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FCRARGT BN MR, B> BOH BT 1 R 7870 7% 1&
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3 [OEERSKEEE
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(1) BEHLAT 4G 1k 223 FSF A 16

(2) 3 7 BT 15 18 ASF 1 41448 31 24 1 £ vty i
EAMEIEMSE, LUAS] S [7 2428 T Aol /Mb.

(3) EE AR E BT H 205 5 B 72 o

LR AR R, A UCHE B result 7R 23 3 7]
HSFREEMAE, HNEEXRENO (), ME
R A3 Blresult 75 B8 I BT A &y, R [R] 52 4
FENO (en)o WIS TR A ER, AEEEAE
F& T 4RI B R B L Aol, &G % RE B Z AN B
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FEEARSE: LoRai % i IR B s Ak 27 2] M5 ARk 1L 5

BE1 aBE%

KiA: B8 Arsensors — {sen, senz, -, serin }
Wit REAMAR A ISERIE B

result = {(SF1,C1), (SF2,C2) , -, (SFn, Cn )}

1) result < @,sf € {7,8, -+, 12} , f518C € {0,1,, ¢}
2) fori=1,2,--, N do

SF; «— BaHLMsESE A ik %

C; + FNLINCHA Fik

)
)
3)
)
5)  result « result U (SF;, C;)
)
)
)
)
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6) end for

7) for j=1,2,---, N do

8) LT ISR T HRALAISE bestSF; = 0
9)  LFH BT RAMAIEECbestC; = 0

(
(
(
(
(
(
(
(
(
(10) minavgAol = M_INT
(11)  for sf + Ttol2 do
(
(
(
(
(
(
(
(
(
(
(

—_

1

N

) for C < Otoc do

13) avgAol = average (Aol)
14) if avgAol < minavgAol
15) minavgAol=avgAol
16 bestSF; = sf

17 bestC; = C
18

)

)

) end for
19) end for

)

)

)

20)  result < result U (bestSF;, bestC})
21 end for
22) return result
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REE SRS ST VSR . T 25 Ao sh VR & AH B
ML, RIS 283 (1045 38 TS F 43l Sz T A
2, DRI AZ e) @ (R B AR A TA) 2 B A o I e
BRAREA FPIRES T 2L E 5Tk, RGRe
% e /MG ECRE RS, 2E T S Aol A4k B A%

(1) ¥85: WEsR, 5861485 B\ LoRa
W2 N IREE, AR SR R S B R AR AE A0 R ¢ AE 3]
EA;, WIBIHREMN, SBEEBIR,, FEENT
—ARE Spp1 o FEARICIRE R E SIHESE 4
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BB FRAR 2 1 step, Ty Mstepfd 1514 episode
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I
EEL S
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El 5 REHEBE

i T & > episode 2 [A] #H H. B 57, K L& 4 episode
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(2) BIERIRES : BIEEENA={SF(i),
C (i)}, FHISF (i) NEEAS 20 45 55 A I BR 23 BE 1)
SFHI%E4A, SF (i) = {SF, (i),SF (i), -, SF, (i)} ;
C (i) NEA 25 o MM BRI EE RS, C (1) =
{C1 (i), Cq (i), Cp (1)}, WIRESEEEN S = {A°(4),
T (i), A1), EX (i), W'(i)}, HH A (G) NEFHA K
B A A 248 i K325 38 I O Ak 14 S5 0T B s 0 I Ao 148
B A() = {A (), A3 (0) , -, A5 (D)} s T (4) Xt
JE g A 2 Sy b A I o 0 A 3 R ) A A
RIS, WRAEER NN BN B eoR L SE, T2 (i)
N AN i TR A () S AR AR R ), an SR A A
L 2 T B B S et s i, IBA TR (i) N0;
A () B Z AT BN I SRR S, & T
IS I P S0 A S5 AN I PR AT SR AE AR A, A (i)
FINE W BE: EX (i) A5 BRIE
BAR S e BE A R AR ST, 225
IEEAN I BB s Wt (4) RN 2B + LA BRI s
BRI E] . N TR, BRSSPy —
dela i, PR S RKBENANT — 45 .

(3) Hhead: ARl B b ik B A LoRa
W 2% 1) Ao LAk, TN 42 Jil R B8 N 12 9 B> step £
WG BARLoRaM 45 F ¥ Aol i) e, Kk, BB
i R T

ri =—(A7 (1) + A3 (i) + - + A3, (D) /N (5)

3.3 ETREBUZEINMUAER

SACHLE L — i L T e K 10 BEATL SR WS R i
OHERYRELE, SACH) FZ R — Al IE ML (en-
tropy regularization), AR R)THE ZHZOH D
Z—, WEZH T 8 5 (policy )RR B £ A A
4T 9, RIS FH R B A SR i BEATL I AN 1 2
S5 PRI 3 0 25 1Y 5 SR WS R BE AL, AT 3G 0 B 22 4R
o PRJE SR S EE . ASCHR[21) AT AT, 51
RGN

H (v(:]$)) = =Eqnn(s) [0 P (m(al 5))]  (6)
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Foo, w([s) MTERAS s T HIGENS, M T 7E %R
& FRICR R ER S . Eyon o AT
Hebs PTERA s AT alfI M. In P (x (al )
MATBDafEARAS 5 F O SEM RS IO

FRAEFO TR BESRAL 22 S Brkob, 2251 H A4 51
LRSI T, FERN

= arginaxztE(st,at)NPr [R (St’ at)} <7)
TSI T A H bR s, B
= ZtE(St,at)pr [R (8t7 at) +aH (T‘ (|8t))} (8)

b, o AR IENIME R ¥ (SME)NPT?%%TJ—J‘ETE%
WE A B LI R, AR AS-BIEXT (state-action
pair) KIHEEAE, b po o S0 A2 IR S-S XS
f 73 A o

SACHIE T HPIRA M R N

V:gft (S) = E(St,at)NPnZZO [’Yt (R( St a't)
+aH (n(:st)) )] s0 = s (9)
FIEME R ECH
Qioti (5,0) = E(s, a1)m~p, {thovt (R(s¢t,az)

+aY 2" A H (- ]s1))) so=3,a0=a]
(10)

H ] ARSI eR BSOSV (e e R RO

QSott (8, @) = B, a)mps [B (81500) +7Vge (s)] (1)
SR UEIR B smAL 5 2 SR A — B R SACH %
e, i RAT B R 4 e R SR AR SR A R AR (R
SR E AR ) BT, B A B 4% Qi H (1Y
ENAEO (AL AR T, RS E I 2% Vi RS
IS AE A RS
i P tanh bR BCRE B4 AR (-1,1) Z 1H]

a; = tanh (a;) (12)

AR B AE gk BT A £ 5 43 TE AR B Y 45 T8 A
SF, X TUEEHEhfERUl, #HEEHE N, SFH
BONGIT, BABEBEIESE AN (6)Y, ATLIE X
RN BRI, il dE T B EahfE A
I EE T AT IR, IR SO B EE (—-1,1) 1)
A ol s SR N 28 5045 18 RN SR IA 2 B A B )
4 HEL%R

NTEREEZ R ERREANEE, £2HE
WS EES O B .

T3 N2t Ko 33 4EEd RGPU
THEHAIEM, EHEEEESE IR EESEANSE

oo

HENAGEUNT ST &mEE, A8 %mA
BE T H 43 B 6 S SF A T8, M & AR Al 8 47
N BUEEH TR N2, LimEiE 12, SFHEN
6. LoRal® 2% 4 £ 1 K /h—#H10~100 byte,
ER] A SR £ K /N 950 bytes

K6 A RSS2, Kl6(a)2h il T 4%
A7 3R F AolR fk, W LLE BISACHIETE
300058 o A5 (8 J L W8, 1 TD37E4 000% % A4 1A
B S H U SUG M BB T SACIIAH RN A . — 7
T, SACHVCRH RS, P 7R Z AR H

% 2 ETSACHIACMELESE

WA KRHEN

LR Zjﬂ/ﬁat

1. WItGth: PPN E N Qu, (s, a) 5w, Qu, (8,a)SHws,

TEIE M %y (s) S8 0, BN Qu, (5,a), Qu, (8,a),

g (8) ZHlw] ,wy , 07, FIMHALERFRIb R

2. forf¥*%lepisode = 1,2, -, E do

3. WIAIRZS: S = {3Ty,3Ty, +, 374, 0,0,0, random (0, Ty),
random (0, Ty) , -, random (0, Ty ) }

4. WIERRTEE): Ry =0
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Abstract: Age of Information (Aol) quantifies information freshness, which is critical for time-sensitive Internet

of Things applications. This paper investigates Aol optimization in a LoRa network under the Slot-Aloha

protocol in an intelligent transportation environment. A system model is established to characterize

transmission collisions and packet waiting times. Analytical results indicate that in LoRa uplink transmission,

as the number of packets increases, Aol is primarily influenced by packet collisions. To address the challenge of
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a large action space hindering effective solutions, this study maps the continuous action space to a discrete
action space and employs the Soft Actor-Critic (SAC) algorithm for Aol optimization. Simulation results
demonstrate that the SAC algorithm outperforms conventional algorithms and traditional deep reinforcement
learning approaches, effectively reducing the network's average Aol.

Objective With the rapid development of intelligent transportation systems, ensuring the real-time availability
and accuracy of traffic data has become essential, particularly in transmission systems for traffic monitoring
cameras and related equipment. Long-range, Low-Power Radio Frequency (LoRa) networks have emerged as a
key technology for sensor connectivity in intelligent transportation due to their advantages of low power
consumption, wide coverage, and long-distance communication. However, in urban environments, LoRa
networks are prone to frequent data collisions when multiple devices transmit simultaneously, which affects
information timeliness and, consequently, the effectiveness of traffic management decisions. This study focuses
on optimizing data packet timeliness in LoRa networks to enhance communication efficiency. Specifically, it
aims to improve Aol under the Slotted Aloha protocol by analyzing the effects of packet collisions and over-the-
air transmission time. Based on this analysis, an optimization method using deep reinforcement learning is
proposed, employing the SAC algorithm to minimize Aol. The goal is to achieve lower latency and a higher
data transmission success rate in an intelligent transportation environment with frequent data transmissions,
thereby improving overall system performance and ensuring real-time information availability to meet the
freshness requirements of intelligent transportation systems.

Method To address the requirements for information freshness in intelligent transportation scenarios, this
study investigates the optimization of packet Aol in LoRa networks under the Slotted Aloha protocol. A system
model is established to analyze packet collisions and over-the-air transmission time, providing theoretical
support for enhancing information transmission efficiency. Given the Markovian nature of Aol evolution, the
optimization problem is formulated as a Markov Decision Process (MDP) and solved using the SAC algorithm
in deep reinforcement learning.

Results and Discussions The study examines Aol variations during collisions (Fig. 2) and develops a collision
model for data packet transmission (Fig. 4). Simulation results indicate that the SAC algorithm outperforms
the Temporal Difference (TD) algorithm and conventional methods (Fig. 6). As the number of terminals
increases, the system's average Aol also increases (Fig. 7). Additionally, the variations in average Aol under
different time slots for the SAC and TD3 algorithms are analyzed (Fig. 8).

Conclusions Given the limited research on Aol in LoRa networks, this study examines the Aol optimization
problem in LoRa uplink packet transmission within an intelligent traffic management environment and
proposes a packet collision model under the Slotted Aloha protocol. The greedy algorithm and SAC algorithm
are employed for Aol optimization. Simulation results demonstrate that the greedy algorithm outperforms
conventional deep reinforcement learning algorithms but remains less effective than the SAC algorithm. The
SAC algorithm significantly improves Aol optimization in LoRa networks. However, this study focuses solely on
Aol optimization without considering energy consumption and packet loss rate. Future research should explore
the trade-offs between energy efficiency, packet loss, and Aol optimization to minimize energy consumption and
data loss. Additionally, this study does not address heterogeneous network scenarios. In environments where
LoRa networks coexist with other communication technologies (e.g., Wi-Fi, Bluetooth, NB-IoT), challenges
related to interoperability, data consistency, and network management arise. Investigating Aol optimization in
heterogeneous transmission environments could further enhance the performance and reliability of LoRa
networks in complex applications such as intelligent traffic management.

Key words: Age of Information (Aol); LoRa; Soft Actor-Critic algorithm (SAC); Deep reinforcement learning;
Optimization strategy
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