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Appendix A IIoT Channel Measurement

Appendix A.1 Transceiver Process of the VST

In the VST, two radio frequency (RF) daughterboards were housed, one for signal transmission and the other for signal

reception. These devices provided high resolution, ensuring highly accurate channel data. The omnidirectional antenna’s

3D radiation pattern is illustrated in Figure A1.

In the measurement process, both Tx and Rx used the VST, with an instantaneous RF bandwidth of 1 GHz, which

allowed for high-precision signal processing and analysis [1]. The VST integrated a vector signal generator, a vector signal

analyzer, a high-speed serial interface, and a field programmable gate array (FPGA)-based real-time signal processing and

control module; its unified design effectively enhances the efficiency and accuracy of signal handling. A 10th-order pseudo-

random noise (PN) sequence containing 1,024 points was generated using the LabVIEW software platform, and zeros were

inserted at both ends of the generated sequence to extend it to 1,250 points. The extended sequence was processed by a

square-root raised cosine filter, yielding a signal with 2,500 points. Afterward, the real and imaginary parts of the signal

were separated, generating a signal with 5,000 points. Finally, the modulated signal was transmitted to the Rx, providing

the foundation for the subsequent measurement and analysis of channel characteristics.

Figure A1 An omnidirectional antenna’s 3D radiation pattern.

Appendix A.2 Specific Measurement Process

Dividing the complex factory environment into sections and measuring them separately facilitated precise acquisition of

channel data in the factory. The areas where equipment occupied more than 40% of the space were denoted as dense

equipment areas, whereas the remaining areas were regarded as sparse equipment areas [2]. The equipment ratio in the

measured area reached 80%, meeting the definition requirement of a dense equipment scenario. During the measurement

process, two omnidirectional antennas were connected to the VST for self-transmitting and self-receiving tests, with a 15 dB

gain for both sides. The Tx was positioned at a height of 2.5 m, whereas the Rx was mounted at a height of 1 m on a

cart, which moved toward the Tx, starting from 20 m away from it, moving toward the Tx at approximately 0.75 m/s.
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Table A1 Measurement System Setup

Parameter Value

Center frequency 3.5 GHz, 4.9 GHz, 6.0 GHz

Bandwidth 1 GHz, 500 MHz

VST transmit gain 15 dB

Antenna type Omnidirectional disk-cone antenna

Antenna polarization Linear Polarization

Antenna gain 5 dBi

Voltage standing wave ratio 2

Detection signal PN sequence

Car speed 0.75 m/s

The measurements were conducted under the LOS conditions, covering the 3.5, 4.9, and 6.0 GHz frequency bands with

a bandwidth of 1 GHz and 500 MHz. The representative frequency bands are selected during the measurement. On the

one hand, it serves to cover the current core wireless access technologies for IIoT communication. On the other hand it

enables a systematic investigation of frequency-dependent channel characteristics, thereby revealing variations in suitability

across different bands within complex industrial environments. Furthermore, equipment availability and measurement

feasibility are simultaneously balanced. The measurement system setup is shown in Table A1. During the measurement,

metallic equipment operated normally, workers were actively processing parts, and large robotic arms were also in operation.

However, this complex and dynamic environment introduced significant multipath effects and interference, posing additional

challenges to the signal propagation process.

The channel measurement method in the sparse equipment environment was mostly consistent with that used in the

dense equipment scenario, with the main difference being a significantly reduced number of metallic scatterers. During the

measurements in the sparse environment, one side of the area was relatively open, providing more direct signal propagation

paths, whereas the other side had only a few pieces of equipment, and the workers were mostly engaged in processing tasks.

The measurement conditions in the sparse equipment scenario were relatively simplified compared with the other scenario,

and the reduced number of scatterers led to weakened multipath effects, making the analysis of the signal attenuation

characteristics more straightforward.

Appendix B Measurement data processing

Appendix B.1 Processing Process of CIR

To obtain the reference signal from the equipment, this study connected the VST directly before the measurement to

calibrate the measurement system. This approach was used to eliminate inherent background noise generated by the

equipment, ensuring accurate measurement results and minimizing the influence of external interference [3]. The antenna

interfaces of the VST at the Tx end and Rx are directly connected via a radio frequency cable. The Tx transmits the

detection signal, and the Rx saves the received signal in real time. By calculating the cyclic correlation and peak-to-average

power ratio (PAPR) between the transmitted and the received signals, the received signal with the strongest correlation to

the transmitted signal is extracted, which is defined as the calibration signal. During the processing of actual measurement

data, the calibration signal is used as the reference transmitted signal to calculate the channel impulse response, thereby

eliminating the impact of devices and cables on the wireless channel. It should be noted that the responses of devices and

cables may vary with different parameter settings. Therefore, direct-connection calibration needs to be performed separately

when measurements are conducted under different frequency bands and sampling rates.

The direct calibration signal yth(t) was obtained by convolving a transmitted signal x(t) with the response of measurement

equipment g(t) as follows:

yth(t) = x(t) ∗ g(t), (B1)

where ∗ represents the time-domain convolution operator.

During data processing, 20 s of continuous reception was recorded, and the data were averaged into 200 groups; one

optimal CIR was extracted from each group.

To calculate the CIR, this study employed a root-raised cosine filter to process the received signal for matched filtering

and decimation to reduce noise. After matched filtering, cross-correlation between the calibrated signal and the received

signal was used to determine the optimal alignment point, and the received signal was circularly shifted to synchronize it

with the transmitted signal. The received signal y(t) during the channel measurement was defined by

y(t) = x(t) ∗ g(t) ∗ h(t). (B2)

It should be noted that the received signal segment needed to be aligned with the transmitted signal during data processing.

Next, Fourier transformations of yth(t) and y(t) were performed to obtain the channel transfer functions (CTFs) in the

frequency domain as follows:

Yth(f) = X(f)G(f), (B3)

Y (f) = X(f)G(f)H(f). (B4)

The CIR was then obtained by taking the inverse fast Fourier transform (IFFT) of H(f) as follows:
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h(t) = IFFT

(
Y (f)

Yth(f)

)
. (B5)

The above-mentioned process was repeated to obtain the CIRs for all received signals. Finally, using the acquired CIRs,

a series of key channel characteristics was analyzed and presented.

Appendix B.2 Characteristic Calculation Formulas

The RMS DS value describes the dispersion of MPCs over delay. A larger RMS DS value indicates that a signal propagates

through multiple longer paths, which can result in a significant DS; conversely, a smaller RMS DS implies less dispersion.

The RMS DS value can be calculated by [4]

στ =

√√√√∑L
l=1 Plτ

2
l∑L

l=1 Pl

−
(∑L

l=1 Plτl∑L
l=1 Pl

)2

, (B6)

where Pl represents the power of the lth path, τl is the delay of the lth path, and L represents the total number of paths

considered in the calculation process.

During data processing, a peak search algorithm is employed to extract MPCs from the PDP, determine the delay and

power of each valid path, and then derive the RMS DS. Afterward, the scatter plots and cumulative distribution function

(CDF) plots are generated to illustrate variations in RMS DS values with distance and their statistical properties.

The Rician K-factor is used to describe the characteristics of wireless channels, and it represents the ratio of the direct

LOS path’s power to the scattered NLOS paths’ power. The K-factor is calculated by [5]

K[dB] = 10 log10

(
PLOS∑L

l=1 Pl − PLOS

)
, (B7)

where K[dB] represents the K-factor expressed in dB, PLOS denotes the power of the LOS path.

During data processing, the delay and complex amplitude of each valid path were determined based on the peak detection

results, and then the path power is calculated. The power of the LOS path was subsequently compared with the power of

the remaining NLOS paths. This process was repeated for each CIR dataset. The K-factor value was stored for each in a

matrix form. Finally, the CDF plot of the K-factor was generated, illustrating the statistical distribution of the K-factor.

The PL refers to the propagation loss with the increase in the distance [6]. It represents a critical parameter in the

wireless communication system design, and this propagation loss is caused by the scattering, absorption, and attenuation

of a signal’s energy. To calculate the PL value, this study adjusted the received power by subtracting the transmit and

receive gains to obtain the PL value during data processing. The PL calculation formula is defined as follows:

PL( dB) = Pt +Gt +Gr −
L∑

l=1

Pl (B8)

where Pl represents the power of the lth path, Pt is the TX power, and Gt and Gr are the gains of the TX and RX,

respectively. This process was repeated for each CIR dataset, and all calculated PL values were stored in a matrix form;

additionally, a time-varying PL curve was generated.

The correlation matrix is used to investigate channel correlation, and it describes the similarity and relationship between

different snapshots. During data processing in this study, the power values of the CIR data were first extracted to ensure

consistency in data scale among snapshots, and then, Pearson’s correlation coefficient was used to calculate the snapshot

correlation matrix of the channel data. The matrix’s elements were calculated by [7]

rij =

∑n
k=1(Pik − P̄i)(Pjk − P̄j)√∑n

k=1(Pik − P̄i)2
∑n

k=1(Pjk − P̄j)2
, (B9)

where rij represents the Pearson correlation coefficient between snapshots i and j. The numerator denotes the covariance

between the power values of the two snapshots, which represents the sum of the products of the deviations of the power

values from their respective means at each data point, indicating the linear relationship between the two snapshots. The

denominator normalizes the numerator by computing the square root of the sum of the squared deviations from the mean

for both snapshots, ensuring that the correlation coefficient rij ranges between -1 and 1; Pik and Pjk represent the power

values of snapshots i and j at the kth data point, respectively. P̄i and P̄j are the mean power values of snapshots i and

snapshot j, respectively; and n is the total number of data points in a snapshot.

To provide a more intuitive data representation, this study smoothed the correlation matrix by interpolation and plotted

a heatmap to illustrate the correlation distribution between different snapshots.
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(a) (b) (c)

Figure D1 PDP results in the dense device scenario for a 1 GHz bandwidth and the same power range across measurements:

(a) PDP at 3.5 GHz;(b) PDP at 4.9 GHz; and (c) PDP at 6.0 GHz.

(a) (b) (c)

Figure D2 PDP results in the sparse device scenario for a 1 GHz bandwidth and the same power range across measurements:

(a) PDP at 3.5 GHz; (b) PDP at 4.9 GHz; and (c) PDP at 6.0 GHz.
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Figure D3 Comparison of clusters in different scenarios at 3.5 GHz: (a) time-varying results of cluster numbers in different

scenarios; (b) histogram and fitting results of cluster numbers in the dense equipment scenario; and (c) histogram and fitting

results of cluster numbers in the sparse equipment scenario.

Appendix C Method description

The model selection and evaluation processes were performed using two widely adopted statistical methods: the AIC method

and the BIC method. The AIC method can assess the information loss relative to the true model and help select an optimal

model [8]. The AIC method is defined by

AIC = 2k − 2 ln(L), (C1)

where k is the number of model parameters, and ln(L) is the maximum likelihood estimate of a model.

The BIC method is similar to the AIC method, but it puts a higher penalty on the number of parameters, making it a

stricter measure when model complexity increases [9]. The BIC method is defined as follows:

BIC = ln(n)k − 2 ln(L), (C2)

where n is the sample size.
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Figure D4 Comparison results of the three models for different scenarios and frequency bands: (a) dense equipment scenario;

(b) sparse equipment scenario.
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Figure D5 PL comparison results for the same frequency band in different scenarios: (a) a center frequency of 3.5 GHz and a

bandwidth of 1 GHz; (b) a center frequency of 4.9 GHz and a bandwidth of 1 GHz.

Appendix D Measurement results and analysis

Appendix D.1 Power Delay Profile

The PDPs of different frequency bands for dense and sparse device scenarios are presented in Figure D1 and D2, respectively.

In the dense device scenario, the presence of numerous metallic scatterers caused frequent reflections and scattering during

the signal propagation process, which significantly enhanced the multipath effect. This enhancement manifested as increased

DS, with more paths observed in the PDP and a more dispersed power distribution, as displayed in Figure D2. In this

scenario, channel complexity increased, which had a significant impact on the signal delay and attenuation characteristics.

The time-varying statistical characteristics of the number of clusters are displayed in Figure D3. The results reveal

that the overall number of clusters is higher in dense equipment scenarios than in sparse ones, but they both follow a

normal distribution. The standard deviation in the dense scenarios (σ=1.36) was significantly larger than that in the

sparse scenarios (σ=1.20), indicating more significant fluctuations in the number of clusters. Particularly after the 3 s time

point, multiple abrupt changes in the number of clusters were observed in the dense scenarios. This phenomenon mainly

originated from the instantaneous interference caused by dynamic metal equipment, such as robotic arms and AGVs, in the

environment, leading to multipath propagation.

In the dense equipment scenarios, the value range of the ray decay factor was (2.2640, 6.0827) 1/µs, with an average

decay rate of 4.8915 1/µs. In the sparse equipment scenarios, the value range of λ was (2.7738, 8.2731) 1/µs, and the

average decay rate was 5.0730 1/µs. Although the fluctuations in the cluster numbers in the dense equipment scenarios

were higher than those in the sparse equipment scenarios, the range and average decay rate of decay rates in the dense

scenarios were both lower than those in the sparse scenarios. This was because the densely distributed metallic equipment

in the factory environments enhanced the multipath effect, thus slowing down the overall decay process. This was similar

to the scenario where the overall PL in the dense scenarios was lower than that in the sparse scenarios, as mentioned later.

Therefore, it can be concluded that when modeling channels in complex industrial environments, it is necessary to consider

equipment density classification parameters.

Appendix D.2 PL Model

Furthermore, comparison results of the fitting performances of the three models for different frequency bands and scenarios

are illustrated in Figure D4. The parameters of the dual-slope model were obtained by importing the measurement data

and analyzing it using the code, as shown in Table D3. In the sparse equipment scenario, the second slope at the 6 GHz

band was found to be smaller. The results indicated that significant attenuation was experienced by the 6 GHz signal.



Sci China Inf Sci 6

Table D1 Comparison Results of Three Model Fitting Methods for Different Frequency Bands in the Dense Scenarios

Frequency (GHz) Model R2

3.5 FI Model 0.8041

3.5 CI Model 0.7799

3.5 Dual-Slope Model 0.8984

4.9 FI Model 0.6674

4.9 CI Model 0.6263

4.9 Dual-Slope Model 0.7499

6.0 FI Model 0.6343

6.0 CI Model 0.5722

6.0 Dual-Slope Model 0.6366

Table D2 Comparison of the Three Model Fitting Methods for Different Frequency Bands in the Sparse Scenarios

Frequency (GHz) Model R2

3.5 FI Model 0.7245

3.5 CI Model 0.6306

3.5 Dual-Slope Model 0.8393

4.9 FI Model 0.8838

4.9 CI Model 0.3177

4.9 Dual-Slope Model 0.8856

6.0 FI Model 0.3636

6.0 CI Model 0.3758

6.0 Dual-Slope Model 0.3778

Table D3 PL Model Parameters

Frequency and Scenario n1 A1 n2 A2

3.5 GHz, dense 0.42 -63.6 1.14 -69.4

3.5 GHz, sparse 0.34 -115.6 1.41 -69.4

4.9 GHz, dense 0.33 -58.2 1.21 -63.4

4.9 GHz, sparse 0.65 -112.5 0.80 -114.2

6 GHz, dense 0.46 -52.7 0.60 -53.5

6 GHz, sparse 0.31 -103.4 0.04 -100.5

The signal attenuation in the far-distance part was more gradual in the sparse equipment scenarios with fewer devices and

obstacles than in the dense equipment scenarios.

The comparative analysis of the results presented in Figure D4(a) and (b) revealed that the PL significantly increased

with the frequency. This trend was particularly pronounced in the dense equipment scenarios, which indicated that higher-

frequency signals were more susceptible to scattering, reflection, and other multipath effects in complex environments,

resulting in increased PL. In contrast, in the sparse equipment scenarios, the PL value also increased with the frequency,

but the rate of change was relatively smaller. This could be attributed to the presence of fewer obstacles, which resulted in

simpler signal propagation paths and caused the frequency’s effect on the PL to be less pronounced.

The comparative analysis of the results displayed in Figure D5(a) and (b) indicated that the PL value was significantly

lower in the dense equipment scenarios than in the sparse equipment scenarios. This could be attributed to the increased

number of reflection and scattering paths in the dense environments, which partially counteracted the propagation losses and

enhanced the received signal power. In contrast, the direct signal path was more stable in the sparse equipment scenarios

than in the dense equipment scenarios, lacking the compensatory effect of reflected paths and thus leading to a higher

PL value. These results demonstrated that the equipment density was a crucial factor influencing the signal propagation

characteristics, particularly in complex factory environments.

Appendix D.3 RMS DS

The parameters of the three fitted distributions for the RMS DS data are presented in Table D6. In the 3.5 GHz frequency

band, the RMS DS distributions followed a lognormal pattern in both the dense and sparse equipment scenarios as shown

in Figure D6. This was due to the longer wavelength of the 3.5 GHz signal, which made it more susceptible to complex

propagation effects, such as reflection, scattering, and diffraction, yielding more propagation paths. Such complex prop-

agation effects dominated the random accumulation of multipaths, resulting in specific distribution characteristics in the

statistical properties of the RMS DS. This indicates that in IIoT scenarios, the equipment density has limited impact on

the statistical properties of the RMS DS in the 3.5 GHz frequency band.

The distribution characteristics of the RMS DS at the 4.9 GHz frequency band with the 1 GHz bandwidth in different

scenarios are presented in Figure D7, where the impact of the equipment density on the DS can be observed. In the

dense equipment environments, the presence of numerous metallic scatterers caused frequent reflections, scattering, and
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Figure D6 RMS DS CDF curve fitting results for different scenarios at the same frequency and bandwidth: (a) dense equipment

scenario; (b) sparse equipment scenario.
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Figure D7 Comparison results of RMS DS in different scenarios at a center frequency of 4.9 GHz with a bandwidth of 1 GHz

Table D4 AIC and BIC Values for Fitting the RMS DS Distributions in the Dense Equipment Scenarios at Different Frequencies

Frequency (GHz) Distribution AIC BIC Best Fit

3.5

Normal -226.1556 -222.3315

Exponential -200.1793 -198.2673

Lognormal -258.6628 -254.8388 ✓

4.9

Normal -166.3697 -162.5861 ✓

Exponential -131.9023 -130.0105

Lognormal -152.5281 -148.7445

6.0

Normal -166.9208 -163.0967 ✓

Exponential -119.6300 -117.7180

Lognormal -127.1225 -123.2985

Table D5 AIC and BIC Values for the Fitting RMS DS Distributions in the Sparse Equipment Scenarios at Different Frequencies

Frequency (GHz) Distribution AIC BIC Best Fit

3.5

Normal -200.5378 -196.7138

Exponential -164.6691 -162.7570

Lognormal -214.8844 -211.0603 ✓

4.9

Normal -223.6672 -219.8432

Exponential -170.4608 -168.5487

Lognormal -237.6338 -233.8097 ✓

6.0

Normal -118.2481 -114.4240

Exponential -117.3784 -115.4664

Lognormal -133.1650 -129.3410 ✓

diffraction, which significantly enhanced the multipath effect. This complex propagation environment resulted in a more

symmetric distribution of the RMS DS, which closely aligned with a normal distribution. Conversely, in the sparse equipment

environments, where fewer obstacles resulted in a weaker multipath effect, simpler signal propagation paths were observed.

Therefore, the RMS DS exhibited right-skewed characteristics and followed a lognormal distribution. This phenomenon

indicates that, compared with 3.5 GHz, the statistical characteristics of the RMS DS in the high frequency band are more

greatly affected by the equipment density.

Appendix D.4 Rician K-factor

When exploring the effect of varying equipment density on the wireless channel characteristics, it is crucial to analyze the

CDF curves of the Rician K-factor in both dense and sparse equipment environments. As can be seen from Figure D8,
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Figure D8 Comparison results of K-factor in different scenarios at a center frequency of 4.9 GHz with a bandwidth of 1 GHz

Table D6 Fitting Results for the RMS DS and K-factor Distributions for Different Scenarios, Frequencies, and Bandwidths

Scenario (Frequency, Bandwidth) Channel Parameter Distribution µ σ2

Dense (3.5 GHz, 1 GHz) RMS DS (µs) Lognormal 0.0458 0.0003

Sparse (3.5 GHz, 1 GHz) RMS DS (µs) Lognormal 0.0631 0.0010

Dense (4.9 GHz, 1 GHz) RMS DS (µs) Normal 0.0938 0.0018

Sparse (4.9 GHz, 1 GHz) RMS DS (µs) Lognormal 0.0635 0.0014

Dense (6 GHz, 1 GHz) RMS DS (µs) Normal 0.1090 0.0442

Sparse (6 GHz, 1 GHz) RMS DS (µs) Lognormal 0.1132 0.0083

Dense (3.5 GHz, 1 GHz) K-factor (dB) Normal 12.3757 2.3680

Sparse (3.5 GHz, 1 GHz) K-factor (dB) Normal 13.2197 4.5993

Dense (4.9 GHz, 1 GHz) K-factor (dB) Normal 15.1679 24.0006

Sparse (4.9 GHz, 1 GHz) K-factor (dB) Normal 17.3038 33.0643

the K-factor in the dense scenario is generally lower than that in the sparse case. This is because the stronger multipath

effect in the dense environment results in relatively higher power of the scattered paths, thereby weakening the influence

of the direct path. This is consistent with the mean value results presented in Table D6. Table D6 also shows the variance

results of the K-factor in both scenarios under the two frequency bands, indicating that the variance of the K-factor in the

sparse scenario is larger. The reason may be that in the sparse environment, although the direct path is dominant, sudden

scattering events may occasionally occur, such as temporarily moving metal equipment and personnel occlusion. This leads

to the presence of extreme values in the K-factor, resulting in an increase in the distribution range.

Appendix D.5 Channel Correlation

To analyze channel correlation, this study first processed the CIR data, converted the power values into a decibel form, and

then calculated the correlation matrix of the data expressed in matrix form. This correlation matrix was used to quantify

the linear relationship intensity between different time points. To make the data more visually intuitive, this study employed

a two-dimensional interpolation method to smooth the correlation matrix. The horizontal and vertical axes represented

different measurement snapshots, and each point in the heatmap indicated the correlation between two distinct snapshots.

For instance, the point with coordinates (x, y) represented the correlation between the xth and yth snapshots. This visual

representation allowed for straightforward identification of snapshots that exhibited higher and lower correlations, enabling

more in-depth analysis and interpretation of the data.

The CIR correlation results for the 3.5 GHz frequency with a 1 GHz and 500 MHz bandwidth are presented in Figure D9

and D10, respectively. In the dense equipment scenarios, despite the complexity of multipath effects, the channel still

showed a high correlation, which could be attributed to the repeated occurrence of similar path structures. High equipment

density led to the overlap of multipath signals, but the strong similarity between the paths formed a larger high-correlation

area. In addition, although the increase in the bandwidth enhanced correlation, the increase in the equipment density had

a more noticeable amplifying effect on it. Therefore, when deploying devices in the IIOT environments, the synergistic

amplifying effect of the device density and frequency bandwidth should be considered to improve channel stability.

The auto-correlation function (ACF) data are presented in Figure D11, where the impact of the dense and sparse

environments on the CIR under the conditions of a 3.5-GHz frequency band and 1 GHz bandwidth can be observed. The

CIR data were extracted from both dense and sparse scenarios, and the measurements were taken during the first and third

seconds in each environment. The calculation formula of the ACF is as follows:

ρ(t,∆t) = E [h(t)h∗(t+∆t)] , (D1)

where t denotes a specific time instant; ∆t denotes the time interval; and ρ(t,∆t) represents the temporal ACF at time t

with a time interval of ∆t. h(t) is the CIR at time t and h∗(t+∆t) is the complex conjugate of the CIR at time t+∆t.
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Figure D9 Channel correlation results obtained for the 3.5 GHz frequency with 1 GHz bandwidth: (a) dense equipment scenario;

(b) sparse equipment scenario.
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Figure D10 Channel correlation results obtained for the 3.5 GHz frequency with 500 MHz bandwidth: (a) dense equipment

scenario; (b) sparse equipment scenario.
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Figure D11 ACF results of the CIR in the dense and sparse environments.

By calculating the ACF values of the CIR data, the signal’s temporal correlation at different time delays was analyzed.

The rapid decay of the ACF value showed how fast the signal’s similarity with itself diminished over time, and fluctuations

indicated the presence of multipath effects during signal propagation.

In the dense equipment environment, which is represented by the green and red curves, the ACF value decreased more

rapidly and reached lower values, indicating a rapid reduction in the temporal correlation of the channel. By contrast, in

the sparse equipment environment, which is represented by the blue and black curves, the ACF value decreased more slowly

and maintained higher correlation values at the same time delays, indicating greater consistency and stability in the channel

state over time. The reason was that within the same location range, in dense scenarios, the high dynamic scattering leads

to rapid changes in the channel state, resulting in low temporal correlation. In sparse scenarios, the low dynamic scattering

made the channel state more stable, leading to high temporal correlation.

In summary, in IIoT application scenarios, the two types of correlations were driven by different factors. The static factors

of the environment dominated the spatial correlation. For example, in dense scenarios, the static scatterers at adjacent

locations were highly similar, and the path structures were almost identical. Dynamic factors dominated the temporal

correlation. For instance, in dense scenarios, dynamic scatterers caused the channel characteristics to change rapidly over

time.
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