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Abstract: The  source  location  based  on  the  hybrid  time  diffe-

rence of arrival (TDOA)/frequency difference of arrival (FDOA) is a

basic  problem  in  wireless  sensor  networks,  and  the  layout  of

sensors in the hybrid TDOA/FDOA positioning will  greatly affect

the  accuracy  of  positioning.  Using  unmanned  aerial  vehicle

(UAV)  as  base stations,  by  optimizing the  trajectory  of  the  UAV

swarm,  an  optimal  positioning  configuration  is  formed  to

improve the accuracy of the target position and velocity estima-

tion.  In  this  paper,  a  hybrid  TDOA/FDOA  positioning  model  is

first  established,  and  the  positioning  accuracy  of  the  hybrid

TDOA/FDOA  under  different  positioning  configurations  and  dif-

ferent  measurement  errors  is  simulated  by  the  geometric  dilu-

tion of  precision (GDOP) factor.  Second,  the Cramer-Rao lower

bound (CRLB)  matrix  of  hybrid  TDOA/FDOA location  under  dif-

ferent  moving  states  of  the  target  is  derived  theoretically,  the

objective function of the track optimization is obtained, and the

track of the UAV swarm is optimized in real time. The simulation

results show that the track optimization effectively improves the

accuracy of the target position and velocity estimation.
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 1. Introduction
The  U.S.  Department  of  Defense  pointed  out  in  the
“Unmanned Aerial Vehicle (UAV) System Roadmap 2005−
2030 ”  that  by  2025,  UAV  swarm  will  have  battlefield
cognitive ability and can fully self-organizing operations
[1].  UAV has been widely used in national defense con-

struction  and  civil  field.  With  the  in-depth  research  of
UAV  technology,  UAV  autonomous  swarm  system  can
complete  various  complex  and changeable  tasks  through
close cooperation, and has excellent coordination, intelli-
gence  and  autonomy,  which  has  become  an  important
direction of UAV research. UAV swarm operation refers
to  the  process  in  which  a  group  of  UAVs  with  partial
autonomous  capability  complete  combat  tasks  under  the
monitoring of combat command system through relevant
auxiliary operations [2,3].

Since  the  Middle  East  War  and  the  Gulf  War,  the
development  of  UAV  swarm  has  received  much  atten-
tion from countries all over the world, and has had a revo-
lutionary  impact  on  the  field  of  intelligence  surveillance
and reconnaissance.  In the 21st  century,  the miniaturiza-
tion,  intelligence  and  information  fusion  of  avionics
equipment,  as  well  as  the  improvement  of  loading capa-
city,  make it  possible  for  UAV to load passive position-
ing equipment. The UAV intercepts the signal of the tar-
get  radiation  source  and  performs  passive  positioning.
The  mode  of  positioning  and  then  implementing  the
strike is realistic and feasible [4]. Compared with the use
of  space-borne  platforms  for  positioning,  the  advantages
of  using UAV swarm for  passive positioning are  mainly
[5,6]:

(i) High positioning accuracy. Since the flying altitude
of  the  UAV  is  much  lower  than  that  of  the  reconnais-
sance satellite, the ground target signal received by recon-
naissance is stronger, and the accuracy of parameter mea-
surement  is  higher,  thereby  improving  the  positioning
accuracy.

(ii)  Flexible  station  layout.  Reconnaissance  satellites
can  only  fly  in  accordance  with  a  predetermined  orbit,
while UAV swarm can select flight areas or optimize tra-
jectories  according  to  the  intention  of  the  ground  mea-
surement  and  control  station,  so  as  to  realize  real-time
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reconnaissance  and  positioning  of  key  areas  or  key  tar-
gets.

(iii) Low cost and low combat loss. The cost of manu-
facturing and launching UAV swarm is much lower than
that  of  reconnaissance  satellites,  which  has  economic
advantages;  and  the  swarm  is  unmanned,  so  there  is  no
need to consider casualties in operations.

The  current  passive  positioning  system  is  mainly
divided into angle of arrival (AOA) [7,8], received signal
strength  (RSS)[9,10],  time  difference  of  arrival  (TDOA)
[10,11],  frequency  difference  of  arrival  (FDOA)  [12,13]
and the combination of the above positioning systems. In
the  actual  battlefield  environment,  different  positioning
systems  have  different  error  statistics  characteristics  and
corresponding  performance.  There  is  no  single  position-
ing  system  that  can  show  the  best  performance  in  all
channels  and  network  environments  on  the  battlefield.
Compared with the single positioning system, the hybrid
positioning  system  has  the  advantages  of  high  target
observation  reliability,  fewer  sensors  required  under  the
same  positioning  accuracy,  high  system  reliability  and
strong  system  survivability  [14].  In  the  hybrid  position-
ing  system,  the  hybrid  TDOA/FDOA  positioning  com-
bines the advantages of a single TDOA positioning and a
single  FDOA  positioning,  and  has  been  widely  used.
According to the motion state of the sensor and the target,
the hybrid TDOA/FDOA positioning can be divided into
three types: the positioning and velocity estimation of the
moving target by the stationary sensor, the positioning of
the  stationary  target  by  the  motion  sensor,  and  the  posi-
tioning  and  velocity  estimation  of  the  moving  target  by
the  motion  sensor  [15].  For  the  application  of  UAV
swarm  to  target  positioning,  usually  only  the  latter  two
cases are considered.

The  main  factors  that  affect  the  accuracy  of  hybrid
TDOA/FDOA positioning and velocity estimation are the
baseline  length  of  the  deployment  station,  measurement
error  and  site  error  [16],  among  which  the  deployment
method of the sensor will greatly affect the final position-
ing accuracy. Therefore, according to the motion state of
the  target,  real-time  planning  of  the  UAV’s track  to
achieve a reasonable deployment of stations is extremely
important  for  improving  the  accuracy  of  target  position-
ing and velocity estimation. Quo et al. [17] used the sig-
nal  strength  of  the  target  radiation  source  to  control  the
movement of the UAV, and Liu et al. [18] controlled the
velocity  and  direction  of  the  UAV  with  the  position  of
precision  factor  as  the  criterion.  Kim  et  al.  [19]  studied
the  impact  of  sensor  linear  motion  on  positioning  accu-

racy,  and  analyzed  the  geometric  dilution  of  precision
(GDOP) in a fixed configuration with TDOA/FDOA sen-
sors mounted on UAV swarm flying in different velocity
directions.  Takabayashi  et  al.  [20]  preliminarily  studied
the  trajectory  planning  method  when  only  one  base  sta-
tion is moving in the TDOA positioning process. In [21],
James et al. used the minimum Cramer-Rao lower bound
(CRLB)  as  a  performance  index  to  study  the  optimal
track of the observer to minimize the current target posi-
tion error, target velocity error, and predicted target posi-
tion error.

Frew  et  al.  [22]  adopted  the  optimization  principle  of
minimum positioning covariance, and gave a “Z”-shaped
maneuver  mode.  Semper  et  al.  [23]  proposed  that  the
optimization function based on the minimum trace of the
filter  covariance  matrix  is  relatively  simple  and  the
amount  of  calculation  is  relatively  small.  Cao  [24]  opti-
mized the  attack  track  of  anti-radiation  UAV in  a  single
step  in.  Moreno-salinas  et  al.  [25]  took  maximizing  the
lower bound of the Fisher information array as the perfor-
mance  index,  and  solved  the  optimal  track  of  fixed  tar-
gets  and  uniformly  moving  targets  in  the  case  of  two-
dimensional (2-D) angle measurement only.

In  practical  applications,  the  UAV  swarm  is  affected
by  its  own  motion  constraints  and  cannot  achieve  the
optimal  configuration  for  target  positioning  in  a  short
time  [26].  Therefore,  how  to  optimize  the  track  of  the
UAV swarm and constantly change the relative configu-
ration  with  the  target  is  crucial  [27].  In  this  paper,  the
minimum trace value of the CRLB matrix is  used as the
optimization  function,  and  the  track  optimization  of  the
UAV  swarm  platform  equipped  with  the  TDOA/FDOA
sensor  is  analyzed  emphatically.  Based  on  A-optimality
criterion,  the  real-time  single  step  optimization  of  UAV
swarm track is carried out [28,29].

 2. Hybrid TDOA/FDOA positional model

u = [x,y]T u̇ = [ẋ, ẏ]T

si =
[
xi,yi

]T

u̇ = [ẋ, ẏ]T i = 1,2, · · · ,M T

As shown in Fig.  1,  in  a  2-D scenario,  the  UAV swarm
hybrid  TDOA/FDOA  positioning  is  to  obtain  the  posi-
tion  and  velocity  of  the  target  radiation  by  receiving
TDOA information and FDOA information between two
independent  receivers.  Assume  that  the  position  and
velocity of the target radiation source to be estimated are

 and  ,  respectively,  and  the  position
and  velocity  of  each  UAV  base  station  are 
and  ( ),  where  represents  the
transposition  of  the  matrix.  At  least  three  receiving base
stations  are  required  in  a  2-D  scenario  to  determine  the
position  and  velocity  of  the  target  radiation  source  [15].
This  paper  studies  the  hybrid  TDOA/FDOA  positioning
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M = 4of  receiving base stations, which can utilize redun-
dant information to improve the accuracy of positioning.
 
 

UAV1

UAV3

UAV2

Motion source
UAV4

Fig. 1    Location diagram
 

u
si

Without loss of generality, suppose the first UAV base
station is  used as the reference base station,  and the dis-
tance between the radiation source  and the base station

 is

di = ∥si−u∥2 , i = 1,2, · · · ,M (1)

∥·∥2where  means  finding  the  norm  of  2.  Then  the  dis-
tance  difference  between  the  target  source  reaching
the  reference  base  station  and  reaching  other  base  sta-
tions is

di1 = cτi1 = di−d1 (2)

c τi1where  represents  the  velocity  of  light,  and  repre-
sents  the  time  difference  between  the  radiation  source
reaching  the  reference  base  station  and  other  base  sta-
tions,  that  is,  TDOA.  Substituting  (1)  into  (2),  the  shift
term can be obtained as

d2
i1+2di1d1 = d2

i −d2
1 =

(si−u)T (si−u)− (s1−u)T (s1−u) =

sT
i si− sT

1 s1−2(si− s1)Tu, i = 2, · · · ,M. (3)

It can be seen from (3) that this equation is a nonlinear
equation about the position of the radiation source, which
does not contain the velocity information of the radiation
source. Therefore, the TDOA positioning can only obtain
the position of the radiation source. After introducing the
Doppler rate of change, the instantaneous velocity of the
radiation source can be solved, and the positioning accu-
racy can also be improved. In order to make effective use
of FDOAs, calculate the derivative of time to get the dis-
tance change rate from (1).

ḋ i =
(u̇− ṡi)T (u− si)

di
(4)

i
Then  the  change  rate  of  the  distance  difference

between  the  radiant  source  reaching  the th  base  station
and the reference base station is

ḋi1 = ḋi− ḋ1. (5)

Therefore, the time differential of (3) is

2
(
ḋi1di1+di1d1+di1ḋ1

)
=

2
(
ṡT

i ṡT
i − ṡT

1 ṡ1− (ṡi− ṡ1)T u− (ṡi− ṡ1)T u̇
)

(6)

i = 2,3, · · · ,Mwhere .  Equation  (5)  is  a  nonlinear  equa-
tion  group  composed  of  TDOA  and  FDOA,  which  con-
tains  the  position  and  velocity  information  of  the  radia-
tion source.

d = [d21,d31, · · · ,dM1]T

ḋ =
[
ḋ21,

ḋ31, · · · , ḋM1

]T

d0 =
[
d0

21,d
0
31, · · · ,d0

M1

]T

ḋ0 =
[
ḋ0

21, ḋ
0
31, · · · , ḋ0

M1

]T

Note  that  is  the  distance  diffe-
rence  including  the  measurement  noise, 

 is  the  change  rate  of  the  distance  diffe-
rence including the measurement noise. Correspondingly,

 is  the  true  value  of  the  distance
difference, and  is the true value of
the  distance  difference.  Therefore,  the  TDOA/FDOA
positioning equation is obtained as

d = cτ = d0+ n, (7)

Fd =
f0

c

(
ḋ0+ ṅ

)
, (8)

Nτ = [n21,n31, · · · ,nM1]T Ṅ f = [ṅ21, ṅ31, · · · ,
ṅM1]T

τ = [τ21, τ31, · · · , τM1]T Fd =
[
fd21, fd31, · · · ,

fdM1
]T f0

where  and  
 are the corresponding measurement noises respec-

tively;  is TDOA, 
 is  FDOA;  is  the  frequency  of  the  radiation

source,  the two sets of noise variables are independently
distributed and the mean value is zero.

 3. Positioning accuracy analysis
The positioning accuracy is usually measured by GDOP.
The  smaller  the  GDOP value,  the  higher  the  positioning
accuracy. According to the definition of GDOP, we have

GDOP2 = tr
{
E
(
∆r∆rT

)}
(9)

∆rwhere,  is the positioning error term [30].
Typical  station  layout  methods  are  square,  Y-shaped,

T-shaped, and diamond. Factors such as the length of the
baseline,  measurement errors,  and station site errors also
affect the positioning accuracy. To improve the position-
ing accuracy of the target, it is the key to choose the opti-
mal  station  layout  plan.  The  following  is  an  analysis  of
the four typical GDOP deployment methods.
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After  simulation,  the  positioning  error  distribution
diagrams  as  shown  in Fig.  2−Fig.  4 are  obtained.  The
analysis  shows  that  the  greater  the  measurement  error,
the  greater  the  positioning  error;  when  the  square  cloth
is  stationed,  and  the  target  is  in  the  diagonal  direction
of  the X -axis  and Y -axis,  the  accuracy  is  better  than
other  directions;  when  the  station  is  Y-shaped,  the

positioning  error  is  more  evenly  distributed;  when  the
station  is  T-shaped,  the  positioning  error  in  the  positive
direction  of  the Y -axis  is  larger,  and  the  positioning
accuracy  in  the X -axis  direction  is  higher;  when  the
diamond  is  stationed,  the  positioning  accuracy  in  the
X-axis  and Y -axis  directions  is  higher  than  other  direc-
tions.
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Fig. 2    5 ns/5 Hz positioning error
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Fig. 3    10 ns/5 Hz positioning error
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Fig. 4    5 ns/10 Hz positioning error

 
 4. Track optimization

 4.1    A-optimality criteria

From  (7)  and  (8),  the  observation  vector  composed  of
TDOA and FDOA [31] can be obtained as

Yτ = [τ21, τ31, · · · , τM1]T, (10)

Y f = [ f21, f31, · · · , fM1]T, (11)

Y = [Yτ Y f ]T = h(u). (12)

The  actual  measured  TDOA  and  FDOA  have  errors
compared  with  the  true  value,  which  can  be  expressed
as
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Ẏ = [Ẏτ Ẏ f ]T =

[τ̇21, τ̇31, · · · , τ̇M1, ḟ21, ḟ31, · · · , ḟM1]T = h(u)+N (13)

N =
[
Nτ N f

]T Nτ N fwhere ,  assuming  that  and   obey
independent  Gaussian  distribution,  the  covariance  matri-
ces are as follows:

Q =
Qτ 0
0 Q f

 ,
Qτ = 0.5δ2

t

[
I+1T

]
,

Q f = 0.5δ2
f

[
I+1T

]
,

δ2
τ δ2

fwhere  and  are  the variances  of  TDOA and FDOA
measurement error, respectively.

u
Ẏτ

p
(
Ẏτ;u

)The  parameter  to  be  estimated  is ,  the  observation
vector  is ,  then  its  probability  density  function  is

,  and  the  Fisher  information  matrix  based  on
TDOA [32] is

Jτ = E


 ∂ ln p

(
Ẏτ;u

)
∂u


2 = −E

 ∂
2 ln p

(
Ẏτ;u

)
∂∥u∥

 =

(
∂d
∂uT

)T
Q−1

r

(
∂d
∂uT

)
(14)

Qrwhere  is  the  covariance  matrix  of  TDOA  measure-
ment error

∂d
∂uT

=
[
µu,s2 −µu,s1 ,µu,s3 −µu,s1 , · · · ,µu,sM

−µu,s1

]T
. (15)

(i) Stationary target
The Fisher information matrix based on FDOA is

J f =
(
∂ḋ
∂uT

)T
Q−1

f

(
∂ḋ
∂uT

)
(16)

Q fwhere  is  the  distance  change rate  measurement  error
covariance matrix

∂ḋ
∂uT

=



µu,s2 ḋ2/d2−µu,s1 ḋ1/d1−γṡ2 +γṡ1

µu,s3 ḋ3/d3−µu,s1 ḋ1/d1−γṡ3 +γṡ1

...

µu,sM
ḋM/dM −µu,s1 ḋ1/d1−γṡM

+γṡ1



T

(17)

γṡ2 = −si/di i = 1,2, · · · ,Mwhere  ( ).
The  Fisher  information  matrix  based  on  hybrid

TDOA/FDOA is

J =
(
∂q
∂uT

)T
Q−1

(
∂q
∂uT

)
(18)

q =
[
dT,ḋT

] ∂q
∂uT

=
[
∂r
∂uT
,
∂ṙ
∂uT

]T

Q = Diag
[
Qr,

Q f
]where ， ，

.
(ii) Moving target

θ=
[
uT u̇T]T

When the target is in motion, the position and velocity
of the target need to be estimated at the same time. At this
time,  the  parameter  to  be  estimated  is ,  and
the  Fisher  information  matrix  based  on  the  target  posi-
tion and velocity of FDOA [33] is

J f =
(
∂ḋ
∂θT

)T
Q−1

f

(
∂ḋ
∂θT

)
(19)

where

∂ḋ
∂θT

=
[
∂ḋ
∂uT
,
∂ḋ
∂u̇T

]
,

∂ḋ
∂uT

=


µu,s2 ḋ2/d2−µu,s1 ḋ1/d1−γu̇,ṡ2 +γu̇,ṡ1

µu,s3 ḋ3/d3−µu,s1 ḋ1/d1−γu̇,ṡ3 +γu̇,ṡ1

...

µu,sM
ḋM/dM −µu,s1 ḋ1/d1−γu̇,ṡM

+γu̇,ṡ1



T

, (20)

∂ḋ
∂u̇T

= ∂
d
∂uT
, (21)

γu̇,ṡi
= (u̇− ṡi)/ ri i = 1,2, · · · ,Mwhere  ( ).

The  Fisher  information  matrix  of  the  target  position
and velocity based on the hybrid TDOA/FDOA is

J =
(
∂q
∂θT

)T
Q−1

(
∂q
∂θT

)
(22)

∂q
∂θT

=

 ∂r
/
∂uT ∂r

/
∂u̇T

∂ṙ
/
∂uT ∂ṙ

/
∂u̇T

 ∂r
/
∂u̇T

(M−1)×2

where ，  is an all-

zero matrix of .

argmin tr(J−1)
The  objective  function  of  the  A-optimality  is

.  Whether  it  is  for  a  stationary  target  or  a
moving target, the core of its optimization is to solve the
minimum  trace  value  of  the  CRLB  matrix  at  the  next
moment.

 4.2    Track optimization based on A-optimization
criterion

θmax

2θmax

The optimal  trajectory  of  the  UAV is  to  make  the  UAV
move  towards  the  maximum  value  of  the  Fisher  matrix
determinant  at  the  next  moment.  However,  in  practical
applications,  considering  the  maximum  turning  angle

 and  movement  velocity  of  the  UAV,  the  optimal
configuration  conditions  for  target  positioning  cannot
be  achieved  in  a  short  time.  Therefore,  at  each  track
node,  a  fan-shaped  area  with  an  angle  range  of  is
given, and the fan-shaped area is equally divided into 20
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angles,  and  all  20  angles  of  the  fan-shaped  area  are  tra-
versed to filter out the minimum trace value of the CRLB
matrix.  The  corresponding  angle  is  the  flying  velocity
direction  of  the  UAV  at  the  next  moment. Fig.  5 is  the
schematic  diagram  of  flight  path  planning  for  UAV
swarm.

Sk = [s1 (k) ,
s2 (k) , · · · , sM (k)]T k

τk

fk

Step  1　 Given  the  position  coordinates 
 of  each  drone  at  time ,  the  TDOA

positioning  measurement  value ,  the  FDOA  position-
ing measurement value ;

QkStep  2　 Solve  the  error  covariance  matrix  of
hybrid positioning;
Step  3　 Use  the  constrained  weighted  least  squares

(CWLS)  algorithm  to  solve  the  real-time  position  and
velocity of the target radiation source;
Step  4　 Calculate  the  CRLB  matrix  and  solve  the

objective function;

Step  5　Get  the  optimal  angle  of  UAV  flight  at  the
next moment.
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Fig. 5    Schematic diagram of flight path planning for UAV swarm
 

In  summary,  the  data  processing  flow  of  UAV  track
planning based on A-optimality is shown in Fig. 6.

 
 

UAV coordinates Sk

Measurements τk, fk

Covariance matrix Qk
CWLS algorithm estimates 

target position and speed

Solve the objective function

arg min tr (J−1)

Flight angle at 

the next moment 

The UAV reaches 

the next track 

node Sk+1

A-optimization

Fig. 6    Positioning and track planning process

 
 5. Simulation

s1 (1) = [0,−8 000,0,−5 000]T

s2 (1) = [0,−7 500,0,−5 000]T, s3 (1) = [0, −7 500
−6 000]T s4 (1) = [0,−7 000,0,−6 000]T

y
vu = 50 m/s

θmax = 10 T = 1 s
SNR = 30 dB

[0,0,0,0]T

Suppose that four UAVs are used to locate the target. The
initial state of the UAV is ,

, 0 ,
, ,  and  all  fly

along  the  axis  at  the  initial  moments,  with  a  fixed
flight  velocity ,  maximum  turning  angle

, and sampling time interval , the signal-
to-noise  ratio .  The  real  position  of  the
stationary target is , and 100 Monte-Carlo simu-
lations  have  been  done,  the  following  results  are
obtained.

 5.1    Stationary target

Fig.  7(a)  is  the  estimated  distribution  of  the  UAV
swarm’s optimized  trajectory  and  target  position  to  the
stationary target. The approximate direction of motion of

UAV2 and UAV3 is  to  fly  toward the  target,  shortening
the  distance  to  the  target,  and  UAV1  and  UAV4  fly
to  both  sides  to  form  a  better  positioning  configuration
for estimating the target position, and the result of the tar-
get position estimation is gathered around the actual posi-
tion. Fig.7(b) is the estimated distribution of the track and
target  position of the UAV swarm flying in a fixed con-
figuration.  When the  UAV swarm flying in  a  fixed con-
figuration,  the  distribution  of  the  target  position  estima-
tion  results  is  relatively  scattered. Fig.  7(c)  shows  the
comparison of positioning error between optimized track
and straight track, it is obvious that the error of the opti-
mized  track  is  lower  than  the  error  of  the  straight  track,
and the error of the optimized track starts to converge at
about  16  s.  A  good  positioning  configuration  is  not
formed,  and  the  positioning  error  is  slightly  higher.  On
the straight track,  the error generally shows a downward
trend.  This  is  because  the  distance  between  the  UAV
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swarm  and  the  target  is  shortened,  which  improves
the accuracy of positioning, but the positioning accuracy
is  not  stable.  This  is  because  the  relative  configuration
of positioning is very unfavorable for positioning the tar-
get.
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Fig. 7    Position estimation result of stationary target

 5.2    Moving target

[
0,30

√
2,0,30

√
2
]T

vt = 30
√

2 m/s

The  motion  state  of  the  target  is  divided  into  a  uniform
straight  line  and  a  uniform  turning  motion.  The  initial
position  is ,  the  uniform  flight  velo-
city  of  the  target  is ,  and  the  state  transi-
tion matrix of the uniform turning is

Fk =


1

sin(ωT )
w

0 −1− cos(ωT )
ω

0 cos(ωT ) 0 −sin(ωT )

0
1− cos(ωT )

ω
1

sin(ωT )
w

0 sin(ωT ) 0 cos(ωT )


ω = 0.1where .

 5.2.1    Uniform linear motion

When the target is moving in a straight line at a constant
velocity, the position of the target is constantly changing.
At this time, the track optimization situation changes. The
general trend of the UAV movement is to fly in all direc-
tions. From the distribution of the target position estima-
tion results, the distribution of the positioning results after
the optimization of track is more focused than that of the
straight  track. Fig.  8(c)  also clearly reflects  the position-
ing  errors  under  the  two  tracks.  The  straight  track  has  a
higher  positioning  error  for  a  uniform linear  motion  tar-
get.  The  positioning  error  of  a  stationary  target  is  deter-
mined  by  the  relative  distance  between the  UAV swarm
and  the  target.  The  shorter  the  distance,  the  higher  the
positioning  accuracy. Fig.  8(d)  is  a  comparison  diagram
of velocity estimation errors. It can be seen that the error
of  the  optimized  track  is  lower  than  that  of  the  straight
track.
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Fig.  8      Estimation  results  of  the  position  and  velocity  of  a  uni-
formly moving target
 

 5.2.2    Uniform turning motion

From Fig. 9, it can be found that when the target makes a
uniform turning  motion,  it  is  more  complicated  than  the
first  two  motion  modes.  When  optimizing  the  track,  the
overall  trend  of  the  UAV movement  is  also  to  fly  in  all
directions,  but  it  is  also  different  from Fig.  7(a).  At  this

time, the convergence velocity of the positioning error of
the  optimized  track  is  lower  than  that  of  the  first  two
motion modes,  and it  only converges in about  32 s.  In a
fixed configuration flight, the positioning accuracy of the
target is not stable enough, and the fluctuations are large.
Similarly,  the  velocity  estimation  error  of  the  optimized
track is also lower than that of the straight track.
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Fig. 9    Estimation results of position and velocity of moving target
in uniform turning
 

 6. Conclusions
In  this  paper,  we  establish  a  hybrid  TDOA/FDOA posi-
tioning model, simulate and analyze the positioning accu-
racy of the model,  theoretically derived the A-optimality
criterion,  and  obtain  the  objective  function  of  the  UAV
swarm hybrid  TDOA/FDOA positioning  track  optimiza-
tion. For stationary targets and moving targets, the simu-
lation  compares  the  position  and  velocity  estimation
errors of the optimized track and the straight track. Simu-
lation analysis shows that for a stationary target, although
the straight track can improve the positioning accuracy by
shortening  the  relative  distance  to  the  target,  it  does  not
have convergence. The positioning error of the optimized
track  is  adjusted  after  a  period  of  configuration  adjust-
ment,  it  can  converge  to  a  lower  level.  For  moving  tar-
gets,  the  advantages  of  optimizing  the  track  over  the
straight  track  are  more  obvious.  Whether  it  is  position
estimation  or  speed  estimation,  linear  tracks  cannot
achieve  low  error  estimation,  and  optimized  track
improves the positioning accuracy of target positions and
speeds  by  adjusting  the  positioning  configuration  in  real
time.

This  paper  considers  the  hybrid  TDOA/FDOA  posi-
tioning  of  the  UAV  swarm  in  a  two-dimensional  scene,
and optimizes its track in real time. The next step will be
extended  to  the  three-dimensional  scene  and  explore  the
real-time multi-step optimization of the track.
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