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Abstract. Utilization of airborne Inverse-Synthetic-Aperture-Radar (ISAR) for detection of
moving targets on the sea surface is studied in this paper. In order to systematically analyze the
characterization of radar imaging in the presence of both motion and observation uncertainty of a
target, this study incorporates the Bayes-PRM multi-query algorithm for fusing ISAR
multi-sensing information. The algorithm isochronously samples the physical quantities, such as
UAV position, altitude, pitch angle, and velocity as a sequence of multivariate groups, and
converts the time-series data of the trajectories into distributional features in graph theory. The
coupled edge weights and Alternating Direction Method of Multipliers (ADMM) are introduced
through the coupling framework combined with the ambient graph. With ADMM, the quadratic
penalty term is used to achieve a simple linear function, and subproblems involving amplitude,
linear velocity, and yaw angle can be embedded in a sequential solution scheme. The quality of
the primal and dual solutions is then improved in an iterative manner to achieve vector analysis of
the UAV. The potential maneuvering region of the target is fitted to a Gaussian-Wiener stochastic
movement model, which in turn yields the detection expectation through point set coverage. By
analyzing the tracking simulation results and diffraction theory, the experimental results are
transformed into a function of the UAV multi-vector, and the angular linearization model of the
multi-vector under the radar image is developed, which solves the optimal elevation angle and the
optimal path for the maximum scanning radius of the airborne radar. The nominal trajectory of
the UAV is effectively obtained, which confirms the improvement of the credibility of ISAR in
target detecting. Through the proposed model, the results of object detection accuracy were
improved.

Keywords: ISAR detection, Bayes-PRM, ADMM, Gaussian-Wiener stochastic movement
model, UAV vector model.

1. Introduction

Featuring advantages such as high mobility and high positioning accuracy, UAV search has
been widely used in various fields including military, surveillance, environmental monitoring and
disaster management [1]. Among the many applications of UAVs, using them for high-precision
and comprehensive surveillance of vast sea areas has attracted much attention in recent years [2].
Inverse synthetic aperture radar (ISAR) on UAVs takes full advantage of the maneuverability and
advanced radar capabilities of UAVs for detecting, tracking, and monitoring maritime targets,
providing a significant improvement over traditional methods in terms of coverage, flexibility,
and efficiency [3]. However, the dynamic nature of the maritime environment, coupled with the
motion of UAVs and targets, poses significant challenges for radar imaging and target
characterization [4]. ISAR is particularly effective when the target is in motion, so one of the main
challenges in UAV ISAR imaging is the uncertainty of target motion and UAV observation
capabilities [5]. To systematically analyze radar imaging under these conditions [6], researches
have integrated the PRM probabilistic roadmap algorithm for path planning [7]. As being more
mature than RRT, PSO and other algorithms, PRM has been more widely used in the field of path
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planning in recent years [8]. In order to further improve the analysis, the proposed CTop-PRM is
implemented on the basis of the PRM algorithm which can effectively improve the efficiency and
complexity of the algorithm, and provides a robust framework for target detection and
characterization of new sparse roadmaps [9]. It is necessary to comprehensively consider the
characteristics of UAV motion and imaging devices [10], introduce coupled edge weights in
conjunction with the environment graph [11], and utilize graph theory to convert the time series
data of UAV trajectories into distributional characteristics [12] Stochastic time series can be
represented through neural networks and autoregressive moving average models, meaning that the
series can be explained by its own past or lagged values as well as random disturbance terms [13].
If the series is stationary, its behavior does not change over time, then we can predict its future
based on its past behavior [14]. Variables such as UAV position, velocity, and pitch angle are
involved, and these sub-problems are embedded into a sequential solution scheme through the
ADMM algorithm [13]. The quality of the original and pairwise solutions is iteratively improved
[15], thus increasing the accuracy of the UAV vector analysis [16]. Previous studies used the
mapping of coupled workspace nodes with copies of the environment graph to ensure that the
orientation of the moving subject at the path nodes is unrestricted [17], but the mapping cost was
not considered [18]. Bayesian estimation of spatial multi-location and Bayesian detection with
feedback have also been proposed in the presence of system uncertainty and external disturbances
[19]. The optimal stopping time is optimized based on the local energy detection results so that
the target can be found again and continue to track the target in case of loss [20]. However, the
flow structure where energy is dissipated is not considered [21], which can lead to perception
delay and false alarms [22]. Based on the above analysis, this paper proposes the Bayes-PRM
multi-query algorithm that fuses ISAR multi-sensing information. The potential maneuver region
of the target is modeled with a Gauss-Wiener stochastic motion model to provide a probabilistic
framework for estimating the target detection region. The model is combined with a point set
coverage technique to derive the expected detection area. The analysis of tracking simulation
results and graph-theoretic diffraction is transformed into a function of UAV multi-vectors,
resulting in more accurate vector analysis and target tracking detection. This approach not only
enhances the detection capability of UAV-based ISAR systems, but also provides a powerful
framework for real-time maritime surveillance.

2. Proposed model
2.1. Initial static prior probabilities

The prior probability of a target appearing at different locations in the search region under
maneuvering conditions is first generated by normalizing the heat map based on a given
characterization of the historical pattern. R;; = (xl-, yj) denotes the coordinate position of (xl-, yj),
1<i<mn,1<j<n.Record the detection space consisting of all points as R = {R;; = (xi,yj)},
H = (hj)nxn, denotes the thermal value matrix, h;; denotes the thermal value of (xi, y]-). Use the
heat value to build a normalized prior probability model. P,(i, j) represents the probability of a
target appearing at position (xl-, yj). The computational model is shown in Eq. (1):

Pi)) = e (1)
t\bH - .
i=1 %=1 hii
We calculate the prior probabilities for the motorized condition based on Eq. (1). The sum of
all probabilities in the result is 1, and the distribution and variation are consistent with the heat
map. The corresponding visualization of the normalized probability matrix is shown in Fig. 1.
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Fig. 1. Probability distribution of target occurrence after normalization
2.2. ISAR detection probability model
The UAV U, takes image every A, seconds, and at t + A,, Uy, has imaged for Nf™2¢ times:

t+At_t0 t_to

NI€+At — i n
t t

+ 1. 2

The probability of UAV detecting a target in imaging is g, (d), and the path chosen through
waypoint ¢; depends on information from previous and subsequent waypoints. £ denotes that the
target lies within the detection range of the waypoints. Consider that the UAV must navigate
through a sequence of N spatial path points given by {¢;}¥ ;, where @ € V,,, QF € ¢;. Ny, is the
set of other UAV imaging information that the UAV is able to receive. The updated probability
of achieving the target’s existence from the Bayesian criterion is calculated in Eq. (3) [6]:

I P (ol 10F)P(0F)
[T P (oM 1af)P@D)]

P((OD)Ie) =5 )

According to the joint search target probability update model, the dynamic update formula of
target existence probability at t,,,4 is described in Eq. (4):

( hy
I X by
. L) = ki 4
Ptnsa (%0 Y1) 11— q; (dtn)] e, (X0, ¥i) “)
ki ki ’
1 - ik=1 qki (dtn) ptn(xi' yl) + Hikzl qki (dtn) ptn(xi' yl)

2.3. Bayes-PRM based waypoint sequence planning

Bayes-PRM samples the ternary sequence of UAV detection routes O, x, y,)» t; represent the
time of the ith waypoint, x; is the x-coordinate and y; is the y-coordinate. Based on the imaging
intervals, the space is equidistant into a node graph, thus approximating a complete representation
of the environment and obtaining a complete connectivity characterization of the configuration
space. This method ensures that the sampling moments of the waypoints {¢;}V ; are identical for
all the routes of the UAV facing the problem, and also ensures the temporal alignment properties
of the problem for computing the dynamic time-varying a priori probabilities. The roadmap is
built locally from a specific initial configuration, and then a feasible path can be obtained through
graph search. The graph coupling framework forces the UAV to traverse the heading angles and
derive the optimal heading angle based on the direction probability magnitude. Then introduce
edge weights wp with a detection target in mind and minimize the penalty function Lz ,,. The set
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of points at these waypoints also constitute the decision variables of the optimization model.
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Fig. 2. Bayes-PRM algorithm deployed on UAVs

We use the algorithm to perform random sampling in the space to obtain a set of nodes or
vertices V = {vy,v,,...,m,]. E = {ej,e,,...,e,} is a set of links or edges connecting pairs of
nodes, i.e., feasible paths from the start node s to the target node ¥r. E = {v;, v;|vs, vy € V},
where the tail node is v; and the head node v;, each node vy can be described with spatial
coordinates x;, and y,, and the environment is represented by the graph G = (V,E) [11].

Coupling two copies of graph together, the turn cost is computed by transforming the graph
Gyp : = (Vop, E5p) into the dual graph Gpg := (Vpg, Epg) by transforming the edges of the
representative G,p graph into nodes. I': E,p = Vpe (T™1:Vpe — E,p) is a bijective transformation
that associates the representative edges in G,p with the corresponding nodes inGp; as shown in
Fig. 3, F(vi,vj) = ﬁpF(vj, vk) = ;. Assume that the UAV starts from v; € V;p, and arrives at
the unique cost node 7, € Vpg. It is reoriented from the initial state along the corresponding edge
in E;p, with a change edge distance of d, initially facing west at node v; at an angle r to edge
(UL', 17])

Upon reaching the final node, the cost of the new edge must include the traversal cost along
the Gp; as well as the cost of reorientation to the final state ;. Its final desired state is located at
node v, € V,, of G,p and faces west at an angle r to edge (vi, vj).

¥ ® (G,,node

\ / — G,, edge
d, G, node
G, node

AB E},edge

v
i

\

Fig. 3. Graph coupling framework

Based on configuration space sampling, when each edge e,, introduces a weight correlation
factor, the edges are weighted by a cost function that takes into account traversal and turning costs.
The coupled edge weight function is expressed as Eq. (5):

wie (2, 75) = fe(dy) + f,(20). (5)

The traversal and reorientation cost of controlling the intelligent body traveling along distance
d, is reoriented at v; by A@ to align with edge (vj, vk). The traversal cost is given by ft(dq).
fq(A0) is the cost of rotation required to rotate A§. Consider that the UAV is located at (xy,y;)
at that moment, its probability value is g;, and the probability of moving to each position is c¢;
(e = 1,2, ...8) respectively. According to the maneuvering law, the movement of the UAV should
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be consistent with the heat map. Therefore, the probability of moving to each position should be
proportional to its corresponding probability value, satisfying Eq. (6):

(s o G

g1 92 gs’

fa(86) = (6)

The correction to the existence probability of the surrounding movement toward the location
is expressed in Eq. (7):

8

8
ft(dq) =1 _gl)zcsl F _912018 Y- @)

e=1

Connections are subsequently established between waypoints to form probabilistic routes,
see Fig. 4.
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Fig. 4. Paths planned by Bayes-PRM
2.4. UAV vector analysis

The rotation matrix of the vector from the airframe coordinate system O,x;V,z;, to the earth
coordinate system O,x,.Y,.Z, is expressed in Eq. (8) [12]:

cosfcos¥ cosWsinfsin® — sinWcos® cosWsinfcos® + sinWsind®
Rf = |cosOcos¥ sinWsinfsin® + cosWcos® sinWsinfcos® — cosWsin® |, ()
—sind sind®cosfd cosdcosb

where, Rf is the rotation matrix from b (airframe coordinate system) to e (earth coordinate
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system); ¢ is the roll angle rotating around the x-axis, 6 is the pitch angle rotating around the
y-axis, P is the yaw angle rotating around the z-axis, respectively. The above triangles are
collectively called Euler’s angles (a set of three independent angular coefficients for determining
the position of the fixed-point rotating rigid body). The dynamics of the UAV is modeled
according to the Newton-Euler equations, and from Newton’s second law, we have:

_p, ©)

Left-multiply the rotation matrix Rg, and convert to the Earth coordinate system:
fb
o= ge el (10)
=9 m’
Set up unit vectors through the Earth’s coordinate system:

} [} B

v =ge; — Rb (12)

AR

0f.
We combine the equations for the combined external force and velocity in the dynamic model:

e =

——Rb (13)

1

Uy = — % (cosWsinfcos® + sinWsin®),

v, = —% (sinWsinfcos® — cosWsin®d), (14)
. f

v, =g — Ecos@cos@.

By expressing the equation for attitude through Euler angles, the rate of change of attitude
angle is related to the angular velocity of rotation of the airframe as follows:

O=W- P (15)
. . . 1T
= [CI) 0 lp] ’ [wxb Wyp C"zb] p q r]T (16)
1 tan@sin(D tanfcos®
0 cosd —sin®
W= 0 sin® cosd | (17)
cosf cos@
Then
& 1 tanfsin® tanfcosd
-1 _ |0 cos® —sin® p 18
Q - 0 sin® cosd r. (18)
v cos6 cos6

In the case of small perturbations, the rate of the attitude angle change is approximately equal
to the rotational angular velocity of the airframe, then:
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dl
e H (19)
lrb T

2.5. ADMM-based solutions

Set ISAR phased array system with N isotropic elements as S, = S, U, + Sy, + S5, ,u,,
S, 1s a three-dimensional vector representing the position of the nth sensor in the Cartesian
coordinate system, and the unit vectors are u,, u,, and u,, the association matrix is:

W = [wy|wyl...|w,],

by connecting steering vectors w, € CV, w, = [ejkgsl, ekisz efkgsN]T, £=1,...,L.

The auxiliary variables a, € R, 5, € R. Due to the nature of the ADMM, this property is
built on real-valued and convex functions. In many ADMM applications, the augmented
Lagrangian function is used for the definition of a single penalty parameter for all constraints. This
algorithm utilizes two different penalty parameters p; and py to minimize the sets of variables w
and {w, 5, v} under constraints respectively. The solution to Eq. (12) is generated by imposing the
kinematic model and vector constraints as individual subproblems of ADMM [16]:

L fb 2
Minimizez es (ge —|R; po ) , (20)
=1
L
Db (=1 -w)’, 1)
=1
Subject to w,W = w,e/Pe. (22)

By equationally constraining the w = v coupling, applying the augmented Lagrangian of
ADMM on Egs. (20), (21) requires defining the penalty parameter:

v
Z = [Zl' ...,ZL]T =—E€ (CL’
PL

o
T= [TII'--JTN]T =—=c (CN.
PN

In the scaled form of ADMM, [17]:

L

{w(k+1),ﬁ(k+1),v(k+1)} = argmin z h, (9 - wb)z

. a€RY BeRL; =1 (23)

n %Z|wLw(k) +20 - w{,ejﬁe|2 + %’V [w 4 70 — v||§
=1
V0D = argmin||w(® 4 709 — v||§ (24)
vechN 5

13 = [w® + <], )

where h, is the weight of the squared error, and v is responsible to control w. By means of the
residual convergence feature of the ADMM, it is observed that the constrained raw residuals
converge to zero WK — V&) - 0 as k — oo.
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3. Target maneuver model and multiple cruise detection
3.1. Target maneuver prediction model

Since the target carries out a wide range of maneuvers in the hotspot area, a suitable potential
maneuver area needs to be constructed according to the maneuver characteristics. The acceleration
is consistent within At, and the Gaussian white noise sequence &, with the same variance ¢. The
target maneuvers to (x,,)y) at time n. 7 is the velocity 7, x,, and ), are the positions in the x
direction and y direction respectively, at time t,,:

m
T=Tuat ) Eabt, (26)
i=1
1 m
Xy, = Xy + mAtT,_; + EZ(Zm — 20+ 1) &AL, 27)
. i_;ll
Y = Yoy + mALT,_; + EZ(Zm 20+ 1) &,AL%, (28)

i=1
3.2. Target transfer probability density function modeling

The potential maneuver region of the target within AT approximates a circular region centered
on (Xp_1,Yn—1). The maximum error allowed for a velocity of T is £7,. The transfer probability
density obeys a Gaussian distribution with (t + 7,)AT and (7 — 7,)AT as the radius of the entire
potential region, respectively, and is averaged over the points on the circle, as shown in Fig. 5.

Fig. 5. Target transfer probability density function

The target obeys a Gaussian distribution with the mean value of E (x,,) and the variance of §2
after AT at position (x,,_1, Yn_1), as can be deduced from Eq. (27) (the same for y):

E(x,) = xp_q + mAtt,_,, (29)
4

At
82 =D(x,) = E(x?) - E%*(x,) = Em(ALm2 —1)¢&. (30)
We assume that the estimated maneuvering speed is T, and the angle between the speed
direction and x-axis is a:
Xn — Xp—1

\/(xn - xn—l)2 + (yn - Yn—1)2

Uy = Xp_q1 + MAtT.cosa = x,_; + mALT,

31
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Yn — Vn-1
\/(xn - xn—l)z + (yn - yn—l)z

Uy, = yp_1 + mAti sina = y,_; + mAtt,

(32)

The transfer probability density function of the target position from (x,_1, Vn—1) to (X, Vi)
after AT is:

(ConIC o Lt 1 Cen)
Xn, Xn—1,Yn— = e 26 e 26
p nw Yn n-1Yn-1 m 27'[6 (33)
1 (xn—ux)2+(yn—uy)2
= 27-[6‘2 e 282

3.3. Waypoint detection expectations

The probability p.+a7(Xm, V) that the coordinate (x,,,, y,,) in the region where the UAV U,
detection range coincides with the target maneuvering range can be detected is [20]:

De+aT (xm' yn) = Pmyn) (t + AT)plt<+AT

N; NEFAT g
(34)
= > P (x5, AT)ps(t) | @i (dygar) 1_[ (1 - ax(dD),
s=1 i=2

where P(xm }’n)(t + AT) is the existence probability that the target is located on coordinate

(X, Y) at moment t + AT; p£+T is the probability of target detection from N AT ISAR images

at moment t + AT. The probability that the target is located at a certain determined position
(x;, ¥;) among the detection range is pl-oj. Then the detection probability is:

REP;
pi=1-] [[1-aap)) G3)
h=1

Based on the coverage situation on the detection area, we take R;, as the coverage radius, and
statistically generate the coverage of the waypoint {@;}";. And the waypoint set RE PL-’}
(1 <i<n,1<j<n)covered by all waypoints is generated. Based on Bayes’ theorem, the hth
imaging distance can be represented as dl-hj (0 <h< REPi’j- — 1). And the UAV detection
expectation is calculated followed:

o - [ REP[ ]
maxﬂ%ul...ﬂ;{ukﬁ = Z Z pl; Pl = Z Z pij X | 1- 1_[ [1- QR(dlhj)] | (36)
i=1 j=1 i=1 j=1 l h=1 J

4. System simulation results and analysis

Fig. 6 shows the dynamic simultaneous navigation of waypoints in sequence considering
coupling edge weights and turning costs.

In this paper, the UAV travel measurement is transformed into a study of the state of a
controlled system, while vectorization can be modeled in Simulink to simulate and analyze the
characteristic uncertainties of the system. The following three points are focused: 1) Dynamics
Model: to establish the dynamics model of the UAV, including the equations of motion of the
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vehicle, attitude dynamics, etc. 2) State Estimation: to design the state estimator to obtain the
system state information, such as the position, attitude, velocity, etc. 3) Simulation and Analysis:
to conduct simulation experiments in Simulink to analyze the response, stability and performance
of the system, and to optimize the control strategy.

of, aP, oP, aP oP, 9P,

= oF, o oF, e

Pa o8P,
a) b) <)
Fig. 6. Coupled weighting for dynamic synchronization of waypoints for navigation

Fa 8P,

In order to verify the vector variation of UAV under state feedback control based on ADMM,
the initial state [¢, 8, ] of the UAV is set to [0, 0, 0], the initial pitch angular velocity is 10 rad/s,
the initial position of the UAV is set to be in equilibrium, and the motion starts to increase its
rotational angular velocity, the dynamic process of the vehicle is shown in Fig. 7(a). Combined
with the flight dynamics vector equation, it can be concluded that the forces and moments
generated by the wing are changed, and the vehicle, under the action of the unbalanced forces and
moments, the linear velocities in the three directions are dispersed, in which the z-direction
velocities are changing rapidly, and the whole becomes an upward state as in Fig. 7(b). When the
pitch angle speed is 20°, the vertical and longitudinal motion speeds of the vehicle change a large
amount, and the lateral motion speed hardly changes; the pitch angle rate and the rise rate of the
yaw angle rate are accelerated, as shown in Fig. 7(c) Therefore, it can be concluded that the pitch
channel has strong coupling with the vertical and longitudinal velocities and weak coupling with
the lateral velocity and yaw. From the perspective of measurement sensitivity and specificity,
choosing the force and moment terms as control quantities, the maneuver coupling is smaller
compared to directly using the rotational angular velocity as the maneuver quantity, thus proving
the rationality of adopting the former as the base control quantity.

vikm/h]:12.1

y(m) r(m)

2) b) 9

Fig. 7. UAV nominal and state trajectories

As shown in Figs. 8-9, the change of angular velocity directly affects the attitude angle of the
UAV. The angular velocity is the time derivative of the attitude angle change, so when the angular
velocity increases, the attitude angle changes faster. When the angular velocity decreases, the
attitude angle changes slower. This change in attitude angle is usually caused by an adjustment in
angular velocity. As the angular velocity changes, the UAV changes its attitude with some angular
acceleration to reach the new angle value.

Accordingly, we introduce the ADMM algorithm, which imposes the kinematic model and
vector constraints as a single subproblem of ADMM for a certain number of iterations. If there is
still no significant convergence trend in the original residuals, p is adjusted to accelerate to a
feasible angular velocity solution [a)xb Wyp a)zb]. In contrast, if a feasible solution is obtained
(with the original residuals equal to 0), p can be reset to its initial value to explore other feasible
solutions. With the help of this parameter updating strategy, the problems of slow convergence of
local optima, early stopping and possible traps can be better mitigated. It is recommended to
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choose initial values of p between 0.1 and 10 to produce good performance.

Fig. 8. Variation of UAV attitude angle

Fig. 9. Variation of UAV angular velocity

In order to test our algorithm on different configurations and scales, our algorithm is executed
to solve for different scales of attitude angles ¢, 8, . Comparing the method using standard LR
and the ADMM-based algorithm to solve this situation, the computation time for each iteration is
about 20 seconds. Observe the model position loop tracking by setting different penalty functions.
The initial penalty parameter is set to 1 iteration process is shown in Fig. 10. When the penalty
function is set too small, it will show harmonic-like fluctuation characteristics, and with the
dynamic adjustment of p; and py, so that the system residuals converge to 0, the position loop
tracking tends to be stable and bounded. It was finally determined that stable high quality values
were obtained in the iterations when p; is 0.25 and py is 2.

The simulation certifies that the UAV has a small steady state error with good control accuracy,
and the system response curve rise time is less than expected, the state variables converge quickly,
and are tracked well once in a steady state. The waypoint dataset used in this study is provided
from the laboratory, which is designed for the problem of detecting moving targets on the sea
surface. The waypoint sequence detection algorithm for a real dynamic scene is set to have a UAV
maneuvering radius of 10 km. The UAV on-board ISAR images the target area once every
20 seconds, covering a radius of 60 km.

In order to express the specific role of measurements, we set Sub-1: sea surface with multiple
vessels sailing in close proximity; Sub-2: simultaneous presence of both large-range maneuvering
and small-range maneuvering vessels; and Sub-3 marina with multiple types of vessels at berth.
Compared to the detection results of 2D-Grating, CTRV (Constant Turn Rate and Velocity),
Bayes-PRM algorithms in the sample library testing training algorithm as shown in Table 1, this
study verifies the effectiveness of the proposed method through sampling imaging.
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Fig. 10. Model position loop tracking rendering

Table 1. Waypoint sequence detection rate by 2D-Grating, CTRV, Bayes-PRM algorithms
Method | 2D-Grating | CTRV | Bayes-PRM
Sub-1 81 % 85.43 % 99.28 %
Sub-2 78.7 % 54.6 % 81.2%
Sub-3 77.52 % 83.52 % 86.48 %

The accuracy of the improved Bayes-PRM algorithm is significantly higher than the other
models, and further training on ISAR imaging detection under sea navigation conditions is
conducted to verify the effectiveness of the algorithm.

Fig. 11 shows the effectiveness of the improved algorithm verified by sampled imaging after
experimental operation with ISAR on board. A dynamic scene of adjacent sailing of multiple ships
was established from the dataset, with the detection probability of the independent sailing vessel
at the top being 85 %, the detection probability of the large vessel in the middle being 90 %, and
the detection probability of the partially obstructed vessel at the bottom being 86 %. The detection
results proved the effectiveness of the algorithm.

Fig. 11. a) Ship navigation, b) detection interface

5. Conclusions

This paper proposes an improved Bayes-PRM algorithm for detection routes based on the
initial probabilistic prior model. The model takes into account the maneuvering characteristics and
environmental factors of the target, and provides an important basis for subsequent path planning
and target detection. The detection route is obtained by combining the environment map and the
coupled edge weights, and the detection path of UAV is optimized to improve the accuracy and
efficiency of target detection. The paper analyzes the UAV motion model, embeds the angular
velocity, attitude angle and other vectors as feasible solutions into the ADMM convergence
conditions, and finally quantitatively analyze the results for further control feedback. Thus, the
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performance and response speed of the system are improved, and the stable flight and efficient
detection of the UAV in the complex sea environment are ensured. Due to the target maneuvering
uncertainty, this paper then deduces the potential range of motion obeying the GOS-wiener
process. The expected detection area is obtained by point set covering technology, which enhances
the ability of target tracking and detection. The ISAR detection identification based on the
improved algorithm is tested. Through the proposed model, the results of object detection accuracy
were improved. And the numerical simulation results show that the recognition values are
consistent with the set values regardless of noise, and the detection and quantization results are
significantly improved. It can be seen that the proposed model can lead to high-precision
parameter identification results in dynamic scenario of multiple vessels.

When solving the UAV mission planning problem for dynamic target search on the sea surface,
the result of the dynamic update of probability brings more uncertainty to the solution. The amount
of data to be processed during the operation of this model increases proportionally with the
increase of simulation time, and the operation is still large overall and still very time-consuming,
and the complexity of the algorithm should be further reduced subsequently to improve the
computational efficiency. When constructing the motion prediction model and dynamic
maneuvering model, we should consider from the perspective of generality and universality, and
try to establish an adaptable mathematical planning model to enhance the adaptability of the
model.
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