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Abstract: Damage assessment is a key link between target selection, strike planning, operational feedback, and subsequent action
adjustment. It includes pre-strike weapon damage effectiveness assessment (WDEA), which estimates damage probability, target
vulnerability, and weapon and target matching, as well as post-strike battle damage assessment (BDA), which determines target
status, functional degradation, and mission effectiveness after firepower employment. The review aimed to clarify how artificial

intelligence (Al) is reshaping damage assessment and to identify the technical paths, application modes, and unresolved problems
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in this field. A systematic review framework was established around data acquisition, feature extraction, state assessment,
functional inference, and decision feedback. On the basis of the connotation of damage assessment and the enabling mechanism
of Al, existing studies were classified from five technical perspectives: perception and feature extraction, data-driven assessment
modeling, knowledge-driven reasoning, multi-source information fusion, and intelligent decision-making and optimization. Their
roles were further compared in four operational scenarios: pre-strike prediction, post-strike assessment, system-of-systems target
assessment, and assessment-driven re-decision-making. Particular attention was paid to how optical images, infrared data,
synthetic aperture radar (SAR), sensor observations, numerical simulation results, test data, historical cases, expert knowledge,
and operational reports were transformed into damage features, target states, functional conclusions, confidence measures, and
decision-support information. Representative methods, including computer vision, change detection, deep learning, Bayesian
networks, knowledge graphs, graph models, and optimization algorithms, were examined in terms of-applicability, information
requirements, uncertainty expression, and limitations. The review shows that Al substantially impreyes thewefficiency of damage
information acquisition, target localization, feature extraction, effect prediction, state estimation; andfeedback generation. It also
extends damage assessment from manual image interpretation and static rule-based judgment toward an intelligent chain
integrating sensing, modeling, reasoning, fusion, and decision support. However, major oustraints remain, including insufficient
real damage samples, simulation bias, unclear mapping from physical damage to functienal dégradation and system effectiveness,
conflicts among heterogeneous sources, weak cross-scenario generalization, inadequate ttustworthy verification, and unstable
interfaces between assessment outputs and command decision processes,fAl enabled damage assessment is becoming an
important direction for building faster, more accurate, more explainable; and more reliable assessment systems for complex
operational environments. Future research should emphasize credible/ data/ mechanism-constrained modeling, knowledge

enhancement, multi-source fusion, explainable verification, uncertdinty-aware outputs, and human and machine collaboration.

Keywords: Battle Damage Assessment; Artificial Intelligeénce; Multi-source Information Fusion; Knowledge Graph; Data-

Driven; Intelligent Decision-Making; Operational Application

1 518
1.1 A IHER AR S FK

AV AR P EFAT AR, B TP s BE AT 0 B AR s SRR R AR AR A
SRS RE, REE KPP R OGRS . MESRAEE , 5580 Al OC R BN B VTR
W ARG R A B R PR € Weapon Damage Effectiveness Assessment, WDEA) FlIi§37 5547 % R
PPl (Battle Damage” Assessmient, BDA). Hi# @ AL T4 7 RILALZ AT, SEFTRTOUAT 70l f5
FIEF AT KAWL e, FFEFT G Wi ifih . = F LR BCK s HMGHRIL Sl 2] 502 I f) E
ZICHD2, W LUK



wmOoE 5 &
Explosion and Shock Waves

PR
1. BHEER
RRELEE
- 1= %”" 6. KRS e (lgﬁﬂﬁﬁ
Evfﬁifﬁfﬁfdf ot BifAE S iare
e
g b ez © BT
5. FHIBER s 3 mumes | d e
papeg s ‘ B TS prphivepl L EATBRBH

i
(4]
L EEAER

K1 R G KT e IR A R B AT P i i B
Fig. 1 WDEA and BDA in the closed-loop joint fire 3@(’@

A SR EE A (WDEBA) EE RS T AT W, ] BEAR J 7R d T ahniili T G 34 24 0 4 5 H AR
ATRE AR BOR . EARFEECR T TR, I SRR K AR E TR, TR
Al Hbr gttt BORERE. SHEIERI L H AL R FAEIRIR, B E B2 dri05 B
PRI BEIE BRI B RE L . TE BT B 05 75 B 22 /D 2y, L L SE (i BSR 25 RN S5 R . [ i
S S5 I L TG BT RO RE VAt 2 oK 73 2 R IR 5 5 24 a6 M T S 4031,

BIA SRR VAL (BDA) T E RS T sty AN e K 0SS A 2T 15 EFE
ERIEMIEMEAL BURHEE . AL AR 5 IRE SR TS T B X BFREBIRES . 55 Rk
FEPE . AR AR FRICR BLR AT BE A PR s SR 2 AT W, JFON R 75 7 BT i ARl R 384T o 5 SRR it
s SRR RRE VA A L, Ik S5 0 S0 R B 5 8 DA S B WL it H A HEAT IR I, 4%
GENTHARLE, BRI B RBOR PS5 SR, PREALEE . H AR IR BRI AN € PER AR Y T
RSN

MAEEME ST, B Al B o A P PR AN H AT i B 26 e i ok ). g2 OODA 34
FIrsi i ) W 2R — R A7 3 G R BRSO BE P R B sEfr. BRER. FEHE. T
PSR, BRIV AN AT S G JE I e v, T T —FeR SR AR A A0 B B S Wt TR 2
TS ROR ,  PASCHE RS s o H ULECAESS AR 4T )5 75 ZO A SBARRE R, DT e e
FRHRAT s KT RS e AR SRR BTSSR S5 0 PIAt 0 A S VP A0 P e P T A
Ui I S VA AT _FIRSS RAE A S 58, AR IISL I 2 SR . DRIk, S8 VP A 1 B B I AN AR B
FEPHSAE”, AR ERENGIEIT ih 4R BB AN T B B, HESN R 84T shHr 82 1R

B E e R L, WIRR TS A MERTI TSR . BT 2 55 ToedlimaRk, &
RORTE AN . HARG RS, N TGS N PP, . BEE RS HRIT o RBIEERI . 1
HAEBAEERGRRE, BB AR B bR, BTFB BRERMAINT, B 2R SCE T
GRETHG . EMAERBIR, SR SR AH 00T o Al S AN W B AT TN 5 T S YA A BB, HESh
T ARG B R SR AR AN B SRS AR S SR A RN IR, A
THERE . BEAEE. TN EMEERE T FRE R R, SUESBA PP I T RN AR Rt
Ve MANTHBER B3IRR, AR I8bsER 2 4efabr, MRS HFRSBIE MR R AmE i, A
H ST E R B AA AL o XA AR IO E &, T /5 5K A2 5| A1y ikt 2 3K R F 45
Ko —Jri, BAMESOS RBRBRE 2, H b A R A [ Bt o R, IR e AR IE Y
m EAEEER . KHTT. HLET SRR R GIL R RN A AR A R 5 J5H, Sa AR,
SECATT PP P TN OB = IR AN E R R BN . AR SRR 2 s TR O, B



wmOoE 5 &
Explosion and Shock Waves

3287 S B L HE DR SREF) [ . N A AR RCREATRR,  af AR B S B 1) B AN A R 2
s WUET HN SN AR T R R Y, (A SRR . THEREI G, ML AL SR AL EER s T
AN HSZRHAE R VP VAR IE R AEA 2, AERRT S BT AR RIER RS
R KREWRIGEEE . 07 BRI AR BT e o AVRIM A, 3G T B B R 2. 1 2%
CHEXTPR. ARXTHEC RO VEAL B, RS S BRI R T e DU Al RO RS TR . Bh
PG AMEE R, T HEE AR RO AR, WERE, JF BRI SS T RE  R AR SR

I, Sl PG REA A B S SRR e, AR Al ECas BT 5, TR BUF TR, 4T
PRER 375 SRR SL R SR AR . Oy OEtas . bR, SRR SUESSSFHLE AR, 5
TR . AR R (AT S SR R B XM B2 RS B SR A A R
fiE, IR A SO 1 N TR RE IR RE S 15 DIy (R AR HY R R
1.2 AILERERARBREEE N

RN TR BEBORMIR SR, BV B RGEAE 7 mrag. BRI H AR, 8 3C
rELL AR RS S) . BOEIZR . ZURRE AR RER RS I, RESE R R EraMESL TS
RPN T80 [ B B — BRI R A DARE SRR SRS 5 PP S\ AT 9 i i S AR B AN
XY RBGARATIN T3k, DB IR ARG e SRt T BRI ROR 2 X SR T AR T B[]
KEDS, BHEREHSZEHBHE BAAENE, a2 2SS EE R E AR
AR, FREE D B S PR Th RE R M-S

FERFHARSA AT, AN LR RO RORYE 1. AT R ERES 2. Hix
Rl Bl gCH e M Seabr A R EL &, M T Am S0 il ¢ 38R i bR B0 A e AR ZE 3
HAARER G B PG AR 55108, X Ee R, N LA BB vP AL 4 sh C A 2 fd i R b
P, TR SR SR A PG R AR . i N LG BAI N RS, Be1m) Hbs H3hE . Rk E 3)
SRR S5 A3 R i B )

Teie NEIR SR T IE R SRR TR, S pPR A — TR aE . R R EBGRINAZ AR, B2 —
TRAER AR RE A R 2R . oy, SRS 42 5], tHRALRE 2SR SRR AN EE 2 4 75
%, NSRRI NASAGHLE, RERENSHES BiR. SRR Z R ARG

ZEHTEEON K B @ RS A L, RO RGEAR . PSRV . W2 B R AU 456
IR S Aok, W@ R DDA, B W] BB VP IR AE A — AR e — eI, e
LR ZERBME ARG, NP @, B vP A B AR — RhE . K
REREANR, AR S RS RN i, T B . RRAE L IRAS AR SR AT R e
BIBOREERDL,

N LRI RE S L, AR T HES B A P4l 4l RA B A R AR AR, AR IR
7 )TN PR B NEMR . ML TR ADAh. AR I ARG A 2 R, #T A
RSB VAR A B E bR, 2 BARAR R B AR, XSRS FJR K 0 i #EAe PP ks %
PIRONE . B ATEIN B A SR o AR bR, ] WA BERAEPPAE 45 2R . i, SR vPAh ]
PR Bl — RS — A E A R R . N TR BEMIMEA A TR 1T
W, HEAETIEEGEIRIG BARR . SRR ER . PR BURE R RS RREEA L
ERREK .

BB SVl A N TR BE A ST NS I A — 5 (R RSSUAT R ) o 320 S S8 K Xk LAERIR,
NIVEAEE SN S (AR ARG . AN RUEE S AT A ) 0 K i 25 75 28 PR A 5
TRPE 2 SRR RS Hbr . B35 AR T P01 T R ALRE DD R 0 S TR R B T e . BT 960
AT AL A R SRR B2 R /KT AT FE A B X ) TP R AE SN A B A AN X
FORBIAUFAA LR, WERSGRUAFERE. HETE. @FERIE. Hik, FEMAariaRERES
AR SR BT, N AE B SRR RS R YR L AR AN B AR R S e LT



wmOoE 5 &
Explosion and Shock Waves

IR &

BEKRE, BOTPHEOIER RS, CRIFHH Rk BARIE, R MR R R
SOOI TR AN STk S AR 1 W ORGSR S R ), AR5
DivPAG SR BRI R T ik S ik s, 5 BT BUARE 1 W aR S5 B I HoR IR
&, 1N REMR AL BE— D HES U B U T PR . HE . RIS A B 5 0 SCEE R SR
B Al AEIXEE R SR, B PP USRI AL AE N LB 5 BT F A7 R BT BL. I N L e th
of, BRI O BT, R B A+ R AL I B U5 PP A 2R 0 O 28 RO A T TG 1) B B 3
ASCERAERX R T, RERRME TS EOR AR, Botiik. N SEHEEITEE, 7]
PR IAT BT 7T (A 2%, VAN N R e BE SBE0 VA (10 2 B2 A%, A 5 4 Wi T s ) OBl AL,
2 J BTN S A B (38 5 17

2 ANLEREM BRI R KRR A

SR A VAL R AR R B A K R R ARSI SRE B BERT, T A PEAS AT 55 R BE 3 T B 2 [ I RF & B »
R A L Ie A, BRI M THIE N E, GRS AR ()3 SRR | (A 3ES ). 4518
LB . BEEIERR. U7 EAE R REH ARSI 1T RIS E B aR &M By T RE, H
5 57 RIS U Ty B A B AR B T 1a A AR . ook, DLIRRES
SRR N TR BE AT A8 HE N B AG PEAG A, VRS AR ot 598 20 W e ) B0 Bk By, i B3R
Qb TR A% (1] 22 I P[] 14710141,

XA N AE TR RIE T, S50 VP A3k 1 15 2 [l Y N BAR B = AN 2, oA 2RSS
MR A RS AEARS ST E T ] SRR AL S8R KB T AR S S, DAL
gl E NG R . BT A B AGE BOITRES GBS R e, TP B — A
A, AR, HEERRIRM RGN . EOER N, A LEBEARNERANET ERIESHLIEE S
M, TAET ONFHE AT FUERATF ST, PRAN RS RS Bhfe BE AN pe s AL 3 L B = RO T B .. AT
58 PR B AR SR IF VPR,  H AT 5 I VAL S VEA A% O SRS . IS SRR R, FRIAg A
& INVEAE B VAL A R R 7 5 IE LG &R
2.1 BRANSHHEREL

TS R IE SR U R Re S WAl CHEMEE R3S A AR VA D BRI IR PR T, HAR 552 OG22 B
4. AALEEEIA (Synthetie sApetture Radar, SAR). MARAITC AT & W A F Bt . Z45% . 15
B keid, #PEBRIC. ACRREE AT S AN IE . XA RE T R R B B3R v FE N . XHT
JEVPAGTIT &, BN 45 A B s S A S O D R IRAS I W T RTTTIIT 5,  0 UL e 2 e 1) 5
PEASHEAR T, RIS (o R A R 4 1% A AR e RIFI B4, A ] BBk N 5 2L PP Al iR AR o
2.1.1 BEAZ A3 I Ab 32

B AL B R IA S 00 VAl P B WS BN, B FE M, FEATRIE. JUMTIECAE. B s a3,
N GAE U S R S JRUS-28], X B LR A R e fe 2. DAL BEE ), AT dRT R
FrARVERTCHE, HYTAE . R RIEKEMMEEB RIS EME: SR, #RAGOHE
br, B8 AR =2 A0 A A8 A1 mT Be g iR N a5 R AR AL

xBD R AR T — MM ATER . IR RO RATRE TERBR . R
RERAARED], Zheng 5542 H ) ChangeOS HEZL ik — K5t RIE Sk A il T 3R 554 AL,
10 R 2 IIZAZ 384 23 W e 1) L Brodh G5 B A S5 4 R I 6 W 1429321 Sk SIS 9 R AR 3 32T [
Fs, X BV E MG B A SEME. KEEBENES, ERTHHEERGPIRE. Rk,
S AN BB SRR, AR AN R R BB R EH Hir. BURAGERSE RN [F I O B EE
JREE . ORI A%, A e SR AN S B A R R R N
212 ATRMBRE LW BARER



MO 5 W
Explosion and Shock Waves

HARILACAH B SE B R OMRHIE R0 TR0 B 264, AR G075 58 SIFT. SURF 455 BRHIE
HABUF R ety @ aahiEm . MAZRMA R HARIT2831, JEaEsk, IREEVLHEC T IAESS S0
AN 25T T 1R T BB ECHERE 1, JR3T T—3TJa BGON F5 M B AR AE 8 A 3R 3t 1 BOR LA o
(34651, ARICARIF BB SR RS, T H Ao HAEST E G i AR RS A A0S A e
AETR A A&

FESIH B RORIAL o, LR EA AR AEEG R, 172 GRS A% T 2 5B O 5E B Jim B2 1)
SBAGEL . Ml iE B VMR R MBS 2, W RECCR FRTTE 1 I o5 BB PO R HI W, R
TR B SR, SR VS ST AT B 0 MR AR B AR A Dy
FMIEZRM S, ATRE RS OPULAC. (K, & REULACAE BN I A tH VCAC /R AL BE , B 45 HH UG
o EAG AR VG, T PP Ah e s AT UL R 25 R 2 5 aT

213 AT BRSO Z&
T BRI S VAL 32 ZE 1 4T 5 VEAL, ALHE H ARSI AR Ak il RIS F5E o
|

RPESE 2P IZ — IR M THFAE BT HERE B B B4FFIE~ 2] . ResNet 553 g 1 Rk EBRHIE
RIEFESIB2672], YOLO Feper Il W48 m] LAAERE it L T 58 Al H b e 20730, Grad-CAM. S5 57
Ouer BRI SGE X IR AL 1 B TR

Xu S5 Hf) YOLO-VGGNet 52 % 23 HARAT Ja il oA ARGR PRI T . %0771 56 H YOLOV3 £
WAL E AN LT H A%, FH VGG (Visual Geometry Group Network)™ X 45 2 g 856 2, il id 45
FURFAE PTARAL 70 BT 32 4O S AT, i 2 o %A MELLE T8 HARAI L B0 55 Al LA

FEUTE, I ZREE 32 ZORIE T BRIT) B ARSI, SEEE T ERS . AR HIEME Y
S RE Pz AR
Turret Head 1 re Trunk Head Antenna

of the tan of supply vehicle of supply vehicle of radar
A B w5 RS AR+ o 1

9 . 5

—EREE N R R T B S A R SRR ﬁﬂ%ﬁ% FTELAT R A R . JOR 2 R

%

Images before
strike

Images
after strike

Image
change detectio

Severe damage Severe damage

B2 2T YOLO SRHELR I S AN RUR VPG (51 B STHR[7]D
Fig. 2 BDA based on the YOLO algorithm framework (redrawn from Ref. [7])

FLRR AR D 2 IR B 2 51 SO 2 I 7 T R BT PPAS B0, AR 1 AL A 20 5 4% G v Al i
PRI ZARES A — R R RR IS, REE S 3] A DTHR I H AR S XM S RAAE , BRI Z i TR B A
A EAGREE . 5 Bl 7y SRR b, IX TR ENGIL BDA ()SKbrifi 22, OYEAR BURE R
KRR N ER PR SB aE R . AN, HACRUMRMB TR b B L i 5 2 AR A 7 2t v
ANBE frT B AR TR G 5 S5 R DA T A5
2.1.4 BRI A RIRLZ

Functional damage Severe damage Functional damage  Functional damage



wmOoE 5 &
Explosion and Shock Waves

HB T BB A IR ARk B AT, /RS o R ST 1 000N AT ) PP b A A ALE
TR T 1 B 2 b B TR e 2 e s O, R R SRS A 3T R PR TR L Se Al e,
WHESRE R TS AL PE RSB GREE . TS BREgsR. Jo TRV REA R I Dy iR At T
BRI, Meta-DETR 5/ FER B, FI IS5 18] ¢ 2 W] AR EEREACR AR T s HARKIR BT
1, REIARAT U AR ERIR R B, TNk, BSIER . IR EZN#>), AR SOV SRR bR
TEA 2 R EE Ty 2,

X RAR B BE VPG, ADFEASE LA NS 5 H ARG A . R A R B OR . MR
REEFIERDT HUE 2 FTAL G B0i5E, R SE SR R BRI . AIRuli R, =4 Mo
AR ] AR T RS, B D BRI BB HE . b S B A Re EL AR R T SR, (EAT
i AR B e iy v A L — 5 A i S — N URFE” 2 B ) R R e AT S, AIFEART AR HEA R A2 5k
OPRERE, MAREATTEE. TR DB SEIINANL SRR AL IUE R FF RS ) i & A
Vi FE A AN B 5 PE0-021,

S, THENULSETTAAE BDA TR AR 2 T Se 8. AL OB TR . E S LR
EEHYT. RaE BIE. BRI RO R TE AT WE TR SR A R BRI A Oy AT
AU, ELXEDLE BT H bR R ORI h RSBl o DAL T ML E AR BB 4020 4 v MURFAIE $i
B, T AN B R R e B A A R T
2.2 BIRIERIAYIPAIRE

HOHE SR SRR TN 5 VP Ak L (RO T VARl R eURRER U S B vt b, AR T ANRER . (T
A3 S S v 2 2] S A RN D RESBE 5 Se iR 2 [ U ARACMESC &, T4 2 oL AN 7 S 40
WA AR SBAOTRCRVEAL A, B R AT DUR AR R e Ay B0 35 LA A i e ME e bR . —F R
SRICEA TR, (O AR A SV T A\ B B SRS 18 B I 1 BRI AN S e I
2.2.1 RIS HIEIRFh

6 B AT 2R BB VAl P B LR T R RS Rl . SRR . AR IR AN RN Y B
R Pl By AE AN R AR R R0 003000, T e fiodf B T Y T A 42 5% T
FEEE, WA T INZpLas 2 I8 . JUHAE WDEA o, iRI0HE Rtk g 1 5Bt 22 A0 S50 144
RETAT W] EEAR T

M F AR R HE 1 2 4REE /i 5 N R RERORAE S 25308 (R T 77, 45 25 0 2
T — S5 RAC SR B 1) GBS REEAN T BE T30 IX IR TTI) i SOANAE T P B &2 21 B AR
TIAE T4 El BB AL AR IN s R 7 P15 RSB0 25 SR GO T S s, A5 SR B e g o 2] s
R RSEo SV AL B PSS TRer AR =R S RN N= P S Lk € TEE Y P = AL R N AP IS

WA R WK B PORAI] S R, Hnm e B AT g A . MR, oL A XEBLTE ) e T
R 2R N YA e T o Gl N s P R € R b S =117 > B i 3 i A NI - R P P L P e €
YR A RE A A Ay S SRR DG TOUREA, T RAE ML R B, 1A E 4l
YIRS
222 B AFARIRF)

PR E B TATRH, el 93T e PG SR e I A IRTT. W kA 2 B v S e B
ARG R NS BASKHRL AR s L, SRAS AR BRI A AN e A e S 45
0-92.970,  MLRRAR PR L 3 T A SR AR B 7 7 37 R0 B AR BB DA A5 R AL, A ELRERS T AR
6w AR i 1) 2 B [ 100-92.97-991,

T X 58 B Y V] 2 > SRl P B N o 0 5 VG e A 8 g i 2 S 5 I 59, P B 2 R 48 3R 08
FIERANT 22 0G0, 52 00 Tl =ZEgh g B3, dnle] 3 pos e I TARRER T B R 5
Kz S 255 10— 2Rk AR, AR M IR 45 FIE NP R4, 125 PR IT TH R b RS 5 ) (A% R
FEFAL N SR 5 EAL SR, G S B 2 A E G R I B bR XTIV 5, X



wmOoE 5 &
Explosion and Shock Waves

ATLINRS HoA i TR PP E ,  8 R W00 380 i =) #4535 5 (445 Ay iy 7 A

————————————————————— Decoder e e ———

(

| -

I o O f D

I o e Post processmb |:>
' o © ©

|

I o]

|

N e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e o —— —

B3 FIEehZe 2% 2 iR e+ 25 M s A O ARADAESE (2 B SCIR[13]D)
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Kl 4 %+ SHAP (SHapley Additive exPlanations) 5k SAR RN AT fERE AT (2% H 3CHiRk[100,103])
Fig. 4 Explainability analysis of damage effects based on SHAP methods (redrawn from Refs. [100,103])
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Fig. 5 Knowledge graph for accidental explosion damage (cited from Ref. [106])
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Fig. 6 Engineering implementation of multi-source data fusion (redrawn from Refs/ [7,109])
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