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In modern mobile telecommunications, shadow fading has to be modeled by a two-dimensional (2D) correlated random variable since shadow fading may present both cross-correlation and spatial correlation due to the presence of similar obstacles during the propagation. In this paper, 2D correlated random shadowing is generated based on the multi-resolution frequency domain ParFlow (MR-FDPF) model. The MR-FDPF model is a 2D deterministic radio propagation model, so a 2D deterministic shadowing can be firstly extracted from it. Then, a 2D correlated random shadowing can be generated by considering the extracted 2D deterministic shadowing to be a realization of it. Moreover, based on the generated 2D correlated random shadowing, a complete 2D semi-deterministic path loss model can be proposed. The proposed methodology of this paper can be implemented into system-level simulators where it will be very useful due to its ability to generate realistic shadow fading.

Introduction

The exponential growth of mobile traffic in the past two decades has set a formidable challenge to the wireless system capacity, thus the heterogeneous networks were proposed to offload a part of traffic to small cells, e.g., Femtocells. Before actual deployments, the design of such small cell networks and also WiFi networks is usually through network planning and optimization tools. The efficiency of the network planning and optimization tools depends strongly on the accuracy of the used radio propagation models or channel models. Hence, a careful selection of radio propagation models or channel models is necessary for an efficient and valid network design.

This paper focuses mainly on the shadow fading modeling. Many channel measurements have confirmed that the probability density function (PDF) of the shadow fading in logarithmic scale can be approximated by a Gaussian (normal) distribution with zero mean and certain standard deviation [START_REF] Lee | Mobile Communications Engineering[END_REF][START_REF] Mk Simon | Digital Communication over Fading Channels[END_REF]. Then in linear scale, this is a lognormal distribution. For this reason, shadow fading is also usually *Correspondence: meilingluo@gmail.com Université de Lyon, INRIA, INSA-Lyon, CITI, F-69621 Villeurbanne, France called the lognormal fading. However, measurements have also shown that shadow fading presents both the cross-correlation and the spatial correlation [START_REF] Saunders | Antennas and Propagation for Wireless Communication Systems[END_REF][START_REF] Graziano | Propagation correlations at 900 MHz[END_REF][START_REF] Van | Cochannel measurements for interference limited small-cell planning[END_REF][START_REF] Viterbi | Other-cell interference in cellular power-controlled cdma[END_REF][START_REF] Gudmundson | Correlation model for shadow fading in mobile radio systems[END_REF]. Thus, a totally independent one-dimensional lognormal shadow fading fails to well represent the shadow fading for real systems and a two-dimensional (2D) shadow fading model is preferred. Extensive research has been conducted on how to accurately model the shadow fading, e.g., how to model the cross-correlation and spatial correlation existing in the realistic shadow fading [START_REF] Saunders | Antennas and Propagation for Wireless Communication Systems[END_REF][START_REF] Graziano | Propagation correlations at 900 MHz[END_REF][START_REF] Gudmundson | Correlation model for shadow fading in mobile radio systems[END_REF] and how to include them into the 2D shadow fading models [START_REF] Fraile | Mobile radio bi-dimensional large-scale fading modelling with site-to-site cross-correlation[END_REF][START_REF] Jf Monserrat | Complete shadowing modeling and its effect on system level performance evaluation[END_REF][START_REF] Claussen | IEEE 16th International Symposium on Personal, Indoor and Mobile Radio Communications. Efficient modelling of channel maps with correlated shadow fading in mobile radio systems[END_REF][START_REF] Forkel | Generation of two-dimensional correlated shadowing for mobile radio network simulation[END_REF][START_REF] Cai | A two-dimensional channel simulation model for shadowing processes[END_REF]. For instance, in [START_REF] Saunders | Antennas and Propagation for Wireless Communication Systems[END_REF], Saunders et al. proposes a cross-correlation model for the shadow fading. In [START_REF] Gudmundson | Correlation model for shadow fading in mobile radio systems[END_REF], Gudmundson proposes a spatial correlation model for the shadow fading in mobile radio channels by measurement data fitting. This model now is widely accepted by many researchers and it is almost regarded as a standard spatial correlation model to be included into the proposed 2D shadow fading models [START_REF] Fraile | Mobile radio bi-dimensional large-scale fading modelling with site-to-site cross-correlation[END_REF][START_REF] Jf Monserrat | Complete shadowing modeling and its effect on system level performance evaluation[END_REF][START_REF] Claussen | IEEE 16th International Symposium on Personal, Indoor and Mobile Radio Communications. Efficient modelling of channel maps with correlated shadow fading in mobile radio systems[END_REF][START_REF] Forkel | Generation of two-dimensional correlated shadowing for mobile radio network simulation[END_REF][START_REF] Cai | A two-dimensional channel simulation model for shadowing processes[END_REF]. However, Gudmundson's spatial correlation model is proposed mainly for large to moderate cell sizes. For small cell sizes, e.g., Femtocells, it suffers from a low level of accuracy.

The main concern of this paper is the shadow fading modeling of small cells. Since the commonly used correlation models do not work very well for small cells, we propose in this paper to calculate the cross-correlation and spatial correlation from the site-specific multi-resolution frequency domain ParFlow (MR-FDPF) model [START_REF] Gorce | Deterministic approach for fast simulations of indoor radio wave propagation[END_REF][START_REF] Umansky | Computationally efficient MR-FDPF and MR-FDTLM methods for multifrequency simulations[END_REF][START_REF] Runser | 61st IEEE Vehicular Technology Conference. Assessment of a new indoor propagation prediction method based on a multi-resolution algorithm[END_REF], i.e., no need to make any assumptions about the crosscorrelation and spatial correlation models. Then, the calculated site-specific cross-correlation and spatial correlation are included into the proposed 2D correlated random shadowing model by applying the method of Fraile et al. in [START_REF] Fraile | Mobile radio bi-dimensional large-scale fading modelling with site-to-site cross-correlation[END_REF]. The MR-FDPF model is a deterministic site-specific radio propagation model, so it possesses the property of a high level of accuracy. For the same reason, the MR-FDPF model also suffers from a high computational load. Thus, the MR-FDPF model is normally limited to simulate the small cell scenarios, such as the indoor radio propagation scenarios.

Based on the generated 2D correlated random shadow fading, a complete 2D semi-deterministic path loss model can be proposed. The reason why we propose a 2D semideterministic path loss model is that the high level of accuracy of a pure deterministic model can not guarantee a high level of realism for real systems. As stated above, as a deterministic model, the MR-FDPF model possesses a high level of accuracy if the propagation scenario is well modeled firstly. However, the most difficult thing is how to model the propagation scenario perfectly. In reality, modeling the propagation scenario with 100 % accuracy is almost an impossible task. For instance, sometimes there can be some moving people or moving objects present in real propagation scenarios. But these moving people or moving objects are difficult to be modeled in simulations. Besides, the positions of walls and furniture in the propagation scenarios cannot be drawn with 100 % accuracy in the simulations. However, the minor inaccuracy of the scenario modeling may result in large prediction error due to the change of directions of multipath signals which are very crucial for the final multipath signal addition. Therefore, the high level of accuracy of deterministic models depends strongly on the accuracy of the scenario modeling. Since the accuracy of the scenario modeling cannot be always guaranteed first, the high level of accuracy of deterministic models does not mean that they are realistic. In this paper, we propose the 2D semi-deterministic path loss model aiming at improving the level of realism. In this model, the mean path loss is modeled deterministically, whereas the shadow fading and small-scale fading are modeled statistically.

The rest of the paper is organized as follows. Section 2 gives an introduction of the MR-FDPF model including its calibration and accuracy analysis. Then in Section 3, we discuss first how to extract the 2D deterministic shadowing from the MR-FDPF model. Based on the extracted 2D deterministic shadowing, the 2D correlated random shadowing can be generated. In Section 4, a complete 2D semi-deterministic path loss model is proposed, followed by the simulation and experimental evaluation in Section 5. Finally, conclusion is drawn in Section 6.

The MR-FDPF model

The MR-FDPF model is a deterministic radio propagation model. In this model, the simulated scenarios should be firstly discretized into a 2D grid-based structure and then it is assumed that the electric field corresponding to each grid point can be divided into four directive flows: the west, east, north, and south flow as shown in Fig. 1. The inward flows bring energy into the grid while the outward flows radiate energy out. In the conventional ParFlow model [START_REF] Chopard | The Ninth IEEE International Symposium on Personal, Indoor and Mobile Radio Communications[END_REF][START_REF] Chopard | Lattice Boltzmann method for wave propagation in urban microcells[END_REF][18] which is a time-domain solver, the inward flows and outward flows are updated alternately according to a local scattering equation determined by the property of material of the grid. After a sufficient number of iterations in time domain, these flows will finally reach a steady state and then the steady-state radio coverage can be computed. However, in the MR-FDPF model, the steady-state radio coverage problem is solved directly in the frequency domain. Moreover, in the frequency domain, the MR-FDPF model introduces a multi-resolution structure and a preprocessing phase to reduce the computational load.

Fig. 1 The inward flows and outward flows associated with each grid A calibration process is usually considered to be imperative for any radio wave propagation model since the properties of materials in the simulated scenarios are never exactly known. For the MR-FDPF model, the effect of materials in the simulated scenarios to the electromagnetic waves depends on two parameters: the refraction index n r and the normalized absorption coefficient a r . Hence, the two parameters of the materials in the simulated scenarios need to be calibrated in the calibration process. It is noted that the absorption coefficient of the air a air plays an important role in the MR-FDPF model since it modifies the 2D free space path loss model from

PL(d) ∝ d to PL(d) ∝ d • a -d/ r
air , while a realistic 3D free space path loss model is PL(d) ∝ d 2 , where d is the Tx-Rx (transmitter and receiver) separation distance and r is the discretization space step. The approximation between PL(d) ∝ d • a -d/ r air and PL(d) ∝ d 2 can be effective over a finite range after an appropriate choice of the a air [START_REF] De La Roche | On predicting in-building WiFi coverage with a fast discrete approach[END_REF].

The calibration process of the MR-FDPF model is implemented in two steps. The first step is to estimate the constant offset as follows

= 1 K K k=1 ( mes (k) -sim (k)) (1) 
where mes (k) and sim (k) are the mean powers from measurements and simulations, respectively, and K is the total number of samples. A constant offset always exists because of the numerical sources used in the MR-FDPF model, compared to the real transmitters in reality. The second step of the calibration process is to estimate the normalized absorption coefficient of air a air , the refraction index and normalized absorption coefficient of materials (n mat , a mat ) by minimizing the cost-function Q defined by the root mean square error (RMSE) between measurements and predictions

Q = RMSE = 1 K K k=1 mes (k) -pred (k) 2 ( 2 
)
where

pred (k) = sim (k) + (3) 
are the mean powers from predictions. The minimization process is based on the direct search algorithm "DIRECT" by Jones et al. in [START_REF] Jones | Lipschitzian optimization without the Lipschitz constant[END_REF]. A more detailed description about the calibration process of the MR-FDPF model can be found in [START_REF] Gdl Roche | The Adaptive Multi-Resolution Frequency-Domain ParFlow AR-MDPF method for 2D Indoor radio wave propagation simulation[END_REF].

In the following, we calibrate the MR-FDPF model with two sets of measurement data so that we can observe which level of accuracy the MR-FDPF model can normally achieve. The set of channel measurement conducted at Stanford University has been chosen, and specifically it corresponds to the "I2I stationary" scenario measurement therein [START_REF] Czink | [END_REF].

The scenario was a typical 16 × 34 m office environment made of 30 cubicles and 7 small separated rooms. Eight transmitters and 8 receivers were distributed in the office as illustrated in Fig. 2. All of them were equipped with omnidirectional antennas and were fixed in their locations during the measurement. Four materials were mainly used in the office, i.e., concrete for the main walls, plaster for the internal walls, glass for the external glass wall, and wood for the cubicles located in the central part of the office.

In this channel measurement, 8 × 8 multiple-input multiple-output (MIMO) channels at a center frequency of 2.45 GHz were measured simultaneously with a RUSK MEDAV channel sounder [START_REF]RUSK MEDAV channel sounders[END_REF]. For the measurement data, totally 120 time blocks covering a time duration of 32 s and 220 frequency bins covering a bandwidth of 70 MHz were recorded.

In the following, we calibrate the MR-FDPF model in two cases. The first case is to calibrate the MR-FDPF model with all the available measurement data, while the second case is to calibrate it with only a part of the available measurement data. Intuitively, the prediction performance of the MR-FDPF model calibrated with all the measurement data should be better than that calibrated with only a part of the measurement data since more measurement data are used.

Calibration with the measurement data from the links between all Txs and all Rxs

This calibration is performed with the measurement data from all the 64 links, i.e., the links between all the 8 Txs and all the 8 Rxs. The measurement data used to perform the calibration are taken only from the center frequency of 2.45 GHz but are averaged along the time axis, i.e., averaged over the 120 time blocks. The parameter values of materials obtained from the calibration process are listed in Table 1.

Then, these parameter values are configured to run the MR-FDPF simulation at 2.45 GHz with 0 dBm transmit power. The simulation step is 2 cm. The radio coverage Fig. 2 The measurement scenario map of Tx1 simulated with the MR-FDPF model is shown in Fig. 3 as an example.

The obtained offset and the RMSE computed from the 64 links compared to the measurement data are: offset = -60.3912 dB; RMSE = 4.6618 dB;

Calibration with the measurement data from the links between only Tx1 and all Rxs

This calibration is performed with the measurement data from 8 links, i.e., the links between the Tx1 and all the 8 Rxs. The same as above, the measurement data used to perform the calibration are taken only from the center frequency of 2.45 GHz but are averaged over the 120 time blocks.

The obtained parameter values of materials from the calibration process are listed in Table 2.

Similarly, these parameters are also configured to run the MR-FDPF simulations at 2.45 GHz. Thus, we can compute the offset and the RMSE between the simulation and measurement as follows:

• Comparing the two RMSEs computed both from the 64 links in the above two different cases A and B, it is obvious that we obtain a smaller RMSE when all the simulated points are calibrated with the measurement data than only a part of them are calibrated, which is consistent with our intuition.

Generation of the 2D correlated random shadowing

In this section, we talk about how to generate the 2D correlated random shadowing based on the MR-FDPF model.

As is known, when expressed in dB, the instantaneous path loss can be expressed as the sum of the mean path loss, the shadow fading, and the small-scale fading as follows

PL(d) = L(d) + X σ + F ( 4 
)
where PL(d), L(d), X σ , and F denote the instantaneous path loss, the mean path loss, the shadow fading, and the small-scale fading, respectively. The mean path loss L(d) and the shadow fading X σ characterize the signal variations over large distances, so they are usually called the large-scale propagation characteristics. On the contrary, the F is called the small-scale fading since it characterizes the rapid signal fluctuations over very short distances, e.g., over several wavelengths.

Extraction of the 2D deterministic shadowing from the MR-FDPF model

In (4), the term L(d) is considered to be deterministic and thus it can be described in a deterministic manner. Typically, the mean path loss L(d) is log dependent on the Tx-Rx separation distance d as follows where L 0 is a constant which accounts for system losses and n is the path loss exponent depending on the specific propagation environment. For instance, n = 2 for the free space propagation. The mean path loss is the main factor which determines the coverage area of a transmitter. The shadow fading X σ is normally a Gaussian distributed random variable (in dB) with zero mean and standard deviation σ X [START_REF] Mk Simon | Digital Communication over Fading Channels[END_REF].

L(d) = L 0 + 10n • log 10 (d) (5) 
At last, the small-scale fading F in linear scale is typically either a Rayleigh random variable (for NLOS propagation) or a Rician random variable (for LOS propagation). However, for real propagation scenarios, it is sometimes very difficult to tell whether it is a pure NLOS or a LOS propagation. Thus, here we would like to model the smallscale fading by the Nakagami-m fading which includes the Rayleigh fading and Rice fading as special cases [START_REF] Nakagami | The m-distribution-A general formula of intensity distribution of rapid fading[END_REF].

Moreover, recently the Nakagami-m fading has received more and more attention because it gives the best fit to many measurement data, such as land-mobile and indoormobile multipath propagation [START_REF] Mk Simon | Digital Communication over Fading Channels[END_REF][START_REF] Sheikh | 43rd IEEE Vehicular Technology Conference. Indoor mobile radio channel at 946 MHz: measurements and modeling[END_REF].

As stated above, the small-scale fading represents the rapid signal fluctuations over short distances, so they can be removed by averaging over local areas. After removing the small-scale fading, we obtain the local mean path loss. The local mean path loss includes the mean path loss and the shadow fading as shown in Fig. 4. Since we already know that the mean path loss is log dependent on the Tx-Rx separation distance d according to (5), we can obtain the mean path loss by using the Matlab curve fitting tool. And finally, the shadow fading can be easily obtained by subtracting the mean path loss from the local mean path loss. The above procedures can be applied to the simulation results of the MR-FDPF model in order to obtain the large-scale propagation characteristics, which is one of our previous works published in [START_REF] Luo | 6th European Conference on Antennas and Propagation (EUCAP). On predicting large scale fading characteristics with the MR-FDPF method[END_REF].

Since the simulation results provided by the MR-FDPF model are deterministic, the extracted shadow fading from the MR-FDPF model is also deterministic.

Generation of the 2D correlated random shadowing

Since the MR-FDPF model is a 2D deterministic radio propagation model and it takes the specific propagation environment into account, the extracted shadow fading from the MR-FDPF model is a 2D correlated deterministic Fig. [START_REF] Graziano | Propagation correlations at 900 MHz[END_REF] The local mean path loss includes the mean path loss and the shadow fading shadow fading. However, for real systems, shadow fading should only be modeled statistically due to the difficulty in modeling the randomly moving people and moving objects present in real environments. Thus, a random shadow fading is considered to be more realistic and more accurate than a deterministic shadow fading. In fact, in modern mobile telecommunications, shadow fading has to be modeled to be 2D correlated random shadowing since shadow fading may present both cross-correlation and spatial correlation due to the presence of similar obstacles during the propagation. For instance, nearby receivers are probable to experience very similar shadow fadings, i.e., their shadow fadings are correlated. Now, we detail how to generate the 2D correlated random shadowing model based on the 2D correlated deterministic shadow fading provided by the MR-FDPF model. It is based on the method of Fraile et al. in [START_REF] Fraile | Mobile radio bi-dimensional large-scale fading modelling with site-to-site cross-correlation[END_REF]. Assume that there are totally I transmitters in the simulated scenario. The MR-FDPF model can provide a deterministic shadow fading map for each of these transmitters, e.g., shadow fading map i for transmitter i. For each point (x, y) (i.e., where the virtual receiver is) in the simulated scenario, the shadow fading experienced by signals transmitted from I transmitters can be modeled by I + 1 independent Gaussian random variables {G 0 , G 1 • • • G I } which have zero mean and the same standard deviation σ X . To make sure that the generated shadow fading exhibits the same cross-correlation as presented in real systems, the shadow fading can be generated as follows:

X ij σ = √ ρ ij • G 0 + 1 -ρ ij • G i (6)
where X ij σ is the generated shadow fading for transmitter i while taking into account its cross-correlation from transmitter j, with i, j ∈ {1, 2 • • • I}.

From the above, it is easy to know that

E X ij σ = 0 ( 7 ) S X ij σ = σ X ( 8 
)
where E (•) and S (•) denote the expectation and the standard deviation. Thus, it guarantees that the generated shadow fading is still a Gaussian random variable with zero mean and standard deviation equal to σ X . Meanwhile, it also guarantees that the cross-correlation of shadow fadings between any pair of transmitters i, j is equal to

R ij (0) = E X ij σ • X ji σ E X ij σ 2 • E X ji σ 2 = ρ ij (9)
Thus, in this approach, the common component G 0 is used to model the receiver-position-dependent crosscorrelation of shadow fadings from different transmitters.

Since the same procedure above can be repeated at each point (x, y) in the simulated scenario to generate the cross-correlated shadow fading, the generated 2D crosscorrelated shadow fading map can be rewritten as:

X ij σ (x, y) = ρ ij (x, y) • G 0 (x, y) + 1 -ρ ij (x, y) • G i (x, y) ( 10 
)
Although the above generated 2D shadow fadings are cross-correlated, there is not any spatial correlation inside (the correlation of the shadow fadings is zero when their positions are different). In order to generate the spatial correlation, a 2D filter can be applied to the 2D crosscorrelated shadow fading map.

The impulse response of the 2D filter is denoted by h(x, y). The input of the 2D filter is supposed to be the above generated 2D cross-correlated shadow fading map, i.e., a(x, y) = X ij σ (x, y). The output b(x, y) is the expected shadow fading map which presents both the cross-correlation and the spatial correlation. As we know, if the impulse response h(x, y) of the 2D filter is known, the output b(x, y) can be easily obtained by a 2D convolution between the input a(x, y) and the impulse response h(x, y). Thus, the main task we should do here is to try to obtain the impulse response h(x, y) of the 2D filter.

According to the theory of random processes and linear systems, the power spectral density of b(x, y) is related to the power spectral density of a(x, y) according to

S bb (f x , f y ) = S aa (f x , f y ) • H(f x , f y ) 2 (11)
where S bb (f x , f y ), S aa (f x , f y ) are the power spectral density of b(x, y) and that of a(x, y), respectively. H(f x , f y ) is the system transfer function of the 2D filter. Since the input a(x, y) = X ij σ (x, y) is a white shadow fading map, its autocorrelation function R aa ( x, y) is non-zero only at the position (0, 0). Thus, its power spectral density is flat

S aa f x , f y = σ 2 a (12)
After a simple mathematical derivation, we can find σ 2 a = σ 2 X . Therefore, the system transfer function can be obtained by

H f x , f y = S bb f x , f y / σ 2 a (13)
Then, the impulse response h(x, y) can be easily obtained by performing a 2D inverse Fourier transform to the system transfer function.

When provided with the shadow fading map extracted from the MR-FDPF model, the power spectral density S bb (f x , f y ) can be obtained directly by applying a 2D Fourier transform to the autocorrelation function R bb ( x, y). Here, the deterministic shadow fading map provided by the MR-FDPF model is considered to be one realization of the random process of b(x, y).

A complete 2D semi-deterministic path loss model

Based on the generated 2D correlated random shadowing above, a complete 2D semi-deterministic path loss model can be structured as follows

PL ij (x, y) = L (d) + b (x, y) + F (x, y) (14) 
where PL ij (x, y) is the 2D path loss at position (x, y) of the transmitter i while taking into account the crosscorrelation of the shadow fading from the transmitter j, 2 is the distance to the transmitter i at position of (x i , y i ), L (d) is the mean path loss, b (x, y) is the generated 2D correlated random shadowing, and F (x, y) is the small-scale fading which can be determined by the m parameter of the Nakagami-m fading.

and d = (x -x i ) 2 + (y -y i )
Specifically, the above mean path loss L (d), shadow fading b (x, y), and the small-scale fading F (x, y) can be determined as follows:

• The mean path loss L (d) is deterministic and it can be determined from the MR-FDPF model as detailed in Section 3.1. • The shadow fading b (x, y) can be generated as detailed in Section 3.2 which is a 2D correlated random shadowing. • The small-scale fading F (x, y) is a Nakagami-m distributed random variable in linear scale. Since here F (x, y) is in dB, a variable transformation F = 10 • log 10 α 2 is needed (α is Nakagami-m distributed). Therefore, the probability density function of F is finally

P F (F) = ln 10 • 10 F/ 20 • m m • 10 F/ 20 2m-1 10 • m (m) • exp - m • 10 F/ 10 ( 15 
)
where m is the estimated m parameter of the Nakagami-m fading and = E 10 F/ 10 . This 2D semi-deterministic path loss model is complete because it takes into account both the large-scale fading and the small-scale fading. Moreover, it also takes into account the cross-correlation and the spatial correlation of the shadow fading. We call it a semi-deterministic model because it is mainly based on the deterministic MR-FDPF model, but it also introduces a random part to model the randomness of realistic radio channels.

Simulation and experimental evaluation

In order to verify the proposed approach, we still choose the Stanford's office scenario to perform the MR-FDPF simulation which has been detailed in Section 2. The MR-FDPF simulation is performed with the material parameter values listed in Table 1. It is simulated at the frequency of 2.45 GHz and with the transmit power of 0 dBm. The simulation step is 2 cm. An example of the radio coverage map simulated with the MR-FDPF model has been presented in Fig. 3.

As described previously, the small-scale fading can be modeled by the Nakagami-m fading and it can be removed by doing averaging over local areas. Moreover, the severity of the small-scale fading can be indicated by the m parameter of the Nakagami-m fading which can be efficiently estimated by the Greenwood's method [START_REF] Greenwood | Aids for fitting the gamma distribution by maximum likelihood[END_REF]. Figure 5 shows the estimated m parameter map which is obtained by doing exactly the same processes as in our previous work [START_REF] Luo | Realistic prediction of BER and AMC Woth MRC diversity for indoor wireless transmissions[END_REF], e.g., each m parameter is obtained over a local area with dimensions 23 × 23 pixels and its estimation performance has been verified by conducting the Kolmogorov-Smirnov goodness of fit test. For more details, readers can refer to [START_REF] Luo | Realistic prediction of BER and AMC Woth MRC diversity for indoor wireless transmissions[END_REF].

After averaging out the small-scale fading over local areas, we obtain the local mean path loss from the MR-FDPF simulation as shown in Fig. 6 by the blue crosses. In this figure, the local mean path loss is obtained from all the 8 transmitters and all the local areas in the scenario. Thus, by using the Matlab curve fitting tool, we obtain the fitted mean path loss for the whole scenario from simulation as shown in Fig. 6 

Comparing them two, we can see that the obtained L 0 and path loss exponent n from the simulation and mea-Fig. 7 The extracted deterministic shadowing from the MR-FDPF model Fig. 8 The autocorrelation function of the extracted 2D deterministic shadowing from the MR-FDPF model surement are comparable, which demonstrates that the MR-FDPF simulation result is accurate.

When we have both the local mean path loss and the mean path loss, we can easily obtain the deterministic shadowing from the MR-FDPF model by just subtracting the mean path loss from the local mean path loss. Figure 7 shows the 2D deterministic shadowing from the MR-FDPF model. From this figure, we can see that the 2D deterministic shadowing from the MR-FDPF model is correlated. This is reasonable since the MR-FDPF model is Fig. 9 The power spectral density of the extracted 2D deterministic shadowing from the MR-FDPF model Fig. 10 The generated 2D random shadowing with cross-correlation a site-specific model, i.e., it takes into account for instance, the walls, the furniture, and so on in the propagation environments.

Although it is obvious in Fig. 7 that the 2D deterministic shadowing from the MR-FDPF model is correlated, we want to know how much it is correlated. Thus, we check the 2D autocorrelation function of the extracted deterministic shadowing from the MR-FDPF model which is presented in Fig. 8. Since the autocorrelation function and the power spectral density are a Fourier transform pair, we can easily obtain the power spectral density by applying a 2D Fourier transform to the autocorrelation function as shown in Fig. 9. Now in the following part, the generated 2D random shadowing results are presented. In Fig. 10, we present the generated 2D random shadowing of Tx1 which has taken into account the cross-correlation from Tx2 as an example. It is generated according to [START_REF] Claussen | IEEE 16th International Symposium on Personal, Indoor and Mobile Radio Communications. Efficient modelling of channel maps with correlated shadow fading in mobile radio systems[END_REF]. We can also check its autocorrelation function as shown in Fig. 11. As is seen, since the generated 2D random shadowing here has only taken into account the crosscorrelation but not yet the spatial correlation, the auto-Fig. 11 The autocorrelation function of the generated 2D random shadowing with cross-correlation Fig. 12 The generated 2D random shadowing with both the cross-correlation and the spatial correlation correlation function is almost non-zero only at the center.

The generated 2D random shadowing with both the cross-correlation and the spatial correlation is presented in Fig. 12. From this figure, we can easily see that there is a spatial correlation inside the generated 2D random shadowing. Although it is obvious that there exists a spatial correlation in Fig. 12, it tells nothing about how the spatial correlation is, especially how the spatial correlation matches that of the deterministic shadowing extracted from the MR-FDPF model. Hence, we compare the autocorrelation function of the generated 2D correlated random shadowing to that of the deterministic shadowing extracted from the MR-FDPF model in Fig. 13. From this figure, we can see that although the autocorrelation functions do not match each other exactly, they show some similarities.

At the end of this section, we present the result of the generated 2D semi-deterministic path loss. Here in Fig. 14, we show the generated 2D semi-deterministic path loss for Tx1 as an example. It is obtained according to [START_REF] Umansky | Computationally efficient MR-FDPF and MR-FDTLM methods for multifrequency simulations[END_REF], where L (d) = 49.05 + 10 × 1.653 • log 10 (d), X ij σ (x, y) is the above generated 2D correlated random shadowing and F (x, y) is generated according to [START_REF] Runser | 61st IEEE Vehicular Technology Conference. Assessment of a new indoor propagation prediction method based on a multi-resolution algorithm[END_REF].

Conclusions

In this paper, the generation of a realistic shadow fading for small cells is mainly addressed. Since a onedimensional lognormal shadow fading cannot well represent the shadow fading for real systems, for instance, it can not model the cross-correlation and the spatial correlation presented in the realistic shadow fading, a 2D correlated random shadowing is generated in this paper. It is generated based on the extracted deterministic shadowing from the MR-FDPF model which is considered to be one realization of the 2D correlated random shadowing. Since the deterministic MR-FDPF model is a site-specific model, the extracted deterministic shadowing from it is efficient, which has been also been verified by comparison to the channel measurement.

Based on the generated 2D correlated random shadowing, a complete 2D semi-deterministic path loss model is also proposed at the end. This 2D path loss model is complete because it takes into account not only the large-scale fading and the small-scale fading but also the crosscorrelation and the spatial correlation of the shadow fading.

The methodology proposed in this paper can be implemented into system-level simulators and it will be very useful for them due to its ability to generate realistic shadow fading.

  The offset and the RMSE computed only from the 8 links are: offset = -62.1031 dB; RMSE = 4.3858 dB; • The offset and the RMSE computed from all the 64 links are: offset = -60.2297 dB; RMSE = 8.5705 dB;

Fig. 3

 3 Fig. 3 Radio coverage map of Tx1 simulated with the MR-FDPF model at 2.45 GHz plotted in dBm

Fig. 5

 5 Fig.[START_REF] Van | Cochannel measurements for interference limited small-cell planning[END_REF] The estimated m parameter map of the Nakagami-m fading with goodness of fit test

Fig. 6

 6 Fig.[START_REF] Viterbi | Other-cell interference in cellular power-controlled cdma[END_REF] The extracted local mean path loss and the fitted mean path loss from the MR-FDPF model

  . It is L sim (d) = 49.05 + 10 × 1.653 • log 10 (d) (16) On the other hand, the fitted mean path loss from the Standord's channel measurement is [26] L meas (d) = 47.25 + 10 × 1.442 • log 10 (d)

Fig. 13

 13 Fig.[START_REF] Gorce | Deterministic approach for fast simulations of indoor radio wave propagation[END_REF] The autocorrelation function comparison of the extracted 2D deterministic shadowing from the MR-FDPF model and the generated 2D correlated random shadowing

Fig. 14

 14 Fig.[START_REF] Umansky | Computationally efficient MR-FDPF and MR-FDTLM methods for multifrequency simulations[END_REF] The generated 2D semi-deterministic path loss for Tx1

  

  

  

  

  

Table 1

 1 Parameter values of materials optimized from calibration A

		n mat	a mat
	Air	1.0	0.9999335
	Absorbant	1.0	0.96879673
	Wood	4.002058	0.9999999
	Plaster	1.5	0.9999999
	Concrete	5.4	0.9999999
	Glass	2.1042523	0.9999999

Table 2

 2 Parameter values of materials optimized from calibration B

		n mat	a mat
	Air	1.0	0.9999997
	Absorbant	1.0	0.96879673
	Wood	2.3888888	0.9999999
	Plaster	1.5	0.9999999
	Concrete	5.4	0.9999999
	Glass	2.0438957	0.9999999
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