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Abstract—Radio map describes network coverage and is a
practically important tool for network planning in modern
wireless systems. Generally, radio strength measurements are
collected to construct fine-resolution radio maps for analysis.
However, certain protected areas are not accessible for mea-
surement due to physical constraints and security considerations,
leading to blanked spaces on a radio map. Non-uniformly spaced
measurement and uneven observation resolution make it more
difficult for radio map estimation and spectrum planning in
protected areas. This work explores the distribution of radio
spectrum strengths and proposes an exemplar-based approach
to reconstruct missing areas on a radio map. Instead of taking
generic image processing approaches, we leverage radio propaga-
tion models to determine directions of region filling and develop
two different schemes to estimate the missing radio signal power.
Our test results based on high-fidelity simulation demonstrate
efficacy of the proposed methods for radio map reconstruction.

Index Terms—Radio map, inpainting, dictionary learning

I. INTRODUCTION

With increasingly expansion of sensor network and Internet

of Things (IoT) deployment, allocation of radio spectrum

is becoming more complex and dynamic, and poses further

challenges in managing radio resources and enabling new

applications [1]. To better capture spectrum usage pattern and

improve efficiency of resource management, radio maps can

play more important roles in the modern wireless commu-

nication systems. A radio map is generally characterized by

the power spectral density (PSD) over geographical locations,

frequencies and time [2]. Providing rich and useful information

regarding spectrum activities and propagation channels, radio

maps can provide information on detailed PSD distribution and

help develop spectrum management applications [3]. Usually,

a high-resolution radio map should be constructed from sparser

measurements [4]. One major challenge lies in reconstructing

more complete radio maps from partial observations.

General construction of radio maps utilizes either model-

based methods or model-free methods [2]. Model-based meth-

ods assume certain signal propagation models to express the

received PSD as a combination of transmitted PSD from

active transmitters. For example, an interpolation method
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Fig. 1. Examples of Radio Map: Figure (a) and (b) show the power spectrum
density and sensor (receivers represented by dots) placement for general large-
scale radio map; Figure (c) and (d) show the spectrum distribution (Watts)
and missing observations for restricted areas (marked in yellow) of a small-
scale radio map (e.g. several street blocks), which only covers a small part
of the large-scale radio map. Note that, the coordinates here are the index
of PSD conformed to the grid. Usually, the small-scale radio map has higher
resolution and smaller area than the large-scale ones.

[5] proposes to utilize log-distance path loss model (LDPL)

for Wi-fi radio map reconstruction. In [4], another model-

based method introduces the use of thin-plate splines kernels.

Different from model-based approaches, model-free methods

do not rely on specific signal propagation models but favor

neighborhood information. Typical examples include inverse

distance weighted (IDW) interpolation [6], Kriging-based in-

terpolation [7] and Radial Basis Functions (RBF) interpolation

[8]. In addition, graph-based approaches, such as graph signal

processing [9] and label propagation [10], can also assist radio

map reconstruction. Beyond interpolation-based methods, ma-

chine learning has also attracted significant attention in radio

map reconstruction owing to its ability to utilize hidden data

features [11]–[13].

Presently, most existing approaches focus on constructing

radio maps from sparse observations, where sensors are spread

over a given region as shown in Fig. 1(b). However, in cases

involving inaccessible, restricted, or protected areas, radio

measurement is not available, leading to missing observations

of certain regions or blocks. The radio map construction

for such restricted areas is more challenging and does not

lend themselves to traditional radiomap construction methods.

First, unlike large-scale radio map, missing observations of978-1-6654-3540-6/22 © 2022 IEEE
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Fig. 10. Numerical Results in Different Area Sizes

TABLE II
MSE IN DIFFERENT PATCH SIZE

Patch Size 9 15 21 27 33

MSE for EPC 0.0177 0.0132 0.0152 0.0163 0.0205

MSE for EPD 0.0020 0.0018 0.0025 0.0027 0.0034

TABLE III
MSE FOR EPD WITH DIFFERENT DICTIONARY SIZE

K (Patch size=15) 500 1000 1500 2000

MSE 0.0026 0.0025 0.0020 0.0020

D. Guidelines of Parameter Selection

In this part, we consider the proposed methods under

different parameters to develop selection guidelines. We first

evaluate the impact of patch sizes in Ψp for EPC and EPD

in Table. II. For EPC, we test a randomly selected 100× 100

restricted/inaccessible area. For EPD, we set K = 1000 for the

dictionary and test a 40×40 restricted/inaccessible area. Patch

size selection is a trade-off between the global information and

local observations. For a larger patch size, uncertainty grows

with more global information considered. From the results, we

determine a suitable patch size around 15∼21. We also test

EPD with different dictionary sizes in Table III, which shows

that a larger K can achieve better performance.

V. CONCLUSION

In this work, we introduce an exemplar-based approach

to wireless radio map reconstruction in the cases of missing

measurement. More specifically, we proposed a propagation-

based priority to determine the filling direction based on

PSD pattern and radio properties. We then introduced two

new schemes for patch estimation. The experimental results

demonstrate the efficiency of the propagation-based priority

to capture the PSD patterns and the power of our proposed

methods in radio map reconstruction for missing areas, which

make further spectrum access and management more reliable

for such restricted/inaccessible areas.
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