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Abstract. The popularity of mobile terminals has brought convenience to peo-

ple's lives, but in some important areas and critical places, the illegal use of mo-

bile terminals will introduce the problem of sensitive information leakage, for the 

security and confidentiality risk of such scenes. This paper proposes an indoor 

mobile terminal high-precision grid positioning algorithm based on the Received 

Signal Strength Indicator (RSSI). Firstly, by mining the uplink signal protocol 

characteristics of mobile communication, the correlation of the demodulation ref-

erence signal (Demodulation Reference) is used to accurately extract the target 

user data, and the interference from non-target radiation sources is effectively 

excluded. Secondly, an efficient grid positioning strategy is proposed, which di-

vides the complex indoor environment into multiple fine grids and constructs a 

probabilistic model based on RSSI data to achieve the target location estimation. 

Finally, an indoor mobile terminal positioning prototype system for mobile com-

munication control scenarios is built based on the self-developed receiver board. 

Experiments show that the method in this paper is an effective and feasible solu-

tion for indoor mobile terminal positioning in mobile communication control sce-

narios and improves the ability to protect electromagnetic security in confidential 

and critical areas. 

Keywords: Indoor location, Received signal strength indicator, Demodulation 

reference signal, Terminal management and control. 

1 Introduction 

With the large-scale deployment of mobile communication technologies, network and 

information security face increasingly serious risks and challenges [1]. In critical infra-

structures and sensitive areas, unauthorized terminal access has become a major source 

of information leakage, posing significant hidden dangers to information security pro-

tection. Therefore, strengthening mobile terminals' security management and location 

monitoring has become a core requirement for building a network security protection 

system. 



 

Currently, technologies for locating mobile terminals based on wireless signals in-

clude range-based [2] and range-free [3] methods, each with its own advantages and 

limitations. The RSSI positioning algorithm based on ranging is a common indoor po-

sitioning technology that calculates the distance between the transmitting and receiving 

nodes according to the attenuation characteristics of the signal during indoor propaga-

tion, thus achieving localization [4]. However, due to the openness of wireless channels, 

they are susceptible to environmental factors such as multipath effects and obstacle 

occlusion, which impose high demands on the accurate measurement of wireless signal 

strength. Range-based positioning algorithms, such as Time of Arrival (TOA) and Time 

Difference of Arrival (TDOA) [5], calculate the distance between the transmitting node 

and the receiving node by utilizing the propagation time of signals indoors [6]. Alt-

hough these methods theoretically offer higher positioning accuracy, they require de-

vices with high-precision timing capabilities, which are difficult to achieve in indoor 

environments. Another range-based algorithm, the Angle of Arrival (AOA) [7], deter-

mines location by measuring the direction of signal propagation. However, this method 

requires hardware equipment capable of measuring angles, resulting in higher costs. 

The range-free fingerprint-matching localization algorithm achieves positioning by 

building a wireless signal fingerprint database and leveraging the characteristic match-

ing of signals at different locations. When the quality of signals is stable, fingerprint-

matching localization technology can provide more consistent and reliable positioning 

results compared to other methods. However, constructing a fingerprint database re-

quires extensive preliminary work, including collecting, storing, and processing data 

for each location point. This process not only consumes significant time and cost, but 

also demands specialized equipment and technical support. Additionally, fingerprint-

matching localization technology is highly sensitive to environmental changes, such as 

alterations in furniture arrangement or human movement, which can lead to significant 

variations in fingerprint data and impact positioning accuracy. Moreover, due to differ-

ences in hardware performance and signal reception capabilities between various 

brands and models, introducing heterogeneity in positioning devices, it is challenging 

to achieve high-precision indoor localization. Given the specific requirements of mo-

bile communication control scenarios, there is an urgent need for an indoor mobile ter-

minal positioning solution that is simple to implement, cost-effective, and highly com-

patible. This paper utilizes RSSI ranging technology, which is straightforward to im-

plement and involves relatively low complexity in setting up RSSI reception and meas-

urement systems. 

In practical applications, the complex and dynamic nature of indoor environments 

often results in data being sourced from multiple origins. This multiplicity and com-

plexity of data impose more stringent demands on the stability and accuracy of posi-

tioning algorithms. To address the aforementioned challenges, this paper delves into 

the New Radio (NR) mobile communication protocol and proposes a power measure-

ment optimization method based on demodulation reference signals in the control sce-

narios, to accurately acquire data from target mobile terminals. We use the dedicated 

network base station to induce mobile terminals to reselect the designed cell and use 

the monitoring station to detect terminal signals and measure uplink signal power. Ul-

timately, terminal location estimation is achieved through distributed multi-station 



 

 

 

2025 International Conference on Intelligent Computing 

July 26-29, Ningbo, China 

https://www.ic-icc.cn/2025/index.php 

 

positioning technology. To validate the effectiveness of the positioning technology and 

algorithm proposed in this paper, a positioning prototype system was constructed and 

tested. This system meets the practical requirements of mobile communication control 

scenarios and achieves a significant breakthrough in addressing the challenge of high-

precision positioning in complex indoor environments. The main contributions of this 

paper are as follows: 

─ We propose a power measurement optimization method based on NR demodulation 

reference signals for control scenarios, achieving precise capture of data from target 

mobile terminals. 

─ We develop an RSSI-based grid positioning algorithm characterized by low com-

plexity, strong environmental adaptability, and robust anti-interference capabilities, 

meeting real-time processing requirements. Additionally, the self-built positioning 

system is cost-effective and easy to deploy. 

2 System Model 

This paper focuses on mobile communication control scenarios and accomplishes 

power measurement of target terminals with the assistance of dedicated network base 

stations. The system comprises the following components: 1) Dedicated network base 

station. It is used to induce intelligent terminals to transmit specific uplink signals. 2) 

User equipment (UE). The target UE is to be located. 3) Monitoring nodes. These are 

receiving nodes for uplink signals. These nodes are typically distributed in numbers no 

fewer than three. 4) Server. The server aggregates data from distributed nodes and per-

forms positioning calculations. The system model is showed in Fig. 1. 

 

Fig. 1. System Design Flow Chart. 

2.1 Target User Data Extraction Based on Demodulation Reference 

Signals 

First, according to the NR cell reselection mechanism, we utilize the dedicated network 

base station to guide the UE to access the designed cell. Specifically, the dedicated 



 

network base station broadcasts downlink signals, typically with communication qual-

ity significantly higher than that of the currently serving operator cell. This triggers the 

UE to perform cell reselection [8] and automatically connect to the dedicated network 

base station, entering the control mode. 

Then, we utilize NR Demodulation Reference Signals (DMRS) to achieve uplink 

signal power measurement for the UE. DMRS is transmitted in the Physical Uplink 

Shared Channel (PUSCH) and the Physical Uplink Control Channel (PUCCH). PUSCH 

and PUCCH together support the normal uplink communication and serve as critical 

channels for uplink and downlink communication between the UE and the base station. 

The base station can accurately estimate the channel state of the UE via DMRS to 

achieve correct demodulation of data. DMRS is designed specifically for individual 

UEs, meaning each UE has its own dedicated DMRS. This design helps distinguish 

between different UEs, facilitating multi-user simultaneous communication. DMRS is 

transmitted in fixed sequences along with uplink data within the Radio Block (RB). 

Typically, one RB occupies one-time slot, which contains 7 OFDM symbols in the time 

domain and 12 consecutive subcarriers in the frequency domain. 

In the system built in this paper, the time domain positions of DMRS have a specific 

regularity and are transmitted at designated symbol positions within each time slot. In 

the PUSCH, DMRS is located at the fourth symbol from the end of each time slot. 

Within each time slot occupied by the PUSCH, in addition to the symbols used for data 

transmission, one symbol is reserved for sending DMRS. This fixed position enables 

the receiver to anticipate and accurately detect the DMRS signal, facilitating subsequent 

channel estimation and signal demodulation operations. 

However, during the actual data acquisition process, the uplink data may face inter-

ference from co-frequency signals transmitted by other devices. Therefore, this paper 

leverages the characteristics of DMRS signals to acquire target user data, thereby re-

ducing the impact of co-frequency interference on data acquisition. In mobile commu-

nication control scenarios, DMRS signals from different UEs are transmitted in a time-

division manner. This strategy relies on the operating mode of the dedicated network 

base station. the base station will sequentially lock a specific UE and page it on the 

paging channel. Subsequently, the paged UE transmits control information and service 

data containing DMRS signals in designated time slots. During this process, monitoring 

nodes utilize known DMRS parameters to construct local DMRS sequences and per-

form correlation calculations with the collected signals. The correlation results are then 

used as the energy of the UE's uplink signal. Due to the time-division transmission 

strategy of DMRS signals, the results only include data from the target user, thereby 

completing the uplink power measurement for a single mobile terminal. This method 

effectively reduces the mixed transmit signals from non-target devices in the collected 

data and realizes the optimization of the power measurement of uplink signals. 

The sequence generation for NR DMRS requires invoking corresponding functions 

or algorithms [9]. The generation function is determined according to the NR standard 

and uses input parameters to calculate the DMRS sequence. The generation function 

for the DMRS sequence can be expressed as Eq. 1. 

  𝑟(𝑚 ∙ 𝑀𝑠𝑐
𝑅𝑆 +  𝑛) =  𝑤(𝑚)𝑟{𝑢,𝑣}(𝑛)

𝛼 , 𝑚 = {0,1,2,3} , 𝑛 =  0,1, … , 𝑀𝑠𝑐
𝑅𝑆 − 1 (1) 
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In Eq. 1, 𝑀𝑠𝑐
𝑅𝑆 represents the frequency-domain bandwidth occupied by the DMRS 

sequence, expressed in terms of subcarriers. R{u,v}(n)
α  denotes the reference signal sub-

sequence, which is generated by cyclically shifting the base sequence r{u,v}(0), where 𝛼 

is the cyclic shift factor.r{u,v}(0) can be expressed as Eq. 2, where α = 2π
ncs

12
 represents 

the cyclic phase. 

 𝑟{𝑢,𝑣}(𝑛)
𝛼 =  𝑒𝑗𝛼𝑛{𝑟{𝑢,𝑣}}(𝑛), 0 ≤ 𝑛 ≤  𝑀𝑠𝑐

𝑅𝑆 (2) 

A commonly used basic sequence is the ZC sequence, which has a constant ampli-

tude and possesses zero autocorrelation properties. This characteristic makes it easier 

to detect and synchronize signals and can be represented by Eq. 3. 

 𝑟{𝑢,𝑣}(𝑛) =  𝑥𝑞(𝑛 𝑚𝑜𝑑 𝑁𝑧𝑐
RS), 0 ≤ 𝑛 ≤ 𝑀sc

𝑅𝑆 (3) 

where xq(m) is the zc sequence with root index 𝑞 and length NZC
RS, which is shown in 

Eq. 4. N{ZC}
{RS}

 is the largest prime number not exceeding Msc
RS. 

 𝑥𝑞(𝑚) =  𝑒
−𝑗

𝜋𝑞𝑚(𝑚+1)

𝑁𝑍𝐶
𝑅𝑆

, 0 ≤ 𝑚 ≤ 𝑁𝑍𝐶
𝑅𝑆 − 1 (4) 

The root index 𝑞 is given by Eq. 5 and Eq. 6, where 𝑢 is the base sequence group 

number, and 𝑣 is the base sequence number within the group. 

  𝑞 =  | 𝑞 +
1

2
| +  𝑣 ⋅ (−1){|2𝑞|}, 𝑣 =  0,1 (5) 

 𝑞 =  𝑁𝑍𝐶
𝑅𝑆 ⋅

(𝑢+1)

31
, 𝑢 = 0,1, ⋯ ,29 (6) 

When the DMRS length is less than 36, a CQ sequence generated by the computer 

is used as the base sequence. The CQ sequence exhibits characteristics similar to the 

ZQ sequence and can be expressed as: 

 𝑟{𝑢,𝑣}(𝑛) =  𝑒
𝑗𝜑(𝑛)𝜋

4 , 0 ≤ 𝑛 ≤ 𝑀𝑠𝑐
𝑅𝑆 − 1 (7) 

where φ(n) is generate by the computer and related to the sequence group 𝑢, which 

is defined by Eq. 8. In Eq. 8, fss represents the sequence frequency shift mode, and fgh 

represents the group hopping mode. The current slot number is 𝑛𝑠. 

  𝑢 =  (𝑓𝑔ℎ(𝑛𝑠) + 𝑓𝑠𝑠) 𝑚𝑜𝑑 30 (8) 

The generated DMRS sequence 𝑟(∙) is a series of complex values representing sig-

nal samples in the time or frequency domain. When the DMRS signal is transmitted, 

the sequence undergoes amplitude conversion and is mapped to resource elements 

(𝑘, 𝑙) according to NR rules, where 𝑘 represents the subcarrier index and 𝑙 represents 

the OFDM symbol within the time slot. Using the locally generated DMRS sequence, 

the next step of data extraction for the target mobile terminal can be performed. 



 

Due to the complexity and variability of indoor positioning scenarios [10], such as 

the movement of scatterers, the signal will encounter various scatterers during propa-

gation, resulting in phenomena like scattering, reflection, and refraction, thus altering 

the signal's propagation path and phase. When scatterers move, they introduce dynamic 

changes to the signal, including fluctuations in signal strength, variations in phase, and 

jitter in propagation delay. To mitigate measurement errors caused by scatterer move-

ment, this paper employs Kalman filtering to process the collected energy. The overall 

process of uplink power measurement at the monitoring nodes is summarized in Fig. 2: 

 

Fig. 2. Flowchart of Uplink Power Measurement. 

Traditional power optimization schemes typically involve frequency domain filter-

ing to filter out noise and interference signals, while there is a lack of simple and effec-

tive means of solving the co-frequency interference, especially in the context of more 

complex resource scheduling strategies for mobile terminals in the mobile communica-

tion. Compared to traditional approaches, this paper proposes a novel approach in the 

context of mobile communication control scenarios. The dedicated network base station 

locks the target mobile terminal by acquiring its International Mobile Subscriber Iden-

tity (IMSI). During each locking process, the dedicated network base station schedules 

resources for the target terminal according to a fixed strategy. 

When uplink signal collection is performed in a dedicated network base station sce-

nario, if the collected signals include co-frequency uplink signals from terminals con-

nected to operator base stations, this paper utilizes known DMRS sequences to perform 

sliding correlation calculations with the received signals. By locating the time-domain 

position of the target user, data extraction can be effectively performed, resolving the 

issue of mixed data from multiple user terminals. The method of using DMRS for 

power optimization is also applicable in commercial base station networks. However, 

operator base stations typically schedule resources for a large number of users, resulting 

in more complex system configuration strategies. Additionally, for third parties, the 
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base station configuration strategies are unknown and require operator cooperation to 

obtain. 

2.2 RSSI-Based Indoor Mobile Terminal Grid Positioning Algorithm.  

This paper proposes an indoor positioning algorithm based on probability estimation. 

The positioning results measure the received power differences among monitoring 

nodes. By deploying at least three monitoring nodes in the target area, the algorithm 

estimates the probability of the target terminal's presence at each grid point within the 

area based on the path loss model [11], thereby estimating the terminal's location. 

We distributively deploy 𝑘 signal collection nodes, divide the positioning area into 

a grid of 𝑛 × 𝑛 and establish a coordinate system. The actual collected uplink signal 

power of the terminal at each node is denoted as 𝑃𝑅. Assuming the target terminal is at 

any estimated point (𝑥𝑖 , 𝑦𝑖) within the area, the path loss 𝑃𝐿 can be used to calculate 𝑘 

estimated transmission power values for each estimated point based on the positions of 

the receiving nodes and the RSSI values. The transmission power is denoted as Eq. 9. 

 𝑃𝑇 =  𝑃𝐿 +  𝑃𝑅 (9) 

The differences among the 𝑘 estimated transmission power values are measured. 

Theoretically, when the estimated point coincides with the true location of the target 

terminal, the differences among all estimated values are minimized. By converting the 

degree of transmission power differences at each estimated point into the probability of 

the target terminal's presence at that point, an indoor positioning algorithm based on 

probability estimation using received power differences can be achieved. The overall 

flow of the algorithm is illustrated in Fig. 3. 

 

Fig. 3. The implementation process of localization algorithms. 

After processing the collected uplink signals using power measurement optimisation 

techniques to obtain target user data, the algorithm proceeds with power estimation 

based on grid points, probability calculation, and finging extreme point, ultimately 

completing the target location estimation. 

Node Deployment and Data Collection Processing. Using an 𝑛 × 𝑛 grid, Fig. 4 illus-

trates an example with four receiving nodes 𝑃1(𝑥1, 𝑦1), 𝑃2(𝑥2, 𝑦2), 𝑃3(𝑥3, 𝑦3), and 

𝑃4(𝑥4, 𝑦4). The position of each receiving node (𝑥𝑘 , 𝑦𝑘) is known, and the terminal's 

uplink signal strength is synchronously collected. The received power at each node is 

denoted as 𝑃𝑅𝑘. The received signals are processed to obtain the target user's power. 



 

 

Fig. 4. The schematic diagram of positioning calculation. 

Power Estimation Based on Grid Points. We assume the target's position in the grid 

is (𝑥𝑖 , 𝑦𝑗)
{𝑖,𝑗 = 1,2,…,𝑛}

, and the distance between the point (𝑥𝑖 , 𝑦𝑗) in the grid and moni-

toring node can be calculated as Eq. 10. 

 𝑑{<𝑖,𝑗>,𝑘} =  √{(𝑥𝑖 − 𝑥𝑘)2 + (𝑦𝑗 − 𝑦𝑘)
2

} (10) 

According to received power and the path loss model, the k estimated transmission 

power values 𝑃𝑇̂{<𝑖,𝑗>,𝑘} for the target at position (𝑥𝑖 , 𝑦𝑖) can be calculated as Eq. 11, 

where 𝑝𝑎𝑡ℎ𝑙𝑜𝑠𝑠(𝑑{<𝑖,𝑗>,𝑘}) is the path loss between the point (𝑥𝑖 , 𝑦𝑗) and node 𝑘. 

  𝑃𝑇̂{<𝑖,𝑗>,𝑘}  =  𝑃𝑅𝑘 +  𝑝𝑎𝑡ℎ𝑙𝑜𝑠𝑠(𝑑{<𝑖,𝑗>,𝑘}) (11) 

Probability Calculation Based on Grid Points. Theoretically, the grid point where 

the target mobile terminal is actually located will have the smallest differences among 

the 𝑘 estimated transmission power values. The standard deviation 𝐷(𝑃𝑇̂{<𝑖,𝑗>,𝑘}) is 

used to measure the degree of differences among the estimated transmission power val-

ues at (𝑥𝑖 , 𝑦𝑗). 

 

Fig. 5. The degree of variance in estimated transmission power at different points. 

Among the 𝑛 × 𝑛  grid points, the point with the smallest standard deviation 

𝑃𝑇̂{<𝑖,𝑗>} is identified as the target location. The standard deviation values for each grid 

point are illustrated in Fig. 5. 
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We convert the final result calculation process into probability estimation. In this 

process, we need to normalize the calculated standard deviations and ultimately yield-

ing the probability estimation values 𝑝<𝑖,𝑗> for each point in the grid. 

Target Mobile Terminal Location Search. When performing indoor multi-node po-

sitioning, we constrain the target location of the mobile terminal to the indoor area. This 

paper specifies that during maximum probability search, the target search area is the 

largest matrix formed by the horizontal and vertical coordinates of the nodes. The point 

with the maximum probability value within the target area is identified, and the final 

search result is the estimated location of the target mobile terminal. 

 

Fig. 6. Probability estimation of target terminal position. 

3 Experiment Setup and Evaluation 

This paper constructs an indoor mobile terminal positioning system for mobile com-

munication control scenarios, including a dedicated network base station, nodes, an al-

gorithm server, and target terminals. The system integrates wireless signal collection, 

data analysis and processing, real-time mobile terminal positioning, and dynamic dis-

play of positioning results. The test scenario is illustrated in Fig. 7, taking the deploy-

ment of four nodes as an example. 

 

Fig. 7. The design of the prototype system. 

 



 

3.1 UE Uplink Power Collection 

With the assistance of the dedicated base station, uplink signal collection from the mo-

bile terminal in the controlled state is completed. The actual collected time-frequency 

waterfall diagram of the UE uplink signal is shown in Fig. 8. In this scenario, the time-

frequency resources occupied by the UE are allocated by the dedicated base station, 

and the mobile terminal transmits uplink signals on fixed time-frequency resources. 

The time-frequency characteristics of the uplink signal in the control scenario can be 

utilized for target user data extraction. 

 

Fig. 8. Time-frequency Waterfall Diagram of UE Uplink Signals. 

Based on the allocation method of DMRS in the radio resource block, the interval 

between two DMRS sequences is 0.5 ms. Based on this feature, the locally generated 

DMRS sequence and the uplink signal are correlated, and the calculation results are 

shown in Fig. 9. 

 

Fig. 9. Peak detection results. 
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By using a peak detection algorithm for local maxima, significant peaks can be ef-

fectively identified, and the location of the target user data can be determined. The 

located peak points are shown in Fig. 10. 

 

Fig. 10. Extracted target UE data. 

The positions of the peak points reflect the physical resource allocation rules of the 

target user. By indexing the peak point positions in the time-domain data, the uplink 

data information of the target user is extracted from the raw data in Fig. 8, and the final 

result is shown in Fig. 10. 

3.2 Node Deployment Test 

In the field of indoor positioning technology, the accuracy and reliability of positioning 

functions are the core requirements of a positioning system. Indoor positioning systems 

aim to provide users with precise location information to meet the needs of various 

application scenarios. Therefore, positioning accuracy is a key metric for evaluating the 

performance of wireless indoor positioning technologies, directly impacting whether 

the system can function effectively in practical applications and influencing the user 

experience. This paper explores the positioning accuracy of the proposed algorithm in 

practical deployment through designed experiments. The relevant experimental param-

eter configurations are as Table 1. 

 

 

 

 

 

 

 

 

 



 

Table 1. Parameters of the node deployment experiment. 

Experiment Parameter Value 

Target Region 8.23𝑚 ×  4.15𝑚 

The Number of the Grid 256 ×  256 

The Number of UE 1 

The Number of Collection Node 3-6 

Path Loss Exponent 𝛾 1.8 

Path Loss Exponent Standard Devia-

tion 𝜎 
0.41 

From Fig. 11, it can be observed that when the CDF = 50% and the number of nodes 

is 3, the positioning error is the largest, at 0.94 meters; when the CDF =90% and the 

number of nodes is 3, the positioning error is the largest, at 2.3 meters. 

 

Fig. 11. Average positioning error. 

From the cumulative error distribution results of positioning, it is evident that, in 

general, the more positioning nodes there are, the higher the positioning accuracy. 

However, when the positioning area is not large, increasing the number of nodes re-

quires more communication and computational resources, reducing the convenience of 

device deployment. 

This section primarily introduces the positioning algorithm and tests the positioning 

errors under different node deployment schemes. The RSSI-based grid positioning al-

gorithm adopted in this paper centers on dividing the target area into a fine grid struc-

ture and estimating the probability of the target being at each grid point based on the 

signal propagation model. Experiments demonstrate that this algorithm achieves high 

positioning accuracy and effectively addresses the issue of varying transmission power 

due to device heterogeneity, which can affect positioning precision. Additionally, the 

preliminary power optimization scheme endows the algorithm with robust anti-inter-

ference capabilities. 
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4 Conclusion 

In the research on uplink signal power measurement optimization technology based on 

demodulation reference signals, this paper aims to address the challenges of power 

measurement in mixed multi-mobile terminal scenarios and the impact of interference 

signals on positioning accuracy. Leveraging the characteristics of mobile communica-

tion protocols, a novel power measurement scheme is proposed. This scheme enhances 

the accuracy and stability of uplink signal power measurement and reduces the impact 

of interference signals on positioning accuracy by performing sliding correlation be-

tween the demodulation reference signals and the uplink signals to measure the trans-

mission power of the target mobile terminal. Compared to traditional filtering schemes, 

the proposed method effectively mitigates the influence of co-frequency signals. In the 

current mobile communication control scenarios, with the cooperation of a dedicated 

network base station, the power optimization scheme presented in this paper is rela-

tively simple to implement. 

This study has achieved certain results in power measurement in mixed multi-mobile 

terminal scenarios, analysis of the impact of indoor scatterer movement, high-precision 

positioning algorithms, and the construction of a positioning prototype system. How-

ever, continuous exploration and improvement are still needed in future research to 

advance and widely apply indoor positioning technology in mobile communication 

control scenarios. 
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