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Abstract Navigation problems of unmanned air vehicles (UAVs) flying in a formation have been inves-
tigated recently, where collision avoidance is a significant issue to be addressed. In this paper, we study
resource allocation and power control for radar sensing in a multi- unmanned aerial vehicle (multi-UAV)
formation flight system where multiple UAVs simultaneously perform radar sensing. To cope with mutual
radar interference among the UAVs, we formulate a joint channel allocation and UAV transmission power
control problem to maximize the minimum signal-to-interference-plus-noise ratio (SINR) of the radar echo
signals. We then propose a computationally practical method to solve this NP-hard problem by decompos-
ing it into two sub-problems, i.e., channel allocation and transmission power control. An iterative channel
allocation and power control algorithm (ICAPCA) is proposed to jointly solve these two sub-problems. We
also propose a reduced-complexity greedy channel allocation algorithm (GCAA), which can also be used to
provide an initial solution to ICAPCA. Simulation results show that the proposed ICAPCA and GCAA can
improve the minimum SINR and radar sensing performance significantly.
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1 Introduction

In the past few years, unmanned aerial vehicles (UAVs) have attracted increasing attention and are be-
coming an important component in mobile networks [1]. UAV communication is a promising paradigm
for providing high-speed temporary connections at hotspots and under emergency situations [24]. Com-
pared with conventional fixed infrastructure, UAVs can provide on-demand flexible deployment and larger
service coverage. Besides, additional degrees of freedom can be exploited by designing the trajectory of
UAVs [2]. Furthermore, UAV networks can also be integrated into cellular networks to provide higher
throughput [3] and larger coverage [4].

Formation flying of multiple UAVs has been identified as the key technology for many cooperative
missions [5]. There have been many works [5-8] on addressing the collision avoidance problems in a
multi-UAV formation network. In [6], the authors proposed a dual-mode control strategy to determine
the trajectory of cooperative UAV formation based on a modified Grossberg neural network. In [5], the
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formation control of multiple UAVs in an obstacle-laden environment was investigated, and both trajecto-
ry tracking and collision avoidance are both considered. In [7], the authors proposed a collision avoidance
control algorithm for a multi-UAV system based on a bi-directional network connection structure. In [§],
two types of UAV formulation communication methods were studied such that UAVs can continuously
interact with the environment to obtain the optimal strategy.

In the aforementioned literatures, the collision avoidance of UAVs is mainly based on the communica-~
tion among UAVs. However, in some complicated environment where predesigned trajectory and alerting
via node-to-node communications cannot eliminate the possibility of collision, all UAVs in the formation
have to sense the environment to avoid potential attack or collision [9]. To address this problem, radar
based sensing technology is a promising method. In terms of collision avoidance for UAVs, some works
have been done to determine the radar parameters of UAVs and control schemes for cooperative UAVs.
In [10], a small-sized, light-weighted radar sensor was designed to realize obstacle awareness and avoid-
ance for UAV. In [11], advantages and disadvantages of the radar systems for UAVs in S band, X band, as
well as Ka band were investigated. In [12], based on chaotic UWB-MIMO waveform, a cognitive detect-
and-avoid radar system was designed to help with autonomous UAV navigation. In [13], the authors
investigated avoidance of path conflicts for UAV clusters through calculating the collision probabilities
of UAVs under a given mission space and number of UAVs.

One fundamental issue for the radars on UAVs is the potential mutual interference due to multiple
radars operating simultaneously on the same spectrum and direct line of sight, which may create ghost
targets and degrade the target detection performance [14,19,22,23]. There have also been some works
addressing the interference mitigation issue in radar network [15-18,20]. In [15], the weather radar
networked system (WRNS) is studied. The authors proposed a novel frequency-shared WRNS, in which
the waveform is modulated with an orthogonal code, and conducted matched filtering to mitigate inter-site
interference. Besides, an interference-aware sidelobe suppressing algorithm is adopted to mitigate intra-
site interference. In [16], a spectrum sensing multi-optimization (SS-MO) technique was investigated to
help a radar to mitigate RF interference from others. In [17], a bioinspired filtering technique was proposed
to reduce the computational complexity of SS-MO technique. In [18], the authors investigated the problem
of adaptive power allocation in radar networks. Considering the transmit power constraint and minimum
signal-to-interference-plus-noise ratio (SINR) requirement of each radar, a cooperative Nash bargaining
power allocation game is formulated to improve the low probability of intercept performance. Note that in
the aforementioned works, the mitigation of radar interference is realized via complicated signal processing
techniques, which may increase the energy consumption of UAVs. One efficient technique to mitigate
the mutual radar interference is to design the spectrum allocation scheme such that the radars that may
introduce large interference to each other are allocated with different spectrum resources. In [20], the
spectrum resources for automotive radars are allocated to mitigate the mutual interference among radars.
Due to the geometrical constraint of the road model considered in [20], the mutual radar interference
can be completely eliminated with four channels for four-lane road and two channels for two-lane road.
Compared with automotive radars in vehicular networks, the line-of-direct case appears more often in
UAV networks due to the wide open vision, i.e., the radar on one UAV may cause interference to the
radar on any other UAV working in the same spectrum simultaneously.

In this paper, we study the radar interference mitigation methods for a multi-UAV formation flight
system in a complicated environment, where all UAVs perform radar sensing to sense the non-cooperative
targets and avoid collision. We investigate the joint optimization of the spectrum allocation and trans-
mission power to mitigate the interference among radar sensors on different UAVs, which has not been
reported in the literature. Due to the scarcity of the available frequency spectrum resource and the
requirement for a large bandwidth in radar sensing in order to achieve a good distance resolution, part
of UAVs will be assigned the same spectrum resource; thus, there will be mutual interference among the
UAVs, whose power increases with the number of UAVs. Therefore, an efficient spectrum allocation al-
gorithm is required to manage the mutual interference. In addition, the transmission power of each UAV
should be adjusted appropriately. To this end, we propose a low-complexity branch-and-bound algorithm
for spectrum allocation, and a geometric programming algorithm for power control. The two algorithms
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are then iteratively applied to jointly optimize the minimum SINR of radar echo signals among all UAVs

in the network.

The main contributions of this paper can be summarized as follows.

(1) We consider a multi-UAV formation flight system (MUFFS) where multiple UAVs perform radar
sensing to avoid potential attack or collision. A joint channel allocation and UAV transmission
power optimization problem is then formulated to maximize the minimum SINR of radar echo signals
among all UAVs in the MUFFS. We show that the problem is NP-hard.

(2) We propose a sub-optimal method to solve the formulated NP-hard problem, by decomposing it into
two sub-problems: channel allocation and transmission power optimization. The two sub-problems
are solved by branch-and-bound method and geometric programming, respectively. An efficient
iterative channel allocation and power control algorithm (ICAPCA) is then proposed to solve the
problem. In addition, to improve the efficiency of the proposed ICAPCA, we propose a greedy
channel allocation algorithm (GCAA) to determine the initial channel allocation scheme.

(3) We compare the performance of the proposed algorithm with multiple schemes through simulation.
Simulation results show that both the minimum SINR and detection probability of the proposed
algorithms outperform that of traditional greedy method, and show that the performance of the
proposed GCAA combined with power control can approach that of I[CAPCA with a lower complexity,
which indicates the effectiveness of the designed search order in GCAA.

The rest of this paper is organized as follows. In Section II, we present the system model of MUFFS.
In Section III, we formulate a problem to maximize the minimum SINR of radar echo signals by jointly
optimizing channel allocation and UAV transmission power. The proposed ICAPCA as well as GCAA
are presented in Section IV, followed by convergence analysis. Simulation results are presented in Section
V. In Section VI, we conclude the paper.

Notations: Unless otherwise specified, matrices are denoted by bold uppercase letters (i.e., C), bold
lowercase letters are used for vectors (i.e., c), scalars are denoted by normal font (i.e., ¢; %), subscripts
denote the rows of a matrix (i.e., ¢; is the ith row of C), (-)7 stands for transpose, || - ||o stands for zero
norm.

2 System Model

In this section, we first describe the multi-UAV formation flight system (MUFFS), where multiple UAVs
perform radar sensing simultaneously. Then we introduce the model of the echo signal and interference
from other UAVs, based on which we formulate the expression of the SINR for each UAV.

2.1 System Description

We consider a MUFFS as shown in Fig. 1, which consists of one central station (CS), and a quasi-
static multi-UAV formation consisting of N UAVs, denoted by N' = {1,2,--- ,N}. The UAVs fly in a
formation and change their topology periodically. To avoid potential attack or collision, they separately
transmit radar signals and perform radar sensing using the echo signals. We note that all UAVs work in
a cooperative way, i.e., the locations of all UAVs are known to each other, and the UAVs in formation
will not be viewed as an obstacle or non-cooperative target. In addition, the sensing information can
be shared among all UAVs. To mitigate the mutual radar interference among UAVs, the CS conducts
wireless resource allocation for UAVs. Herein, the resource allocation can also be performed by any UAV,
since all UAVs work in a cooperative way, and the network topology is known to them all. However, to
reduce the power consumption of UAVs, we deploy a central station to allocate resource for UAVs. In this
paper, we mainly consider the aspects of spectrum resource allocation and transmission power control.

Remark 1. During resource allocation, we assume that the relative positions among all UAVs are fixed.
The reasons are two-fold. On one hand, for the case of fast formation changing, e.g., the changing time is
shorter than 1 second, note that the effective detecting range based on the proposed scheme in this paper
is longer than 100m, the UAVs will not collide with the object outside the detecting range in such a short
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Figure 1 System model of MUFFS

time. Therefore, there is no need to keep sensing the environment in this period. On the other hand,
for the case of slow formation changing, e.g., 100 milliseconds per slot, we can also divide the changing
period into different time slots and perform resource allocation for each slot, since the positions of UAVs
during the formation changing is also known to the CS. Also note that in 100 milliseconds, the moving
distance of a UAV may be less than 1 meter, while hundreds of signal packets can be transmitted during
this period; thus, the environment can be effectively sensed.

In terms of spectrum resource allocation, the transmission bandwidth of the network is divided into
K channels of the same bandwidth, denoted by K = {1,2,--- , K}. Due to the scarcity of spectrum
resource, we assume N > K. To specify the channel allocation for each UAV, we define an N x K binary
integer matrix C' = C), . When channel k is assigned to UAV n, we have C,, = 1, otherwise C), , = 0.
For the sake of transmission quality as well as fairness among all UAVs, we assume each UAV is assigned
one channel, that is, by denoting the i-th row of C' as ¢;, we have ||¢;||o = 1,4 =1,--- , N. For the power
control of each UAV, we define a vector p of length N, where the ith element represents the power of the
ith UAV.

2.2 Signal and Interference Model

According to [25], the power of received echo signals from a target at a distance of R; for the ith UAV
can be characterized by radar range equation as

Pt,iGt.i «
i = — X ——5 X
47TR? 47rRi2

Ae,i (1)

where the right-hand side includes three terms to model the physical process and propagation of signals.
The first term in (1) represents the power density at a distance of R; from the radar, where P, ; and Gy,
are the transmission power and transmitter antenna gain of the ith UAV, respectively. The second term
represents the power reflected by the target, where « is the radar cross-section area (RCS) of the target.
The third term a5

ei — Z;_ (2)
represents the effective aperture of the receiver antenna, where G, ; is the receiver antenna gain, and A
is the wavelength of the radio signal. In this paper, we assume the hardware for all UAVs are the same,
and simplify G¢;, Gy; and A ; as Gy, G, and A, respectively.

Assume that the ith UAV and the jth UAV are assigned the same spectrum resource. The interference
power from the jth UAV to the ith UAV is only related to the first and last terms of the right-hand side
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in (1), and can be formulated as
_ Gy

-Pi ) — Aei; 3
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where d; ; is the distance between the ith UAV and jth UAV. As can be seen, the mutual radar interference
power between two co-channel radars is inversely proportional to the square of the distance, while the
power of the echo signal is inversely proportional to the quantic of the distance to the target. Therefore,
the mutual interference is significantly stronger than the desired radar echo signals, and it is really
harmful for radar sensing. Specifically, when a radar on a UAV is set to sense a target up to d meters
away, another radar which is d?> meters away and does similar sensing can introduce interfering signals
with power comparable to the radar echo signal.
Further, the total interference for the ith UAV is expressed as

N

Il' = Z cic;rPi,j, (4)
Jj=1,j#i

Note that the term c,;ch determines whether UAV i and UAV j are allocated with the same channel
N
and whether there exists interference between UAV i and UAV j. Besides, the > operator is used
J=T.j#i
to sum the total interference from all UAVs that have been allocated with the same channel as UAV 1.

Therefore, the SINR, of the echo signal for the ith UAV is given by

P;

Yi = m7 (5)

where o2 is the variance of additive white Gaussian noise (AWGN) with zero mean, and 3 is the cross-
correlation factor, reflecting the impact of the cross-correlation property of the radar signals for different
UAVs, and is typically set as -20 to -30 dB [26].

3 Problem Formulation

In this section, we first formulate the problems of joint channel allocation and UAV transmission power
control, and show that the optimization problem is NP-hard, and hence cannot be solved efficiently. We
then propose a method via decomposing the problem into two sub-problems.

3.1 Problem Formulation

Since all UAVs have to detect the environment to avoid potential obstacles and attack separately, the
minimum echo signal SINR for each UAV in this network is a key metric. We aim to maximize the
minimum echo signal SINR of each UAV by optimizing the channel allocation and transmission power
variables C and p. The joint channel allocation and transmission power control problem can be formulated

as follows:
rgfm;( rniin Y (6)
st. Ppin < Pt,i < Pma:z:y Vie N (63)
Cir€{0,1}, VieN, Vkek (6b)
K
Y Cix=1 VieN (6¢)
k=1

Constraint (6a) limits the transmission power for UAVs. Note that the minimum power P,,;, is set as a
positive number to guarantee that all UAVs are able to sense the environment. Constraint (6¢) implies
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that each UAV can be assigned only one channel. Note that in calculating the SINR of echo signals,
the distance from the ith UAV to a target, i.e., R;, is implicitly required. Since the objective of radar
sensing considered in this paper is to detect obstacles and avoid collision for flight formation, we assume
that all UAVs are trying to detect the obstacles at a safe distance, such that there exists sufficient time
for UAVs to react to the detected obstacles. This safe distance is adopted as the target distance in this
paper. Although the safe distances for different UAVs may differ due to different security levels, in this
paper, without loss of generality, we assume they are approximately the same. In the following theorem,
we show that the optimization problem (6) is NP-hard.

Theorem 1. Problem (6) is NP-hard.

Proof.  'We consider the case that we do not perform transmission power control, then problem (6) can
be simplified as a channel allocation problem. The channel allocation problem can be seen as an extension
of graph partition problem with the purpose of minimizing the mutual interference in each sub-graph.
Since graph partition problem has been proved to be NP-complete in [27], the channel allocation problem
is also NP-hard, i.e., we cannot solve the channel allocation problem in polynomial time. Thus, the
problem (6) is NP-hard, and it cannot be solved in polynomial time.

3.2 Problem Decomposition

To solve the problem (6) efficiently, we decompose it into two sub-problems, i.e., channel allocation
sub-problem and transmission power control sub-problem. In the channel allocation sub-problem, the
transmission power of each UAV is considered to be fixed. The channel allocation sub-problem is written
as

max min (7)
st. Cir€{0,1}, VieN, VkeK (7a)
K
Y Cin=1 VieN (7b)
k=1

With the channel allocation matrix C being fixed, the transmission power control sub-problem can be
expressed as

max min (8)
p 7
st. Prin < Pii < Prgz, VieN (8a)

4 Joint channel allocation and UAV transmission power Control

In this section, we propose an efficient iterative algorithm, i.e., ICAPCA, to solve the problem (6) by
iteratively solving the sub-problems (7) and (8). Specifically, to solve the channel allocation sub-problem
(7), we propose a low-complexity branch-and-bound algorithm. For the power control sub-problem (8),
optimization for the whole network is decomposed into optimization for each sub-network where the
UAVs are assigned the same channel, and is then formulated through geometric programming. In the
following subsections, we first introduce algorithms for solving the two sub-problems, we then present the
ICAPCA and its convergence and complexity analysis.
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Figure 2 Illustration of the search space tree with K =2 and N = 3

4.1 Channel allocation Algorithm

In this subsection, we focus on solving the channel allocation sub-problem (7). Substituting (1), (3) and
(4) into (7), we have the objective function as follows:

P E;

max min ~ , (9)

2 cT'p . F. .

0?4 Z cic; P, ;F; ;
J=1,j#i

where F; = % and F; ; = Gi;’ d’;‘“"i are fixed. It can be readily seen that the sub-problem (7) is
also a NP-hard prolblem. The difference between the original problem (6) and the sub-problem (7) is
that problem (6) is a mixed integer programming problem and can be hardly solved efficiently, while
sub-problem (7) is a binary integer programming problem. A direct idea for solving this kind of NP-
hard problems is to relax the binary variable into continuous variables. However, due to the mutual

interference among different UAVs, the continuity relaxed problem is still non-convex with respect to C.

Indeed, since each UAV can only be assigned one channel, the search space of the channel allocation
matrix C' can be considered as a K-ary tree, denoted as search space tree. The Ith layer of the K-ary
tree denotes the allocation for the [th UAV, assuming the allocation for UAVs whose indices are smaller
than [ has been determined. The kth fork branched from one node in the Ith layer represents that the
kth channel is assigned to the [th UAV. An example of the search space tree with K = 2 and N = 3 is
illustrated in Fig. 2. At the root node, all the variables in C are not determined, while each leaf node
represents a channel allocation scheme for all UAVs. For the 6th node, it represents that the first two
UAVs are assigned channel #2 and #1, respectively, while the third UAV has not been assigned. For the
10th node, the three UAVs are assigned channel #1, #2, #1, respectively.

To obtain an optimal solution through the tree searching, branch-and-bound method is a promising
candidate, which has been used in [21] to solve the binary integer programming problem. In a conventional
branch-and-bound method, through the branch operation, the problem is divided into multiple sub-
problems, each corresponding to one subspace of the whole search space. In each subspace, a bound
value is calculated to determine whether continuing to branch or discarding this subspace. In this way,
the time complexity of conventional branch-and-bound method may be extremely high, and in the worst
case it is the same as that of exhaustive searching scheme, i.e., O(K™). Since the proposed MUFFS may
work in an emergency scenario, the algorithm complexity and implementation time are critical. Therefore,
we propose a novel low-complexity branch-and-bound method to determine the channel allocation.

In what follows, we first introduce the proposed GCAA to generate a feasible initial solution, which
serves as the lower bound of the final solution and helps with the pruning of the search space.

To facilitate the understanding of the GCAA, we first introduce the important concepts of intensity
metric and UAV set.

Definition 1. To measure the potential interference between two UAVs, the intensity metric between
the ith UAV and the jth UAV is defined as
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Definition 2. The set of UAVs that are assigned the same channel is a UAV set. The UAV set
corresponding to the kth channel is defined as the kth UAV set, denoted by M.

As can be seen, the only difference between (10) and (3) is the transmission power. This is because the
transmission power in this paper is adjustable, and we intend to utilize the intensity metric to model the
equivalent channel gain of the interference among different UAVs. In other words, the intensity metric
reflects the interference when transmission powers of UAVs are all the same.

1) Greedy channel allocation Algorithm: The GCAA is essentially a path search procedure on the search
space tree. At the [th layer, the [th UAV is assigned one channel so that the interference introduced by
the UAVs that have been already assigned this channel to the [th UAV should be minimum among all
channels.

Although the principle of GCAA is simple, it should be noted that the search order has a significant
impact on the performance. Therefore, in what follows, we will introduce a low-complexity method to
determine the search order. This method includes two parts, i.e., determining the first X UAVs and then
the remaining UAVs.

For determining the first X' UAVs, the optimal solution is to find K UAVs among which the total
distance is the smallest. However, the complexity of searching such UAV set is C¥, which may be too
large for large N and K. Therefore, we select the first K UAVs in a greedy manner. Specifically, we first
select two UAVs among which the distance is the shortest. Then we select the UAV that is closest to the
already selected UAVs one by one. With the indices of the first K UAVs determined, we assign the K
orthogonal channels to them.

For determining the search order of the remaining UAVs and their corresponding channels, we propose
to determine the index of the next UAV to be allocated in the following manner:

K
i = arg max 1 Z Z M; ; — min Z M;; |, (11)

(K- &= A ko =

JENE JENE
where N represents the set of indices of UAVs that have been allocated with the kth channel. The term

K
> e NE M, ; represents the total interference introduced by the ith UAV to the UAV sets when the ith
k=1 i

UAV is allocated with the corresponding channel. The term mkin > JENC M, ; represents the interference

introduced by the ith UAV to the UAV set that corresponds to the minimum intensity metric. We intend
find the UAV which would introduce largest average interference when not allocated the channel with
minimum intensity metric. The index of the channel allocated to the selected UAV can be expressed as

k = min > Mg, (12)

JENE

The detailed process of GCAA is presented in Algorithm 1. In line 1 to 4, the indices of the first K
UAVs are determined. In line 5 to 10, we successively select UAVs and allocate the channels to them.
In each iteration, the complexity is O(K). Therefore, the total complexity of GCAA is O(KN). One
example of the channel allocation result based on GCAA is shown in Fig. 3, where K = 4 and N = 20.
As can be seen from the figure, for each set consisting of K closest UAVs, it is very likely that they are
assigned different channels.

2) Low-complexity Branch-and-Bound method: The proposed low-complexity branch-and-bound method
can be regarded as a breadth-first searching on the search space tree level by level. The branch and bound
operations are performed at each level. Specifically, at each level, the bound of each node is calculated
and compared with the global upper bound. At most M nodes whose bounds are larger than the current
upper bound are preserved to branch. The initial global upper bound is set as the solution given by

GCAA.
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Figure 3 An example of the channel allocation result using GCAA

Algorithm 1 Greedy channel allocation Algorithm

Select two UAVs among which the distance is the shortest.
fori=3,--- K do
Select the UAV which is closest to the already selected UAVs.
end for
Assign K orthogonal channels to the K selected UAVs.
fori=K+1,---,N do
Determine the index of next UAV to be allocated according to (11)
Determine the channel assigned to the ith UAV according to (12)
Add the index 7 to the kth UAV set, Aj.
end for

—
<

For the bound calculation of each node, only the interference of UAVs that are already assigned channels

is considered. To decrease the complexity in calculating the upper bound of the objective function (9)

for each node, e divide all UAVs into different UAV sets in terms of the channels allocated, and express
the upper bound of (9) as follows.

~ P E;

B, = min min
k ieNf

(13)

e .
o’+ X Bk
JENT j#i

The bounds of all nodes at each level are then sorted and compared with the global upper bound.
The nodes whose upper bound is lower than the global upper bound are then fathomed. In addition, to
reduce the complexity, a maximum searching width M is defined, i.e., at most M nodes are preserved at
each level. The preserved nodes are then branched continually until the last level.

It should be noted that the search order has also an impact on the performance as well as complexity
of the branch-and-bound method, since with an advantageous search order, more nodes can be fathomed,
and the searching process would become more efficient. To that end, we utilize the search order in
GCAA so that we can improve the efficiency of the branch-and-bound method as well as avoid the further
complexity of designing another search order. Details of the low-complexity branch-and-bound method
are shown in Algorithm 2. At each level, at most M nodes are preserved according to the corresponding
bound, and each of them is then branched to K nodes at the next level. The complexity of the proposed
low-complexity branch-and-bound method is O(K M N), which is much smaller than O(K¥).

We also note that both proposed spectrum allocation schemes are also applicable to the multi-cell
systems [29,30]. On one hand, the spectrum allocation criterion is to allocate different bands to adjacent
cells such that the inter-cell interference can be mitigated, which is consistent with the design criterion
of the proposed GCAA scheme. In addition, the proposed low-complexity branch-and-bound scheme
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Algorithm 2 Low-complexity branch-and-bound method

Input: B, < the initial upper bound given by GCAA;
M <+ the maximum list size;
:fori=1,---,N—1do
Calculate the upper bound of each node at the ith level based on (13).
Sort the upper bound of each node and fathom the nodes whose upper bound is lower than B, .
Preserve up to M nodes with the largest upper bounds.
Branch the preserved nodes to the next level.
end for
Calculate the minimum SINR for each node at the Nth level and select the node with the largest
minimum SINR.
8: Allocate the channels to the UAVs in the manner corresponding to the selected node.
Output: the channel allocation result

can amend the allocation result obtained by the GCAA scheme. Therefore, both proposed spectrum
allocation schemes can be applied to multi-cell systems.

4.2 Power Control Algorithm

In this subsection, we study how to solve the transmission power control sub-problem (8). Note that
through dividing all UAVs into different UAV sets that are assigned orthogonal channels, the mutual
interference between two UAVs belonging to different UAV sets can be eliminated. Therefore, the sub-
problem (8) can be further divided into K sub-problems, each for one UAV set. The kth sub-problem
can be expressed as follows

P, E;
max _mji\}l ]ff’l : , (14)
PN, 1€
' Lot Y PyEy
JENK,j#i
st. Puin < Pt,i < Pmaxa Vi € Nk (14&)

where py;, represents the transmitting power of the UAVs using the kth channel. The above problem
is non-convex, but can be easily cast as a geometric programming problem by taking the inverse of the
SINR as follows [31]:

max ¢ (15)
PNt
s.t. Pmin < Pt,i < Pmaaca Vi € Nk (153)

N
o+ Y P ;F;
JENT G
P E;

<

S

(15b)

This allows us to solve the transmission power control sub-problem via geometric programming [32].

4.3 Iterative Channel Allocation and Power Control Algorithm

In this subsection, we introduce the ICAPCA to solve problem (6), where channel allocation and trans-
mission power control are iteratively solved. Specifically, we first obtain the initial channel allocation
solution via GCAA, denoted by C©), based on which the initial power control solution is obtained, de-
noted by p(®). We then perform iterations of low-complexity branch-and-bound based channel allocation
and geometric programming based power control until the objective function converges or the maximum
iteration number is reached.

In what follows, we prove the convergency of the ICAPCA.

Theorem 2. The proposed ICAPCA is convergent.



Xinyi WANG, et al. Sci China Inf Sci 11

Table 1 Simulation Parameters

Center frequency 35 GHz [10]
Antenna gain 38 dB [10]
Radar cross-section 30dBsm [28]
Maximum UAV transmission power 47 dBm
Minimum UAV transmission power 30 dBm
Cross-correlation factor -20 dB [26]
Algorithm convergence threshold e 0.01
Maximum iteration number 5
Maximum searching width M 8
Default distance of non-cooperative targets to be sensed 100 m
Default number of channels 4
Bandwidth of each channel 200 MHz
SINR threshold for successful detection T 10 dB [28]

Proof.  First, we consider channel allocation in the (n+1)-th iteration. Note that the allocation solution
and its corresponding minimum SINR will not be updated unless the minimum SINR obtained through
the low-complexity branch-and-bound method is larger than the current minimum SINR. Therefore, we

have

where Y, (+) denotes the minimum SINR with the corresponding parameters.
When solving the power control sub-problem, the optimal power control p("t1) with C("+1) is obtained
via geometric programming. Thus we have

,Ymin(c(n+1)7p(n+l)) = ’Ymin(c(nJrl)vp(n))a (17)
Therefore, in the (n + 1)th iteration, we have

len(c(n+1) ) p(n))

min C(n+1) ’ p(n+1)
Ymin ) (18)

VoWV

i.e., the objective function is non-decreasing. Also note that the minimum SINR of a network cannot
increase unlimitedly, i.e., there is an upper bound for the objective function. Therefore, the proposed
ICAPCA is convergent.

5 Simulation Results

In this section, we evaluate the performance of the proposed GCAA and ICAPCA. The location of the
UAVs are randomly and uniformly distributed in a 2-dimension area of 2 km x 2 km. The simulation
parameters are listed in Table 1. The proposed algorithms are compared with three other schemes: (1)
random channel allocation with maximum transmission power, denoted as “random+max power”; (2)
random channel allocation with power control (PC), denoted as “random+PC”; (3) a greedy channel
allocation [20] with power control, denoted as “greedy [20]+PC”.

Before the performance comparison, we show the convergence behaviour of the proposed ICAPCA in
Fig. 4. It can be observed that the max-min SINR achieved by the proposed ICAPCA increases quickly
and converges in 3 iterations. Specifically, The obtained minimum SINR at iteration 0 corresponds to the
“random-+max power” scheme, while the minimum SINR at iteration 1 corresponds the proposed GCAA
scheme followed by power control. The minimum SINR of the proposed ICAPCA scheme converges at
the 3rd iteration; thus, the value at iteration 3 corresponds to the ICAPCA scheme.
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Figure 4 Minimum SINR v.s. iteration number (K = 4, N = 20).

Table 2 Performance comparison between Monte Carlo simulation and proposed ICAPCA

Optimal minimum SINR Minimum SINR, Proportion of the Monte Carlo results
via Monte Carlo simulation | via proposed ICAPCA better than proposed ICAPCA
14.6591 dB 14.5265 dB 0.5 %

It should also be noted that due to the non-convexity of the original problem, an iterative algorithm
may converge to a poor local solution point, depending on the adopted initial channel allocation scheme.
Fortunately, with the help of the searching order and the usage of the geometric topology of the multi-
UAV network, the performance of the proposed ICAPCA will hardly converge to a poor result. To
justify this, we randomly select initial channel allocation schemes 1000 times for ICAPCA to approach
the optimal solution. The performance gap between the best value among the obtained results and the
proposed ICAPCA as well as the proportion of the results which is better than that of the proposed
ICAPCA are shown in Table 2. As can be seen, the performance gap between the proposed ICAPCA
and the best value obtained via Monte Carlo simulation is less than 0.15 dB, and the proportion of the
results that are better than those of the proposed ICAPCA is only 0.5%, which implies the effectiveness
of the proposed GCAA in producing the initial channel allocation scheme for ICAPCA.

Fig. 5 depicts the minimum SINR at various SNRs. The SNR is defined as the ratio between the
maximum transmission power and the noise power. The cross-correlation factor 3 is used through (5)
due to the matched filtering operation. Here the SNR is for the signal after the matched filter. As can

18
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—6— greedy [20]+PC
—6— random+max power
—&— random+PC

minimum SINR(dB)

SNR(dB)

Figure 5 Minimum SINR v.s. SNR (K =4, N = 20).
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18
16
14
o
=
L1
»
£
g2 10
£
E —O— proposed ICAPCA | |
8 —©— proposed GCAA+PC
—6— greedy [20]+PC
—©— random+max power | |
6 random+PC
4 . . .
3 4 5 6 7

number of orthogonal channels

Figure 7 Minimum SINR v.s. number of channels (N = 20, SNR = 20 dB).

be seen, the proposed algorithms outperforms the random schemes as well as the greedy scheme in [20],
and the performance gap increases with the SNR increasing. This is because for a lower SNR, the noise
power and interference power are of equal importance, while for a higher SNR, the interference power
has a more significant impact on the SINR; thus, designing the allocation scheme can lead to a larger
gain. In addition, it is shown that the performance of GCAA and ICAPCA is close, which indicates the
effectiveness of the designed search order in GCAA.

Fig. 6 shows the minimum SINR with various numbers of UAVs, where the number of channels is set
as K = 3. It is shown that the minimum SINR decreases with the number of UAVs. This is not only
because of the increasing number of UAVs in each UAV set, but also due to the shorter distance among
the UAVs. In addition, the performance gap between the proposed and other schemes increases with the
number of UAVs, which indicates that an efficient channel allocation scheme is needed when dealing with
a large multi-UAV network.

In Fig. 7, the minimum SINR with various numbers of channels is illustrated, where the number of
UAVs is set as NV = 20. As can be seen, the minimum SINR increases with the number of channels, since
there would be less UAVs in each UAV set for a larger number of channels.

In Fig. 8, we show the successful detection probability versus the target distance, where the numbers
of channels and UAVs are set as K = 4 and N = 20, respectively, and the SNR is set as 20 dB. We
assume that a successful detection could be achieved if the SINR is larger than a certain threshold 7'. It
is shown that using the proposed GCAA and ICAPCA, we can successfully detect a target at a much
longer distance compared with the random allocation scheme. Meanwhile, the performance gap between
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Figure 8 Successful detection probability v.s. target distance (K = 4, N = 20, SNR = 20dB).

the proposed schemes and the greedy scheme in [20] is also significant.

6 Conclusion

In this paper, we studied joint resource allocation and power control for radar sensing in a multi-UAV
formation flight system where multiple UAVs simultaneously perform radar sensing. To mitigate the
mutual radar interference among UAVs and maximize the minimum SINR for the UAVs in the network,
we proposed the ICAPCA for nearly optimal channel allocation and power control. We also proposed
the GCAA to provide an initial solution for the ICAPCA, speeding up the convergence and reducing the
complexity. Simulation results showed that both GCAA and ICAPCA achieve excellent performance and
can detect targets effectively at a long distance.

References

1 Li B, Fei Z, Zhang Y . UAV Communications for 5G and Beyond: Recent Advances and Future Trends. IEEE
Internet of Things Journal, 2019, 6(2): 2241-2263.

2 Wang J , Jiang C , Han Z , et al. Taking drones to the next level: cooperative distributed unmanned-aerial-vehicular
networks for small and mini drones. IEEE Vehicular Technology Magzine, 2017, 12(3):73-82.

3 Zeng Y , Lyu J , Zhang R . Cellular-Connected UAV: Potential, Challenges, and Promising Technologies. IEEE
Wireless Communications, 2019, 26(1):120-127.

4 Fotouhi A |, Qiang H , Ding M , et al. Survey on UAV Cellular Communications: Practical Aspects, Standardization
Advancements, Regulation, and Security Challenges. IEEE Communication Surveys & Tutorials, 2019, 21,(4):3417-
3442.

5 Wang J , Xin M . Integrated Optimal Formation Control of Multiple Unmanned Aerial Vehicles. IEEE Transactions
on Control Systems Technology, 2013, 21(5):1731-1744.

6 Wang X , Yadav V , Balakrishnan S N . Cooperative UAV Formation Flying With Obstacle/Collision Avoidance.
IEEE Transactions on Control Systems Technology, 2007, 15(4):p.672-679.

7 Zhang J , Yan J, Zhang P , et al. Collision Avoidance in Fixed-wing UAV Formation Flight Based on a Consensus
Control Algorithm. IEEE Access, 2018, 6:43672-43682.

8 LinY, Wang M, Zhou X, et al. Dynamic Spectrum Interaction of UAV Flight Formation Communication with Priority:
A Deep Reinforcement Learning Approach. ITEEE Transactions on Cognitive Communications and Networking. doi:
10.1109/TCCN.2020.2973376

9 Ryan A , Zennaro M , Howell A | et al. An overview of emerging results in cooperative UAV control, 43rd IEEE
Conference on Decision and Control, Nassau, Bahamas, 2004. 602-607.

10 Young K Kwag, Min S Choi, Chul H Jung. Collision Avoidance Radar for UAV 2006 CIE International Conference on
Radar. Shanghai, 2006, 1-4.

11 Kemkemian S, Nouvel-Fiani M , Cornic P , et al. Radar systems for ”Sense and Avoid” on UAV. International Radar
Conference ”Surveillance for a Safer World”, 2009. 1-6.

12 Nijsure Y A , Kaddoum G , Mallat N K , et al. Cognitive Chaotic UWB-MIMO Detect-Avoid Radar for Autonomous
UAV Navigation. IEEE Transactions on Intelligent Transportation Systems, 2016, 17(11):3121-3131.



13

14

15

16

17

18

19

20

21

22

23

24

25
26

27

28

29

30

31

32

Xinyi WANG, et al. Sci China Inf Sci 15

Wu Z, Li J, Zuo J , et al. Path Planning of UAVs Based on Collision Probability and Kalman Filter. IEEE Access.
2018, 6:34237-34245.

Allond S, Stark W , Ali M | et al. Interference in Automotive Radar Systems: Characteristics, mitigation techniques,
and current and future research. IEEE Signal Processing Magazine, 2019, 36(5):45-59.

Lim J H, Lim D W , Cheong B L , et al. Spectrum Sharing in Weather Radar Networked System: Design and
Experimentation[J]. IEEE Sensors Journal, 2019, 195: 1720-1729.

Martone A, Sherbondy K, Ranney K , et al. Passive sensing for adaptable radar bandwidth. IEEE Radar Conference.
Arlington, VA, 2015. 0280-0285.

Martone A F, Ranney K I, Sherbondy K , et al. Spectrum Allocation for Noncooperative Radar Coexistence. IEEE
Transactions on Aerospace and Electronic Systems. 2018, 54(1): 90-105.

Shi C, Salous S, Wang F , et al. Power allocation for target detection in radar networks based on low probability of
intercept: A cooperative game theoretical strategy Radio Science. 2017, 52(8): 1030-1045.

Chu P, Zhang A , Wang X , et al. Interference Characterization and Power Optimization for Automotive Radar With
Directional Antenna. IEEE Transactions on Vehicular Technology, 2020, PP(99):1-1. doi: 10.1109/TVT.2020.2968929
Huang J , Fei Z , Wang T | et al. V2X-Communication Assisted Interference Minimization for Automotive Radars.
China Communications. 2019 16(10): 100-111.

Zhang S |, Zhang H ; Di B | et al. Cellular UAV-to-X Communications: Design and Optimization for Multi-UAV
Networks[J]. IEEE Transactions on Wireless Communications, 2019, 18(2):1346-1359.

Hu C, Wang Y, Wang R, et al. An improved radar detection and tracking method for small UAV under clutter
environment. Sci China Inf Sci, 2019, 62: 029306.

Hu J W, Wang M, Zhao C H, et al. Formation control and collision avoidance for multi-UAV systems based on Voronoi
partition. Sci China Inf Sci, 2020(1): 65-72.

Li B, Fei Z , Zhang Y , et al. Secure UAV Communication Networks over 5G. IEEE Wireless Communications, 2019,
26(5): 114-120.

Skolnick M. Radar Handbook. Mcgraw-Hill Publ.Comp. 2008.

He H , Stoica P, Li J . Designing Unimodular Sequence Sets With Good CorrelationsIncluding an Application to
MIMO Radar. IEEE Transactions on Signal Processing, 2009, 57(11):4391-4405.

Garey M R , Johnson D S . Computers and Intractability: A Guide to the Theory of NP-Completeness W. H. Freeman
& Co. 1979.

Hasch J , Topak E , Schnabel R | et al. Millimeter-Wave Technology for Automotive Radar Sensors in the 77 GHz
Frequency Band. Microwave Theory and Techniques, IEEE Transactions on, 2012, 60(3):p.845-860.

Li C, Liu P, Zou C , et al. Spectral-Efficient Cellular Communications With Coexistent One- and Two-Hop Trans-
missions. IEEE Transactions on Vehicular Technology, 2016, 65(8):6765-6772.

Li C, Zhang S , Liu P , et al. Overhearing Protocol Design Exploiting Inter-Cell Interference in Cooperative Green-
Networks. IEEE Transactions on Vehicular Technology, 2016, 65(1):441-446.

Chiang M , Tan C W , Palomar D P , et al. Power Control By Geometric Programming. IEEE Transactions on
Wireless Communications, 2007, 6(7):2640-2651.

Fei Z , Li B, Yang S , et al. A Survey of Multi-Objective Optimization in Wireless Sensor Networks: Metrics,
Algorithms, and Open Problems. Communications Surveys & Tutorials, IEEE, 2017, 19(1):550-586.



	Introduction
	System Model
	System Description
	Signal and Interference Model

	Problem Formulation
	Problem Formulation
	Problem Decomposition

	Joint channel allocation and UAV transmission power Control
	Channel allocation Algorithm
	Power Control Algorithm
	Iterative Channel Allocation and Power Control Algorithm

	Simulation Results
	Conclusion

