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1.

Motivation

Following the rapid deployment of UAV ad-hoc networks
(UANETSs), the adaptation of artificial intelligence (Al) solutions
to mobile network environments has become the research
focus in today’s information network era.

An advanced UANET communication architecture is the basis
for efficient communication among UAV swarms. The
successful completion of a UAV mission depends on a high-
quality and efficient communication network.

Sparse and rapidly mobile UAVs/nodes can dynamically
change the topology of UANETs, which may critically affect
UAV communication performance.



Main idea

1. Value iteration networks (VINs) that are based on a CNN
strategy can be effectively trained to plan several unknown
static scenarios and solve complex multi-objective problems.

2. To improve the communication performance among dynamic
UAVs in UANET, a dynamic value iteration network (DVIN)
model is proposed based on VINSs.

3. Compared with the conventional multi-UAV collaborative
planning methods, such as NSGA-II, the DVIN model
reduces the decision-making time for UAV/node path
planning with a high average success rate.



Method
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Fig. 2 Architecture of a dynamic value iteration net-

work (DVIN)



Method (Cont’d)

® First, we concatenate the observation map data with a
connectivity goal map. The observation map is an observation
of the UANET scenario, including UAVs' positions and obstacle
positions. The connectivity goal map is generated from the
observation map, which is a one-hot representation of the aim
(“1” represents a non-test UAV/node that can communicate with
the test UAV/node, and “0” otherwise).

® Second, we map the concatenated data into a reward map R
through two convolution operations.



Method (Cont’d)

® Third, we input the reward map R and the state transition
probability P into the VI module and obtain the state value
map V. In the action selection (AS) module, the state value
map V' is considered as an instructive state value function,
which is based on the e-greedy policy to select an action.

® Finally, in continuously moving scenarios, any selected
action is trained using a trial-and-error method and
backpropagation by episodic Q-learning to obtain the
training parameters 6 of the DVIN model.

® [n the testing phase, parameters 6 are used for node path
planning and final action decision-making for the UANET.



Major results

One of the UANET scenarios is emulated by Mininet-WiFi
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Fig. 5 A simulation result of a 2D maze for UAV
swarms



Major results (Cont’d)

Training results of the DVIN model
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(75 160 steps, 5364.14 s per epoch) for DVIN



Major results (Cont’d)

The performance comparison results of DVIN model, NSGA-
ll, and the exhaustive method (EM)

Table 1 Performance comparison using different
methods

Algorithm Success rate (%) Average time per episode (s)

DVIN 34.30 1.19
NSGA-II 30.41 43.98
EM 42.81 81.31




Conclusions

® Although the DVIN model has a greater training time, the
decision-making time in the running phase is considerably less
than that of NSGA-IIl. Thus, the DVIN model achieves higher
real-time re-planning efficiency.

® In a UANET, it is difficult to achieve full network connectivity.
However, using the DVIN model, we can identify an optimal
trajectory in 1 or 2 s, which ensures efficient UANET
communication.

® The average success rate of each episode of the DVIN model
is higher than that of models using NSGA-II.
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