















































Fig. 14 Zigzag trajectory for searching the optimized point

contribution to objective function doesn’t change. This shows that relative magnitude between state and input cost is of
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Fig. 15 State and input trajectory with Qf and R increased by magnitude of 10 and 20

importance.

Considering that some states may not be as important, result for increasing the final cost of velocity states by
magnitude of 10 is observed in Fig.16. With the focus on the velocity states, the final steep climb to reach the target
position is no longer observed. This is because the focus is now on matching the velocity vector and the flight path
direction at the end of the trajectory. Based on the first plot in Fig.16, the algorithm exceeds the target altitude to match
the velocity target while gliding down. This is because the target velocity is easier to match this way rather than using
sharp maneuvers as the aircraft is climbing up, which would increase the input cost. A few bumps are observed along
the flight path mainly due to the vertical velocity target. With the current setup, the priority is on matching the vertical
velocity target of zero. Hence the aircraft is trying to fly horizontally as frequently as possible. To address this issue, it
is necessary to consider time varying O for future analysis.

Similar analysis is performed by only increasing the energy state final cost weight by a magnitude of 10, shown in
Fig.17. The final trajectory obtained shows a significantly different behavior near the end of the flight path where a u
shaped trajectory is observed. What increasing energy state final cost do to the algorithm is that the energy related
inputs are minimized. Hence to minimize the input cost, power code is reduced at earlier time than usual, resulting in
the drop. The loss of altitude from reduced power code is fixed by a significant increase in lift, a non energy input. In
reality, increasing lift should is accompanied by increasing thrust to make up for the induced drag. This result again
shows the need for separating the energy based and non energy based inputs from the objective function. Especially, if
the focus of the problem is optimizing the use of two energy sources to generate enough thrust for a given mission.
However, the trajectory is reasonable, mathmatically, since the aircraft was flying faster than the target velocity before
the dip. So the extra drag is needed to meet the target velocity and minimize the objective function. Overall increasing
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state trajectory for u2 target = original Eboostrange

input trajectory for u2 target = original Eboost range
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Fig. 17 State and input trajectory with Qf of energy state increased by magnitude of 10

the O results in increasing the inputs to meet the desired target state.

This time Q r for all the states are reduced and the results are shown in Fig.18 Reducing Q r results in a very smooth
2 stage trajectory where a large flight path angle increase is observed near the end of the phase. Rest of the trajectories
are similar to the base setup except the n trajectory becomes much smoother. A similar result is observed when only the
energy state Q r is reduced by magnitude of 10, as shown in Fig.19. As earlier results suggest, the extreme behaviors of
input trajectories are mainly due to the constraint on the input. PC is reduced near the end of the trajectory to minimize
the objective function. This is not the case when the energy state O is reduced. With this case, PC maintained
maximum trajectory, as it should for typical aircraft climb. Hence, the additional lift is no longer required to meet
the target, so the peaks in n are no longer observed. Overall this results in a very smooth trajectory with no sudden
changes in the flight path angle. This again speaks for the importance of hyperparameter optimization, because even for
a energy minimizing problem, the cost weight on energy cannot be too high to obtain a smooth, preferable trajectory.
The downfall of this prefereable trajectory is that fuel consumption, which is increased by S5lbm from the base setup.
The smoothness of the trajectory and the amount energy saved should be accessed depending on the situation.

D. Impact of Varying Input Hyperparameters On the State and Input Trajectory

Input cost is modified to observe the the impact of R on the trajectory. Just like when the all the state final costs were
increased by 10, reducing input cost by 10 results in a diverging solution. The same reason applies to the divergence.
The trajectory for increasing R is shown in Fig.20. First thing to point out is that the trajectory did not meet the target
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Fig. 18 State and input trajectory of all states Qf reduced by magnitude of 10
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Fig. 19 State and input trajectory of all states Qf reduced by magnitude of 10
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Fig. 20 State and input trajectory of R increased by magnitude of 10

at the end of 1000th iteration. This implies that when the input cost is too high, there is not enough input to create a
trajectory to meet the target. The trajectory obtained with this setup tries to fly near the surface and then shoots up near
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the end to reach the target. Notice, a big contributor to this behavior is the extra constraint on n. Again the need to
separate the energy and non energy inputs for the objective function setup.

VII. Conclusion and Future Work

boring Eboost Current aerospace industry has a need to reduce emission and generate optimized trajectories on
the fly to assist pilots. Hybrid architecture has a potential to meet the target emission. However, hybrid architecture
comes with a need to find the optimal power split trajectory. A method, that utilize differential dynamic programming,
is introduced to simultaneously optimize the power management and the trajectory to satisfy both goals. The fuel and
energy consumption for hybrid and non hybrid architectures of 9pax aircraft is compared to demonstrate the potential of
the method introduced. It is found that for a segment of climb, fuel burn reducing trajectory can be generated with
the proposed methodology. Furthermore, the hybrid architecture aircraft resulted in 6.51bm of reduced fuel burn than
conventional architecture aircraft assuming that battery power can be maximized at 0.36MW for the entire flight segment.
The most fuel efficient trajectory for PC is maximized PC for majority of the climb but reducing PC near the end of
trajectory. Finishing the climb with increasing lift by modifying the airframe configuration instead of engine thrust. As
expected, the most fuel efficient trajectory for Eboost is maximized Eboosts for the entire climb.

Its important to realize that the current result is limited to a small segment of the entire mission. Also, fuel and
battery capacities are not considered during the analysis. The trivial trajectories are prone to change when more phases
of the mission are included in the future. However, it is shown that simultaneous optimization of flight and power split
trajectory can be done with the proposed methodology. Finally, the potential for this methodology to be used for a
general mission is shown by performing the conventional architecture aircraft mission on the hybrid architecture aircraft.

Some observations based on the trade studies are listed below with the future work to potentially improve the results,
especially to better assist the pilots on flight trajectory generation.

1) Utilize time variant hyperparameters to better simulate the flight condition

2) Modify the objective function to only consider energy based inputs

3) Use a better initial trajectory to generate full mission trajectory

4) Apply constraint DDP to add physical and legal flight constraints
These future works are necessary to improve the trajectories generated through the proposed methodology. Interesting
future investigations to expand the scope of the methodology are listed below.

1) Use nonlinear DDP variant to reduce computation time and accuracy of the model

2) Apply min max DDP variant algorithm and set the two energy source to compete to minimize fuel consumption

3) Aircraft sizing by reiterating the algorithm until total fuel and battery weight are converged to the initial assumed

weights

4) Modify the target states per time step and utilize receeding horizon to run the full mission on the fly

5) Perform hyperparameter optmization to further optimize the trajectory and reduce fuel consumption
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