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Abstract. In this paper some Unmanned Aerial Vehicles are equipped with a fixed camera to conduct
surveillance operations, the route planning method are presented using neural network method. The
simulation results are presented to demonstrate the performance and computational efficiency of the
method. As neutral network approximation does not require analytic derivatives, speed could be
further enhanced, it could be quite useful for real —time optimization control.

General Path Planning Optimization
%= f(x,u) (1)
c(X,u)£0 (2)

Figl. sample trajectory

Where x and u are the state and control input vectors respectively. One seeks the control input u(t)
that minimizes a scalar objective function J of the form

éf g(x,u)dt 3)

The state at the end of the segment is found by integrating the equations of motion over the
segment as shown in Eq.( 4)

Jo+t

x(t, +1)= Q f(x(t),u(t))dt (4)

Neural-network Method For mulation
The neural network approximation results in
X, =Y, (% UpsUy) )
X, = Y (% Uy Uy) = Y [Yy Oy Uys Uy, U, s ©6)
The states at each node are recursively computed from xo and u[0,1...n-1]:
Xy = Ya(Xi5u;,up,,)
for i1 [0,l,.....n- 2] @
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Similarly, to approach the objective function, the neural network is trained to approximate the
value of the objective along a segment. Again the value of the objective function along such a segment
depends only on the initial state and the control history.

Jont
J, = Q' g(xupd ®)

Thus the objective function value depends only on the initial state at the first node and the controls

at each node:

n- n-2
J=3 Ji =é. Y (%, U;5 Uiy ) 9)
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Derivative Calculation of Neutral Network

The equation for network output z is

2= Yo W Ya[Woy (WK +1) +1, ]+, } (10)

Using the chain rule,the gradient of the entire network with respect to the inputs is easily
computed.For a three-layer network, the gradient is

Nz =D W,D,W,DW, (11)
Where Djin,o] denote diagonal matrices
Ji :YJ(Xi’ui’uii]) (12)
for il [0,L....n- 2]

Where the functions Yd(.) and YJ(.) are now approximated by neural networks. Equation (10) can
be applied to calculate the gradient.

UAV Path Planning optimization

Equations of Motion

The state equations used in this path planning problem involve simple two-dimentional kinematics,
as shown in Eq.(12). The states include north and east positions of the target(rxtgt and rytgt) and
UAV(rx and ry ), the true airspeed V, and the aircraft heading Y .The controls are longitudinal
acceleration command ua and bank angle command U :

& =Vcos(Y)-V & =Vsin(Y)- V

wind N wind E
‘&’:ua ¥ =gtan(ug )/ V, (13)
&xtgt = VtgtN &ytgt = VtgtE

Constraints on the problem include stall airspeed and maximum airspeed ,bank angle limits ,and
longitudinal acceleration limits:

Vmin<V<Vmax f 'n<uf<fmax

mi

A i <ua <amax

min

Multiple Unmanned Aerial Vehicles, Fixed camera simulation
(1)Stationary target

Figure2 shows two UAVs observing a stationary target with no-fly zone. The question of collision
avoidance is not addressed for this work. As a practical matter, flying the UAVs at different altitudes
removes the need for collision avoidance. This would require the target-in-view network to be trained
against altitude. For these results, all UAVs are flown at the same altitude. Note in Fig.3a how the
black UAV diverts at the start to avoid simultaneous target coverage. The given coverage time is a 30s
moving average. Figure 2b shows that the UAVs alternate sensor coverage as desired. The black and
blue bars indicate when the sensor onboard UAV 1 or 2 is viewing the target.
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(a)Stationary target with no- ﬂy zone (91.5% coverage 74 sec calculation time)
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(b) stationary target with non-fly zone observation history
Fig.2 Stationary target with no-fly zone
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(a) Ground path(9 nodes, 16 sec horizon,71.5% coverage, 0.60 sec average calculation time)
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(b)Target coverage time line
Fig3. Ground track and coverage timeline for two UAVS and stationary target.
(2)Moving Target

A moving target is presented in Fig4.Here,the target is moving north at 15ft/s. After the initial
settle time, the UAVs assume a regular pattern of alternating passes over the target.
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(b) Target coverage timeline
Fig.4 Ground track and coverage timeline for two UAVs and a target at 15 ft/s.

Conclusion

In this paper the neutral network path-planning optimization method is discussed. The results from
the multiple UAV with a fixed camera have shown that neutral network approximation generally
matches the optimization.
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