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THT BARMIBATHCR. R, FIRITEFRAHRE
UAVHHE R A i 72 s R )

X TUAVAES, JLHZHERESTREH, &
FFERIM Aol & K HE . KAolEIKE 5 B/ b
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t AL E, LY = (15,17, 17) RN UAVIER B
BahmaE, X, 1 Z R Ba Mg E .
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T To T ¥ & AL . X T B Beak g, AN SR AR
R HHR UAVRIToT ¥ & (5 B4 20,
EAERENZ, WS, RISFIEANLKIE
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RIS ) R R bR . B T NS B NS Sk
Bl (RIS R ZEIR o TEARSCH, BHERERGCK
T AR A A BRI, BY 32 R AS SR A
Wi EF, BUMAR 2 B2 R R AR B s 0T,
I, ARG, UAVE RELOT R & 5O
FH— AR I A, fEXAEREF, UAV
s BL5E B Lo T 2% 1) £ 0 HL 205 2 S/ I Bl 1%
FE AR, R R Aol R m NP

A B 1 nn,t _ 1, Rg}? 2 RMIN .

T Apen +1 Hidte {an
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Hrf, G, G, Gy G BIRRORBUE, BUE AT LSk
B M REAE L A A A e 3 . AR IZARAN B
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RAEUAVIZEE, M EoTHR &, KEIHH
EAEEEE, RAMERIPFEI RS, B
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UAV WA RIBEALIE SR IR 2, M DL
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A1) P 5 O T P LA RO
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i, AT UAVES SRR T 8 Y 5
W, ST EAEUAVECR R H A5
3 ERRI
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efs SERSERIAE L, LSRR KR
FASCHR B BRI, B UAVAS 0 5
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REPR AT ARG iR AL Sems . BAAORYL, X1 AL (20)
X N PR i A 2 S R E AR
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N T ¥k o TR B R 2 S 5k, AR
BRAT LIRS IES IS E R, JFIRYE L — iR
UAVIIREE . ToTR&MREGEERE, #IA
ISR, SRJEHEEIN —IRE . BAoRU, B ReiAsE
Iif 52 ¢ WL 5 21 (A BER A T AR AR

St = [nglvyyfhZ}Jﬁl»ltxflJzilvlthl?At] (21)

He, o,y 2 BARUAV E—B BRI E,
X, 0, 17 RRUAVIE L —IIREX, Y, ZH -
BB EE.
3.2 mfETENEIT

AEZ 2 E | BRI B T AT . X R
TREZEBE, AR e AR AT LIRS S8 %
HOEZE I E . 0T AR SCE LHRUAV i R A
Bk, BHIARRARE: UAVIIH, 5%
R E IR UL S I o TR 4 I B, FE ik, &
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ar = [y g2 01 ) (22)

Hrp, p, € {1,2, -, NYFORBREALESS ¢ M BN ToT
BRI BNE
3.3 ER#It

Sl ek BT B TR AR AE IR BT th AT B R S
ARGt B A . AR ST )22 il R B B4 P
gy, i RERAREBH RSN, O
U A VAE 8 1 42 3 F2 11 B 2 7 FE ATUSCER A5 B K8
BERE s ) —ia X TR ek A A S AT A%
TRES, AIEHUAVERIE 45 & 34k X RS 15 11
BT SN

re = QLA + GEF + GE + GEY — A, (23)
Hrb, ARIRUAVEGL $5 E 34E X R 15 51 .

Z, AT B AREEAR A AR REVR IR K]
B4, B

Gt = Z'}’tilrt (24)

Horr, yZoRIrinR 1.
3.4 FIFERIT
W EATENE, AT PR MBI E A A
BOHURAAE . Rl DR & F T 2 s A R 00
JZ QM % (Double Deep Q-Network, DDQN)2: >
R 9 K B g o 7 VR AT LA RO DAt i
DQN(Deep Q-Network) " AELE i Ali 1 7] f, #
I FIANEAG TR, DDQN RS B NFS e
IUHRE RIS KR . £ TDDQNMRISHBIUAV
I R S SR 4 A T B2 TR
B, T Hira(24), BT RN
RS R BB RERE —RTGEE A
SIERAE, P T4 KRB R, FZRMEA
[F) 5 S B8 AR N B R AR ISR, RSN EE s 2
Qx(s,a) =E[G; | s = s,a; = a] (25)
HRME M ) A I AR AT AT P it 5 TR A R KU
KRR, W ILHRMTTEA BB MR Sarsafll
Q¥ I ERE, SR, BRI EEE E HE T
BRAEEL, IXTACEEN LA LTk
LY. SarsaflQ7y =) BARA T 2 e B MBS
B, HEHTHEFAMHQE, RugdbHIRSHs)E
BN . Atk, DQNESE T R HUE I
B, RHREMZMZ (Deep Neural Network,
DNN)KIEITQEHE, PRI T QR RAERL . X
T (25) T HIQME M EL, T HDNNR UL AT
AR N
Qx(s,a;0) =~ Q(s,a) (26)
Hrp, 0fURIIDNNIZ 4.
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=
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HSERENZ, DQNEZEIEFHFH21DNN
KIEPLQRREL, 2 AFR 2 N 1T QM LA H Fr QM
201, DQNHIEAE F — AR 2 R ECR A X 24 W
ZZE, R

LPOL(9) = E [(yDQL —Qx(s,a; 9))2} (27)

Hf, Qnl(s,a;0) B HATQM LS, yPUAEK H AR
QMZ%, AP

yP =r+ymaxQ(s',a’;07) (28)

H, 0~ FoREFRQMZ S EL.

SR, FESED QNSHVELE T 3T H AR 45 iR
R QERIEBAVEALIE, & FETQME M
mf e, DDQNGIAN T 24NQM %%, 435 F T30
VRN MEDRAY, ITZEAR T B AR M2 A it i
)RR, it otk E, BEARQERRN

yPP = r 4+ yQ (s, arg max Qx (s, @;0);67)  (29)

ATLVE S, X (29) sl fEE B 2 0B
. diaai Bl L, DDQNSE KB Hd 5 T

Ny 2
LPPA(9) = - > (4%~ Qu(s.a0)) (30)
A P e =
3.5 RISHEALRBMIL
M5 FUAVIIALE P ToT# & AR, RIS
FE R A B 5 A5 34— 25 AR A DL U A VIR /5
B K BRI R . L W (5 AR R 0 )
%, T UL S LIRS 3 ML A ke, X
SREE T R AR, AR AL RO BT
BEH, T TS E S R A S B, B

21
O mit = By {(mr - 1)dr¢}£}t‘pg§t + (me — 1)

: dc¢g§t@g}t + (my — 1)dr¢g,lt§05,lt
+(me — 1)dc¢5}t@5ft (31)
% B RS A I RIS B SO ARG, fd
55 BE S AE 2 1) R R AR 8 7 T BT, DT 4 i
W S SR . BRI &, AHA B R (E
SRS, AHE T SRR LE 2 A i ROt
57, mANMRERAENCE. WRERIE &I, 73]
AWERISHIAAL, A ANL5ToT 5 4% 8] (1) 18 15
HEERARE, CHAEZ B ETUER K S RM T, 7]
s 5 E R uEAEE .
3.6 BUEEMKGIT
ZHEEEE T DDQNRALUAVLE B R AT 55
H T S B AN Lo T 1 45 1 R 52 M o AR R A2

FEFN . B, MALVIRH MM S5, R
JEEZ NI A HIER. N TR—RE, HiEY
AT B S R, IRERAIT N, AR 2T
MG I B AN, I A X FERIS B AH AL
¥, AT ZIEEHIUAVE S Lo TR & A,
[ INF o SRR AR 1 22 il 9 BT IR IR S . W AR UAV
AT, WHAT RS IR R AR I X 1% sh VR Jt hn 4%
$i. B, FIEBAAIRE. shifE. RS
TEfE B 200 A, F IS A RAE, B B AR
U MEtR k. ja, BkE—E S KERRIES
B, FFEMALUAVIIE S MIo TR &M E, LA
SEILE U AV FIToT v % 1 FE 3RS
4 FEZERSH

ASCIE A B IR IGUE SR H vk vERE, R
HZHWRIFTR . ASCEISAT B 5 DU 3F
EC T B B (1) [l e AB A A #2573 (F1Xed
Reconfigurable Intelligent Surface, FIX-RIS)®/:
[ & RISAHAL, A=A ) FH P R AESE L (2)DQN
Bk REFRB AL, A (27). X (28)
KRBV LTS s (3)BENLIRNE . [ I BEAL SR
W I 25 X 25
4.1 U8 RE

N7 IUERE R SERE, ASCERERRE IS
471 000[H &, FIZ4T1 00028, K3 TR

B% 1 ETDDQNHUAVHEIEREE X

MIN: UAVILIUEFR SRS
W UAVHULAIToT B4 1 ¥ 5k
(1) BENLAIAG AP I 2% 223
(2) for episode = 1,2, N*"" do
(3)  WIRHAI FI RS HL

(4) fort=12,,Tdo
(%)
(6)
(7

w

5

6
7

W Qr (s, a; 0) LIRS s xRN a:
HRAE 3 (31) SRAFRISHIAR B AW R 5
PATIMERRUAV ATFITo T S5, M 0(23) 115
kI 2l r FEERAR N — I ZIPIRAS 87

®) if UAVAZhERH 45 do

9) IREENE s « s, NrINE I

(10) KRB (s, a, r, ') FNEK;
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Abstract:

Objective This study aims to develop and implement an optimization framework that addresses the critical
balance between energy consumption and information freshness in Unmanned Aerial Vehicle (UAV)-assisted
Internet of Things (IoT) data collection systems, enhanced by Reconfigurable Intelligent Surfaces (RIS). In
complex urban environments, traditional line-of-sight communication between UAVs and ground-based IoT
devices is often obstructed by buildings and infrastructure, hindering comprehensive coverage and efficient data
collection. While RIS technology offers promising solutions by dynamically adjusting signal reflection directions,
optimizing communication signal coverage, and enhancing quality, it introduces additional complexity in system
design and resource allocation, requiring sophisticated adaptive optimization techniques. The integration of RIS
enables stable communication connections across various UAV flight heights and angles, mitigating disruptions
caused by obstacles or signal interference, thus improving data collection efficiency and reliability. However,
this integration must account for multiple factors, including UAV energy consumption, communication
complexity, and Age of Information (Aol) constraints. These approaches must adapt to the dynamic nature of
UAV operations and fluctuating communication conditions, ensuring optimal performance in terms of energy
efficiency and data freshness. The research also addresses several key challenges, including real-time adaptation
to environmental changes, optimal scheduling of IoT device interactions, dynamic adjustment of RIS phase
configurations, efficient trajectory planning, and the maintenance of data freshness under various system
constraints. The proposed framework establishes a robust foundation for next-generation IoT data collection
systems that can adapt to diverse operational conditions while maintaining high performance standards. This is
achieved through the implementation of advanced deep reinforcement learning techniques, specifically designed
to manage the complex interplay between UAV mobility, RIS configuration, and IoT device scheduling,
ensuring efficient and timely data collection while optimizing system resources.

Methods A comprehensive data collection optimization strategy is proposed, based on deep reinforcement
learning principles, specifically designed to address the complex challenges in UAV-assisted IoT data collection
systems enhanced by RIS technology. The methodology employs a Double Deep Q-Network (DDQN)
architecture, integrating UAV trajectory planning, IoT device scheduling, and RIS phase adjustment within a
three-dimensional grid-based movement space. The system incorporates a channel model that accounts for both
direct and RIS-assisted communication paths, including a probabilistic path loss model for direct links and
Rician fading for RIS-assisted links. The optimization problem is formulated as a Markov Decision Process
(MDP), where the state space includes the UAV position, previous movement information, and average Aol,
while the action space involves 3D movement decisions and IoT device scheduling. The reward function is
designed to balance multiple performance metrics, including system Aol, UAV flight energy consumption, data
collection energy, data upload energy, and penalties for boundary violations. The DDQN implementation
utilizes two Q-networks—the current and target networks—separating action selection from action evaluation,
effectively addressing the issue of Q-value overestimation. The training process incorporates experience replay
for sample storage and periodic updates to the target network to enhance learning stability. Additionally, the

RIS phase shift optimization is derived through geometric relationships, considering both direct and RIS-
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assisted communication paths. This comprehensive approach enables the joint optimization of UAV trajectory,
IoT device scheduling, and RIS phase adjustment, while ensuring energy efficiency and timely data collection in
complex communication environments.

Results and Discussions The proposed method enables the UAV to dynamically adjust its flight trajectory and
communication strategy based on real-time environmental conditions, enhancing data transmission efficiency
while reducing energy consumption. Extensive simulation experiments comprehensively evaluate the
performance of the DDQN-based optimization framework. Convergence analysis demonstrates that the method
achieves faster and more stable convergence compared to traditional DQN approaches. The average reward
steadily increases and stabilizes after approximately 200 episodes, while baseline methods exhibit slower
convergence and higher performance variance (Fig. 3). The optimized UAV trajectory visualization shows that
the method effectively guides the UAV to collect data efficiently from all IoT devices while avoiding
unnecessary detours. The trajectory strikes a balance between visiting high-priority devices (those with higher
Aol) and maintaining energy-efficient flight paths, clearly illustrating the effectiveness of the joint optimization
of movement and device scheduling decisions (Fig. 4). Energy consumption analysis reveals that the proposed
method achieves superior energy efficiency, with a 15% reduction in total energy consumption while
maintaining comparable data collection performance. This improvement results from the intelligent integration
of RIS-assisted communication and optimal trajectory planning, which reduces the need for energy-intensive
maneuvers and prolonged hovering periods (Fig. 5) (Fig. 6). The Aol performance evaluation further confirms
the method’s effectiveness in maintaining data freshness. The average Aol across all IoT devices remains
consistently lower than in baseline methods, with a 20% improvement in worst-case Aol values. This
demonstrates the method’s ability to balance the trade-off between visiting different devices and maintaining
acceptable Aol levels, even under challenging network conditions. The framework’s adaptive nature is evident
in its capacity to prioritize devices with critical Aol values while maintaining overall system efficiency, showing
robust performance across varying network densities and device distributions (Fig. 5) (Fig. 6).

Conclusions The proposed deep reinforcement learning-based optimization policy effectively addresses the
complex challenges in UAV-assisted IoT data collection systems enhanced by RIS technology, demonstrating
significant improvements in both energy efficiency and information freshness. The integration of advanced
learning techniques with RIS-assisted communication provides a robust and adaptive solution for practical
deployment in urban IoT environments. The comprehensive evaluation framework and detailed performance
analysis offer valuable insights for system designers and practitioners. The superior performance in terms of
convergence speed, trajectory optimization, energy efficiency, and Aol management confirms the effectiveness of
the proposed approach. Future research will focus on extending the framework to multi-UAV coordination
scenarios, exploring the impact of dynamic environmental changes, and developing more sophisticated reward
mechanisms to address additional operational constraints, such as security and airspace restrictions. The
promising results also indicate potential applications in emergency response systems, smart city infrastructure,
and environmental monitoring networks.
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