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Abstract

FANETSs (the abbreviation of Flying Ad-Hoc Networks) is an Ad-Hoc network formed by aviation
platforms. It does not rely on fixed communication facilities. It has the advantages of fast deploy-
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ment and high robustness. It can be widely used in emergency communications and military sce-
narios. However, due to the higher mobile speed of the aviation platform and the higher dynamics
of the network topology of the FANETS, the existing mobile Ad-Hoc network routing protocol can-
not be directly applied. Among the existing FANETs routing protocols, the geographical loca-
tion-based routing protocol has great advantages over other routing protocols. It only relies on the
geographical coordinates of the nodes and does not establish and maintain end-to-end connec-
tions. However, the existing geographic location-based routing protocols also have problems such
as difficulty in selecting the optimal forwarding node and high end-to-end delay. To this end, this
paper proposes a geographic routing protocol based on enhanced learning called QEgr. This pro-
tocol is based on the Q-Learning algorithm and considers the link stability and delay, and uses the
ns3-gym simulator to compare with other routing protocols. Experiments show that, compared
with classic geographic routing protocols such as GPSR, Q-Grid, and Q-Geo, QEgr has a lower
end-to-end delay and a higher packet transmission success rate.
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Figure 1. Multi-hop routing in FANETS
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