
Enhancing Battlefield Awareness: An Aerial
RIS-assisted ISAC System with Deep Reinforcement

Learning
Hyunsang Cho∗, Seonghoon Yoo∗, Bang Chul Jung†, Joonhyuk Kang∗

∗Korea Advanced Institute of Science and Technology (KAIST), Daejeon, Korea
†Chungnam National University, Daejeon, Korea

Email: ∗ {whgustkdi, shyoo902}@kaist.ac.kr † bcjung@cnu.ac.kr, ∗ jhkang@kaist.edu

Abstract—This paper considers a joint communication and
sensing technique for enhancing situational awareness in practical
battlefield scenarios. In particular, we propose an aerial recon-
figurable intelligent surface (ARIS)-assisted integrated sensing
and communication (ISAC) system consisting of a single access
point (AP), an ARIS, multiple users, and a sensing target.
With deep reinforcement learning (DRL), we jointly optimize
the transmit beamforming of the AP, the RIS phase shifts,
and the trajectory of the ARIS under signal-to-interference-
noise ratio (SINR) constraints. Numerical results demonstrate that
the proposed technique outperforms the conventional benchmark
schemes by suppressing the self-interference and clutter echo
signals or optimizing the RIS phase shifts.

Index Terms—Military communication systems, integrated sens-
ing and communication (ISAC), aerial reconfigurable intelligent
surface (ARIS), and deep reinforcement learning (DRL).

I. INTRODUCTION

The demand for advanced wireless sensing and communica-
tion technologies is increasing as the battlefield environment
becomes more complex and dynamic due to the increase
in the variety of devices. Recently, integrated sensing and
communication (ISAC) has been recognized as a promising
technology for future wireless networks using high-frequency
bands, e.g., millimeter wave (mmWave) [1]. In particular, ISAC
can potentially enhance overall operational efficiency on the
battlefield, given that radar sensing and wireless communication
share the same spectrum and hardware facilities [2].

The overall process of the ISAC downlink system generally
proceeds with the access point (AP) transmitting ISAC signals
to users and processing echo signals reflected from the target.
However, due to the dominant line-of-sight (LoS) channel
characteristics of the links, ISAC in military scenarios cannot
avoid the problem of being blocked by various obstacles, e.g.,
mountains, and causing severe path loss as the communication
distance increases [3]. To overcome the physical limitations
of the LoS channel, reconfigurable intelligent surface (RIS) is
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emerging as a key technology that expands target detection
and communication range by adjusting the phase shifts to
reconfigure signal propagation [4], [5]. The authors in [5]
propose the joint transmit and receive beamforming in a RIS-
aided single-target multi-user ISAC system. Deploying a ter-
restrial RIS between an AP and a ground node, however, has
limitations in providing sufficient quality-of-service (QoS) in
the dynamic battlefield environment. On the other hand, aerial-
RIS (ARIS), which mounts RIS on an unmanned aerial vehicle
(UAV), can provide more effective sensing and communication
performance in a dynamic battlefield environment by leveraging
mobility [6]. In [7], the ISAC system assisted by ARIS is con-
sidered to reconfigure the propagation environment to counter
malicious jammers flexibly.

The solutions in previous works [6], [7] addressing ARIS
systems for sensing or communication networks are mostly
provided by convex optimization and cannot be quickly applied
to battlefield scenarios. The deep reinforcement learning (DRL)
approach has been actively adopted as an alternative to conven-
tional optimization approaches due to its advantage of deriving
policies while interacting with the environment through a deep
neural network. Among DRL algorithms, deep deterministic
policy gradient (DDPG) is known to converge and operate well
in continuous action spaces such as ARIS trajectories [8]. The
authors of [9] propose a DRL-based ARIS trajectory design
for communication and localization with a vehicle. However,
from a practical perspective, the self-interference problem [10]
cannot be ignored when the AP operating in full-duplex mode,
and a method to suppress clutter echo signals [3] is also
required.

This work focuses on the DRL-based ARIS-assisted ISAC
system in military scenarios, where a multi-antenna AP serves
ground users and detects a target. We aim to minimize the
Cramér-Rao bound (CRB) [11] for target localization by jointly
optimizing the transmit beamforming, the RIS phase shifts, and
the ARIS trajectory. Moreover, to address the challenge posed
by self-interference and clutter echo signals, we leverage a null-
space projection (NSP)-based receive beamforming scheme
[12] that suppresses these signals. To cope with the non-
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Fig. 1: Illustration of the proposed ARIS-assisted ISAC sys-
tems.

convexity of the formulated problem, we propose a DDPG-
based algorithm that searches for the optimal policy while
interacting with the environment. Via simulations, the proposed
method is verified to outperform other benchmark methods,
such as fixing the RIS phase shifts or not applying the NSP-
based receive beamforming scheme.

The rest of the paper is organized as follows: In Section
II, we introduce the system model, including the channel,
communication, and radar sensing models of the ARIS-assisted
ISAC systems. Section III presents the proposed DRL-based
algorithm that aims to minimize the overall system’s CRB.
Numerical results are shown in Section IV, and Section V
concludes the paper.

Notation: In this paper, we denote (·)H as complex conju-
gate transpose; (·)∗ as complex conjugate; (·)T as transpose;
∥·∥ as the Euclidean norm; ⊙ as the Hadamard (element-
wise) products; ⪰ denotes the positive semi-definite; and
diag(a1, · · · , aN ) denotes a diagonal matrix with diagonal
elements a1, · · · , aN .

II. SYSTEM MODEL

A. Set-up

We consider a battlefield condition, which assumes that the
direct LoS links between the AP and nodes in the battlefield
are blocked, as depicted in Fig. 1. In these situations, we
propose an ARIS-ISAC system, which consists of a full-duplex
AP with a M uniform linear array (ULA) antennas, an ARIS
with N passive transmission-reflection units to serve K single-
antenna ground users, and a point sensing target. An ARIS
is deployed to create virtual LoS links leveraging mobility to
support communications and facilitate target detection [6]. In
the scenario we cover, we assume a point-sensing target with
a single path due to the long distances between links in a far-
field environment and the relatively small spatial extent [13].

For traceability of analysis, ARIS operates for a total Ltot

time slots (TSs), and each slot becomes a hovering point for
ARIS to perform both sensing and communication, assuming
that the channel does not change for ∆ seconds [14]. In the
following, we use the notations of ‘U’ for the ARIS. ARIS
hovers at a fixed altitude H and flies at the velocity variable
vU
l = {vx,l, vy,l} with the horizontal velocity vx,l and the

vertical velocity vy,l in TS l ∈ {1, 2, ..., Ltot} ≜ L, both
of which are limited by the maximum velocity constraint
vmax. Accordingly, ARIS’s coordinates can be expressed as
pU
l = (xU

l , y
U
l , H)T , where xU

l = xU
0 +

∑l
l′=1 vx,l′∆ and

yU
l = yU

0 +
∑l

l′=1 vy,l′∆. The AP, sensing target and the user
k ∈ K ≜ {1, 2, ...,K} are on the ground and assumed to
be fixed at pAP = (xAP, yAP, 0)T , pTar

s = (xTar
s , yTar

s , 0)T and
pUser
k = (xUser

k , yUser
k , 0)T , respectively.

To demonstrate the ISAC signal transmitted from the AP at
the TS l, let sk,l denotes the transmit communication signal by
the AP at TS l ∈ L, and wk,l ∈ CM×1 denotes the correspond-
ing transmit beamforming vector. The dedicated sensing signal
vector at TS l is given by xs,l = ws,l ⊙ ss,l ∈ CM×1, where
ws,l and ss,l are the corresponding radar beamforming vector
and transmit signals, respectively. By following [5], the sample
covariance matrix of xs,l is Rs,l = E[xs,lx

H
s,l] ⪰ 0,∀l ∈ L.

Then, the transmitted signal xl ∈ CM×1 by the AP at TS l is
expressed as

xl =
∑
k∈K

wk,lsk,l + xs,l. (1)

Here, we consider a total transmit power constraint as∑
k∈K ∥wk,l∥2 + tr [Rs,l] ≤ PAP,∀l ∈ L, where PAP denotes

the maximum power budget of the AP.
In particular, the RIS shifts the phases of the reflecting ele-

ments with unit amplitudes. RIS not only provides a communi-
cation link between the AP and the user, but also allows the AP
to receive echo signals for target detection [13]. The reflection
matrix in TS l can be defined as Φl = diag(ejθ1 , ..., ejθN ) ∈
CN×N , where θn denotes the phase-shift of the n-th element
of the RIS.

B. Channel model

At each TS l, all channel coefficients are assumed to be
quasi-static flat fading. This implies that the channel power
gain GAP,U

l ∈ CN×M between AP’s m-th antenna element and
n-th RIS element of ARIS in TS l [15] can be written as

[GAP,U
l ]n,m =

β0

∥pAP − pU
l ∥2

,∀n ∈ N ,∀m ∈M, (2)

where β0 denotes the reference channel power gain of the G2A
link. Similarly, for the channel power gain between ARIS and
user k, we define hU,k

l ∈ CN×1 as

[hU,k
l ]n =

β0

∥pU
l − pUser

k ∥2
,∀k ∈ K,∀n ∈ N . (3)

We consider a LoS model for the ARIS-target link to
facilitate departure-of-arrival (DoA) estimation. Let θi de-
note the DoA with respect to the RIS, and the steering
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vector at the RIS with angle θi is given by al(θi) =
[1, ej2πdRIS sin θi/λ, ..., ej2π(N−1)dRIS sin θi/λ]T ∈ CN×1, where
dRIS denotes the spacing between elements at the RIS and λ
denotes the wavelength. The i element must consider the target
and the clutters, i.e., users, during the reflection process [3].
In this case, the target response matrix Hl ∈ CN×N for the
ARIS-target-ARIS link is modeled as the summation of target
reflection HTar

l and echo signal from the clutters HC
l as follows:

Hl = HTar
l +HC

l = αs,lAl(θs)︸ ︷︷ ︸
Target reflection

+
∑K

k=1
αk,lAl(θk)︸ ︷︷ ︸

Echo signal of clutters

, (4)

where Al(θi) ≜ al(θi)a
H
l (θi). Additionally, the two-way chan-

nel power gain between the ARIS and node i ∈ {s, 1, ...,K} in

TS l is denoted by αi,l =
√
βs/(di,l)

4, where di,l represents
the distance from ARIS to the node i and βs is the reference
channel power gain considering radar cross-section (RCS) over
the target when di,l = 1m.

Without loss of generality, a full-duplex AP cannot avoid
additional signal attenuation problems that occur through self-
interference (SI) in receiving sensing echo [10]. According to
[3], [16], residual SI channel can be expressed as [GSI]i,j =√

γSI
i,je

−j2πdi,j/λ,∀i, j ∈ M, where γSI
i,j and di,j denote the

residual SI channel power and the distance between the i-th
transmit antenna and j-th receive antenna.

C. Communication Model

This section considers wireless communication signals trans-
mitted from the AP and received by user k via ARIS. The
received signal by user k at TS l is

yk,l = (hU,k
l )HΦlG

AP,U
l xl + nk,l

= (hU,k
l )HΦlG

AP,U
l wk,lsk,l︸ ︷︷ ︸

desired information signal

+(hU,k
l )HΦlG

AP,U
l

∑
i∈K,i̸=k

wi,lsi,l︸ ︷︷ ︸
inter-user interference

+ (hU,k
l )HΦlG

AP,U
l xs,l︸ ︷︷ ︸

sensing signal interference

+nk,l, ∀k ∈ K,∀l ∈ L,

(5)
where nk,l ∼ CN (0, σ2

k) denotes additive white Gaussian noise
(AWGN) at the receiver of user k with noise power σ2

k. Con-
sidering sensing signal interference and inter-user interference
[5], the corresponding signal-to-interference-noise ratio (SINR)
of user k can be denoted as

Γk,l =

∣∣∣hH
k,lwk,l

∣∣∣2∑
i∈K,i̸=k

∣∣∣hH
k,lwi,l

∣∣∣2 + hH
k,lRs,lhk,l + σ2

k

(6)

, ∀k ∈ K,∀l ∈ L, where hk,l ≜ (GAP,U
l )HΦH

l hU,k
l .

D. Radar Sensing Model

We first implement an effective receive beamforming method
for the radar sensing model that suppresses both SI and clutter
echo. Then, the CRB of target coordinates is derived as the
sensing performance.

1) Receive beamforming design: The AP needs to design
effective receive beamforming that can properly receive the
target echo from signals generated by other components. The
received echo signal by the AP receiver zs,l ∈ CM×1 in TS l
can be written as

zs,l =
(
(GAP,U

l )TΦT
l H

Tar
l ΦlG

AP,U
l

+ (GAP,U
l )TΦT

l H
C
l ΦlG

AP,U
l︸ ︷︷ ︸

Clutter echo

+ GSI︸︷︷︸
SI

)
xl + ns,l, (7)

where ns,l ∼ CN (0, σ2
sIM ) is the noise generated by each

antenna of the ULA in the AP and σ2
s is the noise power at

the AP. To effectively suppress echoes from clutters in equation
(4) and SI, we propose the null-space projection (NSP) method
[12]. After projecting the signal in the null-space direction of
the SI and the clutter echo signals, the receive beamforming
matrix fs,l ∈ CM×1 is derived in a closed form as follows:

fs,l =

(
(I−CC+) (GAP,U

l )TΦT
l al (θs)

)∗∥∥(I−CC+) (GAP,U
l )TΦT

l al (θs)
∥∥ , ∀l ∈ L, (8)

where C=[GSIw1,l, ...,G
SIwK,l,G

SIws,l, (G
AP,U
l )TΦT

l al (θ1)
, ..., (GAP,U

l )TΦT
l al (θK)]. Finally, we then derive the received

signal ẑs,l = fTs,lzs,l that can more precisely estimate the target
coordinates.

2) CRB Derivation of Target Coordinates: Our goal is to
estimate the target coordinates accurately in the battlefield
situation. CRB can provide a lower bound for the minimum-
squared error (MSE) of any unbiased estimator [11]. Therefore,
we aim to minimize the CRB, which is the inverse matrix
of the Fisher information matrix (FIM) for estimating the
target coordinates pTar

s = (xs, ys) as the sensing performance
metric. In Chapter II-D, we can estimate the distance between
the target and ARIS ds = [ds,1, ..., ds,Ltot

]
T based on the

estimated target DoA for each TS through the received target
echo signal. Therefore, the FIM of the distance between ARIS
and the target J(ds) is first constructed, and then the FIM of
the target coordinates J(pTar

s ) is derived through mathematical
relationships, which is adopted in recent works [17], [18].

According to [19], the variance of measurements d̂s is in-
versely proportional to the received signal-to-noise ratio (SNR)
of the ISAC echo as

[σ(ds,l)]
2 =

a

SNRs,l
=

aσ2
s

PAPGp∥(GAP,U
l )TΦT

l H
Tar
l ΦlG

AP,U
l ∥2

,

(9)
where a is a pre-determined constant considering various
factors, i.e., terms for communication between ARIS and AP,
and Gp is the signal processing gain. Therefore, measurement
covariance C(ds) of the distribution that the measurement
vector follows with d̂s ∼ N (ds,C(ds)) can be obtained
through a total of Ltot hovering points. With this assumption,
we can derive the general expression of p, q-th element in J(ds)
according to [20]. The detailed process of deriving the C(ds)
and J(ds) are introduced in the Appendix.

Based on the FIM for the distance, we can obtain the FIM
of target coordinates as J

(
pTar
s

)
= QJ (ds)Q

T , where Q =
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∂(ds)
T /∂pTar

s . Next, the CRB matrix of ps can be derived as
CRBpTar

s
=
[
J
(
pTar
s

)]−1
. Finally, CRB of coordinates xs, ys

can be derived as

CRBxs,ys
= CRBxs

+CRBys
=
[
CRBpTar

s

]
1,1

+
[
CRBpTar

s

]
2,2

.

(10)

III. PROPOSED ARIS-ASSISTED ISAC SYSTEM WITH DRL

We aim to minimize the CRB of target coordinates by
jointly optimizing the beamforming vectors {wk,l},Rs,l, the
RIS phase shifts Φl and the ARIS’s velocity vU

l for all l. To
this end, we formulate the optimization problem as

(P1): min
vU
l ,{wk,l},Rs,l,Φl

CRBxs,ys
(11a)

s.t. −Wmax ≤ xU
l , y

U
l ≤Wmax, ∀l ∈ L, (11b)

vx,l, vy,l ≤ vmax, ∀l ∈ L, (11c)
Γk,l ≥ Γth,∀k ∈ K, ∀l ∈ L, (11d)∑

k∈K
∥wk,l∥2 + tr [Rs,l] ≤ PAP, ∀l ∈ L, (11e)

Rs,l ⪰ 0, ∀l ∈ L, (11f)
|[Φl]n,n| = 1, ∀n ∈ N ,∀l ∈ L, (11g)

where (11b) ensures that the ARIS travels within a 2Wmax-side-
length square; (11c) represents the constraints for the ARIS’s
maximum velocity; (11d) is the SINR constraint; (11e) and
(11f) represent the constraints of transmit power and positive
semi-definite condition of Rs,l, respectively; (11g) guarantees
that the reflection coefficient is a unit vector.

To solve the non-convex problem (P1), we propose the DRL-
based framework as in Algorithm 1. In the Markov decision
process (MDP), the agent has a state sl, and takes action al in
TS l. Given sl and al, as the agent proceeds with the various
interactions in the environment, the agent obtains a reward rl
and the next state sl+1.

Among DRL techniques, the DDPG algorithm [8] has been
actively adopted in dynamic environments since it is well-
known to work well in the continuous action domain, such as
ARIS trajectory. In the process of searching the optimal policy
π that maximizes the accumulated reward, the DDPG algorithm
simultaneously learns the actor (µ) and critic (Q) network
with parameters θµ and θQ, respectively. The actor network
learns the optimal policy that specifies the action for the state
according to the following objective function according to the
policy gradient method:

∇θµJ ≈ E
[
∇θµQ(s, a|θQ)|s=sl,a=µ(sl|θµ)

]
, (12)

where Q(s, a|θQ) is the expected value of the state and action,
and we call this value an action-value function. The critic
network is a process of learning the action-value function, and
instead of the existing greedy policy, it minimizes the loss
function as follows,

L(θQ) = E
[(
Q
(
sl, al|θQ

)
− yl

)2]
, (13)

where sample yl = rl + γQ′(sl+1, µ
′(sl+1|θµ

′
)|θQ′)

and γ ∈
[0, 1] is the discount factor. Additionally, to increase learning

Algorithm 1 The proposed DRL-based method for ARIS-
assisted ISAC systems

Input: Structures of actor, critic and target network.
Output: vU

l , {wk,l},Rs,l,Φl.
1: Initialize: Replay buffer B, actor µ, critic Q and target

network µ′ and Q′ with θµ, θQ, θµ
′← θµ and θQ

′← θQ;
2: for Episode=1,.2,...,Emax do
3: Initialize environment setting;
4: for TS in Ltot do
5: Execute action al = µ(sl|θµ) +N ;
6: Optimize phase shifts Φl and transmit beamformers

Rs,l, {wk,l} in a changed environment by [5];
7: Obtain estimated target location x̃s,l, ỹs,l via MLE;
8: Obtain rl and sl+1;
9: Store transition

(
sl, al, rl, sl+1

)
in B;

10: end for
11: Randomly sample a mini-batch transitions from B;
12: Update actor and critic network by (12) and (13);
13: Update target networks as θQ ← τθQ + (1 − τ)θQ

′

and θµ
′ ← τθµ + (1− τ)θµ

′
;

14: end for

convergence, the actor network and critic network have a copy
of the target networks (µ′, Q′) to perform soft updates.

Here, to optimize the ARIS’s trajectory based on the DDPG
method, we define the state, action, and reward function in TS
l as follows:

State: Let S denote the system state space as S = {sl|sl =
{xU

l , y
U
l , x̃s,l, ỹs,l}, where x̃s,l, ỹs,l are estimated x, y coordi-

nates of target in TS l, respectively.
Action: Let A denote the system action space as A =
{al|al = {vx,l, vy,l}l∈L}.

Reward: We define rl = 1/CRBx̃s,l,ỹs,l
− rp as a reward

function, where CRBx̃s,l,ỹs,l
is the value obtained for the

estimated target location, and rp is the penalty value when the
ARIS is out of the given map. If ARIS moves off the map,
it will be set to its previous location. The proposed method
is provided in Algorithm 1 based on the settings above. After
setting the initial weights and parameters, the proposed system
model is operated for each episode. First, ARIS moves each TS
by adding a noise process N to the previous action obtained
through the actor network for exploration. Next, we obtain
the optimal solution for the remaining variables except for
velocity variables vx,l, vy,l. The method of solving transmit
beamforming and RIS phase shifts through convex optimization
[5] can be applied to this system considering SINR constraints.
Afterward, the estimated target coordinates x̃s,l, ỹs,l are deter-
mined through maximum likelihood estimation (MLE) based
numerical methods [11]. Then, the CRB of the estimation target
coordinates based on (10) can be derived from the optimized
variable settings in TS l. When an episode ends, the networks
are updated based on accumulated rewards and samples, and
this process is repeated until the network converges.
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TABLE I: Simulation parameter setting

Parameter Value Parameter Value

a 3.5 PAP 40 dBm
Ltot 12 γSI

i,j −110 dBm [3]
Wmax 100 m σ2

s −110 dBm
∆ 1 s σ2

k −100 dBm
H 50 m β0 −20 dB
B 1 MHz βs −47 dB [17]
Gp 0.1B [17] Γth 10 dB
vmax 8 m/s γ 0.95

M 16 τ 0.005

N 16

0 100 200 300 400 500

Episode

0

10

20

30

40

50

R
ew

ar
d

Proposed Method

Fixed RIS

Without NSP [9]

Fig. 2: Reward versus number of episodes.

IV. SIMULATION RESULT

In this section, we provide several simulation results to vali-
date the performance of the proposed method for ARIS-assisted
ISAC systems. For benchmarks, we consider the following
schemes:

• Fixed RIS: The proposed algorithm optimizes the transmit
beamforming and the ARIS’s trajectory, while the RIS
phase shift is fixed to the sensing target.

• Without NSP: All optimization variables are designed by
the proposed algorithm without adopting the NSP-based
receive beamforming scheme.

For simulations, we consider the parameter setting provided in
Table I by following [5], [17]. We set Emax = 500 episodes
with a learning rate 3 × 10−4, the replay buffer capacity is
8000, the mini-batch size is 70, and AdamOptimizer is used in
the training stage. Both the actor and critic networks consist of
fully connected hidden layers with [300, 100, 100] neurons.

Fig. 2 illustrates the accumulated reward of the proposed
DRL-based method according to the training episode. Initially,
all schemes tend to have negative reward values due to the
impact of penalties rp when ARIS goes off the map. While
the Without NSP scheme achieves a reward close to 0, the
other schemes, including the proposed method, tend to converge
starting from episode 200. In addition, the proposed method
achieves the highest reward than other benchmark schemes. The

1 2 3 4 5 6 7 8 9 10 11 12
0

20

40

60

80
Proposed Method

Fixed RIS

Without NSP [9]

Fig. 3: The squared estimation error versus TS. (Γth = 10 dB).
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Fig. 4: Optimal ARIS trajectories of the proposed method
according to the different SINR threshold Γth. (The coordinates
of the estimated target x̃s,l, ỹs,l is depicted when Γth = 10 dB.

sensing performance mentioned hereafter is analyzed based on
the dataset obtained from the instance of the highest reward.

In Fig. 3, we compare the sensing performance of the
proposed method with benchmark methods according to the TS.
Here, we use squared estimation error (SEE), which represents
the error in the estimated target coordinates. The Without NSP
scheme achieves the worst SEE because it does not suppress
the effects of clutter echo and SI and thus obtains lower SNR
values in (9). While the Fixed RIS method decreased SEE
starting from TS 5, the proposed method rapidly achieved the
minimum SEE after TS 3. It is verified that the proposed
method, which jointly optimizes all variables and can cancel
both SI and clutter echo, shows superior sensing performance
and can rapidly stabilize battlefield situations.

Fig. 4 depicts the optimized ARIS trajectories of the pro-
posed method according to the different SINR threshold Γth. It
can be observed that the SINR threshold determines the optimal
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location where ARIS will converge at the boundary between the
target and the users. As the SINR threshold increases, there is
a tendency to move towards the users rather than the target
to accommodate more communication signals. In addition, we
marked the estimated coordinates of the target (pink dashed
line) when Γth = 10 dB. As depicted in Fig. 3, the proposed
method can estimate the actual coordinates of the target almost
similarly after TS 3.

V. CONCLUSION

In this paper, we propose a novel ARIS-assisted ISAC system
for enhancing the awareness of practical battlefield scenarios.
With the DRL-based method, our proposed framework jointly
optimizes AP beamforming, ARIS trajectory, and RIS phase
shifts. In addition, a NSP-based receive beamforming technique
is employed to efficiently mitigate self-interference and clutter
echoes. We validate that the proposed method significantly
outperforms the conventional benchmark schemes in terms of
sensing capability. Moreover, we demonstrate that ARIS is
capable of adaptive path planning in various battlefield environ-
ments, creating new opportunities for military communications
and target detection. As future works, more realistic battlefield
scenarios and alternative machine learning models can be
explored to enhance performance and scalability, advancing the
development of next-generation military ISAC technologies.

APPENDIX

A. Derivation of measurement covariance C(ds) and FIM
J (ds)

First, we assume measurements d̂s satisfies d̂s ∼
N (ds,C (ds)) such that both the mean and covariance
can depend on the distance parameter ds, where d̂s =[
d̂s,1, ..., d̂s,Ltot

]T
. Based on the variance in (9), the measure-

ment covariance C(ds) can be derived as

C (ds) = diag
(
[σ(ds,1)]

2, ..., [σ(ds,Ltot)]
2
)

=
aσ2

s

PAPGpβs
diag

(
[ds,1]

4

∥ZEcho
1 ∥2

, ...,
[ds,Ltot ]

4

∥ZEcho
Ltot
∥2

)
,

(14)

where ZEcho
l = (GAP,U

l )TΦT
l H

Tar
l ΦlG

AP,U
l . By following [20],

the general expression of p, q-th element in FIM can be
expressed as

[J (ds)]p,q =

[
∂ds

∂ds,p

]T
C−1 (ds)

[
∂ds

∂ds,q

]
+

1

2
tr

[
C−1 (ds)

∂C (ds)

∂ds,p
C−1 (ds)

∂C (ds)

∂ds,q

]
.

(15)

Due to the diagonal nature of the measurement covariance, each
component of FIM becomes 0, if p ̸= q ∈ {1, ..., Ltot}. To this
end, the closed form of J (ds) is

J (ds)

= diag

(
1

[σ(ds,1)]
2 +

8

[ds,1]
2 , ...,

1

[σ(ds,Ltot)]
2 +

8

[ds,Ltot ]
2

)
.

(16)
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