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Abstract: With the fast development of unmanned aerial vehicles (UAVs), reliable UAV communica-
tion is becoming increasingly vital. The channel knowledge map (CKM) is a crucial bridge connecting
the environment and the propagation channel that may visually depict channel characteristics. This
paper presents a comprehensive scheme based on a UAV-assisted channel measurement system for
constructing the CKM in real-world scenarios. Firstly, a three-dimensional (3D) CKM construction
scheme for real-world scenarios is provided, which involves channel knowledge extraction, map-
ping, and completion. Secondly, an algorithm of channel knowledge extraction and completion is
proposed. The sparse channel knowledge is extracted based on the sliding correlation and constant
false alarm rate (CFAR) approaches. The 3D Kriging interpolation is used to complete the sparse
channel knowledge. Finally, a UAV-assisted channel measurement system is developed and CKM
measurement campaigns are conducted in campus and farmland scenarios. The path loss (PL) and
root mean square delay spread (RMS-DS) are measured at different heights to determine CKMs. The
measured and analyzed results show that the proposed construction scheme can effectively and
accurately construct the CKMs in real-world scenarios.

Keywords: unmanned aerial vehicle (UAV); channel knowledge map (CKM); channel impulse
response (CIR); channel measurement system

1. Introduction

Due to high flexibility and low cost, unmanned aerial vehicles (UAVs) have been
widely used in various civil and military fields, such as aerial base stations, emergency
communication, and post-disaster relief, etc. [1–4]. A deep understanding of channel
knowledge in the UAV communication environment is of great significance for the reliable
UAV-related communication [5–11]. Channel measurement is an important method to
obtain channel knowledge in real communication scenarios [12–17]. However, it can only
obtain the channel knowledge at a specific location, and is not suitable for the large-scale
propagation environment. A channel knowledge map (CKM) [18] or channel feature map
(CFM) [19] displays the channel knowledge visually in the form of a heat map, including
path loss (PL), root mean square delay spread (RMS-DS), channel path knowledge, etc. As
an important bridge connecting the environment and the propagation, it is widely used
in positioning optimization [20,21], path planning [22], beamforming [23,24] and network
layout [25,26], etc.

Several studies have addressed CKM, as indicated by references [23,25,27,28]. For
example, the authors in [23] used the inverse distance weighted (IDW) approach to com-
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plete the missing simulation data, and constructed a channel path map (CPM). In [25,28],
the authors used the k-nearest neighbor (KNN) method and the Kriging interpolation
approaches to generate the missing data in the simulation, and then constructed a channel
gain map (CGM). In [27], the author constructed a channel shadow map (CSM) based
on a spatial correlation approach. The radio map or spectrum map, which is one of the
typical applications of CKM [29–32], can display the spatial distribution of the received
signal strength (RSS) of a single frequency point in the measurement scenario in the form
of a heat map, so that the electromagnetic radiation of the measurement scenario can be
directly observed.

However, it should be noted that the above CKMs and spectrum maps are usually
constructed by using the simulated data [23,25,28,30,33], which is quite different from the
real situation. Moreover, the measurement system is relatively simple, which can only
obtain the channel knowledge of a single transceiver position [29,31]. Second, most of the
current research focuses on CGM, and only [18] constructs the CPM of the strongest path,
which is not enough for the research on channel characteristics.

In order to fill these research gaps, a CKM construction scheme is proposed, which is
based on a self-developed UAV-assisted channel measurement system; the main contribu-
tions and novelties are summarized as follows.

• A three-dimensional (3D) channel knowledge construction scheme in real-world
scenarios is provided and implemented. The measurement scenario is divided into a
3D grid region and the CKM can be expressed by a 3D matrix. The channel knowledge
along the flight trajectories is obtained by a self-developed channel measurement
system. Then, the sparse CKM matrix is completed based on the spatial correlation of
the channel characteristics.

• An algorithm for extracting and completing channel knowledge is proposed. The
time-domain channel measurement idea is adopted to obtain the channel impulse
response (CIR). An adaptive dynamic noise threshold approach is proposed based on
the constant false alarm rate (CFAR) to improve the extraction accuracy in real-world
scenarios. Due to the limitation of measurement time and cost, the CIR and channel
knowledge are only measured along the UAV trajectories. The channel knowledge in
other positions is completed by a 3D Kriging interpolation approach.

• A UAV-assisted channel measurement system is developed and applied to measure the
CKMs in the real-world scenarios. The system consists of a UAV transmitting unit and
a ground receiving unit. CKM measurement campaigns are conducted in two typical
scenarios of campus and farmland, and CKMs of PL and RMS-DS at two different
heights under these two scenarios are constructed. The accuracy of the constructed
CKMs is verified by the root mean square error (RMSE).

The rest of this paper is organized as follows. In Section 2, a mathematical model of
CKM is proposed, and then the provided construction scheme is given. In Section 3, the
algorithm of channel knowledge extraction and completion is proposed. In Section 4, a
UAV-assisted channel measurement system is developed, and then the CKMs in campus
and farmland scenarios are measured. Finally, conclusions are drawn in Section 5.

2. 3D Channel Knowledge Mapping

A 3D grid model of CKM is given in Figure 1. The measurement scenario is divided
into a 3D grid region composed of Ntotal = X × Y × Z cubes, assuming that the average
value of the channel knowledge collected in a cube is the estimated value of the chan-
nel knowledge in the cube region. At the same time, the accuracy of constructing CKM
improves with the increase in the number of cubes. In this paper, we define the 3D grid
mathematical model of CKM to be composed of the channel knowledge between any two
cubes in this 3D cube region. Then, the 3D grid model of CKM can be represented as
a Ntotal × Ntotal channel knowledge matrix M; the elements mi,j of the M can be repre-
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sented as the channel knowledge between the ith(i = 1, 2, ..., Ntotal) cube (xi, yi, zi) and the
jth(j = 1, 2, ..., Ntotal) cube

(
xj, yj, zj

)
mi,j =

{
Ii,j, i ̸= j
∅, i = j

(1)

where Ii,j represents the multiple channel knowledge between the ith cube and the jth cube,
including PL, shadow fading, channel gain, path delay, power, angle, RMS-DS, and so
on. When i = j, the two cubes coincide and no channel knowledge exists. In this paper,
the CIR between two cubes is used to extract the multiple channel knowledge, which can
be represented by a tensor I. Figure 1 shows the representation of the 3D grid model of
CKM when the receiver (RX) is fixed at a particular location in the measurement scenario.
The “sampled cube” represents the channel knowledge extracted by simulation or channel
measurement, and the “unsampled cube” represents the unmeasured location. Due to the
huge amount of data in actual channel measurement, we use the sparse sampled cubes to
complete the unsampled cubes and construct the entire 3D CKM. When the RX is fixed at
the cube i, the CKM is represented as the ith row in the channel knowledge matrix M.

Figure 1. 3D grid model of CKM.

Figure 2 shows the complete flow chart of the CKM construction scheme presented
in this paper, including the three parts: channel knowledge extraction, mapping, and
completion. In the channel knowledge extraction part, we first use a UAV-assisted channel
measurement system to conduct the CKM measurement campaign in the measurement
scenario, extract the CIR at sparse locations in the measurement scenario in real time
based on the sliding correlation approach, and then generate the adaptive dynamic noise
threshold based on the CFAR approach to extract effective multiple channel knowledge,
including path delay, path power, PL, and RMS-DS, etc. In the channel knowledge mapping
part, we divide the measurement scenario into a 3D grid region, and give the discretization
matrix of the 3D CKM, then map the channel knowledge at the corresponding sparse
location to the CKM matrix elements. In the channel knowledge completion part, we
use the Kriging interpolation approach to complete the sparse CKM matrix, and finally
construct the CKM.
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Figure 2. Overview of the UAV-assisted CKM construction scheme.

3. Channel Knowledge Extraction and Completion
3.1. Channel Impulse Response Extraction

The CIR is an important mathematical model containing the multiple channel knowl-
edge of each propagation path [34–36]. Therefore, the CIR between the transmitter (TX)
and RX is used to extract the multiple channel knowledge in this paper, where the received
signal of the RX antenna can be represented as a model of the transmitted signal and the
wireless channel

y(t) = x(t) ∗ HP×Q(t, τ, φ, θ) (2)

where P and Q are the number of TX and RX antennas, respectively, ∗ represents convolu-
tion operation, x(t) = [x1(t), ..., xp(t), ..., xP(t)] and y(t) = [y1(t), ..., yq(t), ..., yQ(t)] are the
vector of TX signal and the vector of RX received signal, respectively, HP×Q(t, τ, φ, θ) is a
P × Q matrix, where hp,q(t, τ, φ, θ) is the CIR between the pth TX antenna and the qth RX
antenna, which can be expressed as

hp,q(t, τ, φ, θ) =
L
∑

l=1
αl(t)ejψl δ(τ − τl(t)) · δ(φ − φTX

l (t))

· δ(φ − φRX
l (t)) · δ(θ − θTX

l (t)) · δ(θ − θRX
l (t))

(3)

where αl and τl are amplitude and delay of lth path, ψl is phase of lth path, φTX
l and φRX

l
are azimuth angle of departure (AAoD) and azimuth angle of arrival (AAoA) of lth path,
respectively, θTX

l and θRX
l are elevation angle of departure (EAoD) and elevation angle of

arrival (EAoA) of lth path, respectively.
The time-domain channel measurement method based on sliding correlation has

the advantages of strong real-time performance and high precision, and the CIR can be
extracted effectively by using the good auto-correlation of the sounding sequence. In this
paper, the channel measurement method based on the sliding correlation is used to extract
the CIR, where the results of the sliding correlation operation of the pth TX antenna and
the qth RX antenna can be expressed as

ρp,q(t, τ, φ, θ) = yq(t)⊗ xp(t) =
P

∑
k=1

hk,q(t, τ) ∗ xk(t)⊗ xp(t) (4)

where ⊗ represents the sliding correlation operator. Furthermore, (4) denotes that the
sliding correlation result ρp,q(t, τ, φ, θ) of the qth RX antenna is the superposition of CIRs
between the P TX antennas and the qth RX antenna. Therefore, in order to accurately
extract the CIR between the pth TX antenna and the qth RX antenna, we design a sounding
sequence with low cross-correlation.

The Zadoff-Chu (ZC) sequence has good auto-correlation, low cross-correlation, flat
power spectral density and low peak factor. Therefore, the ZC sequence as sounding
sequence can obtain better measurement performance [37]. We use the ZC sequence as
the sounding sequence in this paper. The low cross-correlation between the different root
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indices of the ZC sequence is used to design the measurement. Therefore, the sounding
sequence of different TX antennas can be expressed as

xr[n] = exp
(
− jπrn(n + 1)

NZC

)
(5)

where j is the imaginary number unit, n = 0, 1, ..., NZC − 1, NZC is odd and represents
the length of the ZC sequence, r ∈ {1, 2, ..., NZC − 1} is the root index of the ZC sequence,
where r and NZC are mutually prime, xr[n] represents the ZC sequence with root index r.
Taking the qth RX antenna as an example, the received signal is the superposition of the
transmitted signal of the P TX antennas. In order to accurately extract the CIR between the
pth TX antenna and qth RX antenna, we make use of the low cross-correlation between
the ZC sequences with different root indices, and use the local sequence xr

p[n] to carry out
sliding correlation operation on the received signal. The CIR between the qth RX antenna
and the pth TX antenna can be accurately extracted, while other CIRs can be effectively
suppressed. Therefore, (4) can be further expressed as

ρr
p,q[n, τ, φ, θ] = yq[n]⊗ xr

p[n] = NZChp,q[n, τ, φ, θ] (6)

where ρr
p,q[n, τ, φ, θ], hp,q[n, τ, φ, θ], xr

p[n] and yq[n] are the discrete form of ρp,q(t, τ, φ, θ),
hp,q(t, τ, φ, θ), xr

p(t), and yq(t), respectively. In particular, the CIR between the pth TX
antenna and the qth RX antenna can be finally expressed as

hp,q[n, τ, φ, θ] = yq[n]⊗ xr
p[n]/NZC (7)

Finally, according to the obtained CIR, the multiple channel knowledge can be further
extracted, in which the multiple channel knowledge between the ith(i = 1, 2, ..., Ntotal) cube
and the jth(j = 1, 2, ..., Ntotal) cube in (1) can be expressed as a tensor

Ii,j =
{

τl , αl , φTX
l , φRX

l , θTX
l , θRX

l

}L

l=1
(8)

3.2. Channel Knowledge Extraction

Equation (7) is based on the received signal superimposed with noise to obtain the
CIR. Therefore, the effective channel knowledge in the CIR needs to be accurately extracted
from the noise. The traditional approach of setting the constant noise threshold requires
choosing the threshold based on a lot of prior knowledge. At present, many approaches
have been adopted, For example, the noise threshold in [38] was 25 dB lower than the CIR’s
strongest path power. In [39], it was 20 dB higher than the mean power of the noise level.
In [40], it was 20% of the CIR’s strongest path power. In [41], it was −35 dB, based on the
relative power of the reflection from building. These approaches may cause the multipath
with a smaller power value to be missed or confuse some noise for an effective multipath,
resulting in errors when extracting effective channel knowledge.

The CFAR approach is a common target detection and tracking algorithm in the
radar field. Its main function is to detect target signals in the background noise. The
CFAR approach dynamically adjusts the detection threshold according to the noise and
maximizes the detection probability of the target signal under the condition of a constant
false alarm probability. Therefore, using the CFAR approach to set the noise thresholds in
CIR to extract the channel knowledge has also been studied [42–44]. Figure 3 shows the
principle of generating an adaptive noise threshold using the mean level CFAR (ML-CFAR)
approach. Firstly, it determines the number of guard cells, which can keep adjacent cells
under test from interfering with each other. Then, it calculates the average of the reference
cells on the left and the reference cells on the right as the background noise power level
and multiplies them with the threshold factor. As the sliding window moves, the adaptive
noise threshold is calculated. The CIR value is compared with the noise threshold to extract
accurate channel knowledge.
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Figure 3. The adaptive noise threshold calculation.

Firstly, we set the length of the reference cells to W and the number of guard cells to
NG. Then, the background noise power level of the cell under test can be expressed as the
mean level of the power value of the reference cells

Tp,q[m] =
1

W

 m− NG
2 −1

∑
w=m−W

2 − NG
2

hp,q[w]+
m+W

2 +
NG

2

∑
w=m+

NG
2 +1

hp,q[w]

 (9)

where m = 1 + W/2 + NG/2, ..., NZC − W/2 − NG/2. The threshold factor depends on the
length of the reference unit and the probability of the false alarm

α = W ·
(

P
− 1

W
CFAR − 1

)
(10)

where PCFAR is the false alarm probability. It can be seen from (10) that the false alarm
probability is only related to W and α, and has nothing to do with the noise of the actual
measurement. Therefore, the accuracy of the channel knowledge extraction can be maxi-
mized when the false alarm probability remains unchanged. Finally, the adaptive noise
threshold of the CIR can be expressed as the product of the background noise power level
and the threshold factor

Thrp,q[m] = α · Tp,q[m] (11)

When the CIR value is greater than the adaptive noise threshold, the effective multi-
path will be extracted, including the corresponding delay and power, where the effective
multipath in the CIR can be expressed as

Sp,q =
{

τl , αl
∣∣peak(hp,q[m]) > Thrp,q[m]

}
(12)

where τl and αl are the delay and amplitude of the lth effective multipath, respectively,
and peak(·) is the peak value. We use the CIR obtained from the actual measurement for
comparison and verification. Figure 4 shows that the adaptive noise threshold generated
by the ML-CFRA method at PCFAR = 10−0.42, W = 36 and NG = 2 is compared with
the constant noise threshold in [38,39]. It can be seen that the use of a constant noise
threshold may lead to some multipaths with low power not being missed, resulting in
measurement errors.
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Figure 4. Comparison of constant and adaptive noise threshold methods.

After extracting the delay and amplitude of each effective multipath, the important
channel characteristics can be further calculated. PL is the energy loss caused by the signal’s
own energy diffusion and the climate environment in the propagation process, which can
be expressed as

PL = 10log10

(
L

∑
l=1

α2
l

)
(13)

RMS-DS is one of the important channel characteristics in the process of communica-
tion system design, which can be expressed as

RMS − DS =

√√√√√√√√
L
∑

l=1
(τl − τ̄)2α2

l

L
∑

l=1
α2

l

(14)

where τ̄ represents the power-weighted average of all delays, which can be further ex-
pressed as

τ̄ =

L
∑

l=1
τlα

2
l

L
∑

l=1
α2

l

(15)

Finally, we define the multiple channel knowledge between the ith cube and the jth
cube in this paper as

Ii,j =
{

PLi,j, RMS − DSi,j
}

(16)

where PLi,j and RMS − DSi,j denote the PL and RMS-DS between the ith cube and the
jth cube.

3.3. Channel Knowledge Completion and Prediction

In this paper, we use the multiple channel knowledge of the sparse sampled cubes in
the measurement scenario to estimate the multiple channel knowledge of the unsampled
cubes. Since the channel knowledge of the adjacent cube has certain correlation, the Kriging
interpolation approach can be used to predict the channel knowledge at the unsampled
cubes. By calculating the semi-variance and the Euclidean distance between any two
different sampled cubes, the Kriging interpolation approach fits the semi-variance function,
and then calculates the semi-variance between the unknown sampled cube and all sampled
cubes. Finally, the channel knowledge of the unknown sampled cube is estimated after the
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weight is obtained [25,29]. The multiple channel knowledge of an unsampled cube can be
expressed as the weighted average of the channel knowledge of the sampled cubes as

Î0 =
N

∑
u=1

ωuIu (17)

where Î0 is the channel knowledge estimated value at the unsampled cube, Iu is channel
knowledge measured value at the uth (u = 1, 2, ..., N) sampled cube, N is the number of
sampled cubes, ωu is the weight factor. The weight factors can be determined through an
optimal problem with nonlinear constraints as

min
ωk

{
Var
(
Î0 − I0

)}
s.t.

N
∑

u=1
ωu = 1

(18)

where Var(·) expresses variance. In addition, to simplify this problem, we set J =
Var
(
Î0 − I0

)
, which can be further expressed as

J = Var
(

N
∑

u=1
ωuIu − I0

)
= Var

(
N
∑

u=1
ωuIu

)
+ Var(I0)− 2Cov

(
N
∑

u=1
ωuIu, I0

)
=

N
∑

u=1

N
∑

v=1
ωuωvCov(Iu, Iv) + Cov(I0, I0)− 2

N
∑

u=1
ωuCov(Iu, I0)

(19)

At the same time, to further solve this problem, we define that the semi-variance be-
tween the uth sampled cube and the vth (v = 1, 2, ..., N) sampled cube can be expressed as

γuv = 1
2 Var(Iu − Iv)

= 1
2 E
[
(Iu − E(Iu))

2
]
+ 1

2 E
[
(Iv − E(Iv))

2
]

−E[(Iu − E(Iu))(Iv − E(Iv))]

(20)

where E[·] expresses expectation. Furthermore, (19) can be obtained after further simplifica-
tion as

J =
N
∑

u=1

N
∑

v=1
ωuωv

(
σ2 − γuv

)
+
(
σ2 − γ00

)
− 2

N
∑

u=1
ωu
(
σ2 − γu0

)
= 2

N
∑

u=1
ωuγu0 −

N
∑

u=1

N
∑

v=1
ωuωvγuv − γ00

(21)

In order to solve for the optimal weight under the condition constraints, we use
the Lagrange multiplier method to solve this problem, and first construct the objective
function as

L(ωu, ϕ) = J + 2ϕ

(
N

∑
u=1

ωu − 1

)
(22)

where ϕ denotes the Lagrange multiplier. In order to solve the optimal weight, the objective
function L takes the partial derivative with respect to ωu and ϕ, respectively. Then, they
are set equal to 0, and the problem can be further expressed in matrix form as

γ11 γ12 . . . γ1N 1
γ21 γ22 · · · γ2N 1

...
...

. . .
...

...
γN1 γN2 · · · γNN 1

1 1 · · · 1 0




ω1
ω2
...

ωN
−ϕ

 =


γ10
γ20

...
γN0

1

 (23)
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where γu0 represents the semi-variance of the uth sampled cube and unsampled cube.
At the same time, the Kriging interpolation approach believes that there is a functional
relationship between the semi-variance γ and Euclidean distance d of two cubes. We obtain
the semi-variance function by fitting the semi-variance and Euclidean distance between all
cube shapes, which can be expressed as

γ = γ(d) (24)

where the Euclidean distance duv between the uth sampled cube and the vth sampled cube

can be expressed as duv =
√
(xu − xv)

2 + (yu − yv)
2 + (zu − zv)

2. Finally, after calculating
the semi-variance between the unsampled cubes and all sampled cubes by using the semi-
variance function, the optimal weight ω∗

u of Kriging interpolation can be obtained. Then,
by substituting the ω∗

u into (17), the multiple channel knowledge of the unsampled cube
can be estimated.

4. CKM Measurement Results and Analysis
4.1. Measurement System and Campaign

The UAV-assisted channel measurement system is composed of the UAV transmitting
unit and the ground receiving unit, and the composition block diagram is shown in Figure 5.
The UAV transmitting unit consists of a hexcopter, a field programmable gate array (FPGA)
signal processing module, a high-power amplifier (HPA), a global positioning system (GPS)
module, an omnidirectional TX antenna, and a portable power supply. The FPGA signal
processing module generates the ZC sequence with adjustable length and carrier frequency.
After that, the signal is amplified by the HPA, and transmitted by the omnidirectional TX
antenna; the portable power supply is responsible for powering the FPGA signal processing
module and the HPA. The ground receiving unit is composed of an RX software radio
(SDR) module, a GPS module, an omnidirectional RX antenna, and a power supply. After
receiving the signal from the omnidirectional RX antenna, the RX SDR module performs
sliding correlation calculation to extract the CIR in real time and store it. The GPS module
uses the pulse per second (PPS) signal to trigger the TX transmitting signal and the RX
receiving signal at the same time to realize the synchronization of the transceiver end and
can further obtain the absolute delay of the CIR while recording the GPS location and time.
The main hardware components and features for the UAV-assisted channel measurement
system are shown in Table 1.

Figure 5. UAV-assisted channel measurement system.
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Table 1. Summary of hardware components.

Types Features

TX/RX antenna Frequency range: 3.2 GHz–3.9 GHz
Gain: 3 dBi

FPGA signal
processing module

Frequency range: 500 MHz–6 GHz
Bandwidth: 61.44 MHz

RX SDR module Frequency range: 1 GHz–4 GHz
Bandwidth: 100 MHz

In order to further verify the accuracy of the proposed CKM construction scheme
and the UAV-assisted channel measurement system, we select the typical scenarios such
as campus and farmland to construct and analyze the CKMs. In particular, to intuitively
display the constructed CKMs, we fix the location of the ground receiving unit and construct
the CKMs of different heights, respectively, which are used as typical examples of CKMs
for verification and analysis.

As shown in Figure 6a, the campus scenario is a typical suburban scenario, which
contains buildings and roads. We place the ground receiving unit of the UAV-assisted
channel measurement system at the door of the building, and the height of the RX antenna
is 1.5 m. The UAV conducts the measurement campaigns on the campus playground. To
ensure the uniformity of sampling data in the measurement scenario, we design the flight
trajectory of the UAV to cover the measurement scenario as much as possible. The UAV
flies at the heights of 20 m and 40 m, respectively, and the trajectory distance is shown in
Figure 6a.

As shown in Figure 6b, the farmland scenario is a typical rural scenario, with abundant
crops and buildings. The ground receiving unit of the UAV-assisted channel measurement
system is placed on the road at the edge of the farmland, with the RX antenna height
of 3.5 m. The UAV conducts the measurement campaigns on the farmland. The UAV
flies at the heights of 10 m and 30 m, respectively. We use the same flight trajectory for
measurement campaigns, and the trajectory distance is shown in Figure 6b.

(a)

(b)

Figure 6. CKM measurement campaigns in (a) campus and (b) farmland scenarios.
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4.2. CKM Construction and Analysis

In the CKM measurement campaigns, we select the ZC sequence as the sounding
sequence with NZC = 1024, the carrier frequency and sampling rate are 3.6 GHz and
61.44 MHz, the transmission power of the FPGA signal processing module is −10 dBm, the
gain of HPA is 32 dB at 3.6 GHz, and the gain of the transceiver antenna is 3 dBi. Before
the measurement campaigns begin, we first measure the loss of the cables at 5 dB, and at
the same time, we connect the TX and RX back to back to eliminate the system response
and improve the accuracy of the measurement. The GPS module of the TX and RX uses
the PPS signal to trigger signal transmission and reception at the same time. Further, the
UAV transmitting unit uses the GPS module to obtain the GPS time and location of each
transmission sequence in real time, and the ground receiving unit uses the GPS module
to obtain the GPS time of each received signal in real time. The UAV transmitting unit
transmits the ZC sequence with a length of 1024 circularly, and the ground receiving unit
extracts the CIR after the sliding correlation operation between the received signal and the
local ZC sequence. The measurement interval of each CIR timeslot is about 16.67 µs. In
order to improve the accuracy of the measurement, we set the UAV to fly at a constant speed
of 1 m/s and trigger a transmission every 1 s, while the ground receiving unit also triggers
a reception every 1 s. Each reception continuously stores 64 CIR slots and averages them.

Based on Section 3.2, effective multipaths in CIR are extracted and multiple channel
knowledge is calculated. Meanwhile, multiple channel knowledge is completed based on
the Kriging interpolation approach in Section 3.3, and the entire CKMs of PL and RMS-
DS at the heights of 20 m and 40 m are constructed respectively in the campus scenario.
Figures 7a,b and 8a,b show the CKMs of PL and RMS-DS at heights of 20 m and 40 m in
the campus scenario, respectively.

(a) (b)

Figure 7. The CKMs of (a) PL and (b) RMS-DS at height of 20 m in campus scenario.

As can be seen from Figures 7 and 8, the CKMs intuitively show the channel charac-
teristics of PL and RMS-DS at the heights of 20 m and 40 m in the campus scenario. PL
decreases with the increase in distance from the RX, while PL decreases with the increase
in height. The CKMs of PL intuitively show the PL variation trend under this scenario.
Similarly, Figures 9a,b and 10a,b show the CKMs of PL and RMS-DS at heights of 10 m and
30 m in the farmland scenario, respectively. It can be seen that the CKMs also intuitively
show the channel characteristics of different heights in the farmland scenario.
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(a) (b)

Figure 8. The CKMs of (a) PL and (b) RMS-DS at height of 40 m in campus scenario.

(a) (b)

Figure 9. The CKMs of (a) PL and (b) RMS-DS at height of 10 m in farmland scenario.

(a) (b)

Figure 10. The CKMs of (a) PL and (b) RMS-DS at height of 30 m in farmland scenario.

We plot the cumulative distribution function (CDF) diagrams of RMS-DS at different
heights in the campus and farmland scenarios based on the entire CKMs after completion,
as shown in Figure 11a,b. We observe that, in the campus scenario, RMS-DS is concentrated
in 24–30 ns and 26–34 ns at heights of 20 m and 40 m, respectively. With the increase
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in height, the power of the line of sight path decreases, but the number of reflection
paths decreases significantly, resulting in the decrease in the RMS-DS. In the farmland
scenario, RMS-DS is concentrated in 45–60 ns and 65–75 ns at the heights of 10 m and 30 m,
respectively. Similarly, with the increase in height, RMS-DS also decreases.

(a) (b)

Figure 11. The CDF of RMS-DS at different heights in (a) campus and (b) farmland scenarios.

Due to the inevitable map errors in the process of actual measurement, some measure-
ment points have large errors. However, in order to further verify the accuracy of the CKM
construction scheme in this paper, we use 80% of the raw data as a test set to complete the
entire CKMs. At the same time, 20% of the raw data is used as the verification set, and the
RMSE of the raw data and the completed data is calculated to quantitatively analyze the
accuracy of the CKM construction, where the RMSE can be expressed as

RMSE(dB) = 10log10

∥∥Î − Itrue
∥∥

2
∥Itrue∥2

(25)

where Î is the completed data of channel knowledge in this paper, Itrue is the raw data of
the channel knowledge, ∥·∥2 is 2-norm. According to the calculation results of formula
(25), Figure 12 shows the RMSE for CKMs at different heights in two typical scenarios.
The RMSE for the CKMs of PL and RMS-DS constructed at 20 m height in the campus
scenario is −17.54 dB and −5.87 dB, respectively. Similarly, the RMSE for the CKMs of
PL and RMS-DS constructed at 40 m height in the campus scenario are −16.68 dB and
−4.52 dB, respectively. Then, the RMSE for the CKMs of the PL and RMS-DS constructed
at 10 m height in the farmland scenario are −16.34 dB and −5.42 dB, respectively, and
the RMSE for the CKMs of PL and RMS-DS constructed at 30 m height in the farmland
scenario is −16.72 dB and −6.54 dB; these RMSE values show that the predicted value of
the proposed CKM construction scheme is in good agreement with the measurement data,
which indicates the proposed scheme can accurately construct the CKM at different heights.
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Figure 12. The RMSE of CKMs at different heights.

5. Conclusions

In this paper, a comprehensive CKM construction scheme based on the UAV-assisted
channel measurement system for real-world scenarios was presented, which involves
channel knowledge extraction, mapping, and completion. Firstly, an adaptive dynamic
noise threshold was generated based on the CFAR approach to extract effective multiple
channel knowledge. Secondly, the channel knowledge at sparse locations was mapped to
the elements in the CKM matrix. Finally, the 3D Kriging interpolation approach was used
to complete the sparse CKM matrix. Meanwhile, a UAV-assisted channel measurement
system was developed. We have conducted the measurement campaigns in two typical
scenarios, i.e., campus and farmland and constructed the CKMs. Finally, the RMSE was
used to verify the effectiveness and accuracy of the presented construction scheme and the
UAV-assisted measurement system. In the future, we will use multi-UAVs for collaborative
measurement to further improve efficiency and construct a wider-range CKM.
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