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Abstract

Reliable routing in flying ad hoc networks (FANETs) faces challenges such as
frequent topology changes and unstable links, which are caused by the rapid
mobility of UAVs. Existing Q-learning-based protocols still suffer from biased
Q-value estimation, slow convergence, and high control overhead. This paper
proposes WDQAR, an adaptive routing protocol based on weighted double Q-
learning. WDQAR consists of two stages: neighbor discovery and routing. In
the neighbor discovery phase, each UAV dynamically adjusts the HELLO mes-
sage broadcast interval based on link duration and speed, promptly perceiving
topology changes and reducing control overhead. In the routing phase, WDQAR
applies a sector-based candidate neighbor filtering mechanism to narrow down
the next-hop candidate set, thereby accelerating the selection of the optimal
path. The reward function comprehensively considers residual communication
energy, link duration, geographical progress, and valid neighbor ratio. Then, a
weighted double Q-learning framework is adopted during Q-value update to mit-
igate the estimation bias of Q-learning towards future values, thereby enhancing
the stability of routing strategies.In addition, the protocol adopts two optimiza-
tion methods, namely Q-value initialization and adaptive learning parameters,
to accelerate the learning process.Simulation results based on NS-3 demonstrate
that WDQAR outperforms the comparative protocols in terms of packet delivery
rate, end-to-end delay, energy consumption, and routing overhead.
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1 Introduction

In recent years, unmanned aerial vehicles (UAVs) have been widely deployed in both
civil and military domains, including agricultural production [1], environmental moni-
toring [2], disaster relief [3], battlefield reconnaissance and strike operations [4], owing
to their high mobility and low deployment cost.Within the communication architecture
of multi-UAV systems, Flying Ad Hoc Networks (FANETs) enhance the coopera-
tive capability of UAV swarms by enabling efficient information exchange among
nodes [5].FANETs adopt a decentralized architecture and do not require centralized
access to infrastructure. UAVs are connected to each other in a self-organizing man-
ner.As a result, FANETs offer distinct advantages in areas with poor conditions and
limited communication infrastructure [6, 7].

In resource-constrained and highly dynamic networks, ensuring continuous and
reliable data transmission remains a core challenge for FANETs. The design of
effective and reliable routing mechanisms has therefore become a key research pri-
ority [8].However, FANETs have the characteristics of fast node movement, frequent
topology changes, and uneven node distribution.Therefore, conventional routing pro-
tocols developed for Mobile Ad Hoc Networks (MANETs) and Vehicular Ad Hoc
Networks (VANETs) struggle to meet the requirements of FANETs [9].In addi-
tion,FANETs face further inherent constraints,including limited battery life, restricted
onboard computing resources, and intermittent connectivity caused by sparse node
deployment [10].

To address these challenges, extensive research has focused on enhancing con-
ventional routing protocols [11–14]. FANET routing protocols are generally classified
into two main categories: topology-based protocols and location-based protocols.
Topology-based routing protocols determine data packet transmission paths based on
the network’s topological connectivity information and ensure reliable packet delivery
through dynamic routing table maintenance. However, the high mobility of UAVs in
FANETs causes frequent and rapid changes in network topology, resulting in substan-
tial control overhead during route reconstruction and significantly degrading overall
network performance[15].Location-based routing protocols utilize node location infor-
mation to assess neighbor states and select the optimal next hop from candidate
neighbors for packet forwarding.These protocols do not need to maintain a global
link-state table, thereby reducing routing overhead and improving scalability[16].

However, location-based routing protocols mainly rely on geographic information
for next-hop selection, making them sensitive to location inaccuracies and prone to
local optimum problems[17, 18]. Moreover, they usually lack the ability to learn from
dynamic network conditions, which limits their adaptability in highly mobile FANET
environments[19, 20].

In recent years, machine learning has provided new solutions to the routing pro-
tocol problems of FANETs owing to its adaptive learning capability. Among them,
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Q-learning is a classic model-free reinforcement learning algorithm[21]. It continuously
updates the Q-value table through interactions between agents and the environment
based on a reward-and-punishment mechanism, thereby dynamically optimizing rout-
ing strategies without requiring prior data.Q-learning-based routing protocols can
dynamically adjust routing strategies according to real-time network states, enabling
them to effectively adapt to the highly dynamic and unstable topology of FANETs.

In this paper, we propose an adaptive routing strategy based on weighted double
Q-learning, named WDQAR. WDQAR consists of two phases: the neighbor discov-
ery phase and the routing phase. In the neighbor discovery phase, the broadcast
interval of HELLO messages is adaptively adjusted according to the motion and
link states of nodes, ensuring that topology changes can be detected in a timely
manner. The routing phase adopts a reinforcement learning framework based on
weighted double Q-learning. This framework can effectively reduce the estimation
bias of the value function, improve the stability of the routing strategy. In addition,
the convergence is accelerated by initializing the Q-values and adjusting the adap-
tive parameters, enabling nodes to learn the routing strategy adapting to the current
network environment more quickly. The main contributions of this method are as
follows:

• An adaptive HELLO message broadcast interval adjustment mechanism is pro-
posed. UAVs maintain neighbor relationships by periodically broadcasting HELLO
messages. The transmission frequency of HELLO messages is dynamically adjusted
based on link duration and node velocity, thereby ensuring timely neighbor table
updates and reducing control overhead.

• A distributed routing protocol based on weighted double Q-learning is proposed.By
maintaining two Q-tables and using an adaptively weighted future estimate, the
proposed method reduces Q-value overestimation and improves routing stability in
highly dynamic FANETs.

• In WDQAR, the reward function is formulated based on four metrics: residual
energy, link duration, geographic progress, and valid-neighbor ratio. Information
entropy is further introduced to dynamically determine the weights of these reward
components.

• Two optimization strategies are proposed: Q-value initialization and adaptive
adjustment of the learning parameters.The former reduces ineffective exploration
in the early learning phase and accelerates convergence, while the latter adapts the
learning behavior according to network dynamics, improving the adaptability of the
routing policy to highly dynamic FANET environments.

2 Related work

The high mobility of FANET nodes causes rapid and unpredictable topology changes,
making it difficult for conventional routing protocols to adapt in time. Reinforcement
learning enables nodes to learn from environmental feedback and make adaptive for-
warding decisions without requiring global network knowledge, making it suitable for
routing in dynamic FANETs.
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In [22], a Q-learning-based geographic routing protocol called QGeo is presented for
unmanned robotic networks in high-mobility environments. QGeo improves next-hop
selection through a packet-travel-speed-based reward function that jointly considers
forwarding progress, link error rate, and location error, and it introduces a dynamic
discount factor based on the predicted neighbor position to reflect link instabil-
ity. However, QGeo is evaluated only in a small two-dimensional scenario and relies
on conventional Q-learning with a relatively simple reward design, which limits its
effectiveness in the large-scale, highly dynamic conditions of FANETs.

In [23], a Q-learning-based multi-objective routing protocol called QMR is pre-
sented for FANETs, which jointly optimizes end-to-end delay and residual energy
in its reward function. QMR adaptively adjusts the learning rate and discount fac-
tor according to one-hop delay and neighbor mobility, respectively, and adopts a
network-condition-driven exploration?exploitation mechanism. Although QMR raises
the packet arrival ratio while reducing delay and energy consumption, its HELLO
adjustment relies mainly on node speed and gives limited consideration to link lifetime
and topology variation.

In [24], an improved Q-learning-based routing protocol called Q-FANET is pre-
sented for FANETs, combining and adapting features from QMR and Q-Noise+. By
exploiting SINR and weighted historical episodes, Q-FANET lowers end-to-end delay
and jitter while slightly improving the packet delivery ratio. However, it does not con-
sider energy consumption and uses a fixed learning rate and discount factor, which
limits its performance in energy-constrained and highly dynamic FANET scenarios.

In [25], a Q-learning-based topology-aware routing protocol called QTAR is pre-
sented for FANETs. QTAR uses two-hop neighbor information to extend the local
topology view, adjusts the HELLO interval and link-holding time according to link
duration, and designs a reward function that accounts for delay, forwarding veloc-
ity, and residual energy. Simulations show that QTAR improves the packet delivery
ratio, reduces end-to-end delay, and extends network lifetime. However, its reliance on
two-hop neighbor information increases routing overhead and system complexity.

In [26], a topology-aware resilient routing protocol based on adaptive Q-learning,
called TARRAQ, is proposed for FANETs. TARRAQ models dynamic topology
changes with queuing theory, deriving the neighbor change rate and change inter-
arrival-time distribution to adapt the sensing interval to network dynamics and traffic
demand, and it predicts the residual link duration via Kalman filtering to keep neigh-
bor information valid. Its reward function incorporates link quality, a neighbor metric,
and distance to the destination, while the action-selection strategy, learning rate, and
discount factor are all adjusted according to the residual link duration. Although
TARRAQ improves the packet delivery ratio and reduces routing overhead and energy
consumption, its end-to-end delay is slightly higher than that of QTAR because it
prioritizes link stability and energy efficiency.

In [27], a Q-learning-based routing scheme with an intelligent filtering algorithm,
called QRF, is proposed for FANETs. QRF filters candidate next-hop UAVs within
a destination-oriented forwarding region to shrink the state space and accelerate
convergence, incorporates connection time, residual energy, and link quality into its
reward function, and adaptively tunes the learning parameters to enhance routing
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stability. Although QRF reduces delay, balances energy consumption, and extends
network lifetime, its filtering mechanism may over-restrict the candidate set in sparse
or highly dynamic topologies, reducing routing flexibility and increasing the risk of
route-discovery failure.Table 1 provides a comparison of WDQAR with other existing
protocols based on Q-learning.

Table 1 Comparison of representative routing protocols based on Q-learning.

Protocol
Adaptive
HELLO

Residual
energy

Link
status

Neighbor
filter

Forward
progress

Valid
neighbor
ratio

Q-value
init

QGeo × × ✓ × ✓ × ×

QMR ✓ ✓ × ✓ × × ×

Q-FANET × × ✓ ✓ × × ×

QTAR ✓ ✓ ✓ ✓ ✓ × ×

TARRAQ ✓ × ✓ × ✓ ✓ ×

QRF ✓ ✓ ✓ ✓ × × ×

WDQAR ✓ ✓ ✓ ✓ ✓ ✓ ✓

3 Basic concepts

3.1 Q-learning

Reinforcement learning learns a decision-making policy through agent-environment
interaction, and is commonly formulated as a Markov decision process (MDP). An
MDP is defined by the tuple (S,A, P,R, γ), where S denotes the state set, A denotes
the action set, P (s′|s, a) represents the transition probability from state s to state s′

after executing action a, R(s, a) denotes the immediate reward obtained when action
a is performed in state s, and γ ∈ [0, 1) is the discount factor. At each time step, the
agent observes the current state, selects an action according to its policy, and receives
an immediate reward while the environment transitions to a new state. Q-learning is
a model-free reinforcement learning algorithm that learns the action-value function
without prior knowledge of the state transition model. By iteratively updating the Q-
value of each state-action pair, the agent estimates the expected long-term return of
different actions and selects the optimal one accordingly. The Q-value update formula
at time step t for agent i is as follows[28]:

Qt+1
i

(
sti, a

t
i

)
= (1− α)Qt

i

(
sti, a

t
i

)

+ α
{
rt+1

(
st+1
j

)
+ γV t

j

(
st+1
j

)}
,

(1)

where α ∈ (0, 1] is the learning rate, γ ∈ [0, 1) is the discount factor, and rt+1
(
st+1
j

)

is the immediate reward obtained upon reaching the next-hop state st+1
j . The term

V t
j

(
st+1
j

)
is given by

V t
j

(
st+1
j

)
= max

a∈Aj

Qt
j

(
st+1
j , a

)
. (2)
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4 System model

4.1 Network model

In this paper, a disaster monitoring scenario based on FANETs is considered. The net-
work consists of n UAVs deployed in a three-dimensional region and one ground control
station (GCS) that serves as the data sink, as illustrated in Figure 1. The FANET
is modeled as an undirected graph G = (U,L), where U = {u1, u2, . . . , un, uGCS}
denotes the set of network nodes, including n UAVs and a GCS, and L denotes the set
of communication links among these nodes. The main assumptions are summarized as
follows.

• The GCS acts as the destination node. Source UAVs collect environmental data and
forward it to the GCS through direct transmission or multi-hop relaying. Backbone
UAVs (BUs) are one-hop neighbors of the GCS and are responsible for directly
forwarding data packets to the GCS.

• Each UAV is assigned a unique identifier to distinguish it from other nodes in the
network.

• All UAVs are equipped with a GPS positioning module and an inertial measurement
unit (IMU), which provide real-time position and velocity information.

• Each UAV is equipped with a wireless communication module with a maximum
communication range r. Two nodes are regarded as neighbors and can establish a
communication link if the Euclidean distance between them does not exceed r. In
addition, a UAV can directly establish a communication link with the GCS when
their distance does not exceed r.

• All UAV nodes adopt the IEEE 802.11n standard at the MAC layer.

Fig. 1 FANET scenario for disaster monitoring

6



4.2 Reinforcement Learning Framework for FANETs

In this work, we regard each data packet as an agent and model the FANET routing
problem as an MDP. The state space and action space are defined as follows:

State: The state is defined as the UAV node currently holding the data packet. If
the packet resides at UAVi, the corresponding state is denoted as si.

Action: The action is defined as forwarding the data packet to one of the current
node’s neighbors within the single-hop range. When ui chooses neighbor uj as the
next hop, the corresponding action is denoted as aj .

To improve the stability of the learning process and accelerate convergence, we
adopt a weighted double Q-learning method for FANET routing, which will be detailed
in Section 5.2.4. Through continuous interaction with the environment, the Q-values
gradually converge, yielding the optimal routing policy.

5 Methods

This section presents the WDQAR routing protocol in detail, including the adaptive
neighbor discovery module and the routing decision module.

5.1 Adaptive Neighbor Discovery Module

In FANETs, each UAV periodically broadcasts HELLO messages to its neighboring
nodes and receives HELLO messages from them to obtain local topology information.
A HELLO message contains the residual energy, the spatial coordinates (xt

i, y
t
i , z

t
i), and

the mobility information (V t
i , θ

t
i , φ

t
i), where V t

i is the speed, θti is the yaw (azimuth)
angle, and φt

i is the polar angle measured from the z-axis. It also carries the valid
neighbor ratio, which reflects the proportion of reliable neighbors around the node
and is formally defined in Section 5.2.3. The steps for constructing the neighbor table
NTi of node ui are as follows:

• When node ui receives a HELLO message from a neighbor uj , it first looks up the
corresponding entry of uj in its local neighbor table. If no such entry exists, ui

creates a new one and records the information of uj carried in the message.
• If ui subsequently receives another HELLO message from uj , it updates the state

information of uj in the entry and resets the associated timer.
• If ui does not receive any HELLO message from uj within the entry’s valid time
V Tj , the entry of uj is removed from the neighbor table.

The high mobility of UAVs causes the network topology to change frequently, which
requires the neighbor table to be updated in a timely manner. If the HELLO trans-
mission interval is too long, the information stored in the neighbor table becomes
outdated; if it is too short, the control overhead increases excessively. Therefore, an
appropriate HELLO interval is essential. To this end, this paper proposes a dynamic
adaptive algorithm to adjust the HELLO interval of each UAV. The interval is deter-
mined by the link duration and the cosine similarity of velocity directions, and is
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bounded within [HPmin, HPmax]. At time t, the velocity vector of ui is given by

v
t
i =

(
vxi , v

y
i , v

z
i

)
= V t

i

(
sinφt

i cos θ
t
i , sinφ

t
i sin θ

t
i , cosφ

t
i

)
, (3)

and that of its neighbor uj is obtained in the same manner. Let p
t
i = (xt

i, y
t
i , z

t
i)

denote the position of ui at time t. The relative position and relative velocity of ui

with respect to uj are defined as ∆p = p
t
i − p

t
j and ∆v = v

t
i − v

t
j , with components

(∆x,∆y,∆z) and (∆vx,∆vy,∆vz), respectively.Assuming both UAVs maintain their
current velocities,the distance between them after time T is given by

d2ij(T ) =
∑

ξ∈{x,y,z}

(
∆ξ +∆vξT

)2
. (4)

The predicted link duration LDij is defined as the time at which dij(T ) first reaches
the communication range r. Substituting dij(LDij) = r yields the quadratic equation

l (LDij)
2 +mLDij + n = 0, (5)

where l = ∥∆v∥2, m = 2∆p ·∆v, and n = ∥∆p∥2− r2. Accordingly, the link duration
LDij is calculated as

LDij =
−m+

√
m2 − 4ln

2l
. (6)

where the case l = 0 corresponds to two UAVs moving with identical velocities, for
which the link is regarded as stable and LDij is capped at HPmax. Furthermore, the
cosine similarity between the velocity vectors of ui and uj is

CS
(
v
t
i,v

t
j

)
=

v
t
i · vt

j

∥vt
i∥ ∥vt

j∥
, (7)

and its average over the neighbor set N t
i is

CS
t

i =
1

|N t
i |
∑

j∈Nt
i

CS
(
v
t
i,v

t
j

)
. (8)

Finally, the HELLO interval of ui is set as

HP t
i =





HPmin, if ĤP
t

i < HPmin,

HPmax, if ĤP
t

i > HPmax,

ĤP
t

i, otherwise,

(9)

whereĤP
t

i =
1+CS

t

i

2 ·minj∈Nt
i
LDij denotes the raw HELLO interval.The pseudocode

for the proposed adaptive neighbor discovery process is provided in Algorithm 1.
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Algorithm 1 Adaptive Neighbor Discovery

Require:
ui: i-th node in FANET
NTi: Neighbor table of ui

V Tj : Validity period of Hello packets sent by uj

Tnext: Next HELLO transmission time of ui

Tsim: Total simulation time
Ensure:

HP t
i : HELLO interval of ui at time t

Begin
1: ui: Initialize t = 0
2: ui: NTi ← ∅
3: ui: Calculate the initial HELLO interval HP t

i

4: ui: Initialize Tnext = 0
5: repeat
6: if t = Tnext then
7: ui: Constructs a HELLO packet containing position, velocity and valid

neighbor ratio
8: ui: Broadcast the HELLO packets to neighboring UAVs
9: ui: Calculate HP t

i according to Equation (9)
10: ui: Update Tnext ← t+HP t

i

11: end if
12: while ui receives a hello message from uj do
13: ui: Checks for an entry corresponding to uj in NTi

14: if NTi contains an entry corresponding to uj then
15: ui: Update the node information of uj in this entry
16: ui: Reset V Tj in NTi

17: else
18: ui: Add a new entry corresponding to uj to NTi

19: ui: Record the node information of uj in this entry
20: ui: Set V Tj related to uj

21: end if
22: end while
23: if an entry for uj exists in NTi and no HELLO message is received from uj

until V Tj expires then
24: ui: Delete the entry corresponding to uj from NTi

25: end if
26: until t > Tsim

End

5.2 Routing Decision Module

The routing decision module is responsible for determining the optimal forwarding
path for each data packet. Each UAV first filters its candidate neighbor set according to
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the geographic location of the destination, and then applies weighted double Q-learning
to learn the optimal next-hop decision.

5.2.1 Candidate Neighbor Selection

The forwarding process begins with candidate-neighbor selection. The next hop is
not chosen from among all neighbors, but over a filtered candidate set. As shown
in Figure 2, sector-based filtering is applied to further narrow the candidate set. A
spherical sector is constructed with ui as the center, the direction from ui to GCS
as the central axis, the communication range r as the radius, and ϕ as the half-cone
angle, which is generally set to 60◦. The nodes located inside this sector form the
primary candidate region Si, thereby reducing the action space and accelerating the
convergence of the routing decision process.

If nodes are available in primary candidate region, the next hop is selected accord-
ing to the ε-greedy strategy. Otherwise, the node with the minimum angle relative to
the target direction is selected from the greedy candidate set Ci as the next hop. The
greedy candidate set consists of neighbor nodes closer to GCS than node ui.

Fig. 2 Candidate neighbor filtering mechanism for next-hop selection

5.2.2 Q-value initialization

In conventional Q-learning, Q-values are typically initialized randomly or to zero.
Although simple to implement, such initialization provides no prior estimate of a neigh-
bor’s forwarding capability. Without such prior knowledge, the agent must estimate
every neighbor’s forwarding capability from scratch. This makes early exploration inef-
ficient, slowing convergence and causing performance fluctuations. To address this,
we propose a position-based Q-value initialization strategy. It assigns each candidate
neighbor an approximate initial Q-value according to its relative position, giving nodes
prior knowledge of neighboring states before learning. Specifically, the initial Q-value
between forwarding node ui and candidate neighbor uj is determined by their relative
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distances to the destination GCS, denoted D.

Qinit(i, j) =
1

1 + e
d(uj,D)

d(ui,D)

(10)

where d(uj , D) and d(ui, D) denote the distances from candidate neighbor uj and
forwarding node ui to D, respectively, measured when the first HELLO packet from

uj is received. When uj is closer to D, the ratio
d(uj ,D)
d(ui,D) decreases, resulting in a larger

initial Q-value. Conversely, a larger ratio leads to a smaller initial Q-value.

5.2.3 Reward Function

In this paper, we design the reward function by considering four components: residual
energy,link duration,geographic progress and valid neighbor ratio.

• Residual energy (Ej): This component represents the communication energy level
of uj . UAV nodes have limited on-board energy for communication, and persistent
traffic aggregation on a few nodes rapidly depletes their communication energy,
causing link failures and routing disruptions. To alleviate such energy imbalance, we
incorporate the residual communication energy into the reward function, steering
routing decisions toward nodes with higher remaining energy.

• Link duration(LDij):This component represents the predicted link duration
between ui and uj .Link duration can accurately characterize the stability and
sustainability of communication links in high-mobility FANET scenarios.Selecting
nodes with longer expected link durations can avoid link failures and neighbor
information expiration, thereby enhancing the overall network stability.

• Forward progress(Fij):This component can evaluate the forward progress capa-
bility of the next-hop node. Selecting a next-hop node that is closer to the
destination and has a smaller forwarding deviation angle λ enables the data packet
to advance effectively toward the destination at each hop, reducing the number of
forwarding hops and transmission delay. As shown in Figure 3, if two nodes uj and
uk are equidistant from the destination, the node uj with a smaller forwarding devi-
ation angle λij is closer to the sending node ui, resulting in a shorter and more
stable link.The Fij is given as follows:

Fij =

(
1− djD

diD

)
exp

(
−

λ2
ij

2 (π/4)
2

)
, 0 ≤ λij ≤

π

2
(11)

• Valid neighbor ratio(V NRij):This component reflects the effective forwarding
potential of the next-hop uj .A higher ratio indicates that the node has more avail-
able neighbors toward the destination. These neighbors provide more forwarding
opportunities in subsequent hops. As a result, the probability of routing holes can
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be reduced. The V NRij is given as follows:

V NRij =




1, if uj is a BU
|Cj |
|Nj |+ ε

, otherwise
(12)

where |Cj | and |Nj | represent the number of neighbors in the candidate region of uj

and the total number of neighbors, respectively, and ε is a small positive constant to
avoid division by zero.If uj is a BU, it can deliver packets directly to the destination
without relying on any subsequent relay; hence its valid neighbor ratio is set to the
maximum value of 1.

Fig. 3 Illustration of the forward progress

Each candidate next-hop node uj has four reward components. The reward matrix

Xt = [xj ]
|Ci|
j=1 is constructed by collecting the reward component vectors of all

candidate nodes in Ci, where the reward component vector of uj is defined as

xj = [xj1, xj2, xj3, xj4] = [Ej , LDij , Fij , V NRij ] (13)

First, the reward matrix is normalized as

xnorm
jk =

xjk −min{xk}
max{xk} −min{xk}

(14)
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where xjk denotes the k-th reward component of candidate uj (1 ≤ j ≤ |Ci|, 1 ≤
k ≤ 4). The information entropy of the k-th reward component is defined as

Hk = − 1

ln |Ci|

|Ci|∑

j=1

pjk ln pjk. (15)

where pjk =
xnorm
jk

∑|Ci|

j=1 xnorm
jk

represents the proportion of the k-th reward component of

uj . The entropy weight of the k-th reward component is defined as

ωk =
1−Hk∑4

i=1(1−Hi)
. (16)

Therefore, the immediate reward rti is defined as follows:

rti(j) =





rmax if uj is destination

rmin if ACK timeout or routing void∑4
k=1 ωkx

norm
jk otherwise

(17)

If uj is the destination node, the reward is set to the maximum value, indicating
that the data packet is successfully delivered to the destination. If no ACK packet is
received within the timeout period or a routing void occurs, the reward is set to the
minimum value. Otherwise, the immediate reward is calculated as the weighted sum
of the four components.

5.2.4 Weighted double Q-learning update

Conventional Q-learning uses the maximum Q-value to estimate the future return,
where the same Q-table is used for both action selection and value evaluation. This
may introduce overestimation bias, especially in stochastic and highly dynamic envi-
ronments. Double Q-learning alleviates this problem by maintaining two independent
Q-tables, where one is used to select actions and the other to evaluate their values [29].
However, the double estimator may sometimes underestimate action values. To balance
the overestimation of Q-learning and the underestimation of double Q-learning, this
paper adopts weighted double Q-learning, which combines the two Q-values through
an adaptive weight to obtain a more accurate action-value estimate and improve the
convergence stability of learning [30].

In WDQAR, each UAV maintains two independent Q-tables, denoted as Q1 and
Q2. For a forwarding node ui, the state is denoted as si, and the action aj represents
selecting candidate neighbor uj as the next hop. During each Q-value update, one of
the two Q-tables is randomly selected for updating, while the other is used to construct
the weighted future value.If Q1 is selected for update, the best and worst actions in
the next state s′ are first determined according to Q1:

a∗1 = arg max
a∈A(s′)

Q1(s
′, a) (18)
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aL1 = arg min
a∈A(s′)

Q1(s
′, a). (19)

The adaptive weight is then computed from the spread of the other estimator Q2

between these two actions:

β1 =

∣∣Q2(s
′, a∗1)−Q2(s

′, aL1 )
∣∣

c+
∣∣Q2(s′, a∗1)−Q2(s′, aL1 )

∣∣ , (20)

where c > 0 controls the balance between the single and double estimators. The
weighted future value combines the two estimators at the maximizing action a∗1:

QW
1 (s′) = β1Q1(s

′, a∗1) + (1− β1)Q2(s
′, a∗1). (21)

Accordingly, Q1 is updated as

Q1(si, aj)← Q1(si, aj) + α
[
r + γQW

1 (s′)−Q1(si, aj)
]
, (22)

where α is the learning rate, γ is the discount factor, and r is the immediate reward.
If Q2 is selected instead, the update is symmetric. Through this weighted mechanism,
WDQAR balances the overestimation of conventional Q-learning and the underestima-
tion of double Q-learning, thereby improving the stability of routing value estimation
in dynamic FANET environments.

5.2.5 Dynamic learning factors

In order to quickly respond to topological changes and accelerate convergence, this
paper adaptively adjusts the learning parameters in Q-learning, including learning
rate and discount factor.

• Learning rate (αij): The learning rate controls the update magnitude of the value
function and determines the learning speed of the Q-learning algorithm by balancing
new and previous information. Its value is bounded within [0, 1]. In WDQAR, the
learning rate is dynamically adjusted according to the relative delay of the selected
next-hop. When the next-hop delay is larger than the average of the candidate
neighbors, the link is unstable, so a larger learning rate is adopted to update the Q-
value more rapidly. Conversely, when the delay is smaller than the average, the link
is more reliable, and a smaller learning rate is adopted so that decisions rely more on
historical experience [31]. The delay of the candidate neighbor uj is standardized as

delaystandardij =
delayij − µi

delay

σi
delay

(23)

where µi
delay and σi

delay are the mean and standard deviation of the delays between
ui and its candidate neighbors, respectively, computed as

µi
delay =

1

|Ci|

|Ci|∑

j=1

delayij , (24)
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σi
delay =

√√√√ 1

|Ci|

|Ci|∑

j=1

(
delayij − µi

delay

)2
. (25)

The learning rate αij is then calculated as

αij =

{
0.1, if delaystandardij ≤ 0

1− e−delaystandard
ij , if delaystandardij > 0

(26)

• Discount factor (γij): The discount factor γij ∈ [0, 1] reflects the importance that
the agent attaches to future rewards. The more drastic the topology variation, the
more uncertain the future path state becomes; over-relying on future rewards under
such conditions would bias the routing decision. Therefore, γij is formulated as

γij =

√√√√
∣∣N t

i ∩N t−1
i

∣∣
∣∣N t

i ∪N t−1
i

∣∣ ·
∣∣N t

j ∩N t−1
j

∣∣
∣∣N t

j ∪N t−1
j

∣∣ , (27)

where N t
i , N t−1

i and N t
j , N t−1

j denote the neighbor sets of ui and uj in two
consecutive periods t and t− 1, respectively.

5.2.6 Routing forwarding procedure

When a source node generates a data packet, it first determines whether the destina-
tion GCS lies within its one-hop communication range. If the GCS is a direct neighbor,
the packet is delivered to it directly in a single hop; otherwise, the node selects from
its neighbors those UAVs that are geographically closer to the GCS to form a can-
didate neighbor set, and then applies an ϵ-greedy policy over this set to choose the
next hop for forwarding, while simultaneously starting an ACK timeout timer. Upon
receiving the data packet, the relay node immediately returns an ACK to its previous
hop and continues forwarding the packet to the next hop; based on the received ACK,
the previous-hop node computes a reward and updates the corresponding Q-value,
so that the forwarding policy is continuously optimized through ongoing interaction.
Through multi-hop forwarding by relay UAVs, the data packet is progressively relayed
to a backbone UAV, which finally delivers it to the GCS in a single hop. Algorithm 2.
describes the pseudo-code related to the routing forwarding procedure.

6 Results

In this section, we use Network Simulator 3 (NS-3) [32] to evaluate the performance
of the proposed WDQAR routing protocol.First, weighted double Q-learning is com-
pared with single Q-learning to assess the effect of the weighted double Q-learning
on the convergence behavior of Q-values. The comparison focuses on two aspects: the
volatility and stability of the Q-values. Then, WDQAR is compared with QFANET[24]
and QGEO[22] to evaluate its performance under different network scenarios. The
main evaluation scales include packet delivery ratio, average end-to-end delay, residual
energy, and routing overhead.
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Algorithm 2 Routing Forwarding Procedure

Require:
ui: The i-th node in FANET
ϵ, α, γ: Learning parameters
uGCS : Ground control station
Ci: Candidate neighbor set of ui

Ensure:
Q-table stored in ui

Begin
1: while a data packet p is generated or received by ui do
2: if ui is a BU then
3: ui: deliver packet p to uGCS in a single hop
4: else
5: ui: compute the candidate set Ci according to Section 5.2.1
6: for each uj ∈ Ci do
7: if the Q-value of uj has not been visited then
8: ui: initialize its Q-value according to the relative position
9: end if

10: end for
11: ui: generate a random value vrand ∈ [0, 1]
12: if vrand < ε then
13: ui: randomly select uj from Ci

14: else
15: ui: select the greedy uj according to the Q-table
16: end if
17: ui: forward the data packet to the selected uj

18: ui: wait for an ACK from uj

19: if uj is trapped into a routing hole or ACK timeout then
20: rti(j) = rmin

21: else if uj = uGCS then
22: rti(j) = rmax

23: else
24: rti(j) =

∑4
k=1 ωkx

norm
jk

25: end if
26: ui: update the Q-table based on rti(j)
27: end if
28: end while

End

6.1 Simulation settings

In our simulation scenario, the FANET consists of 40 to 100 UAVs randomly dis-
tributed in a three-dimensional space of 1000×1000×500m3. All UAVs fly at a speed
of 10 − 30m/s and follow the three-dimensional Gauss-Markov (3D GM) mobility
model. We randomly select 5 UAV nodes as source nodes, set the destination node as
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a ground control station, and the remaining nodes serve as relay nodes. The detailed
simulation parameters are summarized in Table 2. All experiments are repeated 10
times independently, and the final results are presented as the average value. The

Table 2 Simulation parameters.

Parameter Value

Simulation tool NS3
Network dimensions 1000× 1000× 500 m3

Number of UAVs in the network 40–100 nodes
Number of source UAVs 5
Velocity of UAVs 10–30 m/s
Communication radius 300 m
Energy consumption model First Order Radio Model
Initial communication energy 200 J
Movement model 3D Gauss–Markov
Communication standard IEEE 802.11n
Traffic model Constant bit rate (CBR)
Data rate 2 Mbps
Packet size 512 bytes
Transport protocol UDP

definitions of each evaluation scale are given as follows:

• Packet delivery ratio(PDR):This evaluation scale is defined as the ratio of the
total number of data packets successfully received by the destination node to the
total number of data packets sent by all source nodes.

PDR =
PKrecv

ns∑
i=1

PKi
send

× 100% (28)

where PKrecv, PKi
send and ns denote the total number of data packets received by

the destination node, the number of data packets transmitted by the i-th source
node, and the total number of source nodes, respectively.

• End-to-end delay(EED):This evaluation scale is defined as the average time
required for data packets to be transmitted from the source node to the destination
node.

EED =
1

PKrecv

PKrecv∑

i=1

(trecv,i − tsend,i) (29)

where PKrecv denotes the total number of successfully received packets at the desti-
nation node, trecv,i denotes the reception time of the i-th packet, and tsend,i denotes
the transmission time of the corresponding packet at the source node.
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• Consumed communication energy (Ēc): This evaluation scale is defined as the
average consumed energy of all nodes in the network.

Ēc =
1

N

N∑

i=1

Ec,i (30)

where N denotes the total number of UAV nodes in the network, and Ec,i denotes
the total consumed communication energy of the i-th UAV node.

• Routing overhead(RO):This evaluation scale represents the ratio of the num-
ber of control packets to the number of transmitted data packets in the data
transmission process.

RO =
NHELLO

Ndata
× 100%, (31)

where NHELLO denotes the total number of transmitted HELLO packets, and Ndata

denotes the total number of transmitted data packets.

6.2 Q-Value convergence analysis

In RL-based routing, the Q-value of a candidate next-hop represents the expected
return of forwarding to it under the current state. It also indirectly reflects the forward-
ing advantage of next hop nodes, such as a stable communication link and sufficient
residual energy. In this paper, volatility and stability are adopted to characterize the
variation of Q-values. Specifically, volatility is measured by the variance of Q-value
changes, while stability is measured by the cumulative sum of the absolute differences
between Q-values at consecutive time steps.

As a comparison method, single Q-learning uses a single Q-table for both action
selection and value evaluation. As shown in Figure 4, as the number of UAV nodes
increases from 40 to 100, the Q-value volatility of weighted double Q-learning is
consistently lower than that of single Q-learning, with an average reduction of approx-
imately 45.62%. Meanwhile, the total Q-value variation of weighted double Q-learning
is also consistently smaller than that of single Q-learning, with an average reduction
of approximately 33.03%, as shown in Figure 5. These results indicate that weighted
double Q-learning can effectively suppress Q-value estimation fluctuations and make
the learning process more stable. This is because it separates action selection from
value evaluation, thereby reducing the estimation bias caused by the maximization
operation in single Q-table updates and further decreasing frequent routing strategy
switching among candidate nodes.

6.3 Packet delivery ratio

Figure 6 shows the variation of packet delivery ratio with the number of UAV nodes
for different routing protocols. The PDR of all routing protocols increases with the
number of UAV nodes. This is because a denser network provides more available
next-hop nodes, reducing route failures caused by node mobility and link discon-
nections. Consequently, more packets are successfully delivered to their destinations,
leading to a higher PDR. Compared with QFANET and QGEO, WDQAR achieves
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Fig. 4 Q-value volatility for varying node densities

Fig. 5 Q-value stability for varying node densities

the highest PDR under all network scales. Specifically, the average PDR of WDQAR
reaches 92.62%. WDQAR improves the PDR by approximately 3.42% compared with
QFANET and 6.50% compared with QGEO.

Figure 7 shows the variation of packet delivery ratio with UAV speed for different
routing protocols. The PDR of all routing protocols gradually decreases as the UAV
speed increases.This is because higher UAV speeds lead to more frequent topology
changes and shorter link lifetimes, which increase the probability of link disconnections
during packet forwarding and cause more route failures and packet losses. Compared
with QFANET and QGEO, WDQAR achieves the highest PDR across all UAV speeds.
Specifically, the average PDR of WDQAR reaches 93.78%, approximately 2.40 and
4.77 percentage points higher than those of QFANET and QGEO, respectively.

Overall, Figure 6 and Figure 7 show that WDQAR achieves a higher PDR under
different node densities and UAV speeds. This improvement is mainly attributed to
its reward function, which prioritizes next-hop UAVs with longer link duration and
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a higher proportion of valid neighbors, thereby reducing link disconnections, routing
holes, and packet losses. In addition, the weighted double Q-learning mechanism sup-
presses overestimation bias and provides more accurate Q-value estimates, enabling
WDQAR to identify optimal routes more precisely and further improve the PDR.

Fig. 6 Packet delivery rate for varying node densities

Fig. 7 Packet delivery rate for varying UAV velocities

6.4 End-to-end delay

Figure 8 shows the average end-to-end delay versus the number of UAV nodes for
different routing protocols. As the number of UAV nodes increases, the delay of all
protocols rises, mainly because a larger network leads to more hops from the source to
the destination, and each additional hop introduces extra transmission and queuing
delay. Compared with QFANET and QGEO, WDQAR achieves the lowest delay under
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all network scales. Specifically, its average delay is 16.80 ms, which is approximately
40.93% and 44.30% lower than those of QFANET and QGEO, respectively.

Figure 9 shows the variation of average end-to-end delay with UAV speed for
different routing protocols. The end-to-end delay of all routing protocols increases
with UAV speed, because rapid topology changes cause frequent link breakages, which
in turn trigger packet retransmissions. WDQAR maintains the lowest delay across
all UAV speeds, with an average delay of 18.78 ms. Compared with QFANET and
QGEO, WDQAR reduces the average delay by approximately 35.82% and 39.31%,
respectively.

Fig. 8 End-to-end delay for varying node densities

Fig. 9 End-to-end delay for varying UAV velocities

WDQAR achieves the lowest delay mainly for three reasons. First, its candidate
neighbor filtering restricts next-hop selection to a smaller set of valid neighbors, which
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shrinks the action space and accelerates convergence. Second, the geographic progress
metric in the reward function favors next hops closer to the destination, reducing
unnecessary hops and detours. In addition, the distance-based Q-value initialization
accelerates the convergence to the optimal route, and thus reduces the end-to-end
delay.

6.5 Consumed communication energy

Figure 10 shows the variation of average communication energy consumption with the
number of UAV nodes for different routing protocols. A larger number of UAV nodes
leads to higher energy consumption for all routing protocols. This is because more UAV
nodes result in more neighbors and control-message exchanges, increasing the energy
consumed in packet transmission and reception. WDQAR achieves the lowest energy
consumption under all network scales, with an average value of 11.37 J. Compared
with QFANET and QGEO, WDQAR reduces the average energy consumption by
approximately 12.34%, and 6.86%, respectively.

Figure 11 shows the variation of average energy consumption with UAV speed
for different routing protocols.The energy consumption increases with UAV speed
because faster movement shortens the link duration and causes more frequent topology
changes, which require additional HELLO message exchanges and packet retransmis-
sions.WDQAR maintains the lowest energy consumption across all UAV speeds, with
an average value of 11.40 J. Compared with QFANET and QGEO, WDQAR reduces
the average energy consumption by approximately 9.23% and 4.21%, respectively.

Overall, Figure 10 and Figure 11 demonstrate the energy efficiency of WDQAR. Its
adaptive HELLO mechanism reduces unnecessary control-message transmissions by
adjusting the HELLO interval according to network mobility. Meanwhile, the residual-
energy term in the reward function encourages the selection of energy-sufficient next-
hop UAVs, thereby balancing forwarding loads and reducing energy consumption.

Fig. 10 Consumed communication energy for varying node densities
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Fig. 11 Consumed communication energy for varying UAV velocities

6.6 Routing overhead

Figure 12 shows the variation of routing overhead with the number of UAV nodes.The
routing overhead increases with network size because a larger number of UAVs results
in more HELLO packet transmissions and receptions. WDQAR achieves the lowest
routing overhead under all network scales, with an average value of 9.94%. Com-
pared with QFANET and QGEO, WDQAR reduces the average routing overhead by
approximately 29.43% and 34.80%, respectively.

Figure 13 shows the variation of routing overhead with UAV speed. The routing
overhead of WDQAR increases with UAV speed because faster mobility shortens the
link duration and reduces mobility similarity, causing the adaptive HELLO mecha-
nism to exchange neighbor information more frequently. In contrast, the overheads of
QFANET and QGEO fluctuate only slightly because their HELLO intervals are fixed.
WDQAR maintains the lowest average routing overhead of 11.67%, which is approx-
imately 31.88% and 37.19% lower than those of QFANET and QGEO, respectively.

Fig. 12 Routing overhead for varying node densities
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Fig. 13 Routing overhead for varying UAV velocities

Overall, WDQAR reduces unnecessary control-message transmissions by using longer
HELLO intervals when the topology is stable, while shortening the intervals when
links become unstable to maintain timely neighbor information.

7 Conclusion

This paper proposed WDQAR, an adaptive routing protocol based on weighted Double
Q-learning for highly dynamic FANETs. WDQAR adaptively adjusts the HELLO
interval to reduce control overhead, filters candidate next hops by geographic progress
to shrink the action space, and weights the future-value estimates of two Q-tables
to mitigate overestimation bias and improve the accuracy of Q-value estimates. In
this protocol, a reward function is designed based on residual energy, link duration,
geographic progress, and valid-neighbor ratio. In addition, a Q-value initialization
strategy and adaptive learning parameters are introduced to further accelerate the
learning process. The simulation results show that WDQAR achieves more stable Q-
value updates than single Q-learning. It also provides a higher packet delivery ratio and
lower end-to-end delay than QFANET and QGEO under different network densities
and UAV speeds. Overall, WDQAR improves routing reliability and learning stability
in highly dynamic FANETs.

Future work will extend WDQAR to larger and more complex FANET scenar-
ios and further improve its adaptability to dynamic network conditions. In addition,
hardware-in-the-loop and real-world UAV experiments will be conducted to examine
the practical feasibility of the proposed protocol.
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