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Abstract: Today, the aviation industry faces a critical shortage of qualified pilots and escalating labor costs due to the con-
tinuous surge in global air transport demand. Consequently, single-pilot operation (SPO) has emerged as a strategic evolu-
tion in civil aviation to optimize crew resources and mitigate pilot fatigue, especially during long-haul flights. However, the
transition from traditional multicrew cockpits to a single-pilot environment is not merely a reduction in personnel; rather, it

introduces a significant “cognitive and decision-making gap” previously filled by the co-pilot. To bridge this gap, this
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paper proposes the concept of the “Al co-pilot” an intelligent system designed to establish a deep cognitive collabora-
tive relationship with the human pilot through advanced perception, semantic understanding, and autonomous decision-
making capabilities. This paper provides a systematic and comprehensive review of the core technological components
enabling Al-assisted piloting. In this work, we propose a four-layer analytical framework known as “perception-cognition-
interaction-decision-safety monitoring”. This structure serves as a blueprint for integrating heterogeneous Al modules into
the high-integrity environment of an aircraft cockpit. First, we look into multimodal physiological and behavioral sensing
technologies that are essential for the real-time monitoring of a pilot’s workload and fatigue state. Given that traditional sub-
jective assessments are insufficient for high-dynamic flight environments, this review focuses on the integration of electroen-
cephalogram (EEG) and functional near-infrared spectroscopy (fNIRS). In particular, we provide a critical analysis of
their trade-offs: while EEG offers superior temporal resolution capable of capturing instantaneous cognitive shifts, fNIRS
demonstrates stronger robustness against motion artifacts in a vibrating cockpit. Furthermore, computer vision (CV) tech-
niques are discussed for the nonintrusive monitoring of facial expressions, percentage of eyelid closure (PERCLOS) , and
visual tunneling effects. The fusion of these modalities allows the Al Co-pilot to “read” the pilot’s state and trigger adaptive
automation upon detection of cognitive overload. Second, the review explores intelligent speech interaction and semantic
understanding within the complex controller-pilot data link communications (CPDLC) and radio environments. The avia-
tion context poses unique challenges, including low signal-to-noise ratios in VHF communications and nonstandard
accents. In this paper, we analyze the application of LLMs and transformer-based architectures in intent recognition and
slot filling for air traffic control (ATC) instructions. By parsing complex, nested instructions into executable parameters,
the AT Co-pilot functions as an “intelligent radio operator” that significantly reduces the auditory and manual workload of
the single pilot. Third, we summarize intelligent route planning and dynamic conflict resolution driven by the synergy of
large models and deep reinforcement learning (DRL). Algorithms such as proximal policy optimization (PPO) and soft
actor-critic (SAC) are evaluated for their efficacy in continuous action spaces and high-dimensional flight dynamics.
Unlike traditional rule-based flight management systems (FMS) , Al-driven planners can explore optimal trajectories in
unconstrained airspace and respond adaptively to exireme weather or system failures. Additionally, we emphasize the tran-
sition from individual agent optimization to multiagent reinforcement learning (MARL) for collaborative collision avoidance
in dense urban air mobility (UAM) scenarios. A significant portion of this review is dedicated to the core barriers that hin-
der the commercial deployment of aviation Al. We provide an in-depth analysis of the non-interpretability of “black-box”
deep learning models, which prevents human pilots from establishing calibrated trust during time-critical emergencies. Fur-
thermore, the paradigm conflict between the nondeterministic nature of Al and traditional deterministic airworthiness stan-
dards (e. g. , DO-178C) is dissected. We also discuss the latest policy trends from EASA and the FAA, highlighting the
shift toward “run-time assurance (RTA)” frameworks. Specifically, RTA acts as a safety shield, bounding the outputs of
complex Al models within a predefined safe flight envelope and ultimately providing a viable certification pathway. Finally,
this paper presents a perspective on future trends. We posit that the next generation of aviation Al will evolve toward a
“multimodal unified architecture” in which text, speech, vision, and flight dynamics are aligned in a single latent space.
We predict that this evolution will transform the Al Co-pilot from a collection of isolated subtasks into a holistic “cognitive
partner”. By emphasizing transparency, bidirectional communication, and standardized certification, this review aims to
provide a theoretical foundation and engineering reference for achieving high-transparency, deep human-machine collabora-
tive intelligent cockpits in the SPO era.
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Overall architecture of Al-assisted single-pilot operation system

Fig. 1
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BUIZIE L I RGN AL G L s IR
B A (U 9 AT 5 {0 4% 1"
PRI A9 2 Y S K AR AR, S H TR Bl ATEORGE
) SEBRRAT IR A O TR . 7R 3R E - HLEY
A Tl S e, o AT e AU I S i
T RE AR R WAL AL HEVE , O i XU R H Y3
K A PR T S0 B Bk T B (TR DY
4§,2020)

2 ZEEISRANIKENE RIT SRS
AR

TE AR (SPO) Y22 2 4844 T, ALRI 2 3k
A 5 B 4 %) TRAT f ) B TR R L
ot HHE BB B9 AT 55 02 52 30 0T 38 AR 1A Pk — 119
AL AT A [ W7 178 52 I RS 42 5 TA R T
FFo TEARGERIANLA H, HLK 5 RIS Bk 2 [R] 3 o
T T 2SI MR A2 i DA R K A8 S 452 4 1 28 S A 3
[ AE RS FBRAIFBIE N AR . SRMTE B N 25 B
BT, TR T KRS B Y LI AL R
G b T Bl AR ISR 0 6, B R A
PLAK J2& 5 A T 9% 55 L 430 A5 S 88 2K (information
overload ) B¢ /= LR g 45 1y WUBHIRAS B HE T o X eIk
ARG 2 b & ATR 2 38 A AT k17 5l
AP HATCLE 53 B (dynamic function allocation ) A AR
A . ALGENRAT B T DAl AR T
U0 NASA-TLX 2 1 £ WL | 3 A7 277 7™
Rt S PR RN 32 WL 2%, 56 4 ek T R BN R s AR
FTERBERS S P Y J™07 20K o T 4Fk Bl 2 X
1R I W BRI DA B TR T2 2 2] S 1 58 R i | 6
TR WA PR bR -5 AMERAT AR Y A SRS
WA ARG T an e e . AT AR 24 U
SR AN AT A o3BT LA e 22 U5 5 A A 8
B3 MLOYEE , RG LR Z RSN S i kAT
GOPRZS W Fir VR e AR SIS Sk, AR E AR G T
2R

2.1 EFRESIAIIMEER DS ARITEMR

L8 17 faf (mental workload, MWL) f2& 48 €17 i
e AE 5 T8] B A AR B AT AE 55 BT TR AR A R BB,
o YRS ORI AT SR AL B BRI, 2 5 2L
TE Bt SN AR 9% LA K G B 22 4 {5 R st I o
TEIE 2 % WAL T-Berb M2 R B 5 5 I B 4%
2 Wi B JZ 05 3 B R T, 8 23 DA A WA DA IR 2
A B ARE” . HET, I &I (EEG) AT eI 41
AN i (functional near-infrared spectroscopy ,fNIRS)
JEAL S N IR T AR AR N FH 5 o )32 B9 R I T 45
AR TN TR BE A5 i PRl 28 2 AT 5 A BT 119 22 S
A, L IE 7R R R T I R 4 ) SR A A Dy B AR 34 5
(Husain,2025) .

Jivi L 1 (EEG ) 38 i JRCEAE QAT 51k KSR H
DB, LI e £ P ] 2 9 538 Gl 7 22 P00 il 2
PN EEZ DIV s ) N BN N o G ER VA S A o =
Wi (high frequency, HF) SR 1E EEG REWS = H
BB A P 2 AT PR SRAT S 2R AT 55 (AN & e e
HEAR 855 IR ) s i 18] P AR 7 A A sl oz 3
JNE o SR, AR G EEG A5 A 3805 e A 25 i 1)
e E BRI PR . AT AR S — D TT i T LR
e al) R T Y0 LA R s AR B A M R 1
BORE RN BEG JEIH 155 W e 2 36 Rt R
i (electrooculogram , EOG) | JJLHL (electromyography,
EMG) LA K AR5 R I Dh 3 (artifacts) o 9 T A
XL A AR AR AR AR P PR IO R R AL BIFTEA
SUOIT U6 51 A e o 9 TR BE I 2% 41§25 4 . STGCN
(spatio-temporal graph convolutional network ) 5% % A
ACHE % $ IR — FR A B IS [1] 228 A 1 Bl S AT, I8 BE
PN [) RN X s 22 1] 14 2 () F A DG L DA T 78
BEADLCATAT: 5 b il Bl S 3 1 i G R A iR g B A
3%

JEE R IR AR T 1 EEG (9 a] FE L (H
L B A R U, HX Sk A S AR A
HURE . AN HAN , DIRE ML LL AT HOR (INIRS ) 2
SERAE MR Rl PRI P IS TR 2 D, I
B R AL S K 4R (Chen 45 ,2020) o {NIRS
A AR IS U A P 20410 20 325 ot i i i I R
Jii A 0 2= (32 B 00 5T e SO A PR 4 o A 2k
W) A A M4 (oxyHb) A 4 I 21 2
(deoxyHb) (¥ B84k, DAL 4 S Wb 28 00 R JEE
15 EEG A1 LL , INIRS F AR 17 I 8] 73 #2313 — %%
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ST IR I A BEHS - SRS s
Wz LA WSEA HBhAE - HZ B
i ER: R A= et
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e s i34
R S b TR - TN
LA I\ A AT S HENOHER
N A
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Jo o Jo
WL 3% T4 IR A P
SR, Ao A TR AP
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IREEE ik R R
e A AL 62 ms ZUBN Tk
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Fig. 2 Multimodal pilot state monitoring technology framework

(LY B T 2 Wi 3 8 A7 JLAP B SR ) (HHCR /A7
AR GUPSHIE I ¢ NS SR e Ry e
BN IE 5 7E R B Bl A A FL S TRAT AR A T
Gateau 5F A (2018) 7& — T H A7 HLAR B 7 5L fF 5%
o E UGIER TR T INIRS B S ik AL H (passive
brain computer interface, passive BCI) fit % 7F EL 3 1)
= %47 (over the clouds) #hEE i, X KL AT
BB RS TREME R SEF PP . X —ZEAY
B LT NS 0 s A AL g B LS AT RV A,
TR R R BRI RO " S B AT SRR T 4
BEOR I . RIS, e Ak — 20
AT il R Y BIL A% o7 T R TR B AR 22 WA ) 2% (deep

residual shrinkage network ) i ] T* fNIRS %54 (1% i o)
REIEF2 03B , TR PR 2 R s LR 25055 B e
R eIt | BE A8 LA m B fE AR 2 0 AT DL R e
WAAT P RIE . X PRI IRAE AR AL
RIS 3 n T LR B O HL R Y AR FE L
TN 15t i B2 B4 A IR S R AT 55
FESEBRATSS N FH Hh , EEG 5 ENIRS 7778 5 11
WY R SIS HT . EEG R Z s
I 1) 3 B B A% BB A $ AT DR A] A IR 2R 1R
55 SR B R 5y 52 30 G L G TS AT B
WL 2 8 (EMG) Dl 82 15200 5 A ELZ T, INTRS X 3k
iz gl ATHL M RS ELAT A o ) B R, B A R
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=k, FEM, HEY, =R, ERE
AT EREH B B K ITE IR AR LR

L HRB IS, SR, INTRS W 5 A 2 ik i 9
B JIEEMA N AELE 5~T s B B A RESR | X ffifS &
KE LA A0 ) 5 & PR BR A R, i B T P AG
U AT TP RSP YO T DIR S
22 ETFHENARHNESBITAEEENSH
T

BIREET EEG I NIRS F A 28 A P I 1A
BT 0 BEE R L (HRT] 2R S, ik SR A
B SN B TR RAT 5L A B TR B B SRR AR Y
K FERIBBUN TS 2 TUAS /N A 250 BB v
il ®AT R X AR A (intrusive ) 19 28 8K 2551
T 025 AR ) A RN IR, DT 7 S B A R
Bl BRI ). PRI, BT ELE (com-
puter vision, CV) I AEZ il X470 Mo B A | FE A I
TCIEAL BRREAE 4 L) e oy T 5 B e M A A5k
LRI LR 75— SR D T 22k

PG W 0 5 A 2 SR AR T X T R A Sk AR
VAR R BB R S AR SRR . TR 97 5
T2 e BRI 5 T, B TR AL Y 2 E ek
UESE RE S AT SR IR FS R I 5 Y SCBRA T W AR AIE L%
WL 531 M 20 R A 57 RS (WSO 45,2016) o F
FEHE— 2 K AER S R b, RAT BURY T iz B A
fIE CTHz B A3 32 (4 165 0 PAT HIR BSF ) A SEE G 4T R R 1Y)
HRUR ) 5 A5 3% 57 IR A 2 R g BE A IEAR DG . Chen 55
N Q2019) K T —FhRETFTR % ) B9 St sl e 15
SRR T L e T R S v R A
T RS oA A D AR AR A B AR
38 it B AR 2 M 2% (convolutional neural network ,
CNN) $2 B 78 0G5 sV R ik, AT RUOKS 7153t P IR
B 18] &5 EE 7 (percentage of eyelid closure, PERCLOS)
SO 97 A BRAR AR IR ZEM EIT IR BT
BESPO BRI, BUACATEEEY (AN i A2 M
%% (long short-term memory, LSTM ) 5% XU [i1] ] 45 7 2
15T (bidirectional gate recurrent unit, Bi-GRU) ) g%
5 3 LTS ) 43 TR R E RAE 5 N 8] PP 51 Bh A 254
HE— 2P X 53 AT DR TE IE B 38R0 S AL T 1 Bk B
(microsleep ) HTIRIRZS

B 1R S5 A, 1 B IR AY 23 e -5 B RN
(SA) B 4t 5 Xt F SPO [A] FE AR SEAMOG . R Bh 36 5
(eye-tracking) J& A 047 A 43 A7 v B OCBEE A, 3 3
BRAEAL R T 2% (HUD) 3 2% 1 5 T 21
HMEAG K, ATRIE B RS S I A I AT B A4 L

1 A (fixation) FHARFNIE (saccade ) LA KB BRI
] FES R RATHREE (WUR AR R T ERE)
L, TRAT B AL AE AT R £ (primary flight dis-
play, PFD) . /i fit /R #§ (navigation display , ND) Fil &
PR RGEZ AT A B A .
AT G T AR R B ek AR B TEAE 2 AR
B % B AN (visual tunneling) , BEAR £ % 73 F 5 5
— A 2w TSR A R S R, B
BT, T T A ) ML) A0 AR AE A IR 2% LA K i A
ResNet (residual network ) (He 2,2016) 1 YOLO (you
only look once) (Redmon %5 , 2016 ) %5 1l 24 %) 1% i 5%
22 5 H bR R IR , &R T e 62 R 20284k (Ansik
FUER BH ' R BT ) 04 JAE e B 5 Hh R 4 BIR 2
SR R T B R R s G R AL T B A A
SRR, 51 A 305G 56 i ) B 24 o) R R TS LA
B ARG R 2 A B T 3 P B T B T 1)
(Banerjee 5,2025) . @R G #H &M 4 (45| A Bi-
FPN (bidirectional feature pyramid network ) 15 £t £ 17
Z RIEFHERES ) L ALZR 58 AT LATEARAR A E R T (471
162 ms Z) ) X IR BRALLE O 1 AT = 4k 8, AT
HERR VAL AT D7 Y UL — ] B — D SR — AT
(observe-orient-decide-act, OODA ) 1 & H (19 # v 14
B FOAT 2, W R OCHE Y RAT IR AR B
[F1] 220 W5

2.3 RETHNFHESEEERN S IERE R
ELit)

S BB I B EORTE 2% A SU A IS T
PR (BT IR MR Al B — RO R A A )
MRS S YRR Bilan, M P A (EEG) 45
by Z BN 1z 2 Dh 52 09 ™ B 40 L T 1AL
B A BRI 7E /AT DL A B AT
B, B EAR AL TR O R AR (Aol 4 R I
T Il 7 AR AE B R S PERERE L. I, S T AE
SPO ZEAE T 4 1 — A H A i 25 90T ¢ (2 DO-
178C = Z AR IEAF ) BRI IE R G, 10 2SS
B4 (multimodal information fusion) 5 Z2 825 AL
A& HH A AR G Tl A SR TR (Pl g A
4§,2022) . Debie % A (2021) 7EXF DA 1 71 i % WP
Aili 5 Z2 e 1] i v B A A L R 22 5 S R A R
Fll 0 0 25 S04 TE B R A 3 25 ) E R T
FEAaT B — B AY  SCAERF R g — 20 R W] U fi ]
R R ik 5 o — il H A5 1) 0 S T 23230 6 7 40%
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~96% Z [ 2l , MK Bl ki ey DA S oAt A= AR AE
PEAT DR E R 1) 2RS0Tk RERS TR 3 B2 2R AT
5 T S BR E 15 98%% I I HE A

TEE W N—HL—IR " Wi = AR R G % &
AT ARSI RIS A TR, T2 S ALY
©AT 8l 12 (flight dynamics ) L AN G 30855 1= i
M o — LB 22 5 S A SRR AR Y, AN 2
G RAT O A B AR (e 2278 R 1 (heart
rate variability, HRV) . 7 H )2 i/ (electrodermal skin
response, EDS) [ FLY 5K AN ER A A ) , 77 o H
55k B AT HdEIC sk #7 (flight data recorder, FDR) [
“HMADIRZS” (I RBLAY G 15 B2 IR A s T
)BT A R S G BN, 1E A 3 g
R R AT B B, AR A O 3 R /D ) R R4 00 7T g
FERARAS BT 5 (H I St i L I A T R O 22
i (low-visibility approach) £ 7E ™ F Al X5 58 & &
Sl HIL i P 719 301 2 A5 ] A A A1 A SR PR AR 28 U A
AREEWE RITHE LA T LRE. Wang
SN (2025) BF AT 3% — PR, 4 ) 1 —Flofe LR
WES 5 AR R BT 2 RS ARG
FBIL S 27 > PEA AL, % 1] ] T 4L el o fin  # 1 A1%
AE UL B2 PR T RAT 51 A B . ARFE 2 RIS R AL
(multimodal large language model, MLLM ) 5 K ) %5
Sl 55 5 T S RE T, W I T S8 AN AR A3 1) 1
48 N TAFIESR I, 2K CHLA IR B 7 3 ) % 2
5 AT LA IR SR I H A B R A G —
(R I ABERY BEAA v OB AY AT 1 i B ) T R S
YL, RES B I S LA PR R AL 5 N 2 Tl A B
I TR R TR 2 B i 1 S, G 0 KA DA AR A 2
PRV RSB B BUZ SR

AN, NZRGE R F1 BEOR TR , 2225l JE R
M2t B TE T B TR R 7 o Alreshidi 55 A
(2024) () R GEVELR R SR | HETEBE T AL 7 T 10
P A PR B 73 A, AL RE 8 2 WAL AL 2 T /Y
TAFRES, B RETE L A - 57 B P 0 I 15 (closed-
loop feedback ) Ll LA SE Bt M b 25 e 42, —H.
ZAASRG T T 2 ALK LB TS
O BRI 2 A AR, AL B2 Bl 2R GER ARl SR s | B
T3 B ol e (AN 52 PFD FRAEIAHE ) (Wr e
(R RETF & 1) B id (25 B AFRZ 3 ) 45 T B i ¢
A7 B35 A TCA L, 28 GERAAR Y TS0 Bl i f ST HL G
AR AR , ToBE A A TRAT 55 sl B o7 7 e 52 4

AN 2 AT P AR R B L o X RRERS TR AR
PHAR B HILAS 60 Bt B DA KGR HE 2 ) B30 U )
2R S R O 2R K SR T R AL =S SPO A
AR 2 AR

3 BERBRERETSXESENXIERE

TERHAAR T (SPO) T, "®AT B3 M I 1) 5 b %
R T R IR 2 — AR AT 55 . TEARGERY AL
i, K17 (aviate) AT (navigate ) 538 15 (communi-
cate) X — R A% CoAT 5538 5 B #2490 K AT 51 (pilot fly-
ing, PF) Flls ¥ K47 B (pﬂot monitoring, PM) /3 #H .
PM 7 3¢ Wi Wr EL 5 55 (very high frequency, VHF) JG2k
FE I8 5 as P a2 & i (air traffic control, ATC) A48
A ISR I T S G A . MRS R RS, R
AR AHE E F AR B 5 s wh , — i F3)
FR\RHLECE B A ) AT R G, — 2 ST X i A
TR B AR o XA 55 S A b 5 30 Wi o £ £
2" (auditory overload ) FI 5¢ f 48 4 14 35 e 15 152 fif
AL, T AT R 25 B R 45 5 KR F 3l i iR )
(automatic speech recognition, ASR) 5 H #R i 5 PR
(NLU)REJT , fli HBERS 58 LA /Y “ 8 RETC 2k H #RA
Y5 A KA AL B B, B 2 SPO AN ) Bl Y
BRIEAT o AR I )T 25 F5 A7 5 1
AEIE T A LR, M 56 ATC & FHIE 3 IR BIRR K
RV OK ) 4 18 OIS, DL BT o 28 B AE 2 B A 9 36
FEFFPAT T B R o
3.1 ME=@ETENERESTRAINEESHES

P FH 38 o 5 RO R 48 (RSP 2R Y Sird 504% R
=) R ASR D) TE H # A G 5eh A B &
AIUERA A, SR, Y IX S8 R G A B B B
IRBE v PR BB A AT 23 08 38 U HEVE (0 7 = 2T R
FEOX — GBI RUE T 25 188 0 05 PR B 1Y
e RFER1E o 1 2, T s i 2 T A T AR g A
(VHF) 1 m 50 (HF ) B4 TC L B e R A7 14 i, 5 5 7
RN T RN B o el R ) = e N A 2
I DA R RS T g, S B A B A 25 AR R L
(signal-to-noise ratio, SNR) # AI% ; FLvk , R4 [ Br R
fiit #4022 (International Civil Aviation Organization,
ICAO) HLAE T 5 AL 19 i 25 92 35 7 (aviation Eng-
lish) (Estival 55 ,2016) , (H 75 52 B i) 5 5 i 24 07 [X 12
Frvb A 05 AT 5O T S AT IR SGE , A
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=k, FEM, HEY, =R, ERE
AT EREH B B K ITE IR AR LR

T N CA I R 38 450 200 3] L ) s iz 4x
BRAS AT LR E A AR BT A A WA AR
DL B 2 OU T B AEAR T I, (545 58 A 2 A Y
T 66 B R A2 A PR

T I — AT BE &3 e AR B T SR Z)
IRTHE A e T A 2 4003l %) R RS o 1 5 B 4
RGBS e S o 1R I — 40T, BR
WY Z2 A KRBV G OF 5800 H U 7 o Wit e o
Zuluaga-Gomez ¢ A (2020) B UK &t X% 25 o 22 38 4 i
WEHR N T RGN A S SR EN T &
B 7R T T8 ISR A PR AT A5 L RN (AR A i
R IS AL S ) N A Bar sk fa . 7RI
BEflt b WP BAE— 25 R AT T BT R A Y
ATCO2 1B} (Zuluaga-Gomez 55 ,2024) . Z 4L
AR T BCE /IR A 2 ECR RN ) B 802 4
WA E A, R LSS S T OH SR O )T %
(automatic dependent surveillance-broadcast, ADS-B)
(0 7R S EE X E U B S A SRR B AT T
R R Y H SR

HRATHE AN ATCO2 XKML R4, B —
AR T TR B 2% 2] 119 9 21) 9 (end-to-end ) 75 22 45 U 7E
ATCH B PUIMES EIRAS TR RER. E5EMIRG
ZEAG (41 GMM-HMM 5 DNN-HMM ) 3% 8 9 5 1 4 2
A5 4325 (connectionist temporal classification , CTC)
L] B VR AL (U Wav2Vece 2. 0. conformer W 2% )
B ICAR o 3 s e gE R A T A TR ) BLA (self-
attention) FI 4 B 22 M 4% (CNN) (9 45 &, e 8 0 4f
bR B TC L H L R B ) s TR P ey A 7
SRR . B AR A MR LR T IO SR OTAE
#%ﬁgﬁﬁgééﬁiﬂﬁﬁﬁjiﬁﬁ?%ﬁiﬁ(fine—tuning) , T
L ASR B HL 28 BB 5 4 AT 25 1 B TR A R R
(word error rate, WER) [ {1k 22 7] 432 52 1 A4~ 3 50K
Vo BEONEER R, PR A IR g A
“ I F 3O 7 (contextual biasing) $i K . T4
{7 FL A B i A I 23 AR O (4, ZE e E AL
DA, Ho2x SRR S 19 S 15 37 O s o R 24 T 2
B IS AL ) , ASR FR 48 Al DL i SERHE A H 3
JUAT R A ADS-B A5 B, S VR B P 2 A i i (9 i
IR MW PR B R RO AL, B
Kb 1 XE LLBEIA 19 & 44 10 (callsigns , way-
points ) (U AERT 32, O J5 22 iy 18 LB 2E0E T 1%
S A] &R B SC A 36 Al (Badrinath F11 Balakrishnan,

2022) .
3.2 EFHGXAEENESEERIRINESH
=REX

S0 I 2% 1) TE 2 HL B 5 AL SCAR (speech-to-
text) , X TR SPO HL K A T A B 1M 75 2 28 A
Y . — Bt HEAf 1Y SCAS 53 (40 Air China nine
eight one, climb and maintain flight level three three
zero , turn right heading zero four zero” ) U5 AN BEBE AL
A AHT AT AT RO PL AR A ML AR AR 5 22 Rk
25113 B 0T T 2 A B AT 45 R (mode
control panel, MCP) 5 & 4745 B & 48 (FMS) .
e, N8 RE A2 B 20 B2 TR B A R T8 = B A
(NLU) &y, TR 20 300 Hr i 2 38 55 715 5 700 LA A8 i) 2
& (intent recognition) , J1 5 M HE UG RY RATS L
457 (slot filling)

F s 8- BT SCREAT T I 5 VF 22000 /Y A 2R3
FALPEPRAL o Lin(2021) 75 R G 452 LR
A PRAR IS AR Y, IR il 2 Gl 1 v SRR A R
WAL PG, i B 382 1E (self-correction ) ({5 40« F [
B BT 2R RFES T7) R B A I (4 i I
SERAL) A2 EERNE R E (RIS
5 DR R B R S 1) R R R — AR 3 A ST

B4 o MEGERYHE T IEN B (Regex) BOC 5 R IL
C P49 72 J2 R0 0 5 | 8 A T %o 3 o e B AR 45 #1701
e SCHY 1718 SCAS I @A AR g 583 , A & ke A ROMEVE:
PR R fih e T A

% LA Transformer ZE#4 (Vaswani ¢ ,2017) MR
M RMBIN 25185 A8 (40 BERT .GPT 251 i
i B , 5 PR 3 5 2 R IO T A R R A A 3
T AT PR TE . FEMIAS NLUAE 55 b WF9E A DT

ok HIBK 5 %7 2] (joint learning ) HE 42 [a] 25 fiff e ix
PIA TR, BN, Deng 45 A (2023) $ H T —Fp 2
BERT 424 1% 72 I8T33 5 48 57 28 e 00k 5 TR T AR A
AR T 25 RS 58 A X ) bR SCRCHIRE
T, BE A — sy 51 s 14 o0 245 [ s o o4 8 ) i 4
B & K 4 2K bR 2 (@0 Altitude_Change, Head-
ing_Change ) L4} %/~ 1) JC (token ) X [0 (1) 48 {57 5 4
( 41 B-Callsign , I-Callsign, B-Altitude_ Value) . X Ff
WA AR R i R i ) P T R S R 2 () ) i A
CAEARFAE (40, 25 2 A S Sy ol ), A 2%
B R (S R I R R s A 7 G5 A s = PN
R LR , A 80 D T A LR K 2R (pipeline)
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B RGBT R 14 [

X RO R I S Y T R AR S 2 S AL
RYIREE WUR , HEXT SPO A A4 (1205 2 Bt 7
(0 ALRIZ 3 A] DUTE W 0T 1) ATC 454 5 1 2 AP 47
I T) P, AN SR H 5% A R SO e 7s 781 1L 87 4%
(HUD) I, B E 45 A SCAS TP B 1 i) - 0407 1y
J¥ :33 000 95 R 45 5G5S 80, I A S ax Se 4 it
R A8 ITER RGNS M AE D, 4L
K HH AT R I SE BRI PRSI BT —
ASCPATRRN SR L, LRI AT e B I B A 2R e
RS EHE . XM TG + Tk A7
“ALH ShfEHT + N T —HEHRIN" (1028 B R % A8, fff
13 N 0T BN BRI B i iz TR IE [T B T2
DR A B B, WARAS FH G T B S Bl ER SR
R REIE A PR
3.3 BEEMFERERHNITESNALEFREA

B 1 RS A ER Y 2 A AR AL B2 Bl ROR A
oS G N PR A L A R R AR T PR 55 R R
A3 77 T R R A5 A ATV E T . e LY
A RAT A A R A AT AR HE R R P (stan-
dard operating procedure , SOP) F14% 25 £ £ 5. (check-
lists ) S PR B AT 25 2 A IR . TERUALAL K A
PR AT I H G P Y PR N (challenge-
response ) B 2 : PM KA B 12 46 A 01 H (491 4 i 7%
Z87) , PF AT ) BARA T SO v 5 DA 1] AR 2 (431
WCRIFPE”) . FESPORREE T, i THL= 48 -
ThSERES 2 ARIAT “ PRI SR 1% G i AR A
A1 Ll A BT R A Y HL T R A L (ECL) & ™
LA A8 I AR ERS )

PUAR N T B8 A I e ) R R X i v B T
TETEMR U X — B . EAT, A s il i 4l
E S T ¥ 2T ChatGPT™ A K4 B R 4551 A
253 (Davidoff 45, 2024) o 78 ML RAT B BL (A
RHTMER R RS ) HLEATBY AT L A A
SRA B I (text to speech, TTS) £ 3 78 24 PM A9
o, BRI TRARNE ., HilE—LE,
1325 F ALK Z ARINC 429/664 £ 4 4 26 1) 3% 38
ALBV S B AT A Bk By B — NS5, B
Al DL A AL MR L B T3, 45 550 KL
A& AR HCHE 1Y AL, B Bl W R B £ T O T
FREREIEH , NI SCH: A g 2 4 [ ik
A BLA% %) (Durach 1 Gutierrez, 2024 ) . H A4 1E 54

BT R RGNS S EORAFTN BT T A2
T RGRTE S EMR, EOR ALK A ENAYHT
FEHURG TR AUt AT T B Y TR PR R, KB I
PRAN R T B (2025) BN & Bl 77 N T8 g
AR 25 T U S S L AR T i AR i =X
LA B T BA e 92 bn RGBT AR 51 T AR
i FRI AR AL R R EOR

B g S A R, T B T T I A I D
B & % & B (non-normal/emergency procedures )
W, B TR E R E R ). Y LA R
B R R SR AR TR AR & ShHLJCE ) I, Bl
2F 30 A D A W T B0 PR 225 T (quiek
reference handbook , QRH) o 7% & 57 Fe AR 1) 5.
N BIOIRZSTS 8 Ba) T I VR A 5 % 107 1) i A
FPAEAE AR A 52 B A I 1], 2 28 5 | B i
Bl TEIERWMIRY = T, R m ik K REN
AR AT R 25 B Rl R B Y R T B, /AT B R
i [ ARIEF K B A ds A (a0 AL 2 BV 5
RANPLIERICACIE ") , 2R G RE R IR] 16 JE K Y
AT TR PR G HORS v E 7, AN OORE B O O HE
HODBR S S 800 2B AT o BR A R, AR
PATCRS 15 T A5 G 57 R) 2048 S LIRS T B 9
D Wi % BRI O o X RNRE TR E H AR TG
HAL TR RN A2 B RE ), 58 R MR AN T AAEFEL
INPARTRRVAESS + ESF PSR ioaz 8 i A:E7/BLILIT M T W
A2 BAAUE — DT H R S B TR BTN
TE2 58 T S A B 1 3 BT IR

4 FEREMBAXEHTHRBERE

TEBAAL AR (SPO) BB AT HEAE v, T X &2 2%
2270 () ) B s B, AU AR I & 3 5l 4 52
M A 3 KATHE 5] R G (AFDS) B MELL R X = 4B
NSRRI o ALGE B 3728 A 32 B0 T
TR S8 (FMS) #5515 A9 i S 0 I o (way-
points ) LS 52 M 1 HE il —FH 43 —F 43 (PID ) 2 1]
PR ST RN %) 2R G A TR i R R AR ™
R G B AR S0 A 25 T A e g TR B = R G
PES AERRE T o i T 7R 584 5% b i SCRF (An %k
P B rh ) A s 17 0 T HOOR DR AT 4 AL
TR eI E A A IR R BN T30 SR
ALK 5 o A R R R RE T . AR B
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=k, FEM, HEY, =R, ERE
AT EREH B B K ITE IR AR LR

TR 58 427 2 (deep reinforcement learning, DRL) #f
WY S, LA 9K 5l 11 i 31 3y 2= ~J D A% 0 O B E
PRI SR AR 2 B R 58 5 Fs A A ST B 1T
WEVER 1o AR IR AR LT DRL AT 8%
AL SEE IR B 2 Re A B[] e f AL ) L DL A AE AL
R 2 B A AHILEZE A Bl 25 e A e 2 2
4.1 EFMNETHRERWLFEIFITMRML

T 15 B AR 45 M AL FUAS 52 20 S0 = 4 49 7 2 3
e, TRAT AR I LR AR BT b > AL Y E /K]
R P 173 B (Markov decision process, MDP) ., fEi%Z
HEZET B B MG AN BT 5 PREE A2 ., LA 1 HT AR
SO E G 235 IR R RIBUR E 19 31
(AN REIRHATD A TREL FA B T]) |, IR 3RAS IR B A5t i)
Bl (veward ) , HodRe 26 H r o2& e KA 1) R
Jil (Sutton F1 Barto, 2018 ) . FLH (1) 5 fb 2 > 53 (A
Q-learning ) 754k B B 1l 8l 1 2 8] A i X AT 55 Hh LS
T E R (Mnih 45, 2015) , {H D A 25 45 3% 22 1Y
RAT BN ) 2 AT e A R RS A AN, AR T
7 A A OHE” )R

R T SR SR R B, PE RN BT A
T Actor-Critic 224 i) 8 2 58 Ak 2% 2] 551k o Lillicrap
S5 N (2016) 4 H 18R B2 A 22 PR SR I B 2 (deep deter-
ministic policy gradient, DDPG) 5.1 B UK IR FE #1 48
W0 265 55 s PSR WS AR 25 5, i S s VR == IRl Y R AT
PEHIZEE 7L . SR TR JR 2R A TR
AT A AR AL T EAE AN AE AT ]
G L) K S G 3 P AR 22 AR HL 5 1) H AR 2 (7]
TF- A RATH A (Pareto optimum ) o X 13X Fl i 4 |
B LMk 1Y P Ak 75 3K, 3T 3 5 W& A 46 (proximal policy
optimization , PPO) (Schulman 4§ , 2017 ) F1 5 4 78 53
— I8 F (soft actor-critic, SAC) (Haarnoja 5, 2018)
SRR Iz B A B S B AR G, PRl
%) K 405 91K 2 1Y PR 5 ik Ak 27 > 7 T 53 A5 A1 Cout-of -
distribution , OoD ) AR S TGN, 6 THI i PR 28 25 [ 4%
Y5 WCSIRIXE o Sk, Y1 A9 2 AR T L 1] R A
AU+ 5 k2 2] 72555 U [ 2244 (neuro-symbolic
architecture ) o KB AT AR P2 K A A 2 60 9 2% 52
275 % FE K Ul (macro-planner) , S 22 48 £ 1L 15
B PR 5 3 25 B9 22 Il bR BB IE (reward shaping) ; M)
PPO ., SAC 45 512 WA S IS J2 AR $047 4% (micro-
actor) , TE 1% 25 5y ) 27 23 (8] A A= 180 e s 8 11 ol e 21
W, B S G S TR A m e B R SRR B

PRI 56 A . PPO B a5 | A BB A3 H
B BRI (surrogate objective ) , FR il 145 Y% 5K W B8 5 )
MR BE | AT 7R CRAIE S A W SR e PE Y R s, A KA T
THER ARG IAEET I A iR . T SAC Tk
D038 o 51 A e K (maximum entropy ) 58 £k 27 > HE
20 AR BRI e A B2 i), IR R H ek
A W () B AL | 3 (75 TR TR X o 1 AP A8 B
Jry S T A A B AN A I Jre B R AR R e T R
PR A B o AN TR B TR B iR Ak 7 > SRR AR A 2R 1Y
F 2 ik i v R B SRR [R] () PEREAUAT . PPOE N
[F5] 3 W Con-policy ) 532 , FLOE W& o8 37 - 1 HAR S R
2/ IXAERS 2 M S RS PR ORI R 1Y AT 45
il v 22 G E 5 H HAE A ORI, 7 T X 8 i A
[EMNIRRRETIZ W, M, SACHER 575 1 (off-
policy) B3 , i 5| A fe KA ML 2 b 5w 17 4E 2
A S AE S [ P YRR BE ) AR B 2 LSS5
S5l NG CU N VN ¥ S A R (R R A
X 8 2 B0 DA H R TR AR P AR R R T 4
Tl F- 5 BE Wk T PPO ., & SRR S 128 18] 3CHF K
AR KA Fa e YA Jy AP AE B % 22 v i 3
SAAME, L 1R, Hr, PPO I ZREaE P
STz T RAT B R R 5 L 5 SAC 7E & 4t
B AR 55 PR R AL s MARL B A8 Hog %5
Hb Wi ST RE 7, (5 228 R A i S Ak 3 12 A TR e
ATh R S HAZ O

*1 HERENKETHERRERBUEIEEITLL
Table 1 Comparison of mainstream deep reinforcement

learning algorithms for single-pilot operations

Ak g3 =S ] FasE e
PPO On-policy S BER [
SAC Off-policy L =
DDPG Off-policy L g
TD3 Off-policy HHE (=
DON Off-policy B g
MARL Multi-agent HEELEHEL ik

FEELAR ) TAR I )2 1, R EE s Ak 27 ) e
W B 8% A7 25 T JC 29 SRR B R 1 3l 28 = 1) R
Chronis % A (2023) IR E R W], TEAN 52 A5 G BE 45
FEY BRI 1 1 25 3K (free route airspace) H7, 542 )
VL RENE 25 A PTAh 2 0 R XL ) AR T X BRI
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F 34 AR g R e U (I ARk BRI 5
V) BN ELR R B v Y = R . AR
W5 J7 o, M A8 N (2021) £ % JE AL (unmanned
aerial vehicle, UAV ) $& H —F 56 T 3 ) 5 4 52 2T 1
PR L B S AN TRGEAE B L K7
255, BEPLT Q-learning 7£ &2 =B it ¥ 55 v Y
W SIGH B . A Z RIS e T ) T ABLF 6 L H
I JZ IR 2 2 0] A (a5 1 B i 0 st 5 s i
AT ) FI il R BB I B, S R BL RS % BLLE SPO
BRI A Flk AR T BRI S 2L
B RUR A PR B0, 2% 25 Ay 8l ) O il 4
N, 2T DRLAYHLA ATB L RENS 7F AP R
A FHEAE B0 1 24557 (Hafner 5 , 2020) 76 “ W FEAR 4
23 ) rp PRI T 0 AT BE Y A ER AR T4 S M
TR A SRR Fe 0 38 B . SRR
M PR B v 2 S TR RE ) R IR AN R AL RAT B TR
BRSNS RE A 2 B A AR B o
4.2 WHZEPZE(VAM)EFERAMEPH S E6E
st B k%8

Fifi & 39111 25 1 2238 (urban air mobility, UAM )
A GRS DL R AR G P 25 U PR AN RS
B R AR I L R 8 T 1 0 R A 1 S B
B THE R . 4L 42 SPO HHLEK e VTOL(HL 3h 3 1
LR RAT A% ) TR DA 1 2835 X B T e 75 rh ST
UNARAF AL RBUAR KT A B 1Y J i e {0 S s 57 7
1 5 5| e BN, S B0 Sl B R S A B
TR A A R R RCME . PRI R A v 28 A B
(air traffic management, ATM ) H %) 1 58 fiff 35 15 (] [
TRAFAE 55 ARy — > A P ] DR 3 ) e, 1A A
25 N TR RE U o5 — K0Pkl . 2 Refkas b
2% 2] (multi-agent reinforcement learning, MARL) 19 5|
AL oSS MY f A SR E R Y ] Iﬁ%iﬁ (autonomous
separation assurance ) & it 1 Ay P AR TS

TEZ B[R] E LA 55 b, B 2R LAY AR 25 1)
AMLELE A B Bz s E S 4, ib T B S Gl i
ADS-B(J™ #5=X A gl AH A0 B 2 1 J4 3 A = i
A E S EEG B . Wang % A (2022) X B
s Py A RS TR S A ) S R B N EA T T
AT [ BT, 45 H A% G i Bk T LA 5 (A By 4 R 42
TCAS (traffic alert and collision avoidance system) ) &,
2 5 M 5 f# 3 (conflict detection and resolution,
CD&R) ML A R 5E , 7T 0 3 28 L B R[] % A=

o B2 Ze PN EE I AR AR S B A e sk & A
HP GRS . M2 T, 5T MARL 5 if
BE T AR R R SO B A TR AR
HFe i ZE 535S . Brittain 25 A (2020) #2 1 T —Fp
TREE W) 28 B Ak 24 > ik, BT TH T &
FE R IX N A E R AR AR S, 7R 28T, &4
B Be A IE A = R A B, 2 ) B —Fh s B
] (4 B GE A AL, BRAE AR DR e 2 I B A T T
3l FpE A5 AL 0 S 5 R 5 0 AL B, A SR
G ) B PRSI B AL G2 NS DA I P8 AR BR o

Bt 6 B kg 52 2 I T AR A s B, R A sl R B
HE S S %A, SR 2 58 (R e 5L 18 Kk
LTt Zhang 5 A (2023 ) £ 5% TN 28 B 25 45 78 3%
MR i T, 8T — ML TR L
(attention-based ) B TR J& 5 1k 2 > KR A v 28 fig A
B ZATFE A E R Transformer 2544 Hh %) H 1 &
TIWLH G52 2] 28 IR B Rl G, AR HLAR AL RS
TERAE Bl 28 Sls Fod, | 3R e I R T
TS 2 5 L g iy 1 2 B AAR AL 25 %, AT A DRIE S B
P 1 7] B R 4 T T RS DR A R R L A,
Tonti % A (2025) 7£ fii Ak 3k 7 37 4 1) AL AR 52 v, o
UG UE TR R A ) e A BAR LR M AR 12 TR
ML R . AAEZS T, X R 280 Be R B[R] AL 1
[vi] B 4% 4iE it 55 AL b v ) B 2R M AT I P . Sazy-
manski 55 A (2023) #1514 fe] 1) FH 058 e fA Fn 2
eI A 2 2] Ak AL G b T W A 0, T
G R 2 LI FNE AT IR A R R T
KIUHRAAL 0 M TP, BEAR T BRMIHAE . T8
T BT K 25 I ) 248 1 3 R A T 0
TR 5 35 0 23 RO 10 0 BT 208 3 R B 90000 AH 45
B, RB N D4 Jm 1L A 0 25 4 T A2 i D 285 1) 25 A
55 JE 55 508 (Gui %5 ,2020) . 1E SPO M EE T, X Fh 4>
BBz OMHI TR A T 380 8 28 SO0 1) [ E 2 ML I 45
S P T — A AL R R R R E R
W, KM TR AT RSB A R T H
PR 2R 55 TC 4 B BIMJR AR 15 17 7 (Sui 45,2023 )
4.3 Al THIZERRA B S AVIZEE RIS

JUER B R A2 ) FE TR 5 b 2 i AR e
PR L A TSR R EAE R A X — W LA
NS AT 1) 2 4 K HE (safety-critical ) 403K, AT
RGY A BERE BT — 1 58 R AL
PhIRET . M, WD AT B R 5 NS /AT
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=k, FEM, HEY, =R, ERE
AT EREH B B K ITE IR AR LR

R ZE H R EE RS A — DR P AL
PrIA] CHAT) MR 2 BOAIL R AR i e 23 5 B ) A PRI
FRIGVE o FEIX SRR T, B0 IR EUAS T2 AT RE A
A iR A AT B LAl 5 AL 5
AL Z Bl AT 3 45 43 B 5 T 48 448 (dynamic func-
tion allocation ) ,

TEAR SR H S AR BT, AR Y 0T 18 o 2 i
SHIury (I A Sh 2 WA E 2 58 A8, H A58 4
WiFF) . SR, Endsley (2017a) 78 5145 A28 5 H 81k
SEE A BON TR 246 X RN 2 =
N AT AR R 2T A GOEVE R H B4k
P 1" (automation surprise ) F1E 58 B IR A € 0k o
KT FENRGK Bk B, SPO HEAE TR (1) AT R 25 Gk 2 L
Fr AN AR 2 25 8 9 B J) o Tokadh 5§ A
(2021) FEFEXF B2 Bl A A B0 BT 585 2K 5 Sk
S , B AAR S B HE ST A ALY AT BLCS
AR (S AT 25 M 2RSS W) B A >
P58 JRUIS: 25 90 (ARG v S i PP 22 o ilan, 7R
P H. AT FURAS R I, AR 25 3k 40 T8 2 1)
“Blah A 5 AR (A SE R EERAR) AT
SRR B SO0, 0T LA SO SRR B IR U S A0
s bR B A LI e . I, TSR
FHHATHCE B FEARTE ANRHLK T

SR, 24 BRI XU B 448 A ) 38 AL AOPR 2 5
I, RGE A BB RRR R AEARAE B . AR 2
BAL AR FNE N AT ™ 195 57 SO ot Bk
RN, HL LI PR e T R X, AT R ks
LT H B0 A AR 15 e A R B W 5
fih i 5 LA AR FHUE IS B] % 1 (A0 5 s ) YRR
BRI, AR 25 Blef 4K 4 DRL SR A= iy i LB
W SRAT A ATF BRI R GE AT LD Sl . IS
(03 18 B AN AU — LA 42 Tl AL D 4, B9
N3N 52 20 AAUE AT (trust in automation ) THZE . Lee
1 See(2004) 75T A shAL(FHE R IS hH5 1
15 AT B A I X T 3l e X 2R 8 1Y 2k BE AR (over-
reliance ) 5“7+ F 7 (disuse) R T E . Q15 AL %
Mo HEAT AN LB DR AR B ™ B A RAT
DO RGN E AL

BRI, S Tk T 5 S 1 BRACRR B M
K Z (teammate-likeness ) , ALTES 1 5 AL AT TE
T b A% 5 HL 2 1R 1 A B (Wynne #1 Lyons, 2018)
B GRS NS ko2 0 e i el 7 = I S =y G

25 NHLIAT B A 2507 i 3] 1 T AL 200 PR RY 375 W] Vg
38 45 A ARL7 1 )i |2 2 8 (Korentsides 45, 2024 ; Kir-
wan,2025) . TESEPRI RGBT, XK E ALE|
BT LA TRELE LB, 075 S8 I R fe i
F G5 LA RIS 3 i 4278 S PR Can e LG, ) 1) 1
BJ5 A ™ XDIAE , B F oy, 3 BB 1 AL
I A i B 2077 ) o IR A AR R RV E P 9 3
SRR ST LS B 0% T 7Eoom B AU LT RSGURE
f TR 1B A [ i R L R B T A RAT
TEWR 52 RS J5 e 08 1o o 17 45 2 U = [l 42 3l
K, TS T BRI IZ A7 25 i N S HLE B IT
PNV S

5 WM ANLIER(XAISEMRE
E B9 X E Hk i

TE B AR T (SPO) 1 B S5 250 v, Ay T 45Ty
FITERT BRI | [ SRR T AL DL R TR B R A2
AR WNBOR YR FEGIE I 1 AL I 2 3 A 52 50 %8 B
B IR T A s Bk i . SR, AR AT A7 M1
1) T M A 2 A A AT S Tl R TR 04 2 A R A
L R P RS L s — 2 AT 5L A ey B R T 1 B A
PR ] B T BR R AL (AL B DR T B B
AIFEAE TR T 0 V2 e A A B R A i
L B R R e 2R A UE B AR e " 5 A
F U R B K S AL AR A AAILEAT:
fENL AR IR R, R G LR R AT A B E N T g
(XAD 7E AL 2 Sk A e B 5 0 R R IFRA
BB 0 1 R B AR G0 9 T e 1) 325 T P 2 Pk 8 S R
KM R A o

WA 3 s, A& Gefin = A AIEIR & 5 AML
RSV UETE AT R B Uk Iy ik ] R
SRS AR LA KR MR 5 A BDIR 5 4R EE T
FAAEAR R IE S, HAZ O P RAE T : DO-178C BRI
PEAT R EA TR R 5 FE B 1T AL R A7 R th AR
ST A IR, PR 22 ] A 3 2 1) & SPO Rk Ak AR
ARFEAR RS
5.1 EEEBNAFHBEES ANEEEN

AN TR, UHIE DL Z R N T2
25 M FEA A B 24 2] (deep learning) , H: ELEAYTZ 1k
AE ) 5 R E SR IBURE ) 2 LU A 22 48 N A 1Y) 22 i a7 )
JERARHT Y o X FFR B & (black-box ) B 4RI
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DR, RIS -, AR ME LA A2 mT 2
il ) SR TE SRR BT W L R A: L — R 4
W1 PR A% 2% (Gunning Al Aha,2019) . 7ETH 989 H.
IR A 7 FH v (e 7 R G sl PR AR A L A 2 R 35
AT BN P RS AR I s SR T, ZEAR 253X — it
RU )28 4 S B RT [A] 538 (time-critical ) F9 P BRA5 B
Z4¢ (cyber-physical systems) "1, N 0] fif B4 51 &
B L™ B A9 TR KME (Hoenig 55,2024 ) o
TESPOIBATHREE T , AEHLRBERIF T 5 A2k
RIS B AT 2 R AR S DRSS S A ) B AR
TN SRAL 2 AT B2 5 5 SR A 3 B B dig 2 KHLEEAT
— UK Z A 2R B R i L A JC 1 57 2 U

A 5 DR TR 2 P RS AT O A T o R
(microburst) iR JE VA A B A% A B 1R 132, 44
AT 5K B 1) B A ™ B9 A HTR I o Endsley
(2017b) 7EX5 H B2k 1R 1 22 BLBIFFE s i Rk
ZIEWE N RGN 5 F LR R LAl
51 AF " (automation surprise) , AN X TG 72 32 44t Je 3R il
B, R 2R ITIRE AT B BT OODA (WL —F i —
PR — AT ) IR PR %, 38 1017 B8 R (SA) 1 M
PRk o ITARK, KE I AHLEMA] (HAT) BFFE W],
B ALVE 2 B e N A B AU A A, B R4 0T R -
SEPERE AR B, T H A P A T I 1 T R
(Korentsides %5 ,2024) .

fEEE s bk ’ ‘ AIUML 248
WE MR R GIEIR Vs e RGINER R
Jr& IR
FEoRARA . BNE HdoRsh . BB
SERETR RV AR “«—> INZREE SR E R
FBATR B ST 11 R A AR E
LTk
LEME R ST BEE + A ARIIE
100%{B1IESM: / P e R ; , FHAL AT A NI
TEAXAIERH + B0 / 2Rt TR A A I A
L T B2 2 R H e e NG ] )
] R TR
KR4 EH SRR (R OIE)
FRADIB AT W T «—> % XAl 71 (SHAP/LIME/ £ 1)
TR AR ER S E R BT SEMEAT A 4l
A g
N
WA, ASwAzi FRgit o] SEANERS
BAMAR RS f5 B EHNA «—> TELR G | INEIB A 5%
TEAL BB (SCM) ) B EERAE N JehE
FrifEfid 5 BLR
Pk h FENE
FAA/EASA B.F 50 4ESERRFH R EASAAI #&£6&
DO-254 + ARP4761 it £ 55%% FAAAC20-AI SZAFR 2L
L STC/TC T2 RE ) EUROCAE WG-114 #2157

a5 BEPESHUIER vs. STt EAGREARIIE
DO-178CEER “TEMAREE T H S T BUNBE" | Al REATRMBERSAGRIL TCRF e R
XS SPO R AHIFRA R AR

K3 Lgefiias 85 ALAEE A [

Fig. 3 Comparison of airworthiness certification paradigms between traditional aviation software and Al systems

XE AT T AHLAE B A% O i
“H 3h 4k [ /£ 7 (trust in automation) o Lee Fll See
(2004) 75 HBE I SCHR rh s 4, 5 4 A bR L TS
AL S EEE S SEAT RN R R E HI
N B 25| K LT 737 MAX MCAS R 58K 3K

IF B 15 R 5 A5 4EAS 2 (disuse 3¢ under-reliance) N
S P EC AT BLTE K 2T ZHE A fift i B e 1 1Y) sk
ARG W TAE M. 76 SPOMEE T, sh 75 Hid Y
AR S8 AR T AL RS0 B W B (transpar-
ency). Kirwan(2025)%F XIU2s G ATFMESS
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=k, FEM, HEY, =R, ERE
AT EREH B B K ITE IR AR LR

N AT ATERAESEMOC I R AR 52 25 9E AR5
PRI, R S EORIZSR R B MU T AL L
FRYHEHDE . P FTRER B 2 ) i R &l 5T
HEA AT B 0 K &7 E B H & A2 SPO
ARG EUSAE BN A3 I, S 5 3 NS R AR AL
Ja B P AL DI ] VG 4 22 4 Y 0 R Sl T S5
(Yiu%§,2026) , Bt A L7 I HLE T
G5, IFEE X SPO AT By A 37 5 T g T ) L
B RERHIE I RGBS PEAS , SO TR & F TG
HLAYTUZ B HE AT (Ziakkas 55 ,2025a,b) .
5.2 EIFRRIARRMELRIETRN S SHERR

TSR A R R AR 5 NN SR Z ]
AR 38, AT A R N TR BE (XA FORTE i 25 Gk
FI8T %7 Y T A il 345 1) 22 Bk i 52 BB (UI/UXO) fin
HBE . XATRZO B s 2 A L RE s AR TR AL %
b B AT B PR B, SCREAE N (] 52 BIR ) 25 SUIR L
A B AL B 52 B G AY AR RS e i (Sut-
thithatip 55,2021) . H T, AL 4R XATHFSE
F By WK H R B 2R S i B (post-hoc
explainabﬂity) 5 HE AT i B A (intrinsic inter-
pretability ) .

F I R REROR SR ARTEA UL A R SRR (4
TR JZ A5 FERH 28 100 24 SOk 127 2] SR ) PN BB 435 44 1 T
FETT 2o B % B vk 3 s T A A Y TR SR AR
P o I, ) R B AT i R AR R I G i B (local
interpretable model-agnostic explanations, LIME ) & 7>
)i Fi# & (Shapley additive explanations , SHAP)
A ARG E R RRHOR (a0 R D AR R R
THEAEIR , BXELL] A SRR 5 Rk TG M a2
T A A S 455 (chain-of-thought,, CoT) #EF fiE
TN E B XA R TR 218, fian, e 3 3k
BE R G, RGPS AL 5E By Pl A5 A )
T84, TR MG RABE Y [] 25w i 454 A 1) 322 e o 3k
(OB G« 3000 381 i 7 s %o 3 R 2, AL iR o PAT R
I R B i i 22 A G R MR 45, AT A D 5 20 J32 ke
1) o SO TR A B AR IE F R SIS, 45
A PED bG5B R 7 B B R MG 1 T &R
GE B G RB F S ar o R 1) A3 A MR AR R S
FE &, Memon 45 A (2026) 33 T 4] 1| I XAT 4
ARXS S F 4 23 v 22 It R AT MR AR VB O 7R e
P BCR AT R B T — 258 K BB
XATZR S0 0] DL o A6 il o 35 1 K] (saliency map ) B4

JIE L AE LAY TR s g bR sebn 3l AL
IR B AR KU AR 2R X e, SR T, 35
FEBARAE S Br T 23 70 2 v Tl 358 3R A )
TE LA AL S B A ROR sh SR 5 b, /AT e 4
FRECH RV 22 B B — 1 TRIS A9 SHAP {H STk B2 36

I, “HRAEART 1Y AT i B4 (operationalizing Al
explainability) 84 4 5T ABLZE B RTHT . Wiirfel 55
A (2024) R AFR V] T G fof e 2o 0] ff BEPE LR R
(interpretability cues ) X AT Jo4E4E h 21725 B i 7w
Ho ABATTE— UL TR B8 RAT 5K I R GE (IPAS)
A P AT R SSERT TS R B, AT R R A
T B0 T Bl S B AR 2 KR IR B 4
PR A BRSO e LR . Bilan, 7E
FI Sl RE 2R G b XA LA AS i SC -4 3k 7
20 £, T REAE 32 RAT R & (PFD) 19 3D A U 5
R, A B i 2k TR B 5T Hh AL (Y
A RATHE , A 55 300 AR a7 (9 PR AR T £ (A
R R TEANL) o XTI EAE 1A 8
i (just-in—time and just—enough) W= 22 E N,
ALK BEUEFE — T Z 18] (glanceable ) B AT “ T
WS UPIE” . AN B A A SCES 3 T S B AR AETE
BT XALE W] Ld A 2R 5 I it R geka th
e i LL T BB RA IO AUCR G2 M T HLZE B
U5 % B (crew resource management, CRM) H it
% B2 B T B £ P [R) e, SR 2 R AL
14554 (mental model) 5 5 4t 5% FrofR 2485 5y B2 X 55 Y
KA
5.3 HmIEMERERAZNT2ETMGEER
BUIEB& 12

BRIV A XATHARAE 25 B A e o 1 RAT A
) T2 A5 AT (R, A1) 225 e ) 1 ol A 07 P 3 A 201 55
B — T VA A TR AR 1 R A —— T A5 il AT IAIE
(airworthiness certification) o T 25\ 2 JiIt D 68 % &
T M e 1 22 A i, VA B A HG ™A LR T E
) R G AR AR U A0 WL AR A AR A o
DO-178C . F 48 % = L WAL bn fE ARPATS54A 55 0 &
T, X B AR 22 20 rp e B AT 22 A7 R0 i o
PR TR AL 2% 2T (ML) B HY s A1 I 1 5 R
AR FEA R,

1% G2 25 A AR A T 4 1V OBE AL (V-
model ) & AR , 9 I8 £ 6 ) AT P %7 (traceabil -
ity) o TR N G b Z50E AR A4 B — A7 0 B — 4>
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AR R R, B AR R A RS ATEAT:
AT A A 7 A 58 4 AR [] EL ) 5000 i) g+ o AH L BL
iyt 2 B I HOR IR B sk 2y > ) RO AR o “ B dls
Cie~ M TE | WL eI e Ay R S (S PNES
AR A G T R R 25 RO AN B2
SR T o T R VI R BT Ok o X R AR A E 1
(non-determinism ) fif 75 1% 4t i) A A5 7 75 2 003 (n
MC/DC)IR AL, H AU TC AR T AL 58 F 52
B 1Y) PID 2 B AR 25 B ik — RS2 i 2 I 45 114 %
4P (Crum %, 2004) o 1E W1 Cummings F1 Britton
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Fig. 4 Four-layer XAl technical pathway framework for SPO airworthiness compliance
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WY, 33 48 v 204 110 8040 IR I A R A S5 o 0 2 1 T W o
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T o320 SN 00 % S s (R o B 2 1 Bl 1 8
RO B, FEAE I I V2 AL B8 T i 15t 1 RURS: (3% 7 F ey
Hi,2025)

)M FAE S IS RE LG B . B
A B2 AR FE 22 A TR B B s BAR 221, 91
PRI A TE B U A TR R R B A B T oh 58 i
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