44


Observation 4: 
· Sync error and Rx/Tx Timing error can be reduced by differential positioning technique.
Proposal 4: 
· The differential positioning technique can be studied as the method for improving the accuracy in the presence of Rx/Tx transmission delays and sync error.

Reducing the impact of Rx/Tx timing errors and synchronization error by machine learning

The machine learning model is trained by training data collected in advance. And, logically, machine learning is used to eliminate the Rx/Tx errors and synchronization error as it is good at mine useful information or extracts useful features from a lot of data.
Finally, the simulation result with machine learning and DL-TDOA with perfect sync and sync error 50ns is shown in below. 
[image: ]
Figure 6 Accuracy(m) with machine learning and DL-TDOA in DH scenario for FR1
Table 7 Accuracy(m) with machine learning and DL-TDOA in DH scenario for FR1 
	
	Source
	50%
	67%
	80%
	90%

	FR1 DH {0.6,6,2}
	Machine learning perfect sync
	2.49
	3.05
	3.64
	4.60

	
	Machine learning sync error 50ns
	2.24
	2.99
	3.68
	5.12




The simulation results with machine learning and DL-TDOA with perfect sync and sync error 50ns show that the sync error has little impact on accuracy with machine learning techniques. And the Rx/Tx timing error can be seen as a kind of sync error, therefore, similar as the sync error, the Rx/Tx timing error also has little impact on accuracy with machine learning techniques. In other words, machine learning technique can be used for improving positioning accuracy in the presence of the sync error and the Rx/Tx timing error.
Observation 5: 
· The impact of sync error and Rx/Tx Timing error can be reduced if using machine learning technique for positioning.
Proposal 5: 
· The machine learning technique can be studied as the method for improving the accuracy in the presence of Rx/Tx transmission delays and sync error.
Conclusion
In this contribution, we discuss new techniques for NR positioning with the following observations and proposals.
Observation 1: 
· The accuracy requirements (0.2m@90%) can be met in the baseline scenario with Rel-16 technologies and some implementation algorithms.
Observation 2: 
· The accuracy requirements (0.2m@90%) can not be met in the NLOS scenario ({60%,6m, 2m} in DH) with Rel-16 technologies.
Observation 3: 
· The accuracy requirements (0.2m@90%) can not be met with sync errors for Rel-16 technologies.
Observation 4: 
· Sync error and Rx/Tx Timing error can be reduced by differential positioning technique.
Observation 5: 
· The impact of sync error and Rx/Tx Timing error can be reduced if using machine learning technique for positioning.
Proposal 1: 
· The enhancements to improve positioning accuracy are needed for the NLOS scenario.
· The enhancements to improve positioning accuracy are needed for the scenario with sync errors 
Proposal 2: 
· The differential positioning can be studied as potential positioning techniques for the NLOS scenario.
· Considering combining differential positioning with Rel-16 positioning techniques to improve the positioning accuracy
Proposal 3: 
· Machine learning techniques can be studied as potential positioning techniques for the NLOS scenario in Rel-17.
Proposal 4: 
· The differential positioning technique can be studied as the method for improving the accuracy in the presence of Rx/Tx transmission delays and sync error.
Proposal 5: 
· The machine learning technique can be studied as the method for improving the accuracy in the presence of Rx/Tx transmission delays and sync error.
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