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Abstract—The low-altitude economy provides new opportu-
nities for target search, as unmanned aerial vehicles (UAVs)
improve search efficiency through aerial surveillance and data
collection. UAVs support overhead views of the search area,
while ground vehicles (GVs) offer side views, facilitating effective
collaboration in wireless networks. However, the limited battery
life restrict UAVs from performing computation-intensive and
latency-sensitive tasks, and their wireless communication links
are susceptible to jamming attacks. Therefore, this paper propos-
es a joint resource scheduling approach for an edge computing
enabled multi-UAV multi-GV cooperative target search system
under intelligent jamming attacks. Specifically, the approach
aims to minimize the uncertainty of the search area by jointly
optimizing ground base station (GBS) association, task offloading
rate, and 3D trajectory control. Since the problem is non-convex
and the intelligent jamming behavior is dynamic, a multi-agent
softmax deep double deterministic policy gradients (MA-SD3)
approach is proposed to effectively perform resource manage-
ment for target search and resist jamming attacks. Simulation
results demonstrate that the proposed approach outperforms the
baseline approaches under different settings.

Index Terms—Unmanned aerial vehicle, ground vehicle, target
search, edge computing, anti-jamming, reinforcement learning.

I. INTRODUCTION

IN recent years, target search has been a hot topic, with
widespread applications in various fields, such as disaster

management, search and rescue operations, and environmental
monitoring. Low-altitude economy refers to an economic form
that includes various low-altitude flight activities of unmanned
and manned aircraft, generating significant economic and
social value. It presents new opportunities for target search,
where unmanned aerial vehicles (UAVs) enhance search effi-
ciency through aerial surveillance and data collection [1], [2].
However, UAVs provide overhead views in target search but
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lack side perspectives, which can be addressed by integrating
ground vehicles (GVs) to offer side views. Wireless commu-
nication enables multi-GV and multi-UAV to exchange real-
time data for collaborative target search [3], which has been
emerged as a promising paradigm to effectively support air-
to-ground communication networks.

A. Literature Review

In UAV-assisted communication systems, the short battery
life and insufficient computational power restrict UAVs from
handling computation-intensive and latency-sensitive search
tasks [4]. To tackle these challenges, edge computing (EC) has
emerged as a key technology, offloading data to edge servers
for computation, which alleviates data growth pressure and
enhances computational efficiency [5], [6].

The edge computing enabled multi-UAV multi-GV can im-
prove target detection, surveillance, and anomaly identification
to better meet the complex demands of search missions in
dynamic environments by strategically allocating communica-
tion resources. Recently, significant efforts have focused on
resource optimization for edge computing in UAV and GV
networks. In the multi-UAV-aided communication scenario,
the authors of [7] aimed to minimize system latency and
energy consumption by optimizing UAV positions, association,
and transmit power. In the vehicle edge computing network,
the authors of [8] introduced an efficient offloading scheme
to maximize total utility. In both studies, UAVs and GVs
act as edge servers. However, both UAVs and GVs generate
data by capturing images in target search scenario, which
can be processed locally or offloaded to edge servers. Several
studies have explored edge computing enabled UAVs, showing
that offloading tasks to ground edge servers alleviates the
computational burden on UAVs and enhances their processing
capabilities [9]–[11]. The research on integrating UAVs, GVs,
and edge computing for target search remains limited.

The 3D target search in low-altitude economy scenario
offloads computational tasks via a wireless transmission link,
which is particularly vulnerable to jamming attacks. Rein-
forcement Learning (RL) has been widely employed in anti-
jamming due to its adaptability to dynamic environments.
For instance, in [12] and [13], the authors used an RL-based
approach to solve UAV anti-jamming challenges. In the case
of UAV-assisted edge computing, the authors of [14] applied
deep reinforcement learning (DRL) to optimize UAV hover
point selection and reduce the impact of jamming attacks.
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Additionally, the authors of [15] employed a multi-agent DRL
(MA-DRL) method for channel selection to avoid jamming
channel. These studies highlight the potential of DRL to
effectively resist malicious jamming attacks.

B. Main Contribution

Motivated by the above discussions, we design an edge com-
puting enabled multi-UAV multi-GV cooperative target search
model under intelligent jamming attacks. Specifically, we pro-
pose a joint resource scheduling approach to optimize ground
base station (GBS) association, 3D trajectory control, and task
offloading rate to minimize the uncertainty of search area. Due
to the non-convex optimization problem and dynamic jamming
behavior, we convert it into a multi-agent problem by treating
each UAV-GV pair as an agent and develop a multi-agent
softmax deep double deterministic policy gradients (MA-SD3)
approach to perform resource management. Simulation results
show that the proposed approach outperforms the benchmark
approaches under different real-world settings.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

As shown in Fig. 1, we consider 3D target search in low-
altitude economy scenarios under intelligent jamming attacks
within wireless communication systems. The search area Ω
is a rectangular plane divided into Lx × Ly discrete cells.
Each cell is identified by its center denoted as Ox,y , where(
x ∈ {1, 2, . . . , Lx}, y ∈

{
1, 2, . . . , Ly

})
. The systems search

time horizon T is divided into N time slots of varying
durations, denoted by the set N = {1, 2, ..., N}, where t[n] is
the duration of time slot n.

We regard a UAV and a GV as a pair to search for a
cell at the same time, and the set of such pairs is denoted
as P = {pi1, . . . , pik, . . . , piK}, i ∈ {U, V }, where K is
the number of pairs. When i = U , it indicates UAV pUk
in pair pik, which flies over cells at an altitude of HpUk

[n]
and captures top-view images of a cell. When i = V , it
means GV pVk in pair pik, which captures side-view images
of the cell simultaneously, with an altitude of HpVk

[n] = 0.
The UAV and GV in each pair have the same horizontal
trajectory, and the position of pair pik at time slot n is given
by upik [n] = (xpik [n], ypik [n], Hpik

[n]). The set of horizontal
movement directions Cpik [n] for UAV-GV pair pik at time slot
n includes eight directions: north, northeast, east, southeast,
south, southwest, west, and northwest. However, the available
directions are constrained by their position, as movement
range cannot exceed the boundaries of the search area. Both
the UAVs and GVs as users can offload image processing
tasks to GBS equipped with edge servers, which provides
powerful computing capacities. The set of GBSs is denoted as
Q = {1, . . . , qm, . . . , qM}, where M is the number of GBSs.
The position of GBS qm is denoted as vqm = (xqm , yqm , Hb).
Let DOx,y = {DU

Ox,y
, DV

Ox,y
} represent the search task for cell

Ox,y , where DU
Ox,y

and DV
Ox,y

are the search task sizes for
UAVs top-view and GVs side-view perspective, respectively.

Fig. 1. The wireless communication system model of edge computing
enabled multi-UAV multi-GV cooperative target search under jamming.

B. The Intelligent Jamming Model

We consider the ground jammer (GJ) as an intelligent agent,
which continuously observes the positions and computation
offloading status of UAVs and GVs. Based on this information
and employing a greedy decision-making strategy, the GJ
adjusts its movement direction and distance to maximize the
transmission delay. Its position at time slot n is given by
wGJ [n] = (xGJ [n], yGJ [n], 0). This process can be modeled
as a game between UAV-GV pairs and the jammer.

C. Communication Model

Since the UAV operates at a relatively high altitude, it
is likely to transmit line-of-sight (LoS) signals to the GBS.
According to the probabilistic path loss model, the LoS
probability between UAV pUk and GBS qm is given by
PrLoS

pUk ,qm
[n] = (1 + a1 exp(−a2(θpUk ,qm [n]− a1)))−1, where

a1 and a2 are constants that depend on the environment
conditions, and θpUk ,qm [n] is the elevation angle. Consequently,
the channel gain between UAV pUk and GBS qm is written as

hpUk ,qm [n] =

10−
(ηLoS−ηNLoS) PrLoS

pU
k
,qm

[n]+ηNLoS

10

(
4πfd

pU
k
,qm

[n]

c

)−2

,
(1)

where dpUk ,qm [n] is the distance from UAV pUk to GBS qm,
ηLoS and ηNLoS represent the propagation losses for LoS and
NLoS links, respectively.

Similar to [7], the channels from GV to GBS and from
GJ to GBS are characterized as independent Rayleigh fading.
Additionally, αV and αJ are the path-loss exponents of GV-
to-GBS and GJ-to-GBS channels, respectively. gpVk ,qm and
gJqm represent the corresponding Rayleigh fading coefficient,
while β0 denotes the reference channel gain at distance 1m.
Thus, the channel gain between GV pVk and GBS qm is
written as hpVk ,qm [n] = β0gpVk ,qm(‖vqm − upVk [n]‖)−αV ,
and the channel gain between GJ and GBS qm is given
by hJqm [n] = β0g

J
qm (‖vqm −wGJ [n]‖)−α

J

. Therefore, the
transmission rate between pair pik and GBS qm at time slot n
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can be defined as

Rpik,qm [n] =
W

εqm [n]
log2

(
1 +

Ppikhpik,qm [n]

σ2 + PJhJqm [n]

)
, i ∈

{
U, V

}
,

(2)
where σ2 gives the noise power, W is the total bandwidth
of each GBS, εqm [n] represents the number of connections
to GBS qm at time slot n, Ppik and PJ are the transmission
power of pair pik and GJ, respectively.

D. Computation Model

The system uses a partial offloading mode, with the offload-
ing rate of UAV pUk and GV pVk to the associated GBS qm
given by λpUk ,qm [n] and λpVk ,qm [n], respectively. Therefore, the
local computing delay required by pair pik is denoted as

TLoc
pik

[n] =
(1− λpik,qm [n])Di

Ox,y
C

fpik
, i ∈ {U, V }, (3)

where fpik is the computation capability of pair pik, and C
represents the number of CPU cycles required to process one
bit. The association indicator variable bpUk ,qm [n] and bpVk ,qm [n]

indicate whether UAV pUk and GV pVk are associated with GBS
qm or not at time slot n. Hence, the transmission delay from
pik to the associated qm is given by

T Tr
pik,qm

[n] = bpik,qm [n]
λpik,qm [n]Di

Ox,y

Rpik,qm [n]
, i ∈

{
U, V

}
. (4)

The UAV and GV in the pair follow the same horizontal
trajectory with movement time tmovepk

[n]. The duration of time
slot n for pair pk is calculated as tpk [n] = tmovepk

[n] +
max(T Loc

pUk
[n], T Loc

pVk
[n], T Tr

pUk ,qm
[n], T Tr

pVk ,qm
[n]). Thus, the dura-

tion of time slot n is t[n] = max(tp1 [n], tp2 [n], . . . , tpK [n]).
The energy consumption of the UAV pUk at time slot n is
denoted as Ek[n].

E. Problem Formulation

Each cell has uncertainty u(Ox,y, n) ∈ [0, 1] which reflects
the reliability of target detection results. We denote the accu-
racy of target detection as ρ, and u(Ox,y, n) will decrease as
cell Ox,y is searched at time slot n, expressed as [16]

u(Ox,y, n+ 1) = (1− ρ)u(Ox,y, n), (5)

Our objective is to minimize the uncertainty of the search
area by jointly optimizing computation offloading (GBS as-
sociation b and task offloading rate λ) and 3D trajectory
planning (horizontal movement direction of UAV-GV pairs c
and the altitude of UAVs H). The optimization problem is
formulated as follows
(P1) : minimize

{b,c,H,λ}

∑
Ox,y∈Ω u(Ox,y, N)

s.t. (C1) :
∑N
n=1 t[n] = T,

(C2) : cpik [n] ∈ Cpik [n],∀k, n, i ∈
{
U, V

}
,

(C3) :
∑M
m=1 bpik,qm [n] = 1,∀k, n, i ∈

{
U, V

}
,

(C4) : |HpUk
[n+ 1]−HpUk

[n]| ≤ tmovepk
[n]V z

max,∀k, n,
(C5) : Hmin ≤ HpUk

[n] ≤ Hmax,∀k, n.
(6)

In (P1), constraint (C1) defines the total time allocated
for systems target search. Constraint (C2) ensures that the
UAVs and GVs select movement directions within boundary
constraints. Moreover, constraint (C3) indicates that both the
UAVs and GVs can offload computation to only one GBS
servers per time slot. Constraints (C4) and (C5) limit the
maximum vertical change in altitude for each time slot and
define the allowable altitude range for UAVs.

III. MA-SD3-BASED COMPUTATION OFFLOADING AND
TRAJECTORY PLANNING APPROACH

The problem formulated in (6) is a mixed-integer nonlinear
programming problem in highly dynamic environment. There-
fore, an MA-DRL approach is proposed to capture interactions
and dependencies among agents to optimize the solution.

A. Multi-Agent Markov Decision Process

In this study, each UAV-GV pair is treated as an agent
that collaborates to cover the target search area as efficiently
as possible. This problem can be modeled as a multi-agent
Markov decision process (MDP), which consists of state space
S, action space A, and reward function R.

State space: The state sk[n] represents the information
currently observed by agent k at time slot n. This includes
the uncertainty u(Ox,y, n) of all cells, the remaining execution
time Tr[n], the positions upik [n] of the UAV-GV pair pik,
and the total energy consumption Etotalk [n] =

∑n
i=1Ek[i]

of the UAV pUk . Then the state is given by sk[n] =
{u(O1,1, n), ..., u(OLx,Ly , n), Tr[n],upik [n], Etotalk [n]}k∈K.

Action space: Each agent selects the GBS associated
with the UAVs and GVs bpik,qm [n], determines the offloading
rate λpik,qm [n] of the UAVs and GVs, controls the horizon-
tal movement direction cpik [n] of the UAV-GV pairs, and
designs the altitude HpUk

[n] of UAVs. Thus, the action s-
pace for agent k at time slot n is denoted as ak[n] =
{bpik,qm [n], λpik,qm [n], cpik [n], HpUk

[n]}k∈K.
Reward function: We incorporate both uncertainty reduc-

tion revenue and delay cost under energy constraints into
the reward design. The UAV battery capacity is set to Eb.
When Etotalk [n] < Eb, the UAV collaborates with the GV to
conduct target search, and the reward for uncertainty reduction
is defined as ρu(Ox,y, n). Otherwise, only the GV conducts
target search, and the reward for uncertainty reduction is
ρu(Ox,y, n)/2. The reward function is defined as where λ1

is weighing factor.

rk[n] =

{
ρu(Ox,y, n)− λ1t[n], Etotalk [n] < Eb,
ρ
2u(Ox,y, n)− λ1t[n], Etotalk [n] ≥ Eb,

(7)

B. MA-SD3-Based Resource Scheduling Solution

We address the problem (P1) using the MA-SD3 approach,
a DRL method designed for multi-agent environments. The
MA-SD3 employs a centralized training with decentralized
execution method. Each agent is aware of the strategies and
states of all other agents during training, while it relies solely
on its local observations to make decisions during execution.
Each agent in the MA-SD3 employs the SD3 algorithm,



4

which builds on the deep deterministic policy gradient (DDPG)
and twin delayed deep deterministic policy gradient (TD3)
algorithms. Compared to DDPG, SD3 benefits from TD3
by using the minimum of two target networks for value
estimation, reducing overestimation bias. Additionally, SD3
uses a softmax operator to refine the action-value function
for continuous control, addressing the underestimation bias
tendency of TD3. Furthermore, SD3 uses a two-actor network
to overcome the inefficient exploration problem associated
with TD3’s single-actor network.

Agent k uses the SD3 algorithm for training, which in-
volves two actor networks with weights {θtk}t=1,2 for training
and learning the model and two target actor networks with
weights {θ′tk }t=1,2 for preventing tampering with the train-
ing data. It also includes two critic networks with weight-
s {δtk}t=1,2 and two target critic networks with weights
{δ′tk }t=1,2. The actor networks πk output an action distri-
bution based on the current policy, and the critic networks
Qk evaluate the value of the actions chosen by the actor.
By comparing the estimated Q-value Qk(sk, πk(sk; θtk); δtk),
the execution action will be selected from the larger
Q-value max(Qk(sk, πk(sk; θ1

k); δ1
k), Qk(sk, πk(sk; θ2

k); δ2
k)).

Hence, this approach can enhances the exploration capability.
After executing the actions a and proceeding to the next

state s′, the experience {s, s′,a, r} will be stored in the replay
buffer B. Then, we sample a mini-batch size Mb of transitions
{sz, s′z,az, rz}, and the actor network is updated by policy
gradient descent, denoted as

∇θtkJ(θtk) =
1

Mb

Mb∑
z=1

[∇θtkπk(szk; θtk)∇akQk

(sz, az1, . . . , a
z
K ; δtk)

∣∣∣azk=πk(szk;θtk) ],

(8)

where Qk(sz, az1, . . . , a
z
K ; δtk) approximates the centralized

action-value function, and πk(szk; θtk) approximates the policy
function. It uses the minimum of two target critic networks
to estimate the target action-value function Q′k(s′

z
,a′

z
) =

min(Q′k(s′
z
,a′

z
; δ′1k ), Q′k(s′

z
,a′

z
; δ′2k )). The softmax operator

is applied to reduce overestimation and underestimation bias.
Hence, the target Q-value can be expressed as

yzk ← rzk + γsoftmaxβ
(
Q′k(s′

z
, ·)
)
, (9)

where γ represents the discount factor. Consequently, the
weights {δtk}t=1,2 of the critic networks are trained by mini-
mizing a loss function defined as

Lk(δtk) =
1

Mb

Mb∑
z=1

(
yzk −Qk(sz,az; δtk)

)2

. (10)

The MA-SD3 approach is summarized in Algorithm 1.

C. Complexity Analysis

Each actor and critic network consists of an input layer,
an output layer, and three hidden layers, with the actor
network having lai neurons and the critic network having lci
neurons in the i-th hidden layer. Let Ne, Ns, Mb, and D
denote the number of training episodes, the number of steps

Algorithm 1 MA-SD3-Based Approach
Initialize: Each agents actor network πk with weights
{θtk}t=1,2 and critic networks Qk with weights {δtk}t=1,2.
Initialize: Target networks parameters θ′tk ← θtk, δ′tk ← δtk.
1: for each episode do
2: Initialize the state s[1] = (s1[1], s2[1], . . . , sK [1]).
3: for n = 1 to Ns do
4: Each agent selects actions ak[n] ∼ πk(sk[n]; θtk) + ε.
5: Execute a[n] = (a1[n], a2[n], ..., aK [n]), obtain next
state s[n+ 1], and get reward r[n] = (r1[n], r2[n], ..., rK [n]).
6: Store {s[n],a[n], r[n], s[n+ 1]} in the replay buffer B.
7: for each agent k do
8: Sample mini-batch {sz, s′z,az, rz} of size Mb of
transitions from B.
9: Update actor and critic networks by (8) and (10).
10: Update target networks by using soft update rule.
11: End for
12: End for
13: End for

in each episode, the size of the mini-batch, and the replay
buffer size, respectively. The computational complexity for
K agents in the MA-SD3 approach is given by O((NeNs −
D)KMb(

∑3
i=0 4lai l

a
i+1 +

∑3
i=0 4lci l

c
i+1)).

IV. SIMULATION RESULTS AND ANALYSIS

In the simulation, the search area Ω is 200×200 m2, divided
into 10×10 cells. Four UAV-GV pairs are positioned at [1, 1],
[10, 10], [1, 10], and [10, 1], with a horizontal speed of V h =
15 m/s and a maximum vertical speed of V z

max = 10 m/s.
Additionally, the UAVs fly at an altitude range of [50, 100] m.
Two GBS are located at [5, 1] and [6, 10]. A GJ starts at the
origin with a fixed speed of 10 m/s and transmits jamming
signals with a power of PJ = 0.15 W. The total area search
time is T = 240 s, and target detection accuracy is ρ = 0.6.

We evaluate the performance of the proposed MA-SD3-
based computation offloading and trajectory planning ap-
proach (called MA-SD3-COTP) compared with four baseline
schemes: 1) The SD3-based computation offloading and tra-
jectory planning approach (called SD3-COTP), which treats
all pairs as a single agent for training. 2) The MA-TD3-
based computation offloading and trajectory planning approach
(called MA-TD3-COTP). 3) The MA-DDPG-based compu-
tation offloading and trajectory planning approach (called
MA-DDPG-COTP). 4) The MA-SD3 approach is used for
trajectory planning optimization (called MA-SD3-TP).

The convergence performance of the proposed MA-SD3-
COTP approach and benchmark approaches in terms of aver-
age uncertainty is shown in Fig. 2. The SD3-COTP approach
is more susceptible to local optima in complex large-scale
scenarios, and its single-agent perspective may lead to greater
fluctuations. In contrast, MA-DRL approach improves system
performance and adaptability through the collaboration and
competition of multiple agents. The MA-SD3-COTP approach
outperforms MA-TD3-COTP and MA-DDPG-COTP by lever-
aging SD3 for agent training, which uses a softmax policy
to model action probabilities, enabling more flexible action
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Fig. 2. Convergence performance comparisons.

Fig. 3. Comparison of average uncertainty at varying detection accuracy.

exploration. Additionally, compared to MA-SD3-TP, the MA-
SD3-COTP approach allows for more efficient resource allo-
cation and effective resistance against jamming attacks.

Fig. 3 plots the average uncertainty of the search area
versus target detection accuracy for five approaches with
four UAV-GV pairs. As expected, the average uncertainty
of all approaches decreases monotonically with increased
target detection accuracy, though the rate of decrease becomes
progressively slower. This is because higher target detection
accuracy enables more precise identification of the search area,
thereby reducing uncertainty. Moreover, it is evident that the
MA-SD3-COTP approach consistently shows lower average
uncertainty compared to MA-TD3-COTP, MA-DDPG-COTP,
SD3-COTP and MA-SD3-TP, with reductions of up to 19%,
34%, 27%, and 32%, respectively, which demonstrates the
effectiveness of the proposed approach.

In Fig. 4, we demonstrate the impact of the number of UAV-
GV pairs on the average uncertainty of the search area with a
target detection accuracy of 0.6. We observe that search perfor-
mance improves when more UAV-GV pairs are involved in the
search process. However, once the uncertainty is sufficiently
reduced, excess UAVs and GVs provide minimal performance
gains and lead to inefficient resource utilization. Furthermore,
compared with other approaches, our proposed approach al-
lows UAV-GV pairs to collaborate efficiently, resulting in a
more significant reduction in search area uncertainty.

V. CONCLUSION

In this paper, we explore the resource scheduling for an edge
computing enabled multi-UAV multi-GV cooperative target
search system under intelligent jamming attacks. Specifically,
we propose the MA-SD3 approach to minimize the uncertainty

Fig. 4. Comparison of average uncertainty at varying pair numbers.

of the search area by jointly optimizing GBS association, 3D
trajectory control, and task offloading rate. Simulation results
verify the effectiveness of the proposed approach.
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