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Abstract—Three-dimensional (3D) radio map, which charac-
terizes the spatial distribution of the received signal strength
(RSS) across a 3D space, can be a significant tool for wire-
less resource management and spectrum surveillance. However,
incomplete 3D radio map is usually obtained in practice due
to the infinite number of positions where aircraft perform
RSS measurement suffering from constrained trajectories. In
order to tackle this problem, we propose a 3D radio map
reconstruction scheme based on generative adversarial networks
(GANSs), where a novel GAN variant with unsupervised learning
is proposed. Specifically, the cost function of the variant integrates
a reconstruction loss and an adversarial loss, while the network
structure exploits ResNet and dilated convolution under the idea
of patchGAN. Numerical results reveal that the network structure
and the cost function can benefit the reconstruction scheme,
yielding low-volatility and lower average mean squared error
(MSE). Moreover, it is shown that the proposed scheme can
outperform various baselines in terms of the average MSE, even
if the number of measured samples for inference significantly
decreases.

Keywords—3D radio map reconstruction, generative adversar-
ial networks, constrained aircraft trajectories, deep learning.

I. INTRODUCTION

ADIO map characterizes the spatial distribution of the

received signal strength (RSS) across a geographic space
of interest, and has already been leveraged to optimize the
deployment of vehicular base stations, manage interference
and guarantee spectrum security for terrestrial wireless net-
works [1]-[3]. Nevertheless, the application of aircraft (e.g.
drones) in enhanced mobile broadband, massive machine-
type communications and radio-based sensing [4], [S] makes
radio maps, which are constructed with RSS measured on
the ground, inapplicable to wireless resource management
and spectrum surveillance in a air-ground three-dimensional
(3D) space. Aircraft mounted with spectrum monitoring device
(SMD) can be used to measure the RSS in the 3D space. In
practice, it is not possible to collect RSS measurements for
all possible positions in the 3D space. As a result, it is vital
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Fig. 1. The flying scenario of the aircraft.
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but challenging to reconstruct 3D radio maps from a sparse
subset of measurements over the 3D space.

Indeed, classic spatial interpolation algorithms such as
inverse distance weighted (IDW) [6] and kriging [7] algorithms
might be extended for 3D radio map reconstruction. However,
the kriging algorithm is difficult to implement in the multiple
transmitter scenario where the spatial statistics of the RSS is
non-stationary, in which case, the computational complexity
and the required measurement data are overwhelming [7].
Furthermore, the IDW algorithm takes the distance between
transceivers as the only factor that affects the RSS, while
neglects the effects of key wireless channel characteristics such
as shadow fading on the RSS. Therefore, in order to tackle the
aforementioned issues for 3D radio map reconstruction, novel
signal processing skills are in demand.

Prior work in [8] reconstructed a 3D radio map by averaging
the measured RSS samples in a straight-forward manner, while
the authors in [9] proposed a total variance based 3D radio
map reconstruction (3DTV-SMR) algorithm to improve the
reconstruction accuracy. However, the trajectory planned for
sampling the RSS in [8] is evenly distributed in the entire
space, such that the SMD measures at almost all positions.
In [9], an ideal trajectory is optimized without any constraint
on the flight path, such that the achieved trajectory is densely
distributed in the 3D space. It can be drawn from the aforemen-
tioned works that the methods therein require spatially dense
measurement samples which incur a huge cost for aircraft to
follow the designed trajectory. In contrast to the above studies,
in practice, the trajectories of aircraft can be subject to flight
plan, flight restricted zones, turning radius, etc. Therefore, this
paper investigates 3D radio map reconstruction considering
constrained trajectories, which are preset but not optimized
for improving the reconstruction accuracy. specifically, we
consider that the aircraft fly along several circle flight circuits
with different radii and altitudes to perform measurement, as
depicted in Fig. 1.



As a generative framework of deep learning (DL), Genera-
tive adversarial networks (GANs) [10] has attracted intensive
research interests in wireless communication [11], [12]. GANs
feature the ability of capturing the distribution of actual dada
and generating mimic samples conforming to the captured
distribution. This is reminiscent of exploiting GANSs to capture
the distribution of the RSS, such that the entire 3D radio map,
which is generated by the GAN and almost identical to the
actual complete 3D radio map, can be reconstructed. Motivated
by this, we propose a 3D radio map reconstruction scheme
based on GANSs.

Furthermore, for the sake of a more practical design, we
assume that GANs can only be trained with the incomplete
3D radio maps (which can be obtained through local historical
data or online monitoring), while the corresponding actual
complete maps cannot be utilized during training. In other
words, there is no access to the complete 3D radio map. Due
to this, during the training process of a conventional GAN [10],
the GAN cannot evaluate the quality of the reconstructed 3D
radio map generated by itself. In order to address this prob-
lem, unsupervised learning [13] is exploited in our proposed
scheme. Besides, we also propose a novel GAN variant, by
integrating GAN with the 3D-dilated convolution and ResNet,
so as to improve the learning ability and the training stability
of GANSs. The proposed GAN variant is then referred to as
3D-DCRGAN. Simulation results reveal that the training of
the 3D-DCRGAN can benefit from a carefully designed cost
function consisting of a reconstruction loss and an adversarial
loss, yielding lower average mean squared error (MSE) for
radio map reconstruction. Additionally, the proposed scheme
can outperform conventional methods such as IDW and 3DT V-
SMR, in terms of the average MSE, even if the amount of
measured data for inference significantly decreases.

II. PRELIMINARIES

1) System Model: We consider that there are Nt transmit-
ters in the 3D target space A with dimensions L x W x H.
We divide the space A into Ng = Np X Nyw X Ny grids
and assume that there is at most one transmitter within an
arbitrary grid. Specifically, the grid position (which means the
location of an item on the grid) and the transmit power of
the ¢ th transmitter are denoted as xt,; € R3 and ¥ (x14, f)
respectively, where f is the frequency point of interest.

Moreover, we assume that signal propagation function
I'xr,—x(f) follows the log-distance path loss model, where
x € R? is the grid position of interest. That is, the path loss
PL(d, f) (dB) from the i th transmitter to position x can be
expressed as PL(d, f) = Prreg (do, f)+10nlog (%) + X,
where d, dy and n are the distance between xr ; and x, refer-
ence distance and path loss exponent, respectively. Note that
the term Prrpg(do, f) is the free space path loss at dy, and
the term X,, ~ N(0,7?) characterizes the shadow fading with
unit of dB. Therefore, the RSS ¥(x, f) at position x can be
obtained by 10log ¥(x, f) = 10log ¥ (xr, f) — PL(d, f).

2) Problem Formulation: A 3D radio map of space A can
be characterized by a function mapping from a 2-tuple variable
(x, f) to the RSS U(x, f) [1]. We consider that the RSS at Ny

grids (among the N grids) can be measured by aircraft under
constrained_trajectories. The measured RSS at the jth grid,
denoted as W (xg j, f), is collected at the position xg ; of gird
j. Therefore, ¥ (xg ;, f) = Zil\fl Parioxn, (F) (%10, f)+
0%, where o? represents the variance of the additive white
Gaussian noise.

In practice, the RSS at each unmeasured grid xy is
unknown, and based on this, we define an incomplete 3D radio
map ¥(f) = {¥(x, f)|Vx € A}, where the RSS value of each
unmeasured grid is set to 0, e.g. ¥ (xy, f) = 0; and that of
an arbitrary jth measured grid is ¥ (xg j, f). Moreover, we
define a reconstructed 3D radio map \fl(f) = {\f/(x, flvx €
A}, where each value ¥(x, f) is equal to either an estimated
RSS ¥ (xy, f) (for an unmeasured grid) or ¥ (xg_;, f) (for a
measured grid). Furthermore, we define a complete 3D radio
map ¥(f) = {¥U(x, f)|Vx € A}, which is a true map from
a god’s-eye view but unavailable in practice, i.e. each grid is
measured by the aircraft.

A distortion function is defined to evaluate the recon-
struction accuracy. Given the complete map ¥(f) and the
reconstructed map W( f), the distortion function can be defined
as an MSE given by - >, A (¥(x, f) — ¥(x, f))*. Hence,
the 3D radio map reconstruction problem is formulated as

min —— 3" (¥(x, /) - F(x, /))? M

¥ NG xEA
st U(xp,, f) =V (xr,,f), j=1,2,---,Ng. (la)

Note that in the above equation, the values of Ny, xg,; and
U(xg,j, f) are known, while those of N, xr ; and ¥(x ;, f)
are unknown. Intuitively, solving the above reconstruction
problem with such a formulation is reminiscent of GAN [14],
while the unavailable complete radio map makes training a
GAN intractable. In the subsequent discussions, we assume
that the frequency point f is a given value unless otherwise
stated. For notational simplicity, the complete map W (f), the
incomplete map W ( ) and the reconstructed map ¥ (f) are
designated as ¥, ¥ and W, respectively.

III. NETWORK STRUCTURE OF 3D-DCRGAN

In order to perform 3D radio map reconstruction where
complete 3D radio maps are unavailable during training,
we integrate unsupervised learning with the proposed 3D-
DCRGAN, which is composed of a generator network G with
parameters 6, (i.e., weights and biases of neurons) and a
discriminator network D with parameters 6. In the following,
we elaborate the reason of applying unsupervised learning.
Due to the unavailability of a complete radio map, the input
of the generator G has to be an incomplete map ¥ and a
latent variable z ~ A ((17 1), such that the generator can output
a reconstructed map ¥ = G(z|¥;0,). However, applying
supervised or unsupervised learning can result in different
input of the discriminator D. In order to perform supervised
learning, a reconstructed map W, i.e. a mimic sample output
by the generator G, and a complete map W, i.e. an actual
sample known as the ground truth corresponding to the mimic
sample ¥, have to be alternately used as the input of the
discriminator D. Since it is hard to obtain the complete



map ¥ in practice, we have to utilize the incomplete map
by performing unsupervised learning. Thus, the input of the
discriminator D is designed to be an incomplete map W or a
mimic incomplete map ¥, = M}, ® ¥, where ® represents
the element-wise product operation and My, is a binary matrix
with the element my(xgr;) = 1 or mp(xy) = 0. Note
that the input of 3D-DCRGAN and the matrix M}, need
to be preprocessed by the proposed scheme, which will be
elaborated in Section IV.

Moreover, there are two major challenges of designing an
effective GAN variant for the 3D radio map reconstruction
under constrained trajectories. Firstly, the complete 3D radio
map cannot be used as a priori information for the designed
GAN variant, while the variant needs to be able to capture the
complete distribution of the RSS. Secondly, due to constrained
aircraft trajectories, the number of measured grids might be
very limited. Therefore, the proposed 3D-DCRGAN needs to
be sophisticatedly designed, so as to improve GAN’s ability
of capturing the distribution of the RSS given the incomplete
3D radio map with very little useful information.

Therefore, in terms of the network structure of GANS,
we first employ ResNet [15] to increase the number of
convolutional layers, since ResNet is able to avoid training
accuracy degradation due to an increase in network depth
through residual connection. Moreover, we exploit dilated
convolution [16] to increase the receptive field size, so as to
compensate for the loss of contextual information affected by
the downsampling process of convolutional layer. Note that
a layer with dilated convolution is a convolutional layer with
dilation factor d. > 1. In order to enhance the training stability,
dilated convolution is integrated with ResNet to obtain residual
blocks used in the discriminator D and the generator G of
3D-DCRGAN. In addition, when designing the discriminator
D, we utilize the idea of PatchGAN [14] to comprehensively
extract the information of the incomplete 3D radio map, such
that the output of the discriminator D turns out to be a
matrix where each element represents the discrimination result
of each patch (i.e. a small cube containing N; X Ny X Nj
grids) in the input. The network structure of the proposed 3D-
DCRGAN is summarized in Fig. 2, where h = (k, sc, pe, d.)
is a set of hyperparameters of the 3D convolutional layer or
the 3D transposed convolutional layer, and b is the index of
the residual block. Note that k, s. and p. are the kernel size,
stride and padding of the layers, respectively.

IV. GAN-BASED RECONSTRUCTION SCHEME

This section proposes a 3D radio map reconstruction scheme
based on 3D-DCRGAN. The proposed scheme consists of a
preprocessing stage, an off-line unsupervised learning-based
training stage and an online inference stage, where a novel
cost function of the 3D-DCRGAN is proposed for training.
Remarkably, the preprocessing should be performed prior to
not only the off-line training but also the online inference.

A. Preprocessing Stage

At this stage, incomplete 3D radio maps are prepro-
cessed to decrease the training complexity and improve the
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Fig. 2. The network structure of the proposed 3D-DCRGAN.

learning ability of 3D-DCRGAN. We first perform Max-
Min normahzatlon on each 1ncomplete map, i.e. v, =
{\If = F6)-Fpin ‘I’ VxeA U (x )750}, where W, and

Vmax—¥m

\Ilmax are the minimum and maximum values of RSS in
historical data (or online monitoring data), respectively. Hence,
a number of gray-scale incomplete maps, each with dimen-
sions 1 x N1, X Nw X Ny, can be obtained. However, it is
easy to confuse a measured grid where U, (x) 1% (x)=F,,,, = O
with an unmeasured grid where \TJ(XU) = 0 in the gray-
scale map. In order to handle this problem, overwriting is
performed. That is, we first copy each gray-scale map and each
corresponding blnary matrix My, twice and obtain a three-
channel map ¥, = [¥,,, ¥,,, ¥,]” and the corresponding ma-
trix M, = [My, My, M,]” with dimensions 3x Np, x Ny X Ny,
respectively!. Then, each unmeasured grid in each map is
colored in red (or other colors except black, white and gray).
By this means, we can obtain a number of colored incomplete
3D radio maps, where each can be designated as W.. The set
that collects these maps is referred to as the training set for
the off-line unsupervised learning-based training stage or the
testing set for the online inference stage.

B. Off-Line Unsupervised Learning-Based Training Stage

We first define the cost function V(D,G) of the 3D-
DCRGAN, which is composed of a reconstruction loss V1,1 (G)
and an adversarial loss V,q(D, G). Specifically, the reconstruc-
tion loss is equal to the L loss integrated with weight Wy,

ie. V1(G) = Eg {H‘i’t ® ({Iv'C - \i’mc)Hl}, where ¥, =

M, G(z|(IvlC;Hg). The weight means that the importance
of a measured gird scales with its measured RSS, since the
signal coverage given by the radio map usually receives more
attention than ambient noise. Moreover, we exploit the Wasser-
stein GAN with gradient penalty [17] to obtain the adversarial
loss, i.e. Vaa(D,G) = Eg [D(\ic;ed)] _E, [D( m,ed)] -
ApGP(D), where the penalty coefficient A, = 10 and the

! Although we can also obtain a two-channel gray-scale map by copying

once to handle the confusion problem, a three-channel map is more useful
for visualizing the reconstructed 3D radio map (i.e. a 3D heat map).
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Fig. 3. The architecture of the proposed GAN-based 3D radio map recon-
struction scheme.

penalty item GP(D) = Eg/ [(|‘V§/D(i’/;0d)”2 - 1)2}. Note

that the penalty map v = al, + (1- a)\f!mc, where
a ~ U(0,1). The training of the 3D-DCRGAN essentially
solves the problem of

Irenn max V(D,G) = Va(D, Q) + A VL1 (G), (2)
where \. = 1000 is the reconstruction coefficient.

Given the above cost function in problem (2) and the incom-
plete maps obtained after the preprocessing stage, we borrow
Algorithm 1 in [17] to train the 3D-DCRGAN. Specifically, in
each iteration, Npa¢cn incomplete maps are randomly selected
from the training set and then input to the 3D-DCRGAN.
Afterwards, the cost function related to the discriminator D or
the generator G can be computed and exploited to perform er-
ror backpropagation and gradient-based learning [10]. Hence,
the parameters 64 and 0, can be alternately updated, so as to
maximize or minimize V (D, G). After several training epochs
on 3D-DCRGAN, we can obtain the trained 3D-DCRGAN that
has captured the distribution of the RSS.

C. Online Inference Stage

In order to perform online 3D radio map reconstruction,
we deploy the trained generator network of the 3D-DCRGAN
for inference. Specifically, we first input the incomplete 3D
radio map obtained in practice into the generator, yielding the
reconstructed 3D radio map G(z |\IIC,9 ) = [W,, U, ¥,)7,
where \iln is a one-channel gray-scale reconstructed 3D radio
map. Moreover, the value of each measured grid in the recon-
structed map lIln is overlaid with the corresponding RSS in the
incomplete map U, ie. \Il =1-Mp)oW¥,+M,06 v,
By performing inverse normalization, the final reconstructed
3D radio map for output can be obtained. The architecture of
the proposed scheme is summarized in Fig. 3.

V. PERFORMANCE EVALUATION

In the simulations, the dimension L x W x H of the target
space A is set to 240m x 240m x 80m, and A is divided
into N;, X Nw X Ng = 48 x 48 x 16 grids. Hence, the
dimension N; X Nz x N3 of the small cube is equal to
4 x 12 x 12. Moreover, we assume that there are 30000
and 10000 incomplete 3D radio maps in the training set
and the testing set, respectively. For notational simplicity, we
define a parameter set ¢ = (n,02,n?) of the radio map,
where n, 02 and n? are the path loss exponent, the power
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Fig. 4. Average MSE as a function of training epoch with different number
N of transmitters, i.e. Np =4 or Nt € [1,2, 3]
of the addictive noise and the variance of the log-normal
distribution, respectively. For the testing set, the parameter
sets of all maps are set to ¢ = (6,—50,4). While for the
training set, the parameter sets of every 10,000 maps are set
to ¢ = (8,-50,2), ¢ = (4,-50,0.5) and ¢ = (4,-30,2)
in sequence. Furthermore, the reference distance is set to
dy = 10m. In addition, the learning rate and the batch size
Npatcn of 3D-DCRGAN are set to 0.0001 and 16, respectively.
For each 3D radio map, the transmitters are randomly
placed on the ground (i.e. in the lowest 48 x 48 grids), and
the transmit power (with unit of dBm) is randomly selected
from the vector [18.3,26.7,29.4, 30, 30, 30,29.4,26.7,18.3].
The number Nt of transmitters is randomly selected from
1 to 3, i.e. Ny € [1,2,3]. Moreover, the frequency point f
of each map is randomly selected from 25MHz to 125MHz.
Under the configuration of constrained trajectories, we assume
that the aircraft fly along 15 circle flight circuits at different
altitudes (except for altitude at the lowest grids) with equal
vertical intervals of bm and random radii unless otherwise
stated. Given the same constrained trajectories, the IDW [6]
and the 3DTV-SMR [9] algorithms are taken as baselines.
Fig. 4 investigates the average MSE as a function of training
epoch with different number Nt of transmitters, where Nt
with respect to the testing set satisfies Nt = 4 or Np €
[1,2, 3]. It can be seen from Fig. 4 that regardless of the setting
of Nr, the average MSE achieved by the proposed scheme
decreases as training epoch increases and finally saturates at
a value lower than that achieved by the baselines. Therefore,
even if the number Nt of transmitters in the off-line training
stage is different from that in the online inference stage, a
3D radio map can still be reconstructed with higher accuracy
by the proposed scheme. The reason lies in that the captured
distribution obtained by 3D-DCRGAN is nearly identical to
the distribution of the RSS, thanks to the data-driven structure
of DL and the unsupervised learning on 3D-DCRGAN.
Based on the proposed GAN-based scheme, Fig. 5 investi-
gates the average MSE as a function of training epoch with
different settings of cost function. As depicted in Fig. 5, the
proposed 3D-DCRGAN without either the adversarial loss or
the reconstruction loss suffers from a decrease in the average
MSE of the reconstructed 3D radio map. This results from the
fact that the adversarial loss and the reconstruction loss can
enable GANs to capture more details about the distribution of
the RSS in different ways. Specifically, from the generator’s
perspective, the adversarial loss aims to make the discriminator
D difficult to discriminate between the actual incomplete
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map U, and the mimic incomplete map U, while the
reconstruction loss tends to make each element in ¥, and
the corresponding element in W, yield similar value.

Similarly, Fig. 6 investigates the average MSE with different
settings of network structure of the proposed 3D-DCRGAN.
As shown in Fig. 6, the average MSE achieved by the proposed
3D-DCRGAN without dilated convolution and/or patchGAN
dramatically fluctuates. Such a phenomenon means that it is
difficult for these 3D-DCRGAN schemes to determine whether
the average MSE is saturated, i.e. whether the reconstructed
map can meet the accuracy requirement. On the contrary, with
the aid of patchGAN and dilated convolution, the distribution
of the RSS can be better captured by the proposed 3D-
DCRGAN, improving the stability of the proposed scheme
in terms of reconstruction accuracy.

In addition, we study the scenario where the aircraft may
measure the RSS at fewer grids, i.e. the ratio of the measured
space to the overall space is significantly small. To this end,
the simulation of Fig. 7 assumes that aircraft fly only a quarter
circle flight circuit at some selected altitudes, while fly a full
circle at other altitudes. As depicted in Fig. 7, the average
MSE achieved by the proposed scheme decreases with the
growing number of full circle flight circuits but always lower
than that achieved by the baselines. This illustrates that even
if the amount of measured data for inference decreases, the
proposed scheme can still provide more accurate reconstructed
3D radio maps than conventional algorithms.

VI. CONCLUSIONS

In this paper, we have studied a 3D radio map reconstruction
problem, where incomplete maps are obtained by aircraft
under constrained trajectories. A GAN-based 3D radio map
reconstruction scheme consisting of preprocessing, off-line
unsupervised learning-based training and online inference has
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Fig. 7. Average MSE as a function of the number of full circle flight circuits.

been proposed, where 3D-DCRGAN is proposed to capture the
distribution of the RSS. It is shown that benefiting from the
sophisticatedly designed network structure and cost function,
the proposed scheme can outperform various baselines in terms
of the average MSE.
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