
Path Loss Models with Distance Dependent Weighted Fitting and
Estimation of Censored Path Loss Data
Invited Paper

Aki Karttunen1, Carl Gustafson2, Andreas F. Molisch1,*, Rui Wang1, Sooyoung Hur3, Jianzhong
Zhang3, Jeongho Park3

1Department of Electrical Engineering, University of Southern California, Los Angeles, CA, USA.
2Department of Electrical and Information Technology, Lund University, Lund, Sweden.
3Samsung Electronics, Co., Ltd.
*molisch@usc.edu

Abstract: Path loss models are the most fundamental part of wireless propagation channel models.
Path loss is typically modeled as a (single-slope or multi-slope) power-law dependency on distance
plus a log-normally distributed shadowing attenuation. Determination of the parameters of this
model is usually done by fitting the model to results from measurements or ray tracing. We show
that the typical least-square fitting to those data points is inherently biased to give the best fitting
to the link distances that happen to have more evaluation points. A weighted fitting method is
developed that emphasizes the accuracy at the distance range that is consciously chosen by the
user as most important for a system simulation. As a further important point that is typically not
taken into account for path loss parameter extraction, we show that typically measurement data (but
also ray tracing), is censored, i.e., path loss values above a certain threshold cannot be measured.
We present examples of weighted fitting models, and models with and without the censored data,
for 28 GHz channels in urban macrocells, and show that these effects have a significant impact on
the extracted parameters and that the fitting accuracy can be improved with the presented methods.

1. Introduction

Millimeter-wave (mm-wave) frequency bands will play an important role in next-generation wire-
less communications (5G), due to the enormous amount of available bandwidth in this frequency
range [1]. For the design, performance assessment, and deployment planning of wireless systems,
models for the mm-wave propagation channels, in particular for outdoor environments, are an im-
portant prerequisite. For this reason, a number of organizations [2, 3, 4], are currently creating
mm-wave channel models. The most fundamental parameter of the wireless propagation channel
is the path loss (PL). It determines the signal-to-noise and signal-to-interference ratios, and thus
the coverage range as well as data rates [5]. Accurate path loss models are thus vitally important
for mm-wave system simulations. In order to properly reflect reality, path loss models should be
based on measurement campaigns such as [6, 7] or ray tracing, e.g., [8, 9]. Path loss models de-
rived from such experimental data are typically parametric models. Most models assume a simple
power-law dependence on distance using a logarithmic scale 10 · α · log10(d/1m) + β, which is
a straight line in the ”power in dB” - vs - log10(d/1m)-plot. Widely used path loss models in the
UHF and microwave range based on such fitting to measurements are the Okumura-Hata models
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[10], the COST 231 path loss models [11], and many more, see, e.g., [12, 13, 14], and references
therein. Popular generalizations are breakpoint (dual-slope) or multi-slope models.

The parameters of such a model can be obtained in a very simple way: namely by performing a
least-squares fit to scatter plots of the experimental data; this approach has been used for decades.
In this paper we will discuss, and show examples of, two very important aspects of typical path
loss datasets that are in general not taken into account in the model fitting. These effects (and their
remedies) exist for path loss models at all frequencies; however we emphasize the importance
(and give examples for) mm-wave bands since path loss models for those are currently under
development, and typical measurement setups and parameter ranges are more sensitive for mm-
wave than for microwave channels.

The first effect we will demonstrate is that the fitting results are sensitive to the choice of mea-
surement locations, i.e., how many measurement points exist at each distance. In other words,
those distances at which more measurement results are available, inherently provide the largest
impact on the fitting result. We stress that this is a statistical artifact that stems from: (i) a devi-
ation of the model from the actual propagation law, and (ii) a finite number of data points. Such
a bias should be avoided as much as possible, as it distorts the results of system simulations done
with the biased path loss model. While the location bias effect seems obvious, it has, to our knowl-
edge, not yet been discussed in detail in the literature. In [15], similar effect is briefly addressed
in case of the difference between logarithmic and linear spacing and least-square fitting. Besides
pointing out this effect and explaining its nature, this paper provides a method to remedy it and
emphasize those distance ranges that are of most interest for system simulations.

A second important effect in measured or simulated data arises from those locations at which
the path loss values are not available. In measurements this is due to measurement noise , i.e., no
path loss can be recorded if the received signal power is below the noise (sensitivity) threshold.
In the ray-tracing simulations the dynamic range is limited in order to limit the simulation time.
When the locations for such occurrences are known (but obviously the path loss values are not), the
data are called censored [16]. The censored data are typically ignored and the fitted model does
not correctly represent the actual propagation conditions. Obviously this effect is the stronger the
smaller the dynamic range of the data. The censored data can be taken into account by applying a
Tobit maximum-likelihood estimator, as shown in [16].

It is to be noted that these two methods, compensating for the distance bias and including the
censored data, serve different purposes. The weighted fitting is compensating for the lack of data at
distances at which few measurements were taken (and it assumes that all measurements provide a
path loss value). On the other hand, censored data describe the part of the data where measurements
are taken, but do not provide a path loss value (i.e., path loss is too high).

The main contributions of this paper are thus: (i) we point out the issues of the distance bias and
the data censoring, (ii) we present methods for compensating for the bias, through weighting of the
measurement results by their measurement point density, as well as the method for accounting the
data censoring. (iii) we provide examples of these effects based on extensive ray-tracing results at
millimeter-wave frequencies.

The rest of the paper is organized as follows: the path loss data, used as an example in this
paper, are introduced in Section 2, the path loss models and model fitting is presented in Section 3.
In Section 4, the weighted fitting for compensating for the distance bias is presented and path loss
models are compared to the original path loss data. Section 5 shows how ignoring the censored data
can lead to wrong model parameters. Examples of combining the weighted fitting and including
the censored data are given in Section 6. Finally in Section 7, the effects of censored data are
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(a) (b)

Fig. 1. Simulation area.
(a) NYU campus area and transmitter locations for ray-tracing simulation [17]
(b) Example of locations in LOS in blue, NLOS in red, and censored data in black (PL > 220 dB)
with the BS location TX11.

demonstrated with a dual-slope path loss model that is shown to give better match to the data.

2. Path Loss Data

The principles of the location bias and censored data will be explained by means of example
ray-tracing data for 28 GHz channels in an urban environment. Similar effects are present in
measurement results due to selection of measurement locations and due finite dynamic range of
channel sounders. Specifically, in this work, we model the New York University (NYU) campus
area in Manhattan, NY, USA, based on 3D building models. Fig. 1a shows the geometry of the
NYU campus model in an area that is 920 m in length and 800 m in width. Note that this is the
area for which the building database is available; the actual observation area is the smaller 560 m
by 550 m area within the red square in Fig. 1a. The reason for this difference is that all relevant
buildings that can give rise to reflections, scattering, and diffraction, for all observation points
have to be contained in the database. In the ray-tracing simulations, the signal power samples are
collected with 5 m resolution within the observation area. The transmitter is placed 5 m above
the closest rooftop, as is typical for an urban macrocellular scenario (UMa). The BS heights are
between 25 m and 60 m. Most buildings in the area are about 20 to 40 m high with only a few
higher buildings. The simulations area includes some wide streets, open areas with vegetation, and
narrower streets, as shown in Fig. 1. Environment settings similar to those in ITU-R M.2135 and
3GPP SCM for UMa are used.

The parameters for ray-tracing simulations are same as in [17, 18, 19]. All paths are modeled
by reflection, diffraction, and penetration based on geometrical optics (GO) and uniform theory
of diffraction (UTD) using the ray-tracing software Wireless In-site designed by REMCOM [20].
Details about the the simulation setup and simulation area can be found in [17].

For locations with path loss in excess of 220 dB the path loss value is not available, i.e., data are
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censored. Furthermore, each RX location is categorized as line-of-sight (LOS) or non-line-of-sight
(NLOS) by the definition of visual LOS between the TX an RX. In order to validate the ray-tracing
approach, we performed ray-tracing simulations on the locations where the NYU Wireless team
conducted 28 GHz-band field measurements in the same area [21]; (these TX locations are marked
with red dots in Fig. 1a). The simulated channel data are validated by comparison of path loss,
delay spread, and azimuth angular spread [22].

A total of eleven base stations (BS), i.e., transmitters (TXs), are simulated on order to mitigate
the geometry dependency of the results and obtain better statistics. The mobile station (MS), i.e.,
receiver (RX), height is set to be 1.5 m, and only outdoor RX points are simulated. An example of
one BS location is given in Fig. 1b, where LOS, NLOS, and censored data locations are indicated.
In total, the data set has 6614 data points in LOS, 47888 data points in NLOS, and additional 6108
(11% of NLOS data) NLOS locations with censored data (PL > 220 dB).

3. Path Loss Models and Fitting

3.1. Path Loss Models

The path loss model that we consider in this section is the classical ”log-distance power law” [5],
and we define the small-scale-averaged (SSA) path gain as the instantaneous (local) channel gain
averaged over the small-scale fading, and the large-scale averaged (LSA) channel gain as the SSA
channel gain averaged over shadow fading. Then the mean path loss is the inverse of the LSA
channel gain, and we model it on a dB-scale using either a single slope model, as

PLm(d) = 10·α· log10(d/d0) + β, (1)

where d0 = 1 m, or using a dual slope model with a break-point distance dbreak, as

PLm(d) =10·α1· log10(d/d0) + β, for d < dbreak,

PLm(d) =10·α1· log10(dbreak/d0) + 10·α2· log10(d/dbreak) + β, for d > dbreak.
(2)

The variations of the SSA path loss data PLd, expressed in dB, around the mean-value line given
by (1) or (2) is modeled as a random variable whose distribution is given by a zero mean normal
distribution random variation N(0, σ). The standard deviation σ can be either a constant or a
distance dependent function:

σ(d) = a· log10(d/d0) + b. (3)

We shall also consider a standard deviation for the dual slope model that is linearly increasing up
to the break-point distance, and then increases with a different linear slope, as

σ(d) =a1· log10(d/d0) + b, for d < dbreak,

σ(d) =a1· log10(dbreak/d0) + a2· log10(d/dbreak) + b, for d > dbreak.
(4)

3.2. Estimation of Pathloss Model Parameters

The log-likelihood functions used in this paper are introduced in this section. In order to correct
for the unintentional bias that is caused by the distribution of data as a function of the distance,
distance dependent weights are introduced in the typical log-likelihood functions. Define now a
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weighted log-likelihood function (note that there are other possible formulations for the weighted
log-likelihood function, e.g., placing the w inside the log-function)

LLF =
Ns∑
i=1

w(di)

(
log

1

σ(di)2
+ log

(
φ

(
PLd(di)− PLm(di)

σ(di)

)))
, (5)

where Ns is the number of uncensored data samples, σ is the standard deviation (std) of the distri-
bution, w is the weight, PLm is the path loss model and PLd is the path loss data at distance di
given in dB. Here, φ(·) is the standard normal probability density function (PDF).

If censored data samples are considered, the log-likelihood for these samples have to be con-
sidered as well and it is given as

LLF ∗ =

N∗
s∑

i=1

w(di)

(
log

(
1− Φ

(
PL∗

d − PLm(di)
σ(di)

)))
, (6)

where ∗ refers to censored data, i.e., N∗
s is the number of censored data points, the path loss level

for the censoring is PL∗
d, and Φ(·) is the cumulative distribution function (CDF) of the standard

normal distribution. The path loss parameters are then estimated as the minimum of the negative
of the log-likelihood function as

argmin
α,β,σ
{−(LLF + LLF ∗)}. (7)

With the distance dependent σ(d) all four parameters (α, β, a, b) are optimized. Similarly, for
dual slope models, the break-point distance parameter, dbreak, is also included in the minimization
and the slope α is replaced by α1 and α2. Also, if the distance dependent variance of (4) is used,
a is replaced by a1, a2 in the above. Also note that it is possible to introduce constraints on the
optimization parameters to accommodate possible side information.

4. Weighted Fitting

Available path loss data are typically unevenly distributed across the link distances: often the
measurement locations are determined by, or at least limited by, practical limitations in the mea-
surements or the ray-tracing environment. Thus, when performing a fit of a path loss model to the
measurement results, the distances that by accident have more data points, have a bigger impact
on the fitting parameters. With appropriate weighing it is possible to “equalize” this effect, i.e.,
give relatively more weight to distances with fewer data points, and thus improve fitting accuracy
for those distances. On the other hand, we might also want to selectively improve the modeling
accuracy for the shortest or the longest link distances. This is especially important for simple mod-
els such as the single-slope linear fit described in Section 3, which may not fit the data equally for
every part of the dataset link distance range.

As an example, the distribution of data points within the 28-GHz ray-tracing dataset is illus-
trated in Fig. 2. As can be seen, both the LOS and NLOS datasets are quite unevenly distributed.
Note that later we use a discrete approximation to the point density pdf; the choice of the ”bin size”
for the distance bins has to be a compromise between a sufficiently fine distance resolution, and
including a sufficient number of measurement points in each bin (see also the discussion below).

We now analyze different weighting functions. We consider four different approaches:
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Fig. 2. Apparent data point density per 20 m, i.e., the fitting weights w multiplied by number of
points averaged over 20 m. The red lines are the true data point densities.
(a) LOS
(b) NLOS

• a) equal weight to each data point. This is the default solution, used in many previous papers.
We stress that while it was not recognized at the time, using all points with equal weighting
is in itself a form of weighting, and it will favor the distances with the most data points. We
note that unweighted estimation is in fact unbiased if the underlying model is correct and
all the samples are uncorrelated. Also, additional weights based on the distance dependent
variance is already inherently included in the maximum-likelihood estimation. However, for
both measurement and simulation results, the data might not (and actually usually will not)
obey simpler models and might also contain correlated samples, which is why distance depen-
dent weights could be useful. The weights are determined by the placement of measurement
points, which might not be meaningful for any later system simulations that use the model.

• b) equal weight to N bins over link distance d. This is an ”intuitively pleasing” weighting,
which gives slightly better fit for both short and long distance that have relatively few data
points in measurements.

• c) equal weight to N bins over log10(d). This weighting is most closely aligned with a ”least
square” fitting on a dB-vs-log10(d) plot. Each equal-sized ”bin” on the log10(d) axis obtains
equal importance for the fitting. As a consequence of this approach, we obtain a better fit for
short distances and worse fit for largest link distances, compared to option b).

• d) equal weight to N bins over d2. This approach is most appealing as the basis for system
simulations with uniform random ”drops”, i.e., choice of mobile station location, in a geo-
graphical area. Then the weights become proportional to the number of MSs that will be
dropped in a particular distance bin. As a consequence, we obtain a better fit with the largest
link distances and worse fit for short distances.

The weights w for (5)-(6) are inversely proportional to the number of data points in a bin:

w =
1

Nb

Ns

N
, (8)

where Nb is the number of data points in the bin and Ns is the total number of points. The fitting
accuracy is improved for w(di) > 1 and data points with w(di) < 1 have reduced effect on the
fitting as compared to weighing option a) which has w(di) = 1 for each point. The number of bins
is selected as N = 30 for each weighing option.
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Table 1 LOS parameters: single slope models with weighing options, the censored data is not taken into account.

Method α β σ [dB] a b

a 1.60 66.62 2.10 - -
1.69 64.78 - 1.52 -1.23

b 1.55 67.48 2.36 - -
1.67 64.88 - 1.54 -1.20

c 1.60 66.56 2.00 - -
1.68 64.93 - 1.45 -1.17

d 1.46 69.58 2.53 - -
1.49 68.83 - 1.07 -0.10

Table 2 NLOS parameters: single slope models with weighing options, the censored data is not taken into account.

Method α β σ [dB] a b

a 8.37 -53.94 22.58 - -
7.77 -39.88 - 14.97 -14.44

b 8.10 -46.78 22.64 - -
7.46 -31.14 - 15.46 -15.93

c 7.81 -40.10 20.48 - -
7.13 -24.38 - 16.57 -18.95

d 8.11 -47.24 24.26 - -
7.71 -37.07 - 15.03 -14.46

In order to illustrate the distance dependent weights we define:

W = Nd · w, (9)

whereW is the apparent data point density, Nd is number of data points on a linear (or logarithmic,
etc.) scale, and w are the weights that are used in the weighted LLF -equation. The apparent data
point density W averaged over 20 m is presented in Fig. 2. The W is approximately constant as a
function of distance d, log10(d), and d2 with weighing options b), c), and d), respectively.

We are imposing as an additional constraint that the bins with smallest number of data points,
in total including about 2% of the total number of data points, are limited to w = 1. This prevents
giving huge weights to severely under-sampled distance range that have a very small number of
points and thus a high variance of the realizations.

The path loss model parameter values with different weighings are presented in Tables 1 and 2.
The derived models are valid only within the distance range of the underlying data (a point that
seems obvious, yet is often forgotten in the application of path loss models). Examples of PL
data and fitting results are given in Fig. 3. The censored data are not taken into account in these
examples. In the LOS-case, the model parameters α and β are quite similar with the different
weightings and the main differences are in the σ values. The α and β with constant σ models are
different from those with the distance dependent σ-models. This clearly shows the importance of
optimizing the power-law model (1) together with the σ-model.

In general, comparing the weighings a)-d) for both LOS and NLOS, the c)-models show the
strongest differences from the others. This implies that the PL data for the shortest link distances
follow a slightly different distribution. In cases when the relatively short link distances are impor-
tant, using these fits could improve PL-model accuracy.
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Fig. 3. PL-model fitting examples; (green) constant σ and weighting function a) equal weight to
each data point, distance dependent σ, and (red) weighting function c) equal weight to each bin as
function of log10(d). Dashed lines indicate the PLm(d)± 2σ(d)-lines.
(a) LOS
(b) NLOS
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Fig. 4. Comparison of data and models for LOS with distance-dependent σ.
(a) Average of PLm[dB]− PLd[dB] of the model over 20 m.
(b) std(PL[dB]) of the models and data over 20 m.

Statistics of the difference between models and underlying data (averaged with a 20 m sliding
window) are presented in Fig. 4 for LOS using the distance-dependent σ-model. In LOS, the aver-
age difference PLm[dB]− PLd[dB] over such a window is close to zero for most of the distance
range, with all the weighing options, which indicates that the LOS data fits the PL-model (1) very
well. When analyzing the original data, we see that the standard deviation (std) of the path loss
(std(PLd[dB])) is increasing as a function of the distance between BS and MS. Therefore, the
distance-dependent model of the shadowing variation provides better results.

When a constant σ is used, the σ of the PL models is selectively adjusted to fit the standard
deviation of the underlying raw data either for the shortest distances or the longest, depending
on the weighting option (see Tables 1 and 2). For example, the weighing option c) makes σ fit
well to the std(PLd[dB]) occurring at the shortest link distances; these values are smaller, so a
smaller σ is fitted. The distance dependent σ-models correctly model the distance dependency of
the standard deviation from the local average path loss for most of the distance range.
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Fig. 5. Path loss model estimation based on (red) all the data up to 220 dB and censored data,
(blue) based on all the data up to 170 dB and censored data, and (green) based on data up to
170 dB. Note that all the PL data points are shown, but not used for all these model fittings.
Dashed lines indicate the PLm(d)± 2σ(d)-lines.
(a) With constant σ.
(b) With linearly increasing σ(d).

5. Path Loss Models with Estimation of Censored Path Loss Data

In experimental measurements, the observation of the received signal power at the receiver is
limited by the system noise, and signals with power below the noise floor can not be measured.
This effect can be especially severe for mm-wave scenarios, since the path loss and large scale
fading at mm-wave frequencies is in general greater compared to lower frequencies. In path loss
measurements, samples that are dominated by noise are sometimes referred to as outage samples,
and only rarely modeled explicitly [23]. The outage samples are usually not taken into account
when estimating path loss parameters. In [24], it was shown that the path loss parameter estimates
can be improved if the outage samples are modeled as censored samples, and then taken into
account in the estimation step. Even in the ray tracing data used in this paper, there are censored
samples present. This occurs due to the fact that only a limited number of rays, with path powers
in a limited range, are collected.

Now, we consider the single slope path loss model of (1), with either a constant σ or with
the linearly increasing σ(d) according to (3). Then, based on the ray tracing data, we use (7) to
estimate the model parameters. We do this for three different cases: i) with all the ray tracing data
up to 220 dB and censored data, ii) with all data up to 170 dB and censored data, and iii) with
all data up to 170 dB without considering censored samples. The results for these three different
cases, for a constant standard deviation is shown in Fig. 5a, and the estimated parameters for these
cases are shown in Table 3.

It is quite clear that omitting the censored samples has a big impact on the estimated parameters.
If only data up to 170 dB is considered without the censored samples, the estimated parameters are
vastly different from those obtained from the data set that includes values up to 220 dB. However, if
the data up to 170 dB are considered together with the censored samples, the estimated parameters
are close to the case with all samples up to 220 dB. With the 170 dB censoring level the NLOS
data set has 19839 censored points, which is about 37% of the NLOS locations.
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Table 3 NLOS path loss parameters for single slope and constant σ

Case α β σ[dB]

220 dB, with censored data 11.46 -123.6 28.69
170 dB, with censored data 9.05 -68.6 22.8

170 dB, without censored data 4.37 32.5 16.17

Table 4 NLOS path loss parameters for single slope and distance dependent σ.

Case α β a b

220 dB, with censored data 9.8 -82.5 21.93 -26.00
170 dB, with censored data 8.84 -62.6 15.3 -14.29

170 dB, without censored data 4.44 30.8 6.42 0.77

The main purpose of including the censored data in the fitting is to achieve a more realistic
distribution in terms of modeling the outage probability, i.e., probability of path loss above the
censoring level. A shown by these results, if the censored data are omitted the resulting model
clearly underestimates the probability of high path loss values (see Fig. 5)b. It should be noted that
the exact distribution for the censored data is in general unknown and therefore also the resulting
model can at best be considered as improved approximation.

However, in all of these cases, the estimated β is suspiciously small. While a meaningful com-
parison between fit and measurements can only be done for distance ranges for which measurement
data actually exist; all the models provide a rather poor fit for such small distances. This could in-
dicate that the presumed model with linear slope and constant variance is not well suited for this
NLOS scenario.

Now, repeat the fit, but for a linearly increasing σ(d). The result is shown in Fig. 5b, and the
estimated parameters are given in Table 4. Again, we see that if censored samples are not taken
into account, the estimated parameters are vastly different compared to when the full range is
considered. The distance dependent standard deviation improves the model fit, but the issue for
short distances still exist. In Section 6, we apply weights to the estimation, and in Section 7, we
investigate dual slope path loss models to see if this can improve the model fit.

6. Weighted Fitting and Censored Data

The distance dependent weights, from Section 4, can be used together with the censored data.
To illustrate this, single-slope path loss model fittings with the weighing options c) and d) are
compared. These weighing options are chosen to highlight the effect the inclusion of censored
data has. The weighing option c) puts more weight for the shorter distances whereas option d) puts
more weight to the longer distances where the censored data is. To further highlight this we use
the 170 dB censoring.

Examples with both weighted fitting and the censored data are presented in Fig. 6. As can be
seen, the inclusion of censored data has stronger effect on the weighing option d). It is also intuitive
that including the censored data has especially large impact for weighing options that emphasize
large distances, since it is at large distances that censoring usually occurs. It must also be noted
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Fig. 6. Path loss model fitting examples illustrating the effect of the censored data with different
weighing options; (red) based on all the data up to 170 dB and censored data, and (green) based
on data up to 170 dB. Dashed lines indicate the PLm(d)± 2σ(d)-lines.
(a) The weighing option c)
(b) The weighing option d)

Table 5 NLOS parameters with 170 dB censoring: single slope model with constant σ, weighing options with the
censored data marked with∗.

Method α β σ [dB]
a 4.37 32.50 16.17
a∗ 9.05 -68.6 22.80
b 3.97 41.3 16.23
b∗ 9.17 -70.5 22.69
c 4.26 34.00 15.64
c∗ 8.68 -60.00 20.18
d 3.49 53.60 16.58
d∗ 10.01 -90.00 25.96

that giving stronger weight to larger distances without including censoring might actually reduce
the accuracy of the estimates. The parameter values for all the presented four weighing options are
listed in Table 5. These results again highlight the large effect that including the censored data can
have.

7. Dual-Slope Models and Censored Data

As shown in the previous sections, the single slope model is poor at providing a good fit of the path
loss samples for shorter distances. This is especially true when censored samples are included in
the estimation, and this issue still exists when using different distance-dependent weights. There-
fore, we also consider the dual slope models described in (2). We also consider three different
models for the σ of the dual slope model, as described by equations (3)-(4), i.e., constant σ, lin-
early increasing σ and a dual slope for the σ. Estimation results for these three different models are
shown in Fig. 7a. These results include all data up to 220 dB and censored data. For all of these
models, the break-point distance, dbreak, is a parameter that is also estimated by the maximum-
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Table 6 NLOS dual slope model parameters

Model α1 α2 β σ[dB] a1 a2 b dbreak [m]
1 1.97 14.48 82.50 28.3 - - - 179.8
2 2.73 14.6 66.2 - 11.1 - 0.0005 180.9
3 2.37 13.9 72.8 - 7.1 48.4 -0.003 166.2

Fig. 7. Estimation results with dualslope results. Dashed lines indicate the PLm(d) ± 2σ(d)
boundaries.
(a) Comparison of (green) data up to 220 dB and censored data for dual slope models with constant
σ, (red) with linearly increasing σ, and (blue) with a dual slope model for the σ.
(b) Dual slope model also for the σ. Comparison of: (blue) all the data up to 220 dB and censored
data, and (red) data only up to 170 dB and censored data

likelihood method. Table 6 lists the estimated parameters for the dual slope models shown in
Fig. 7a.

As seen in Fig. 7a, the model with constant σ (model 1) would give samples with too large vari-
ance at short distances, as compared to the data. The dual slope model with linearly increasing σ
(model 2) is better at capturing the distance dependent variance, but has a shape that also is not ap-
propriate to describe the large-scale fading variance. The third model, which has dual slope model
with a dual slope model also for the σ, is better at describing the distance dependent variance. The
drawback of this model is the complexity, since it is described by six parameters. This means that
a larger number of samples would be required to accurately estimate the parameters of this model
compared to a single slope model. On the other hand, these results could indicate that a single
slope model might be inappropriate to use for at least some mm-wave NLOS scenarios.

For this reason, we also estimate this model with only the ray tracing data up to 170 dB, and
use the remaining data as censored samples. The results for this is compared to the result for
all the data up to 220 dB in Fig. 7b. This shows that, with enough samples, it seems feasible to
estimate such a model, given that the dynamic range of the path loss measurement (or simulation)
system has a dynamic range that allows one to measure path loss data up to 170 dB. The estimated
parameters are shown in Table 7.
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Table 7 NLOS dual slope model parameters with different censoring levels

Model Censoring Level α1 α2 β a1 a2 b dbreak [m]
3 220 dB 2.37 13.9 72.8 7.1 48.4 -0.003 166.2
3 170 dB 1.75 11.9 83.8 7.3 27.2 -0.002 148.2

8. Conclusion

Typically path loss models are fitted to the available measured or simulated path loss values in an
extremely simple way as a least-square fit. This ignores certain properties of the path loss data. One
of these is that the typical path loss data exists at locations whose density is unevenly distributed
over the link distances. This can cause unintended bias in the path loss model fitting, favoring
those link distances with more data samples. We present a path loss model fitting with distance
dependent weighing that provides better model fitting evenly across the distances or selectively to
improve accuracy for the shortest or longest link distances.

Another commonly omitted property of path loss data is the so-called censored data; locations
for which path loss data in not available due to measurement noise or ray-tracing simulation set-
tings. The censored data, for which we only know that the path loss is larger than the limiting
value, carries information about the underlying distribution of the data. That information can be
taken into account, and we present results that show clear improvement of the model fitting to the
raw path loss data.

As an example, we discuss path loss models for 28 GHz channels in an urban macrocellular
scenario. The path loss data are simulated with ray tracing with 11 different base station locations.
Model parameters are given with different weightings, with the censored data and without, and
these path loss data properties and the methods are clearly demonstrated.

Various single and dual-slope path loss models used the applicability is discussed. One inter-
esting insight is that a distance-dependent modeling of the variance significantly improves the fit
between the raw ray-tracing results and the model. It is found that for LOS, the single-slope model
with distance-dependent variance gives a good match. For NLOS, a six-parameter model with dual
slope for both the mean and standard deviation is needed to get a good match also for the shortest
link distances.
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