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R°Net: 2D Deep Residual Learning with Height
Embedding for 3D Radio Map Estimation

Huiting Rao, Junyuan Wang, Member, IEEE, Huiling Zhu, Senior Member, IEEE, and
Cheng-Xiang Wang, Fellow, IEEE

Abstract—Acquiring channel knowledge is required by many
applications. For instance, handover in cellular networks is
mainly decided based on the knowledge of pathloss. In contrast
to traditional statistical distance-determined models that might
provide misleading pathloss estimates, researchers started to
explore deep learning methods recently to accurately estimate
the radio map that characterizes the spatial distribution of
pathloss according to the specific physical wireless propagation
environment. However, existing works mainly focused on 2D
radio map estimation by assuming that all receivers are at the
same height. In fact, radio maps could be significantly different at
different receiver heights, highlighting the importance of 3D radio
map estimation. In this paper, we first propose a method to embed
height information into 2D images, and then propose a general
2D radio residual network (R2Net) for 3D radio map estimation.
Since pathloss exhibits different characteristics in indoor and
outdoor scenarios, we specifically propose RZNet-In for indoor
scenarios and R”Net-Out for outdoor scenarios to better capture
penetration loss and diffraction loss, respectively. Extensive ex-
perimental results show that our R?Net significantly outperforms
the state-of-the-art benchmarks in terms of estimation accuracy,
computational and storage costs, and inference speed. In addition,
due to the lack of publicly available 3D radio map datasets, a 3D
indoor radio map dataset (3DiRM3200) is created, which took
more than 1,000 labour hours. The dataset and codes will be
available at https://github.com/lighttime2023/3DiRM3200.git.

Index Terms—3D radio map estimation, pathloss prediction,
height embedding, computer vision, deep learning
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I. INTRODUCTION

Estimating the received signal strength (RSS) has always
been a crucial task in wireless communications. A radio map
characterizes the spatial distribution of the RSS at different
locations in the form of an image, where each pixel repre-
sents the corresponding pathloss. Radio maps have showcased
wide applications in many areas, such as user handover,
link scheduling, aerial base-station (BS) placement, spectrum
sharing, fingerprint-based localization and digital twins [2]-
[8]. For instance, with the help of radio maps, the accuracy and
efficiency of fingerprint-based localization can be significantly
improved by exploring deep learning methods [8]. Due to
the importance to many applications, radio map estimation
is gaining increasing momentum recently, especially with the
rapid development of deep learning techniques.

The conventional way to construct a radio map is to collect
pathloss measurements manually via site survey. Yet, there
are usually some areas that are not physically accessible,
leading to missing data on the radio map. Radio map recon-
struction [9]-[11] was thus studied to predict the unmeasured
pathloss or RSS based on the measured data at other locations,
which are either pure data-driven or data-model dual-driven.
For instance, a pure data-driven matrix completion method was
employed in [9] to exploit the potential low rank structure
of the radio map, while data-model dual-driven strategies
were proposed in [10] and [11] to estimate the missing RSS
data on the radio map from sparse measurements with the
help of radio propagation models. The above site survey and
radio map reconstruction methods work only in the scenarios
where BSs have been deployed. However, radio maps are
also essential in the network planning phase, such as for
BS placement optimization. Simulation software, e.g., Win-
Prop [12], has been developed to construct the radio map for a
specific physical environment by searching for and simulating
possible propagation paths between the transmitter and the
receiver. However, these simulation methods could be very
time-consuming, especially when they are used in a complex
environment with rich signal reflections, diffractions, etc.

Recently, thanks to the great potentials shown by ma-
chine learning, learning based methods have been explored
for radio map estimation [13]-[24], which can be classified
as traditional machine learning methods [13]-[15] or deep
learning based computer vision methods [16]-[24]. Similar to
channel modeling practice [25], [26], the traditional machine
learning methods usually modeled pathloss as a function of
receiver location and aimed to learn the relationship between



the receiver position and the RSS [13]-[15]. As a result, to
predict the radio maps for different transmitter locations or in
different propagation environments, different models need to
be trained. By contrast, for the deep learning based computer
vision methods, once the model is successfully trained, they
can estimate the radio map for any propagation environment
with any transmitter location, which is more efficient.

Existing deep learning based computer vision methods for
radio map estimation were mainly developed for outdoor
scenarios [16]-[20], where BSs are usually equipped at much
higher altitude than ground users, such as at the roofs of
buildings. In such cases, the propagation environment was
approximately the same for different ground users at different
heights, i.e., the radio map is insensitive to receiver height.
Therefore, most research works on outdoor radio map esti-
mation [16]-[19] assumed that all receivers are fixed at the
same height, and focused on 2D radio map estimation from
environmental images depicting the transmitter location and
the different kinds of obstacles such as buildings, foliage,
etc. For example, in [16], each pixel of an environmental
image has binary value 1 or O to indicate the existence of an
object, while the effect of the object height was not considered.
This, however, could lead to inaccurate estimates, as different
heights of environmental objects, such as buildings, would
have different impacts on signal propagation. The normalized
object heights are set as the pixel values of the environmental
images in [17], [18] by normalizing the heights of each type of
objects by its 95 percentile value [17] or maximum value [18].
As a result, the same pixel value could represent different
heights for different types of objects, which could lead to
inaccurate estimates due to the height ambiguity. Incorporating
exact object heights into environmental images is therefore
highly desirable for accurate radio map estimation.

For indoor scenarios, existing studies also mainly focused
on 2D radio maps [21]-[24] by assuming all receivers at
the same fixed height and all transmitters at another fixed
height. However, transmitters, receivers and obstacles usually
have different yet comparable heights. As a result, the heights
of objects have a significant impact on indoor radio map
estimation, as pointed out in [21]. Moreover, the authors
of [22] showed that the indoor radio map at a height of 0.2m
is significantly different from that at a height of 1 m as the
layouts seen at different heights are different. Therefore, 3D
radio maps that reflect the varying pathloss at different receiver
heights should be considered for indoor applications.

To construct 3D radio maps, the 3D propagation environ-
ment with object heights is required as the input. The authors
of [20] considered the 3D outdoor layout by slicing it at 5
discretized heights with a fixed interval as 2D images. Yet,
such coarse discretization of object height could lead to large
derivations from the actual heights and thus performance loss.
This further underscores the importance of accurate height
representation. For 3D radio map estimation, existing deep
learning based computer vision methods for 2D radio map
estimation can be explored. One way is to replace the 2D deep
learning operations in existing 2D radio map estimation meth-
ods with 3D ones [20]. Though straightforward, compared
to 2D operations, 3D ones add an extra dimension to both

kernels and feature maps, which dramatically increases the
model size, and hence increases the storage and computational
costs. Another way is to treat each 3D radio map as a set
of 2D radio maps at a number of discretized heights [22].
However, estimating the 2D radio maps at different heights
requires to train different models, which is computationally
costly. Therefore, it is of paramount practical importance to
design an efficient 2D deep learning method for 3D radio map
estimation.

Moreover, training a deep learning model for 3D radio
map estimation requires a complete 3D radio map dataset
with pathloss available at every receiver location in each
3D radio map. Regarding 3D radio map datasets, we found
two publicly available datasets presented in [27] and [28] for
indoor scenarios, both of which, however, only contain the
measurement results of pathloss at a small number of receiver
locations. For outdoor scenarios, a 3D version [29] of the
widely used 2D radio map dataset, RadioMapSeer [16], is
publicly available, which, however, sets all receivers at the
same height of 1.5m. Therefore, a complete 3D radio map
dataset is still lacking.

This paper proposes a novel 2D deep residual learning
approach to estimate 3D radio maps by taking into account
the impact of object heights. The main contributions of this
paper are summarized as follows:

o A 3D indoor radio map dataset (3DiRM3200) consisting
of 3,200 3D radio maps, 200 building layout images!',
200 furniture layout images and 16 transmitter location
images for each building is created, to which over 1, 000
labour hours had been dedicated. Apart from 3D radio
map estimation, the dataset can also be used for radio
map reconstruction, centimeter-level positioning, etc. Our
3DiRM3200 dataset will be available at https://github.
com/lighttime2023/3DiRM3200.git.

e A 2D height embedding method is proposed to incor-
porate height information into 2D environmental images
via pixel values, which can also distinguish the objects
located at a height of Om from the non-existence of
objects. With this height embedding method, the 3D
radio map estimation task can be transformed into a 2D
deep learning task by outputting radio maps at different
receiver heights through different channels, as illustrated
in Fig. 1. As both the input and the output are 2D images,
our method requires low computational and storage costs.

« A novel 2D radio residual network (R%Net) is proposed
for 3D radio map estimation. As pathloss exhibits dif-
ferent characteristics in indoor and outdoor scenarios,>
the R2Net is tailored to enhance feature extraction ac-
cording to pathloss characteristics. For indoor scenarios,
R2ZNet-In is proposed by incorporating dropout layers

"Here, the 200 building layouts are randomly selected from the publicly
available dataset, CubiCasaSK [30], which contains 5,000 floorplan samples
extracted from real estate marketing materials with 36 distinct building types,
including office, hall, library, retail space, bar, basement, bedroom, technical
room, etc. As a result, we also focus on these indoor scenarios in this paper.

21t should be noted that for outdoor radio map estimation, we mainly focus
on the urban scenarios with transmitters deployed at a similar height with
receivers in this paper as the publicly available dataset, RadioMapSeer, only
collects radio maps in cities for device-to-device communications.
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Fig. 1. Tllustration of the input and the output of the proposed R?Net for 3D radio map estimation. Here, the 3D indoor radio map estimation based on our
3DiRM3200 dataset is depicted as an example, where the white dot at the center of the red pentagram highlights the location of the transmitter.

to better capture penetration loss, while for outdoor
scenarios, RZNet-Out is proposed by adopting atrous
spatial pyramid pooling (ASPP) and cascaded residual
blocks to extract abundant diffraction loss. In case that
only a small training dataset is available, R?Net-Outlite
is further proposed based on R?Net-Out to improve the
generalization ability of the model.

« Extensive quantitative and qualitative experimental results
show that the proposed R?Net-In outperforms the state-
of-the-art benchmarks for 3D indoor radio map estimation
in term of estimation accuracy, inference speed, and
computational and storage costs. For outdoor radio map
estimation, compared to the state-of-the-art benchmarks,
R?Net-Out achieves the highest estimation accuracy when
a large training dataset is available, while R?Net-Outlite
performs the best in the case with a small training dataset
due to its good generalization ability. Experimental results
also show that taking into account the height information
can improve the accuracy of 2D radio map estimation.

The rest of this paper is organized as follows. Section II
reviews the related works on computer vision based radio
map estimation. Section III presents the preliminaries of key
concepts for the ease of understanding this paper. Section IV
introduces our created 3D indoor radio map dataset. Section V
presents the proposed RZNet for 3D radio map estimation
along with its different versions. Section VI compares the
proposed models and the state-of-the-art benchmarks via ex-
periments. Conclusions are drawn in Section VII.

II. RELATED WORK

Existing works on exploring computer vision methods for
radio map estimation targeted at either outdoor or indoor
scenarios. This section reviews outdoor and indoor radio map
estimation, respectively, as well as the available datasets.

A. Outdoor Radio Map Estimation

Computer vision based outdoor radio map estimation pre-
dicts pathloss based on environmental images [16]-[20]. The
authors of [16]-[19] studied 2D radio map estimation by
assuming the same fixed height for all receivers and employed
convolutional neural networks (CNNs), such as U-Net [31]
and SegNet [32]. RadioUNet proposed in [16] estimates 2D
outdoor radio maps by cascading two U-Nets. FadeNet [17]
was developed based on a variant of U-Net by adopting
three stride-1 convolutional layers at both the input and the

output sides. In [18], RadioTrans was proposed by utilizing
Transformer-based spread layers in a CNN to model the rela-
tionship among the transmitter, the receiver and the environ-
mental objects, while PPNet [19] employs SegNet [32] instead.
In addition to the above works on 2D outdoor radio map
estimation, the authors of [20] extended RadioUNet [16] to 3D
outdoor radio map estimation by replacing 2D deep learning
operations with 3D ones at the price of significantly increased
computational and storage costs due to the greatly increased
number of model parameters to be trained. Despite the suc-
cesses shown by computer vision methods, how to enhance
feature exaction based on signal propagation characteristics is
underexplored. This paper will handle this crucial point by
designing models according to pathloss characteristics.

For the input of the existing methods, the environmental
images at a fixed height were used in [16], by simply setting
the value of the pixel at which a building or a transmitter
is located as 1 and the others as Os. The heights of objects
were considered in [17]-[19] and represented by pixel values.
To equalize the height information for model convergence,
FadeNet [17] and RadioTrans [18] normalize the object heights
of each type of material by its 95 percentile value and
maximum value, respectively. This leads to the same pixel
value representing different heights for the objects with dif-
ferent materials, i.e., inaccurate input of object heights. In
addition, the objects located at a height of Om cannot be
distinguished from the non-existence of the object. To address
these challenges, this paper will propose a method to embed
height information in 2D environmental images.

B. Indoor Radio Map Estimation

Similarly, previous works on indoor radio map estimation
also mainly focused on 2D radio map estimation by assuming
that all the receivers are at the same height [21]-[24]. RSSI-
Net [21] adopts an optimized variant of U-Net [31] with
four convolutional layers in each downsampling/upsampling
layer to improve the estimation accuracy, while the canoni-
cal U-Net uses two convolutional layers. By cascading two
RSSI-Nets, IndoorRSSINet was developed in [23]. RadioRe-
sUNet [22] was proposed based on RadioUNet [16], which
adopts ResNet [33] in the encoder to address the model
degradation issue caused by the vanishing gradient problem
in deep learning. The authors of [24] aimed to reduce the
number of required training samples in similar environments,
and proposed a deep transfer learning method based on CNN.
Similar to the outdoor cases, the computer vision models



adopted in the aforementioned works barely take the signal
propagation characteristics into consideration, leaving room
for improvement. This paper will propose specific models for
outdoor and indoor scenarios, respectively.

It should be noted that, in contrast to outdoor scenarios,
the indoor radio maps observed by the receivers at different
heights could be significantly different [22]. Estimating 3D
radio map is, therefore, essential for indoor cases. For 3D
radio map estimation, the existing computer vision methods for
2D radio map estimation can be employed straightforwardly
by treating a 3D radio map as a set of 2D radio maps at
a number of discretized heights [22] and training different
models for estimating the radio maps at different heights.
Another way is to replace the 2D deep learning operations
in the existing 2D radio map estimation methods with 3D
ones [20]. Both methods significantly increase the amount of
parameters, incurring huge computational and storage costs
of model training. By embedding height information into 2D
images, this paper will propose a 2D deep residual learning
approach for 3D radio map estimation at low cost.

C. Radio Map Dataset

To train deep learning based computer vision methods
to estimate radio maps, a complete radio map dataset with
pathloss value available at every possible receiver location
is indispensable. RadioMapSeer [16] is a publicly available
dataset with 56, 000 simulated 2D outdoor radio maps, which
has been widely used for 2D radio map estimation and recon-
struction. For indoor scenarios, there are two publicly available
datasets [27], [28], both of which only contain a small amount
of measured pathloss at some receiver locations, leading to a
lot of blank spaces in the radio maps. Specifically, the dataset
in [27] provides the measured pathloss along some meandering
trajectory for 11 practical scenarios, and the dataset in [28]
provides the pathloss at 15 receiver locations in a hallway.
Recently, the authors of [34] attempted to create a complete
3D indoor radio map dataset by simulating the pathloss at
15 x 15 x 15 receiver locations in 10 scenes. However, only
the environmental data are open and simulations need to be
run to obtain radio maps. A complete 3D radio map dataset
with sufficient samples for training computer vision methods is
still lacking. As indoor radio maps are more sensitive to height
information, this paper will create a complete 3D indoor radio
map dataset, which contains 3,200 samples in 200 scenes,
each with 16 x 256 x 256 receiver locations.

III. PRELIMINARIES

This section presents the prerequisites for understanding the
paper, including dominant path model (DPM) for creating our
3DiRM3200 dataset, U-Net as the foundational model of our
proposed R?Net, ResNet for extracting diffraction loss and
atrous spatial pyramid pooling (ASPP) for extracting multi-
scale features to handle the obstacles of diverse sizes.

A. DPM

DPM [35] is a classical physical simulation method, which
determines the dominant path between the transmitter and the
receiver and simulates the pathloss along the path. In complex

Input
| Encoder

Output
Decoder +

e Conv 3x3+ReLU+Conv 3x3+ReLU
1 Transposed Conv 2x2

1 Max pooling 2x2

———- Skip connection

Fig. 2. Illustration of a typical U-Net that serves as the foundational model
of our proposed R?Net.
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1x1 "13x3 "Lixa ®

Fig. 3. Illustration of a typical residual block that inspires our design for
extracting diffraction loss features.

indoor environments where multiple interactions occur and the
number of interactions is usually large and random, DPM is
able to capture all the interactions along the dominant path and
hence can obtain the pathloss accurately. Specifically, DPM
obtains pathloss P by

Ny N,
47 .
(Fi)ap 20108 < by ) +10plog 0+ 31 (pui)+ 3 69,

j=1

(1
where A is the wavelength, p is the pathloss exponent, and
[ is the path length. f(p;,) is the loss incurred by the ith
interaction that changes the signal propagation direction. ¢; is
the corresponding propagation angle difference resulting from
the ith interaction, and Ny is the number of interactions. t;
is the transmission loss caused by the jth wall, and IV, is the
number of walls. €2 is the waveguiding factor.

B. U-Net

U-Net [31] has been widely adopted in radio map estimation
and showed superior performance [16], [17], [21]-[23], which
consists of an encoder and a decoder. A typical U-Net model
is shown in Fig. 2.

1) Encoder: The encoder extracts features through a se-
ries of convolutional layers, activation functions and pooling
layers, gradually reducing the resolution of the input. In a
convolutional layer, an input feature map is convolved with a
kernel and a bias is added. An activation function is applied
to introduce nonlinearity, for which ReLU is chosen typically
in U-Net. A pooling layer downsamples feature maps. In a
U-Net, max pooling [36] is commonly used.

2) Decoder: The decoder employs transposed convolu-
tional layers, convolutional layers and activation functions to
increase the resolution of the feature map. Specifically, the
canonical U-Net adopts a transposed convolutional layer with
stride 2 in the decoder.

3) Skip Connection: Skip connections, as represented by
the blue arrows in Fig. 2, concatenate the cropped feature
maps from the encoder with the corresponding ones at the
decoder, which can address the gradient vanishing problem and
enable the training of deep networks. The cropping process
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Fig. 4. Illustration of ASPP.

is necessary because the resolution of a feature map at the
encoder could be higher than that at the decoder due to the
loss of border pixels after convolution when the size of the
input feature map is not divisible by the kernel size.

C. ResNet

ResNet [33] introduces a residual block to ease the training
of very deep networks with affordable training time. A typical
residual block is illustrated in Fig. 3, which stacks the 1x1,
3x3 and 1x1 convolutional layers. Two 1x1 convolutional
layers are responsible for reducing and increasing the number
of channels, respectively, leaving the 3 x3 convolutional layer
with a smaller number of channels to reduce training time.
In addition, 1x1 convolutional layers and ReLU introduce
nonlinearity, helping extract nonlinear features. Moreover, the
residual connection that directly connects the input of a certain
layer and the output of a later layer provides an alternative path
for the gradient flow, which resolves the gradient vanishing
problem in training substantially deep networks.

D. ASPP

ASPP [37] is designed to handle the objects of different
sizes by employing parallel atrous convolutions at multiple
dilation rates to capture multi-scale information. As illustrated
in Fig. 4, ASPP consists of a 1 x 1 convolutional layer and
three 3 x 3 convolutional layers with atrous rates 6, 12 and
18, respectively, for extracting multi-scale local features. To
capture global features, global average pooling is adopted to
take the average of the feature maps.

IV. 3D INDOOR RADIO MAP DATASET

This section introduces our created 3D indoor radio map
dataset (3DiRM3200), which consists of 3,200 3D radio
maps, 200 images of building layouts, 200 images of furniture
layouts and 3, 200 images depicting 3, 200 randomly generated
transmitter locations. Specifically, for each building, a set of
16 3D radio maps is created, each corresponding to one trans-
mitter location, and one 3D radio map is a collection of 16 2D
radio maps at 16 different receiver heights. Let us take sample
No. 120 in our 3D radio map dataset for illustration. Figs. 5(a),
(b), (¢) and (f) showcase its building layout, furniture layout,
the first randomly generated transmitter location (Tx 1) and
the second randomly generated transmitter location (Tx 2),
respectively, where the height information is embedded in the

images as pixel values. Figs. 5(d) and (e) illustrate the radio
maps at a height of 0.5m and 1.5m with Tx 1, respectively,
and Fig. 5(g) showcases the radio map at a height of 0.5m
with Tx 2. Note that even for the same building with the same
furniture layout and the same receiver height, a significant
difference can be observed between the radio map with Tx
1 shown in Fig. 5(d) and the radio map with Tx 2 shown in
Fig. 5(g) due to the effect of transmitter location.

A. Environmental Images

Environmental images depict the radio propagation envi-
ronment, which are the input of radio map estimation. The
environmental images in our dataset include the images show-
ing the building layout, the furniture layout and the transmitter
location. As illustrated in Fig. 5(a), a building layout depicts
the locations of walls. For each building, furniture is drawn
manually with random locations and sizes, and the transmitter
is randomly located in the building. In contrast to 2D radio
map estimation that ignores the impact of the heights of
obstacles and transmitters/receivers, and thus could degrade
the accuracy of radio map estimation, in our dataset, the
heights of walls, furniture and the transmitter are embedded
into 2D environmental images by transforming them into
pixel values. All environmental images have the same size of
20.44 mx20.44 m with 256 x 256 pixels and a pixel interval of
8 cm. The details of creating the dataset are presented below.

1) Environmental Data: To create environmental images,
the environmental data, e.g., the locations and heights of the
objects in a propagation environment are required. To this end,
we randomly select 200 floorplan samples from the publicly
available dataset, CubiCasa5K [30], which consists of 5,000
floorplans from real estate marketing materials. However, the
materials of the objects in the floorplans, such as walls, doors,
windows and furniture, are not provided. As the materials of
objects largely affect the pathloss and hence the radio map,
we keep the walls only in each floorplan and manually draw
the furniture. Specifically, we first convert the floorplan from
its original SVG format to an AutoCAD file in DXF format
by using the SVG editor Inkscape [38]. The DXF file is then
imported to the WinProp simulation software [12] to obtain
the environmental data file with walls only. The height of all
walls is set at 3m, and the material property of walls is set
as brick. Furniture is then drawn in WinProp manually in a
random shape with the height randomly set at either 0.5 m,
1m, 1.5m, or 2m. The material of furniture is fir wood. The
height of the transmitter takes values from Om to 3m with
an interval of 0.2 m. That is, there are 16 transmitter locations
in total for each building. The environmental data are then
exported from WinProp.

2) Height Embedding: To embed height information into
2D environmental images, we represent the height by the
normalized pixel value between 0 and 1, and propose a new
normalization method. Particularly, a pixel where nothing is
located has value 0. To distinguish the objects located at a
height of O m from the non-existence of objects, we propose
to set the value of a pixel where a wall, a piece of furniture
or a transmitter is located as

Venv = (henv + 6)/(herw,ma1 + 6)» (2)



(a) Building layout

(b) Furniture layout

(c) Location of Tx 1 (d) Radio map at a height(e) Radio map at a height (f) Location of Tx 2 (g) Radio map at a height
of 0.5m (Tx 1)

of 1.5m (Tx 1) of 0.5m (Tx 2)

Fig. 5. Images from sample No. 120 of 3DiRM3200, including (a) building layout depicting the locations of walls, (b) furniture layout presenting the locations
and shapes of furniture, two exemplary transmitter (Tx) locations (c) Tx 1 and (f) Tx 2, exemplary radio maps at a height of (d) 0.5m and (e) 1.5 m with Tx
1, and at a height of (g) 0.5 m with Tx 2. The white dot at the center of the red pentagram highlights the transmitter location. The yellow circles highlight

the impact of furniture on the radio maps at different heights.

where hepy mas denotes the maximum height of objects in
the environment and € < hepymar iS the added bias. In
our case, the maximum height hcrny mae is the same as the
height of walls, i.e., fenv,maz = 3m, and the bias is chosen
as € = 0.1m, ie., the height resolution of the 3D radio
map. According to the above 2D height embedding method,
the environmental images depicting the building layout, the
furniture layout and the transmitter location can be obtained
from WinProp based on the environmental data.

B. 3D Radio Maps

The 3D radio maps in our dataset are obtained using the
WinProp simulation software [12], where DPM is chosen to
obtain pathloss because it can trace complex signal interactions
in complex indoor environments. A 3D radio map is a set of
16 2D radio maps at 16 receiver heights varying from 0.5 m
to 2m with an interval of 0.1 m. This is based on the practical
consideration that a receiver usually has the height between
0.5m and 2 m. For a 2D radio map at some height, as shown in
Figs. 5(d), (e) and (g), it has the fixed size of 20.44 mx20.44 m
with 256 x 256 pixels. That is, there are 16 x 256 x 256 receiver
positions in total per each 3D radio map. The pixel interval
length of each 2D radio map is set as 8cm so that it can
be potentially used for high-precision indoor localization. The
process of generating 3D radio maps is detailed below.

1) Parameter Settings: As a number of wireless communi-
cation systems operate at 5.9 GHz, such as the WiFi system
adopting IEEE 802.11n, 802.11ac and/or 802.11ax standards,
a signal bandwidth W = 10 MHz in the 5.9 GHz band is set.

The transmit power is fixed at Pry = 23 dBm. The power
spectral density of thermal noise is Ng = —174 dBm/Hz, and
an idealistic noise figure at the receiver side is assumed as
Ngg = 0dB [16]. The noise floor Ny, is then obtained as

(Nir)a = 10log;o W Ng + (Nig)aB- 3)

Since it is usually difficult to decode a wireless signal if the
received signal strength (RSS), given by

(Prx)aB = (Prx)a — (PL)ds, 4

is below the noise floor Ng,, we are only interested in the
pathloss below some value such that the RSS Pgy is no less
than Ny, i.e., —(PL)as > (Nar)aB — (Prx)aB- As the pathloss
output by the WinProp simulation software is —F,, we define

(L)ap £ —(PL)as, &)

and refer to L as pathloss hereafter. According to above
discussion, the pathloss threshold Ly, can be set as

(Liw)as = (Nar)aB — (Pry)as, (6)

which is —127 dB according to the above parameter settings.

Considering that low-power communication systems, such
as satellite communications and wireless sensor networks,
usually suffer from severe power attenuation, attention should
be paid to the RSS both above and a bit below the noise floor.
Similar to [16], we truncate the pathloss below another smaller
threshold Ly, than Ly, in our 3DiRM3200 dataset, which is
referred to as analytic noise floor and chosen as

(Linc)a = (5(Lune)as — (Mi)as)/4, (7N

where M, is the maximum pathloss in the dataset [16].

2) Pathloss Conversion: To represent pathloss in a radio
map in the form of an image, the pathloss in dB scale needs
to be converted to pixel values. By ignoring the pathloss below
Ly, the ground-truth pathloss L is normalized as a pixel value
between 0 and 1 by

(L)dB - (Ltrnc)dB O} ) (8)

VUL = max ,
- {(Ml)dB - (Ltrnc)dB

In particular, v, = 0 represents that the pathloss is below or
equal to the analytic noise floor Ly, and vr, = 1 indicates the
maximum pathloss M. Such normalization aligns well with
the common practice of deep learning based computer vision
methods that they output probabilities between 0 and 1.

V. R2NET FOR RADIO MAP ESTIMATION

A 2D deep residual learning method, radio residual network
(R2Net), is proposed in this section to estimate 3D radio
maps. As the diffraction loss caused by furniture or buildings
is an important characteristic for both indoor and outdoor
scenarios, the proposed R2Net enhances the feature extraction
for diffraction loss. Furthermore, to precisely extract features
according to indoor or outdoor pathloss characteristics, the
proposed R2Net is tailored in different scenarios. In indoor
scenarios, the penetration loss caused by walls leads to severe
signal attenuation and dominates the pathloss, while in outdoor
scenarios, the diffraction loss largely affects the pathloss as
massive buildings bring sudden changes to signal attenuation
and propagation direction. Since the pathloss characteristics
are different in indoor and outdoor scenarios, RZNet-In is
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proposed for indoor radio map estimation, and R?Net-Out is
proposed for outdoor radio map estimation. A light variant,
R2Net-Outlite, is also proposed to accommodate the case with
a small training dataset. Before presenting the proposed R2Net
in detail, let us first illustrate how we transform the 3D radio
map estimation task into a 2D task.

A. 3D-to-2D Task Transform

In order to enable efficient 3D radio map estimation with a
small model, we transform the 3D estimation task into a task
that can be handled by 2D computer vision methods, whose
input and output are both 2D images. Specifically, by adopting
the height embedding method proposed in Section IV-A, which
represents the heights of environmental objects by the corre-
sponding pixel values, the height information is embedded into
2D images and these 2D images can serve as the input. For the
output, to represent 3D radio map by 2D images, the 3D radio
map is discretized into a set of 2D radio maps at different
heights, and each 2D radio map corresponds to one output
channel, as shown in Fig. 1. The 3D radio map estimation
task is now transformed into a 2D computer vision task.

B. R2Net Architecture

As illustrated in Fig. 6, R?Net is designed based on U-
Net that consists of an encoder and a decoder, in addition to
which, a pathloss feature enhancement block (PFEB) between
the encoder and the decoder is proposed to enhance pathloss
feature extraction.

1) Encoder: The encoder extracts the pathloss features
through a series of convolutional layers, batch normalization,
ReLU, cascaded residual blocks and max pooling. In both
indoor and outdoor scenarios, the diffraction loss caused
by furniture or buildings is an important characteristic that

needs to be carefully considered [16], [17], [20], [39]-[41].
Particularly, the diffraction loss causes sudden attenuation of
signal power and change of propagation direction, leading to
nonlinear impact on the pathloss. To extract nonlinear features,
in the encoder of R2Net as shown in Fig. 6, three cascaded
residual blocks presented in Fig. 7 are adopted to replace
the convolutional layer in the encoder of the standard U-
Net. Particularly, ReLU and 1 x 1 convolutional layers in
the adopted cascaded residual blocks introduce nonlinearity
for better extracting nonlinear features. The residual blocks
adopted here are also able to handle the gradient vanishing
problem.

2) PFEB: As the pathloss characteristics are different in
indoor and outdoor scenarios, we propose different PFEBs to
extract the corresponding pathloss features. For indoor radio
map estimation, PFEB-In is proposed to enhance the capture
of penetration loss, while for outdoor radio map estimation,
PFEB-Out is designed to extract abundant diffraction loss. The
details will be presented in Sections V-C and V-D.

3) Decoder: The decoder employs upsampling blocks, con-
volutional layers, batch normalization and ReLU to predict the
radio map. Since PFEB-In and PFEB-Out are customized for
indoor and outdoor scenarios, respectively, different upsam-
pling blocks are required accordingly to restore the resolution
in the decoder of R2Net-In and R2Net-Out, which will be
detailed later in Section V-C and Section V-D.

4) Skip Connection: Similar to the standard U-Net, skip
connections are adopted in RZNet, connecting the encoder
and the decoder. As represented by the blue arrows in Fig. 6,
skip connections copy the feature maps from the encoder and
concatenate them to the corresponding feature maps at the
decoder. By carefully designing the convolutional layers in
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the encoder and the decoder of R%Net, the number of pixels
in a feature map at the encoder is ensured to be the same as
that at the decoder, as a result of which, cropping used in the
conventional U-Net is not needed in our R%Net.

5) Numbers of Channels: As the effect of an environmental
object on the pathloss depends on its material, to distinguish
different materials of objects, the number of input channels
Ci, is equal to the number of types of object materials in the
dataset plus 1, with the extra one channel dedicated to the
transmitter location image. The number of output channels
Cou 1s the same as the number of 2D radio maps collected
in a 3D radio map, i.e., the number of receiver heights. It is
obvious that 2D radio map estimation is a special application
of our 3D radio map estimation network with Cy, = 1.
Particularly, if 3D radio map estimation is conducted based
on our 3DiRM3200 dataset, we have C;, = 3 and Cy, = 16.
Cy, Cy, C5, Cy, C5 and Cy in Fig. 6 are the numbers of output
channels in the corresponding layers.

6) Loss Function: The loss function adopted to train our
R2?Net is the mean square error (MSE) of the radio map
estimates, given by
Nuwin
SOV E) - V)3, ©)

train i=1

Loss =

where V(i) is the estimate of the i-th radio map, and V (3) is
the ground truth. Ny, is the number of training samples.

C. R2Net-In for Indoor Scenarios

For indoor radio map estimation, R?Net-In is proposed, in
which PFEB-In is designed to enhance the extraction of indoor
pathloss, such as penetration loss, and all upsampling blocks
adopt nearest-neighbor interpolation to mitigate the impact
of the information loss brought by PFEB-In. The details are
presented in the following.

1) PFEB-In: In indoor scenarios, penetration loss makes
a significant contribution to the pathloss [42], [43]. As a
result, the 3D indoor radio map varies significantly with the
transmitter location, even for the same building with the same
furniture layout, as can be observed from Figs. 5(d) and (g).
Such a phenomenon indicates that a good model should have
strong generalization ability. PFEB-In is proposed based on
this observation, which adopts dropout layers with a dropout
probability of 0.3 on 16 x 16, 8 X 8 and 4 x 4 feature maps by

BatchNorm + ReLU

Transposed Conv
6%6

ReLU

Nearest-neighbor
Interpolation

(a) R?Net-In

(b) R®>Net-Out

Fig. 9. Upsampling blocks for (a) R2Net-In and (b) R?Net-Out.

stochastically “dropping out” neurons [44] to avoid overfitting,
as illustrated in Fig. 8.

As the adopted dropout layers and max pooling layers lead
to information loss, nearest-neighbor interpolation is adopted
afterwards to assign the value of the nearest pixel to the
corresponding pixel in the output feature map [45]. As shown
in Fig. 8, compared to the first feature map of PFEB-In, the
output feature map of PFEB-In is more similar to the ground
truth. For instance, the area highlighted by the yellow circle
in the first feature map is mostly black, while containing more
white pixels in the output feature map, i.e., more similar to
the ground truth. As can be seen in the figure, this area is far
away from the transmitter and there are many walls between
it and the transmitter. Yet the wireless signal can still reach
this area due to a large number of diffractions. That is, signal
propagation is complex in this case, and consequently, the
effectiveness of our PFEB-In corroborates its ability to extract
complex indoor pathloss features.

Similarly, nearest-neighbor interpolation is adopted for all
upsampling blocks in the decoder of RZNet-In. Specifically,
an upsampling block consists of convolutional layers, batch
normalization, ReLU and nearest-neighbor interpolation, as
illustrated in Fig. 9(a). To capture global features, feature maps
with higher resolution employ convolutional layers with larger
kernel size. Specifically, in the decoder, the first upsampling
block uses a 3 x 3 convolutional layer, and the other two
upsampling blocks close to the output adopt a 5 X 5 con-
volutional layer. Moreover, after the first upsampling block in
the decoder, as depicted in Fig. 6, a 3 x 3 convolutional layer
is employed to capture local features.

2) Numbers of Channels: To maintain a relatively small
model, the numbers of channels in R2Net-In are set as C} =
40, C, = 60, C5 = 100, C4 = 150, C5 = 20 and Cg = 20.



Input

Output
256x256x1

Concat i |

b
ar }¢ ar
E Conv 1x1, 1024.—» Transposed |
BatchNorm | |Conv 4x4, 512

i | N | |
Input i | ) | i
256x256%2 | | | |
S | e el | i Output
! | Concat | |<o------------—o | | 256x256%1
! | = i Nearest-neighbor | o Conen.. B )
I 1 — e . m ' -
: ,,,,,,,, ‘Cascaded ‘Cascaded‘ i T Conv 5x5, 300 éntergt))(l;tllosra ‘l ] + |
Dropout‘—h residual —h residual ‘—b; ASPP NSl —  BatchNorm — ](;mt, hN ’ ‘—M Transposed ::
' ‘ blocks ‘ blocks | | 1 ReLU acivorm ‘Conv 4x4, 100}
77777777777777777 L : ReLU ! i
Max pooling 2x2 1 "
g ® Dropout SSaLyopou |
A | = ]
B O« s |
PFEB-Outlite

Fig. 11. R2Net-Outlite architecture.

D. R%Net-Out for Outdoor Scenarios

Based on the proposed R?Net architecture, R?Net-Out is
designed to estimate outdoor radio maps, in which PFEB-Out
concentrates on extracting abundant features of diffraction loss
that dominants the outdoor pathloss. The detailed architecture
is described below.

1) PFEB-Out: In outdoor scenarios, the main pathloss
comes from the diffraction loss brought by obstacles such
as buildings [40], [41]. The diffraction causes sudden signal
attenuation and change of propagation direction, resulting in
nonlinear impact on the outdoor radio map. To effectively
extract nonlinear features, PFEB-Out adopts five cascaded
residual blocks on 16 x 16 feature maps, which can estimate
pathloss far away from the transmitter, as highlighted by
the yellow circles in Fig. 10. Moreover, buildings are of
diverse sizes, which requires the network to be capable of
extracting both local and global features. As such, ASPP with
parallel atrous convolutions at multiple dilation rates is applied
following the five cascaded residual blocks. As depicted in
Fig. 10, ASPP extracts features in different receptive fields,
which are then fused by a 1 x 1 convolutional layer. It can
be seen in Fig. 10 that compared to the input feature map of
ASPP, the output feature map is more similar to the ground
truth, especially in the circled areas where the receiver suffers
from high diffraction loss. This showcases that the proposed
PFEB-Out can well extract the features of diffraction loss.

To better fuse the features extracted by ASPP, PFEB-Out
adopts transposed convolutions after ASPP to upsample the
feature maps by zero padding. In addition, transposed convo-
lution is adopted for all upsampling blocks in the decoder of
R2Net-Out with kernel size 6 x 6, as illustrated in Fig. 9(b).

Moreover, after the first upsampling block in the decoder, as
depicted in Fig. 6, R?2Net-Out employs a 5 x 5 convolutional
layer. Here, the kernel size is larger than that of R2Net-In for
the sake of capturing global features in a larger receptive field.

2) Numbers of Channels: To extract abundant features, the
numbers of channels in R?Net-Out are set as C; = 64, C, =
256, C5 = 512, Cy = 1024, C5 = 64 and Cg = 32.

E. R?Net-Outlite: A Light Variant of R*Net-Out

It should be noted that to extract abundant features of
diffraction loss, R?Net-Out employs five cascaded residual
blocks and has larger numbers of channels than those in
R2Net-In, which would lead to a large number of model
parameters to train and thus high computational and storage
costs. Therefore, a large training dataset is required to fully
exploit the potentials of the proposed RZ2Net-Out. However,
in some situations, only a small training dataset is available,
and the computing power and/or the storage space could be
limited. To accommodate these cases, a light variant of R2Net-
Out, referred to as R2Net-Outlite, is proposed by replacing
PFEB-Out with PFEB-Outlite, which decreases the number
of cascaded residual blocks and the numbers of channels. In
addition, a max pooling layer and three dropout layers are
added in RZNet-Outlite to improve its generalization ability,
as illustrated in Fig. 11.

1) PFEB-Outlite: To maintain high accuracy in the case
with a small training dataset, PFEB-Outlite adopts a dropout
layer with a dropout probability of 0.3 on 16 x 16 feature
maps before upsampling to enhance the generalization ability
of the model. Moreover, to reduce the computational and
storage costs, PFEB-Outlite only adopts two cascaded residual



blocks on 16 x 16 feature maps, which, however, results in less
nonlinear features being captured. To compensate for this, a
max pooling layer is adopted following the ASPP to increase
the receptive field so as to better capture the diffraction loss
incurred by the obstacles far away. As highlighted by the
yellow circles in Fig. 11, compared to the first feature map of
PFEB-Outlite, the feature map after the dropout layer extracts
the pathloss for the areas far away from the transmitter more
accurately. Yet max pooling layer and the dropout layer could
cause feature loss. To compensate for this, nearest-neighbor
interpolation is adopted on 8 x 8 feature maps to keep rich
details. As we can see in Fig. 11, compared to the input feature
map of nearest-neighbor interpolation, its output feature map
is more similar to the ground truth.

2) Numbers of Channels: The numbers of channels, i.e.,
Cy, Cy, C, C4, Cs and Cy, in R2Net-Outlite should be smaller
than those in R?Net-Out. For simplicity, they can be set the
same as those in R2Net-In.

VI. EXPERIMENTAL RESULTS

Experimental results are presented in this section to evaluate
the performance of the proposed RZNet for both indoor and
outdoor radio map estimation by comparing with the state-of-
the-art benchmarks. The benchmarks chosen for comparison
are detailed as follows:

« DPM [35]: DPM is the physical simulation method used
to create our 3D indoor radio map dataset, and thus
generates the ground truth.

« RadioUNet [16]: RadioUNet estimates 2D radio maps by
cascading two U-Nets.

o FadeNet [17]: FadeNet estimates 2D radio maps based
on a variant of U-Net by adding a stride-1 convolution at
both the input and the output sides.

« RadioTrans [18]: RadioTrans estimates 2D radio maps by
adopting Transformer based spread layers.

o PPNet [19]: PPNet employs SegNet to estimate 2D radio
maps.

Note that although the benchmarks were originally designed
for 2D radio map estimation, they can be extended to estimate
3D radio maps by adopting our proposed 2D height embedding
method in Section IV-A and applying the 3D-to-2D task
transform presented in Section V-A.

A. Experimental Settings

The experiments of 3D indoor radio map estimation are
performed on our newly created dataset, 3DiRM3200, in which
3,200 samples are randomly split into a training set of 2, 560
samples, a validation set of 320 samples and a test set of
320 samples. Note that the radio maps samples in these three
sets correspond to different building layouts, furniture layouts
and transmitter locations. The pathloss threshold is set as
(L )as = —127dB.

For outdoor radio map estimation, due to the lack of
publicly available 3D radio map dataset, we evaluate our
method on the popularly used 2D outdoor radio map dataset
RadioMapSeer [16] as a special use case of our proposed
3D radio map estimation model. The RadioMapSeer dataset

consists of 56,000 simulated radio maps, which are randomly
divided into a training set of 40,000 samples, a validation
set of 8,000 samples and a test set of 8 000 samples with
non-overlapping environmental images. In RadioMapSeer, the
buildings are at a height of 25m, and the transmitters are at
a height of 1.5 m. However, in the environmental images of
RadioMapSeer, each pixel value only takes the value of 1 or
0 to indicate the existence of the building or the transmitter,
while the impact of height is ignored. To reflect the effect of
the heights of the buildings and the transmitters, the proposed
2D height embedding method is adopted.

Both our proposed R?Net models and the benchmarks are
trained on one Nvidia Geforce RTX 3090 with CUDA 11.4
and PyTorch 1.11.0. Adam [46] is adopted to optimize the
parameters of the model with a learning rate of 10~%. Each
model runs 50 epochs. The batch size is 2 for 3D indoor radio
map estimation and 8 for 2D outdoor radio map estimation. To
alleviate overfitting, in the validation set, the model with the
smallest MSE is picked out of 50 epochs. Since our dataset,
3DiRM3200, is created on CPU according to DPM by using
WinProp, for the convenience of comparing the inference
speeds of DPM and other computer vision based methods,
all methods are tested on Intel Core i5-11400F for 3D indoor
radio map estimation. For 2D outdoor radio map estimation,
all methods are tested on Nvidia Geforce RTX 3090. All
presented radio maps have the same dimension of 256 x 256
pixels, while the pixel interval is 8 cm for indoor radio maps
and 1m for outdoor radio maps, respectively. The horizontal
and vertical axes of the radio maps are omitted for presentation
brevity.

B. Performance Metrics

1) Accuracy: The estimation accuracy of radio maps is
evaluated by the normalized mean square error (NMSE),
the root mean square error (RMSE), the structural similarity
(SSIM) and the peak signal-to-noise ratio (PSNR). NMSE is
given by
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where N is the size of test set. RMSE is the square root of
MSE, defined as
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SSIM quantifies the structural similarity between the estimated
radio map and the ground truth, which is expressed as

Neest (QN’V(?)IU'\?(Z) + Cl)(20v(z)v(l) + 02)
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where v ;) and O’%,( ;) are the mean and variance of the i-th
ground truth, B () and a%, () e the mean and variance of
the ¢-th radio map estimate, and TV (i)Y (i) is their covariance.
c1 = (k1L)? and ¢y = (koL)? are the constants added to avoid
the denominator being zero, where L = 1 is the maximum




TABLE I
COMPARISON OF RZNET-IN AND THE STATE-OF-THE-ART BENCHMARKS FOR 3D INDOOR RADIO MAP ESTIMATION. THE BEST RESULT IS HIGHLIGHTED
IN BOLD, AND * INDICATES THE SECOND BEST RESULT.

Methods Training loss  Validation loss | NMSE RMSE SSIM  PSNR | #param. MACs Throughput Infg;nlifngme
DPM [35] - - - - - - - - 0.04 3440.69 5
RadioUNet [16] 0.0003 0.0042* 0.0292% 0.0471* 0.8883* 29.54* | 13M* 258G 2% 74.80s
FadeNet [17] 0.0020 0.0054 0.0583 00604 07723 2625 | 65M 517G 1 84.15s
RadioTrans [18] 0.0021 0.0056 00714 0.0680 0.7228 2544 | 55M  18.7G* 2% 65.45 s*
PPNet [19] 0.0063 0.0091 0.1433  0.0935 05746 2182 | 15M 347G 1 84.15s
R2Net-In 0.0010% 0.0033 0.0268 0.0395 0.8908 29.65 | SM_ 65G 3 46.75s

difference between any two pixel values, and k; = 0.01 TABLE II

and ks = 0.03 are empirically chosen [47]. SSIM takes a
value between —1 and 1, with 1 indicating perfect structural
similarity. PSNR measures pixel-level fidelity of radio maps,
given by

Nlesl 2
1 MAX
PSNR = Zlo -log; <~> , o (13)
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where MAX is the maximum pixel value in all samples
(MAX =1 in this paper). A higher PSNR indicates a higher
image quality.

2) Efficiency: The efficiency of the proposed R2Net is
evaluated in terms of the following four metrics:

e Model size: Model size is the number of parameters
(#param). A large model size requires large memory
storage and high computational cost for model training.

e Multiply-accumulate operations (MACs): MACs are the
number of multiplication and addition operations per-
formed in the model, which affects both the computa-
tional cost and the inference speed.

o Throughput: Throughput is defined as the number of radio
maps estimated per second, i.e., the inference speed.

o Inference time: Inference time is defined as the time
required to obtain the radio map estimate per km?.

C. Experimental Results of 3D Indoor Radio Map Estimation

1) Quantitative Results: Table I lists the training loss,
validation loss, NMSE, RMSE, SSIM, PSNR, model size
(#param), MACs, throughput and inference time per km? of
the proposed R2Net-In and the state-of-the-art benchmarks for
3D indoor radio map estimation. It can be seen that R?Net-In
achieves the smallest validation loss and the second smallest
training loss, which indicates that R?Net-In has strong gener-
alization ability. The training loss of RadioUNet [16] is the
smallest, however, it has larger validation loss than R>2Net-In,
implying that the generalization ability of RadioUNet is not as
good as that of R?Net-In. The training loss and the validation
loss of the other benchmarks are neither the best nor the second
best, indicating that the other benchmarks are underfitting.
In addition, we can see that R?Net-In achieves the smallest
NMSE, which is 8.22% smaller than that of RadioUNet, and
81.30% smaller than that of PPNet [19]. The RMSE of R?Net-
In is also the smallest, which is 16.14% smaller than that
of RadioUNet. R?Net-In also achieves the highest SSIM and
PSNR, indicating that the radio map estimates obtained by our
method share the highest structural similarity with the ground
truth and have the highest quality. The above quantitative

DETAILED NMSE ON TEST SAMPLES. THE BEST RESULT IS HIGHLIGHTED
IN BOLD, AND * INDICATES THE SECOND BEST RESULT.

NMSE
Methods Min Max Average 95% CI
RadioUNet [16] 0.0043 0.5250  0.0292*  [0.0060, 0.1469%]
FadeNet [17] 0.0095  0.6103*  0.0583 [0.0150, 0.2524]
RadioTrans [18] | 0.0181 0.9247 0.0714 [0.0211, 0.2604]
PPNet [19] 0.0311 0.7457 0.1433 [0.0385, 0.4080]
R?Net-In 0.0050*  0.6274 0.0268  [0.0064*, 0.0768]

results validate that our R2Net-In can notably improve the
estimation accuracy of 3D indoor radio maps.

As regards to the efficiency, RZNet-In is roughly two
orders of magnitude faster than DPM [35], highlighting the
importance of developing deep learning based computer vi-
sion methods for radio map estimation. Moreover, our model
involves much less MAC operations and has higher throughput
and shorter inference time than the benchmarks, verifying its
computational efficiency. In addition, the model size of the
proposed R2Net-In is significantly smaller than the bench-
marks. Specifically, it is 38.46% smaller than RadioUNet [16]
and 87.69% smaller than FadeNet [17]. This indicates that
R2Net-In occupies less amount of memory storage than the
benchmarks.

To evaluate the overall accuracy of the proposed RZNet-
In on all test samples, Table II takes a closer look at the
achieved NMSE by showing the minimum NMSE, the max-
imum NMSE, the average NMSE and the 95% confidence
interval. It can be seen that the confidence interval of our
R2Net-In is the narrowest. In addition, R2Net-In has the
smallest upper-bound of the 95% confidence interval among
all models. Both of the above observations corroborate that our
R2Net-In is more robust than the state-of-the-art benchmarks
and can accurately estimate the radio maps in various cases.
Particularly, the NMSE scores with our R?Net-In are mainly
distributed between 0.0064 and 0.0768, while those with
RadioUNet are distributed between 0.0060 and 0.1469. As the
upper-bound of the 95% confidence interval with R2Net-In is
47.72% less than that with RadioUNet, our R?Net-In estimates
radio maps more accurately than RadioUNet for most samples.

2) Qualitative Results: Fig. 12 further visualizes the pre-
dicted radio maps at heights of 0.5m, 1m and 1.5m for
a randomly chosen test sample. We can clearly see from
the figures that the radio maps obtained from R2Net-In are
very close to the ground truth. In particular, R?Net-In can
still well predict the pathloss far away from the transmitter
as highlighted by the yellow circles, while the benchmarks
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Fig. 12. Visualization of estimation results of R2Net-In and the state-of-the-art benchmarks at heights of 0.5m, 1m and 1.5m for a randomly chosen 3D

indoor test sample.

TABLE III
ABLATION ON DROPOUT LAYERS, RESIDUAL BLOCKS AND HEIGHT
EMBEDDING FOR RZNET-IN. THE BEST RESULT IS HIGHLIGHTED IN BOLD.

Methods NMSE RMSE SSIM  PSNR

w/o dropout layers 0.0361  0.0467 0.8634  29.53
w/o residual blocks 0.0369 0.0487 0.8661 29.62
w/o height embedding | 0.0328  0.0451 0.8841 29.60
R?Net-In 0.0268 0.0395 0.8908  29.65

fail, corroborating that the proposed R?Net-In can successfully
capture complex indoor pathloss features. This is because we
adopt dropout layers to improve the generalization ability of
the model and adopt cascaded residual blocks to better capture
nonlinear features. In addition, with an increase in height,
the area highlighted by the green circle in the ground truth
appears darker due to the existence of furniture at comparable
heights. This phenomenon can only be successfully captured
by our R2Net-In, as can be observed in Fig. 12, which further
validates the effectiveness of the proposed RZNet-In in 3D
indoor radio map estimation.

3) Ablation Study: To demonstrate the effectiveness of
dropout layers, residual blocks and height embedding adopted
in our R2Net-In, Table IIT lists the NMSE, RMSE, SSIM and
PSNR of the proposed R2Net-In and its ablation versions for
3D indoor radio map estimation by removing all dropout lay-
ers, replacing the residual blocks with canonical convolutional
layers, or setting the pixel value as 1 or O to indicate the
existence of an object without height embedding. We can see
from the table that removing dropout layers, residual blocks or
height embedding increases NMSE and RMSE, and decreases
SSIM and PSNR. This validates the effectiveness of all these
three components in improving the accuracy of indoor radio
map estimation, among which dropout layers and residual

blocks contribute more compared to height embedding. This
is because in indoor scenarios, the height difference across
various objects is usually limited to a small range, leading to
less effects on radio map estimation.

D. Experimental Results of 2D Outdoor Radio Map Estimation

1) Quantitative Results: Table IV lists the training loss,
validation loss, NMSE, RMSE, SSIM, PSNR, model size
(#param), MACs, throughput and inference time per km? of
the proposed R?Net-Out and R?Net-Outlite, and the state-of-
the-art benchmarks for 2D outdoor radio map estimation. As
can be seen from the table, R2Net-Out and R2Net-Outlite
achieve the smallest validation loss than the benchmarks,
which indicates that they have better generalization ability.
Both R2Net-Out and R?Net-Outlite achieve smaller NMSE
and RMSE, and higher SSIM and PSNR than the benchmarks.
Particularly, R2Net-Out achieves the smallest NMSE, which
is 44.34% less than that of RadioUNet [16], and 95.33% less
than that of PPNet [19]. The RMSE of R2Net-Out is also
the smallest, which is 20.41% smaller than that of Radio-
Trans [18]. In addition, R?Net-Out also achieves the highest
SSIM and PSNR, which validates the superior performance of
the proposed method in preserving both structural information
and pixel-level fidelity of the radio maps over the state-of
the-art. The above results show that the proposed RZNet-Out
can significantly improve the accuracy of 2D outdoor radio
map estimation, yet at the cost of larger model size, more
MAC:s, and longer inference time. By contrast, the model size
of R2ZNet-Outlite is the smallest, which is 69.23% smaller than
that of RadioUNet, and 93.85% smaller than FadeNet [17].
R2Net-Outlite also involves less MACs than the benchmarks,
and it estimates 2D outdoor radio maps faster than FadeNet.
These results clearly indicate that R2Net-Outlite can estimate



TABLE IV
COMPARISON OF R2NET-OUT, RZNET-OUTLITE AND THE STATE-OF-THE-ART BENCHMARKS FOR 2D OUTDOOR RADIO MAP ESTIMATION. THE BEST
RESULT IS HIGHLIGHTED IN BOLD, AND * INDICATES THE SECOND BEST RESULT.

Methods Training loss  Validation loss | NMSE RMSE SSIM  PSNR | #param. MACs Throughput Infg;ﬂﬁfngme
RadioUNet [16] 0.0001 0.0004% 00106 00202 09202 3443 | I3M* 235G 127 0.1190s
FadeNet [17] 0.0006 0.0006 00142 00240 09023 32.83 | 65M 49.1G 105 0.1450's
RadioTrans [18] 0.0001 0.0004* 00101 00196 09267 3457 | 55M  187G*  144* 0.1053 s*
PPNet [19] 0.0031 0.0040 0.0986 0.0647 07417 2439 | 15M 340G 198 0.0778s
RZNet-Out 0.0001 0.0003 0.0046 00156 0.9491 37.00 | 85M 161.0G 71 0.21365
R2Net-Outlite 0.0002% 0.0003 0.0059% 0.0178* 0.9403* 35.92% | 4M 138G 115 0.1328s
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Fig. 13. Visualization of estimation results of RZ2Net-Out, R2Net-Outlite and the state-of-the-art benchmarks for a randomly chosen 2D outdoor test sample.

TABLE V
ACCURACY OF RZNET-OUT, R2NET-OUTLITE AND THE
STATE-OF-THE-ART BENCHMARKS ON SMALL DATASETS FOR 2D
OUTDOOR RADIO MAP ESTIMATION. THE BEST RESULT IS HIGHLIGHTED
IN BOLD, AND * INDICATES THE SECOND BEST RESULT.

NMSE
Methods TX16 Tx32 Tx48 Tx64 TXx80
RadioUNet [16] | 0.0269 _ 0.0145% 0.0130* _ 0.0I19 _ 0.0120
FadeNet [17] 0.0393 00254 00171 00186  0.0157
RadioTrans [18] | 0.0317 00187 00174 00151  0.0124
PPNet [19] 0.1071  0.1012  0.0992  0.0983  0.0975
RZNet-Out 0.0236*  0.0135 00114 _ 0.0099 _ 0.0085
R2Net-Outlite | 0.0228 00152  0.0140  0.0117* 0.0109%
TABLE VI

EFFECTIVENESS OF THE PROPOSED 2D HEIGHT EMBEDDING METHOD.
THE BEST RESULT IS HIGHLIGHTED IN BOLD.

RadioUNet FadeNet RadioTrans PPNet

NMSE [16] [17] [18] [19]
w/o height embedding 0.0106 0.0142 0.0101 0.0986
w/ height embedding 0.0063 0.0096 0.0066 0.0779

2D outdoor radio maps efficiently than the benchmarks, while
maintaining good estimation accuracy.

2) Qualitative Results: Fig. 13 visualizes the estimated
radio maps for a randomly chosen test sample. It is clear
that the radio maps estimated by both R?Net-Out and R%Net-
Outlite are very close to the ground truth. Particularly, when
the receiver is far from the transmitter, R2Net-Out and RZNet-
Outlite can still predict the pathloss accurately, while the
benchmarks are incapable. This evidently verifies the ability of
R2Net-Out and R2Net-Outlite to enhance the feature extraction
of outdoor pathloss.

3) Comparison of R?>Net-Out and R?Net-Outlite: To inves-
tigate the impact of dataset size, 400 city images are chosen
randomly from RadioMapSeer with the corresponding 32, 000
radio maps and 80 transmitter locations. The 400 city images
are randomly split into a training set of 320 city images, a
validation set of 40 city images and a test set of 40 city
images. Furthermore, the number of transmitters per map is
chosen as 16, 32, 48, 64 and 80, respectively, in the training
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Fig. 14. Visualization of the effectiveness of the proposed 2D height
embedding method.

sets Tx16, Tx32, Tx48, Tx64 and Tx80. The smallest training
set is 320 city images with 16 transmitters per map, leading
to 5,120 radio maps. As presented in Table V, when the
training set is the smallest (Tx16), R?Net-Outlite achieves
the smallest NMSE, which indicates that R2Net-Outlite entails
strong generalization ability and is more suitable for a small
training dataset. When the number of transmitters is larger than
16, R2Net-Out achieves the smallest NMSE, which shows that
R2Net-Out should be chosen for accurate estimation when a
large training dataset is available.

4) Effectiveness of 2D Height Embedding: To demonstrate
the advantage of the proposed 2D height embedding method,
Table VI lists the NMSE of the state-of-the-art benchmarks



TABLE VII
COMPARISON OF R2NET-OUT, RZNET-OUTLITE AND THE
STATE-OF-THE-ART BENCHMARKS FOR 2D OUTDOOR RADIO MAP
ESTIMATION ON THE REAL-WORLD MEASURED DATASET
RSRPSET_URBAN. THE BEST RESULT IS HIGHLIGHTED IN BOLD, AND *
INDICATES THE SECOND BEST RESULT.

Methods NMSE RMSE SSIM PSNR
RadioUNet [16] 0.2985 0.2650 0.4473 11.94
RadioTrans [18] 0.3001 0.2645 0.4447 11.92

PPNet [19] 0.3001 0.2646 0.4469 11.94

R?Net-Out 0.1834 0.2063 0.5275 13.98

R2Net-Outlite 0.1861*  0.2092*  0.5149*  13.87*
TABLE VIII

ABLATION ON ASPP, RESIDUAL BLOCKS AND HEIGHT EMBEDDING FOR
R2NET-OUT. THE BEST RESULT IS HIGHLIGHTED IN BOLD.

Methods NMSE RMSE SSIM  PSNR

w/o ASPP 0.0049 0.0163 09485 36.53

w/o residual blocks 0.0060 0.0180 0.9431 35.58
w/o height embedding | 0.0072  0.0167 0.9385  36.04
R?Net-Out 0.0046 0.0156 0.9491  37.00

both with and without the 2D height embedding method. It can
be seen that all the state-of-the-art benchmarks with the 2D
height embedding method outperform those without 2D height
embedding. Notably, the accuracy of RadioUNet is improved
by 16%, and RadioTrans achieves 34.65% higher accuracy.
Furthermore, the visualization results are shown in Fig. 14.
It is clear that when the receiver is far from the transmitter,
the models that employ our 2D height embedding method can
predict the pathloss more accurately.

5) Experimental Results on Real-World Measured Dataset:
To further demonstrate the performance of R?Net-Out in real-
world urban environments, the experiments of 2D outdoor
radio map estimation are also conducted on the real-world
measured dataset, RSRPSet_urban [48], which contains the
reference signal receiving power (RSRP) measured by Huawei
Technologies Co. Ltd in 180 dense urban communication cells,
equivalent to 180 2D outdoor radio maps. The 180 radio maps
are randomly divided into a training set of 150 samples and a
test set of 30 samples. Table VII lists the NMSE, RMSE, SSIM
and PSNR of the proposed R?Net-Out and RZNet-Outlite,
and the state-of-the-art benchmarks for 2D outdoor radio map
estimation. As can be seen from the table, R2Net-Out and
R2Net-Outlite achieve smaller NMSE and RMSE, and higher
SSIM and PSNR than the benchmarks, which showcases the
superior performance of our R?Net-Out and R?Net-Outlite in
estimating outdoor radio maps in practice.

6) Ablation Study: To demonstrate the effectiveness of
ASPP, residual blocks and height embedding adopted in the
proposed R2Net-Out, Table VIII presents the NMSE, RMSE,
SSIM and PSNR of the proposed R?Net-Out and its ablation
versions. As can be seen from the table, in contrast to indoor
radio map estimation, height embedding contributes the most
to the accuracy improvement of outdoor radio map estimation.
In fact, in outdoor scenarios, pathloss closely depends on
diffraction loss. As diffraction loss could be significantly
affected by building heights, height embedding plays a vital
role in outdoor radio map estimation.

VII. CONCLUSIONS

This paper investigated 3D radio map estimation by exploit-
ing the impact of object height. We first proposed a 2D height
embedding method to incorporate height information into 2D
images, based on which, a 3D indoor radio map dataset,
referred to as 3DiRM3200, was created, which includes a total
of 3,200 3D radio maps for 200 buildings. More importantly,
the proposed 2D height embedding method enables the design
of a 2D deep learning approach for 3D radio map estimation.
Specifically, we proposed a 2D deep residual learning method,
R2Net-In, for indoor 3D radio map estimation by improving
the generalization ability of the model and better extracting the
features of penetration loss. For outdoor scenarios, RZNet-Out
was proposed to enhance the feature extraction of diffraction
loss, along with a light variant, R?Net-Outlite, proposed for the
cases with a small training dataset. Quantitative and qualitative
experimental results show that compared to the state-of-the-
art benchmarks, the proposed R?Net-In estimates 3D indoor
radio maps more accurately and faster while incurring lower
computational and storage costs. For outdoor radio map esti-
mation, the proposed R?Net-Out achieves the highest accuracy,
while R?Net-Outlite surpasses the benchmarks in accuracy,
generalization ability, computational cost and memory storage.

Note that due to the limited capability of WinProp, our
3DiRM3200 dataset cannot capture the impacts of dynamic
environments, mobility or weather. In fact, the proposed R?Net
could be further fine-tuned by these available real-world data,
which should be carefully studied in the future. In addition,
pathloss in other propagation environments, such as rural areas
with rich scatterings caused by rugged terrain and mixed
environments of indoor and outdoor scenarios, may exhibit
significantly different radio propagation characteristics from
the indoor and outdoor scenarios studied in this paper. How
to customize the proposed R?Net to estimate radio maps in
rural and mixed environments is an interesting problem, which
deserves much attention in future work.
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