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Abstract: Longwave infrared (LWIR) hyperspectral remote sensing images offer a wealth of spectral information alongside
land surface temperature (LST) data, which make them invaluable for discerning solid-phase materials and gases. This
capability holds significant implications across diverse domains, including mineral identification, environmental monitor-
ing, and military applications. However, the underlying phenomenology and environmental interactions of emissive regions
within the LWIR spectrum significantly diverge from those observed in reflective regions. This divergence impacts various
facets of thermal infrared (IR) hyperspectral image (HSI) analysis, which span from sensor design considerations to data
exploitation methodologies. Compounding this complexity are the intertwined influences of factors such as LST, emissivity,
atmospheric profiles, and instrumental noise, which lead to challenges such as subtle distinctions between background
noise and target signals, as well as inaccuracies in signal separation within thermal IR hyperspectral observation data. Con-

sequently, the effective extraction of thermal IR HSI information poses formidable challenges for practical application
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implementation. In this study, we systematically review methods for LWIR HSI information extraction by drawing upon
ongoing research progress and addressing prevailing challenges in LIWR hyperspectral remote sensing. Our examination
encompasses four primary areas: 1) LST and emissivity inversion: LWIR hyperspectral remote sensing serves as a potent
tool for large-scale LST and land surface emissivity (LSE) monitoring. However, the accurate retrieval of LST and LSE is
fraught with complexity owing to their intricate coupling with atmospheric components, as delineated by the radiative trans-
fer equation. We discuss two broad approaches, namely, the two-step method and the integration method, for mitigating
this ill-posed problem. The former entails atmospheric compensation (AC) and temperature and emissivity separation
(TES) , where AC filters out atmospheric influences to isolate ground-leaving radiance from at-sensor radiance. Subse-
quently, TES methods are employed to estimate LST and LSE. Given the propensity for inaccurate AC to introduce accumu-
lation errors and compromise retrieval accuracy, integration methods capable of simultaneous AC and TES are also
reviewed, with deep learning-driven methods exemplifying a typical integration approach. 2) LWIR hyperspectral mixed
spectral decomposition: spectral mixture analysis (SMA) involves identifying and extracting endmember spectra in a scene
to determine the abundance of each endmember within each pixel. Most applications of LWIR SMA focus on mineral detec-
tion and classification. Unlike the reflectance of a mixed pixel, which is defined as a linear combination within the pixel,
the emissivity of a mixed pixel is not as straightforward to define because the measured radiance depends on the emissivity
and temperature of each material. The mixed spectral decomposition methods for isothermal and non-isothermal pixels are
discussed. When a pixel is isothermal, the isothermal mixture model is identical to the mixture for reflectance after remov-
ing the temperature component. However, as a pixel becomes non-isothermal, unmixing methods are necessary to handle
the nonlinearity resulting from temperature variations. This study summarizes all the methods and highlights the challenges
associated with SMA. 3) Classification: classification tasks in the LWIR domain involve successfully modeling and classi-
fying background materials, such as minerals and vegetation mapping. However, the scarcity of prominent spectral fea-
tures in the LWIR spectrum complicates the remote differentiation of natural land surfaces. For instance, various materials
such as paints, water, soil, road surfaces, and vegetation exhibit spectral emissivities ranging between 0. 8 and 0. 95.
Moreover, although spectral emissivity variations exist among different materials, they are less conspicuous compared with
the reflective region. In addition, the uncertainty associated with retrieved emissivity challenges the classification of differ-
ent materials. This study reviews traditional machine learning classification methods, including spectral-based, spatial-
based, and spectral-spatial integration-based methods, alongside deep learning approaches, by summarizing the advance-
ments in these processing methods. 4) Target detection: target detection encompasses solid- and gas-phase targets. The
algorithms employed for LWIR HSI analysis, which is similar to those used for visible-near IR and shortwave IR HIS, have
reached a mature stage and are reviewed in this work, including matched filter-type algorithms, among others. Challenges
in target detection mirror those encountered in classification tasks, given that spectral emissivities in the LWIR tend to be
smaller than the corresponding spectral reflectance variations observed in the reflective region. Consequently, the perfor-
mance of solid-phase target detection algorithms in real-world applications is impacted, particularly by their sensitivity to
target-background model mismatch arising from similar emissivities and other errors. By contrast, gas detection in the
LWIR domain relies on selective absorption and emission phenomena, particularly by chemical vapors, which exhibit nar-
row spectral features. Although gas plumes may span a large number of pixels, their detection depends on factors such as
concentration, signature strength, and temperature contrast with the background materials. Consequently, chemical detec-
tion applications necessitate rigorous physical processes in airborne (down-looking) and standoff (side-looking) configura-
tions. In addition to employing strict physical and statistical models, gas detection methodologies are increasingly integrat-
ing deep learning models. This trend reflects the recognition of the potential of deep learning in enhancing the capabilities
of gas detection algorithms. Our discourse concludes with a discussion on the future trajectory and research direction of
extracting information from thermal IR hyperspectral remote sensing images. Despite the continual integration of new tech-
nical methodologies such as deep learning, the computational intricacies inherent in LWIR hyperspectral remote sensing
underscore the necessity of approaches that combine physical mechanisms with machine learning models. These hybrid
methodologies hold promise in addressing the multifaceted challenges associated with LWIR HSI analysis , which paves the
way for enhanced information extraction and practical application implementations.
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Fig. 2 The general workflow of information extraction from thermal infrared hyperspectral remote sensing image
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ESSEY T 39.10 36.17 16.81 36.00
e 21.60 23.86 70.75 -3.06
TK R % 26.70 24.58 53.90 31.24
Wi % 33.10 30.46 13.71 65.26
psi) 3430 31.63 14.74 99.25

1.2 —k U REZE

H1 T3 20 RO AEAS [ H a] Y 2 22 SRR 20
J3E DR S AR S 7 it 7 A R S TR MR
VE I B e Bk 3 03 A A% A IS I R ) 45 Al it
S AE SE B 8 I PR 5 A7 1 22 X L3 e )
(Mushkin % , 2020; Meerdink % , 2019; Scafutto %5 ,
2021) . P B RAFNH R S EUISE R R F0%L,
ok — A A 1 S AR AR AT S G R A R b R 2 B
ARl >R A

TG g — A B 5 vk e o 0 D s B R A
i REREATASIE  LUSRAT R AR B A E 2, B B
TARELAP eI I 14 G — Al RGO kA O AR
2 FIRLT A S 0 S . H ROUU AHT 3 5 45
AR S ] 35 XU R AR L DA & B U5 A B
KELLHT 2S00 — WAk K (Wan I Li,
1997) o B30 5 2 W4 5 1% i 5 e v ) SRR AT
5 SRR R S AR A T AR b 3R A R S OGS TR
BN R S4B Tl 4 G 2 T RAR R A
Bk IR RN AT B S A SRR R AT AR
S St , B 8 IR R R AR ) B S B R 2 i
JiE %25 R )7 3 © i T HyTES (hyperspectral
thermal emission spectrometer) fll Hyper-Cam LW #&
215 v e AR A Bd b B (Meerdink 45, 2019;
Sundberg 5 ,2015) o {HAEGEHY)— Al S By ik ik =
X RS i AR S 1 P RO (U= W20 52 8L
T 0 R AN S RS 56 MR Y F Sk B

e, PR o0 B vk v 1R 22 SRRV AR SRR AE
BEA TR 27 > FOR B & e 0732 45 H m] A
PG 25 21 5 R AR AR AU RE T, BLHE A 4
SEPER R RS KRR S i MR S 0, R X 4 5
i RE R R PR, [l S BN KR S R R %
Z LA SR f# . Chen 55 A (2018) 3843 5] A
N T #0250 2% (artificial neural network , ANN) , 7£ #4
£1 AN G AIRS (atmospheric infrared sounder ) 504
ST RS MR S e 1 R I R, A
MR W% T3 VA n] o I 22 5 O TR ) ) B Bk 4
A, Wang %A (2021) i TR 2 2] 4% 75
PR R L RN SEH TR R AL 2
D B4 Sy 1) g e R M R TR B, O PR TIE T
TR S TE LD A 2 a5 i SO B I AT AT
Ye % AN (2022) 38 13 51 A A 2R 7 Ab B 2 v B e
b2 S A TR A= i q iU bt e 2 S L ETDS 27
K L A2 A BURR 22 il 45 1) ) 2% LSTM-CNN
(long short-term memory network and convolutional
neural network ) , S | RS FIHL R 2 5 (1 [A] )
S o Ren 55 A (2022) $2 1 — Pl TR 2 ] )
2% (1% Ry AIE 38 I8 2 M A% IR & 575 FebLihy-DNN
(feature-band linear-format hybrid algorithm combin-
ing deep neural network ) , 1% J5 ¥ I 6 5 A&
FEFE N EE o Z IR FE 1 o8l 15 B LD R
B, 3 32k DNN 9 26 28 75 1 26 F0 KR 2 8 ) 6
(8L, B Jo TN BB RY (R 2 o JeA e I A S T 25 23
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R, REMEEE, PhAERTE

ELED
TSNS E BRI BB R

2 RIS HILRERIG SRR
BRI AP DR P B — D R BT R
TR Sy W, H R LR S O3 e B Dy dx e A
Hu W ST TR A L g 2 43 ) 11 4 i
.%ﬁ(Zj{llffﬁE)‘l’: it (Manolakis 5% ,2019) . {R&1470
1% 43 f#% (spectral mixture analysis, SMA ) 7] #f 22 %
AMRA BTG S G R op 5, SE BRI &
ERVE’J%@%&%% A2 A A fR R AR,
HLBE R AN T H AR 23 28U SRR 55
T ) A] WG RO IR S oGS R E AR 2K
R R R (N3 45 ,2023) . Horp, 3 T AR
OIS FHRAEZEC 9 2 0 AR LA S iR &
GOt . SR, 5] WG EDEIEA R, d LA
%Eﬂn BAES THRRE RSP RMARAUEE Ll
FFEET RO O GIE R P R SR AR R TC % B T T
LA OGS R , RN E Pl o TR ET Sh ot
TR TR S0 T PR
XF T LD e G Kl | A B A R i L
00 300 ) 5 S vh LS TR 28 0 A IR B 25 B R A 4
Br BATHRR AT, RIR G GO S = R A5 oud oy
BRSNS 52 BE 2 F0 g —2H 3 W B A 5 B oh B S R A
JEE AR R S e BE LR, QN IBT 4 i, SRk S 4
SR RE MR L R B AR AR S B R R Ny

LX) = z aL(2,) (4)
2 0<a <1 (5)
L(A)=e(A)B(A,: T,) +

[1-e,(A)]1L(A,) (6)
A, i&%?ﬁﬁf(?’é 18 T 2 WL 5 5 R BT A0
Lo (A), 570 i USRS REE N L (A,), HEE N o, H
TR Ti,L(,jilTﬁiaaﬁﬂir
M (4) RRTIA A TR A R TR S 5 B2 R/
WP T i G IR BE B e moe o B R ) o TR
JE T ML T W)Y A 65 R AR R WAt U
i 19 0 G 3 B A B LT AN G TR A 1S T A i )
PS8
2.1 ERBEBRITIHE
[F) 5 VR A5 T o3 A B B il b 2 T ) B 44— L R
HgoTH S YA SR AR R, =X (6) iR TR 515

alLl(}'k)
%‘——

K4 A moiE R RIR G150
Fig. 4 Mixed pixel of thermal infrared hyperspectral

remole sensing

TUHE 5 B T R Rk
LX) = e, (A)B(A; Tg) +
[1- gmix()\k)]Ld(/\k) (7)

gmix()\k) = 2 aigi()\k) (8)

0 o b 9 Uk B8 R A S A R R R T S 3 [
IR A BOTIRE T, MR N R e, o NERHREER
SO, BT R FOGTE AR Y TR B 1R 0T 0 A Y ]
HHEEM T RS AOER GG oT it , i oMk
SRR EEAG A o0 Ko C B o SRR 4 PR A
1R A 1% 0 4 fif A5 AU (fully constrained linear squares
unmixing FCLSU) . 1RA 18I0 &SR 54k it 4k

VETR & A R 4 R iR 25
e (15 (003 wata)] @
e () MR AARICTE X G 1 RS RE KR
IEEC &, (A,) R BB AU TTAE A B IR R o
N AT

IELA RIS AR IR S BT i 2 N T
Wy 3 A F5 2R W (Clare, 20065 Vaughan 55
2003) o SUTLLAMET WYL AR RE AR S
TR AR IR G KR AR K P LL MG N,
YRR KT 60 wm B, BE 5 U 2 AN, 28
PR A AR Tl T IR A 12 90 4 i (Ramsey I
Christensen, 1998 ; Manolakis 55 ,2019) . Christensen
2 N (2000) f FF1 FH #A L A0 2 38 56 351X (thermal
emission spectrometer, TES) #E47 K 2 #1381 53437
56 TR DTSR, e smoeotis , R MR &
GOTI R T3 1455 /N SR VE R, LB K R AR T
WYL X 2807 VR AR I R K R AT Py i) 1] v A 2
TTHZ R . Aslett 85 A (2018) % T SEBASS 441
A G B | e R A PPI(pure pixel index) Jy ¥ 5L

R
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BT 29 M e GG P I, T AR Al 1 5E R TR SR
A AR A AT 45 5808 el W7 2 n R FR 3 LBk TR
RV B RUTEEA S0 MR G Y IEE
Chen 55 A (2021) & TR A & 95 R R M, 7600 5 4
Vb SR SR M AR B (RS R ) o T & S R Y
e, AU APEIR G AR R /N o itk A TR A&
1GIT o, 13 T o0 fife 45 SR X0 2o s V0 1 Ak - b
PEAT T ORE AR, SEEL T 2000 4F—2016 4F Hf [ V0 1
(1925 [8) 3 AT A S AR WEI . SR, DAL 5 ik il 22
S350 O N b IR B RS i v TG , BT — (A
Hamilton (2000 ) £ H F1| £ PE 2 8 B de /D — 3 fil &
(71, i 22 R AR 0 B D63 - B A S i
Ui G, S5 5 R T d DG 2 5 O A5 v
JCIYA 43 WA i, DA BB B ) o oo ) o S
o AT Ui O BN IR SR G R i
IR 2 Goudge 55 A (2015) 42 2R FH &AL A4
AU ZA Y3 2ok 7R OGP v BE AL A s o0 AR i oG
SSRGS 8 T or it , ST+ DG FE O T T
KW AR BR A T h AE AR RS A S R N A A
A

SR, 32 BRI R F g m L Fa5e R
SAMERTR BRI R 45 AR 2 BT AR
JE o R T I B P ek R v ORI 15 22 Y S
Ramsey Fll Christensen (1998 ) & H b A 5 5 AT 2R A4
BRI %) BT R UH — TR A Ry S I i SO ) —
a3, R G R J N 3R U6 i, IRl A 3R
SRR ICFE %7 B T4 K B )
4y A7 ) & (Bandfield, 2002 ; Christensen %5 , 2000;
Smith 55 ,2000) . Wt Ah , LA 2% 3 T4 S Bl A A
A (4) , ARG IR TE ST, F H Nelder-Meade
BB AL 73 45 A FCLSU A1 DL - r 3345 [ i 552 3
T EE AL LA K Wy 3= B AR B3 I A B AU
VAT T SEEG IR IE (Zelinski , 2018 ,2020) .
2.2 FRBEREGTHE

L, TR R AR — , TR R oT RE
1 BT R AR R R R A AR 0T R ) H AR
F o 32 F i TR EE B2, AL A DGR IR S5 0T
3 i e A A B G Y T AN A 1 [ A SR T Ui
J& , AR A 2 SR

E, = /11{2 (L(A) - Lu(A)) (10)

2, L (A,) S B AR . R 55 2% SR 3 ek e R
SEROCTE A — S T X Ve B AT R L 455 4
B ] TR A 13 o0 20 it RCLSU Ty ik T S B AR [l iR TR
BAERITTIM . AHXRITENCRIRT , T E R/ A
SRS AR . R T EREROR, s A R iR
LAY A48 Y [a] oy A1) FH 1 A0 0 8 5 o G 48 R
TEST AP S A L B L5

I T X — B, Cubero-Castan 25 A (2015) #2 H
— IR LT AP 8 G RO AR T IR A TR A Y (thermal
remote sensing unmixing for subpixel temperature,
THRUST) , 7E R AMERTHE T, F 56 A& A
Hu W - SR BEAE S i e A AT AT WO e i
I 3 4 e 53 S 8 R i T Mo e Bl K AE
R ETTAHG L ) v Ty R AR N A ME T SR e A
28 T4 11 (best linear unbiased estimator, BLUE)
B UL BE A BE SR | LA A B b 48 S R S 0 2 3
R A 2 18] 5 22 07 AR e/ Ry B AR AT B/ e fihi
T DNTITTE B 38 4 1 [ s R BB BE A I, L 3 — U7 ik
TERAUEE A TAST AR EIT R 17400 45 19 52 56 A1 o3
Mro BEJE .8 T 3 THEAR TT I i BB TE 22 03 AL
A B HE A B9 W BE 1, Granero-Belinchon 5§ A
(2020) %} TRUST J7 1% 2647 1 ik, Fil 45 4 K FI R
AR LT MR A A R — IR A LD AN SR AR
JC I fif 1R AL A (TRUST day and night synergy,
TRUST-DNS) , K TRUST #5153 51 HI T 11 2K R 1]
ZLANEZAG, IF I R AR 8] g 4 S A0 S 00 g
RS 2 [B]58 25 ¥ O i 2 MR /N hy B AR T e/ — 3
it . X —F7 15 7E AHS (airborne hyperspectral scan-
ner) 206G LAY T SRR UG T ARXS
TRUST 51 945 5 . Rankin %5 A (2017) % 3 7] ik
IRABIen MEOR B B4R 0T H AR e i v, 32 1
TP G TS R A AR DU TR - 2 Y S AR
JCPUNGRE BN AR Tt H R R 5l 5 2 %
o) B SRR SR B T TR G B0T s SO,
DAY /AR AR VBB, S AR T b il B
JE M R SR o Liu 55 A (2016) 456 77 WG R i
FERELLAb G, A AT DL GHf & v] BE B 26V T
I F AT S R R TR SRR i S s 2, )
FE 2 S B AR TR BE A 52 0 Miao 28 A (2017) 1
1t H 3R 4328 07 eI R AT T R R R TR
AR T R IR EAE IR B 1RT & H W R IR
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BEmWE, I, RiEE, e
RS S IEE BRI BIRIT AR

AHLANER A3 15T B i i 0 A 5 1 S B4 it B2
AN JEE 14 [ ISR fige

5 RIS ROT 0 il — R RTAMERZETETE
FLAERZ AR R R S BOT R L . SR, i TR
A S AN LA R AR IR AR T B AN B 2 1, AR
R AR FE G OTIREE R SRR IS S
T TRDREUR fifp 1) £ B AN A2 2 R) I AR RS
K AR ST AARIRIE TRE BOOEE M H Al
IEAL T B BL, EA BAA AR A

3 RS RERBIIRSE

BT RS RO B 5 0y Ik, WS
Xt iy b B s ] 3 A B A AR £ S5 ) 4 K 4

2000, 2002

| |

SCM (de CarvalhoFlIMeneses, 2000)
SID (ChangZs, 2000)

PCA (RodarmelFIShan, 2002)

STk 5326071k
KT ME 5207 ik

MP (BenediktssonZ

2000—2010

2009, 2011

LDA (BandosZg, 2009)
ICA (VillaZ%, 2011)

MFC (Zhang%%, 2012)

2012

FNEA (BaatzH1Schape, 2000)
CKs (Camps-VallsZ, 2006)
MREF (Tarabalka%s, 2010)

B T RO i i R A 3 T A
V-, A0 E H B A (8] 4 PR I o B R
XU A, DRI 3 T IR LT b i i R AR 1 )
G35 ¥k S AR G A] DO i i 43 28 05 vk B A AR
ITFRIR R . SR, Z IR FRLIMDEE T S 5
R 38 11 b A TR ARG AT 23 PR RG34
I A7 W LU (RS20, A5 50 73 S8 7 45 oy 16 oy R 4%
rh s A R ST AR TR S 43 TR0, BRI anAe] 2545 )
M5 K IR UE B OGS E B AR EF
BRI AL AN = G 43 2 T 1k B M RN
Moo 5 RIRLLANEDGIE AR B o R K
251, BART] 45 3 T OG5 0 5 vk G T s )
() J7 5 A3 T 2 RO 35 AE Al A O ik (L&
2023a) .

2016—2021

OBC (Chutia%, 2016)
CNN (Li%, 2019)
3D-CNN (LiuZg, 2021)
AL E I 2T

TERN-CRF
(Cao%s, 2022)

2022

K5 IRLLAM RIS AR 0 20T R B A R

Fig. 5 The development of different classification methods for thermal infrared hyperspectral image

3.1 ETREHSETE

BTG 432 07 22 A 75 A [R) ' it
2 0] A RE AL 28 5 LA DR 0 2R IR B o, AL G
TG 5328 05 12 AT 20 3 SRy B Tl 22 S i 0
TGRSR U s . HrP R TO6E 22 1
T3 Bl i MUY S GG 2 AR T G AT A
RLEE RS H, DURARLBE 1 3153 25 SR AR S 43 28 i AR 8
181 0 6 3 AH ARL (spectral correlation mapper, SCM)
(de Carvalho il Meneses, 2000) i 15 PFA% H Ax H147) &
SR AU 5 GG P AR I [R) 9 25 S5, DT X6
PG T HEAT B 53 o SGTE AR B 43 1k (spectral
information divergence, SID) (Chang, 2000 ) W J& M 5
TR B 22 S 0y ARl e E O il 2 ] Y KL
(Kullback-Leibler) Hi B u H b HIUBEAR A A 3

] A4 22 5, O LA SRR B/ N R4 S H AR IR OT
532820 . B TOGIEARIE B IR AT 4
e B AE 5 78 0 o 063 vh BAT D PERFIE Y 1E
SR T RAE N ST . ST OISR 5
V5 1 AR R U IS BAE 5O B — DB R ARIE 2
(] 24 7, AT AR AL 2 ] O B RO B, S
RIUCNFFESRIBGS L . ST ARAE SR AL &2
184343 M1 3% (principle component analysis, PCA) | Jil
37 43 53 Mt ¥ (independent component analysis,
ICA) (21 ) 51 43 H1 325 (linear discriminant analysis,
LDA) % (Rodarmel £ Shan, 2002 ; Bandos 2% , 2009;
Villa 45,2011) o PN, %2807 138 W 5 200 2K 37
HH R ) R AT A DX TR Y AT 50 35 10 S A el

BENE G AT
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SRR SEBR R o, R B THO0IE A 73 2 ik
TEAE A2 R T 2 5 230 S Tt MR 75 ) 158 22 2 R, e 43R
Ry 2L R i RER RS (Barisione 55 ,2016) . Dtk
FRIE SR B Al 23 38 A 5 15 B 2 2%, i s e i
R 1Y) A B 9 M [) A o 2 fi B MG #8455y AT
7o FET I, Meerdink 25 A (2019) F FHEEHLER 5326
a1 MR B S 2RISR T S TR 15
B S 2 R AR B8ORS A et
AT AN B 5 5 2SR B R 2y )

3.2 EFZEMSETZE

LT 0] B 18 B AR 03 2805 1 B AR A I R o
BOTZ IR Y23 [F] 6 R iR 7 S MERE . X 2807 kT
W RS IC AR T M SCH NS R A s Bk AT a8
(Zhang %% ,2012) o X FIMLLAP BT R2 14, ) 45
A 123 [l B 2 DA TE 07 DRI, TR
[7i) 2t 0 1) LU IS A7 AR 22 5, DRHCAS ) 1 ) A A ) 2
BET 580 R RE He S i B2 AL AN [R] T AH 4B AY )
SR TR IR B S. BOMEHIE £
BT R ARG T A [ 1 23 AR AR, UL SO Ry
AIE AL 45 K B e A= 5 B R AIE (gray-level co-occurrence
matrix, GLCM) | & & —{E A% UHFAE (local binary pat-
tern, LBP) . Gabor I8 I #5 - 1IE 55 , FI| FHIZ S RRAIE AT 52
X ) 1) 732 (Fauvel %, 2008) o 25 [8] JE P 77 1%
o o R e I P T SRR A LA A e s 4 T
(] 1) 25 [A] 284k, DA T 4 R 5[] 04 i 25 R 5 B o 8K
e IR A AE N ] T 08 G 1R 1Y 4 A R £
B, T8 2527 %8 BE A E (morphological profiles, MP)
1E Benediktsson 58 A (2005 ) [ 1F 75 W0 8 G 5808 FH T
FOCTE AR RAT 55 o H T Rl D7 vk i R G
b ) oA i 23 TR B, 7 32 R 1T BRI A9 52
T LA ITH 7328 B IR B IS0 S DG 7R
AN T B 1 %) U B PR A7 A 22 7, DR AR 91 4
AT 55 BYAN[R] , 7 e H AT o3P 1Y) 5 B U B 18] b R AT
53 8 BT 23 06 T 78 B B #4807 2 T BE BT 1 43 S AL
Ho SR BT A R IE R 2 B ARG Y
AR RIZRHOR A R D GiS R 80 & L R
BF 19K 37 55 rh A (] b ) 26 300 0 PV 1 8 25 S A
/N BRI SCEAE BB (Bao 45, 2023) , i 1539
T BXE LA RLIX 73 5 2R i sy 2 5 i R S 200y
FRG R
3.3 ETF=REMLEREEHNTETE

S Uk J3E TR A i S48 S T 2 SR AN 2 1 R ) AL

HP RIS FARA B e (52, 25145 4y 28 Ll
1bF FARG TS HAR T 0T 19 25 [ RO R AE Rl S
B [A] —FFAEZS (8] R FEAT 3 28R, LAKG 5 73 i 7
(R (B KR 45 ,2023) . (HSZBR T At
TSR TR BN E P T AL SR IR B R
A CKs (Camps-Valls 55 , 2006) | & /R 0] K b #l 37
(Markov random field, MRF) (Tarabalka % , 2010) 1%
I T A5 G5 A s [l 4E B2 VB R IE R B 165
i A P S L R AR AT 51 5, P TERA
LLAME DI R 2R N S BTV Y 52 23 5 o R AT 55
T RE SR TH A BR , R T TR IEAE A [l i 5
> B RS

R B, B AT i M R ) BE ) AR R R
A RE T TREE 7 ) 4y Rk B B0 B TR EL A
HiE G . Westing 5 A (2019) B W42 H 2L T8
T YEJE ) 1D-CNN (1 dimensional convolutional neural
network ) [ #VZT A1 35 35 Hb 32 43 25 07 ik, 6 b SRR
] H AL (support vector machine, SVM) F1 ANN Jy %,
Y LSRR, 3 KI5 B BN R T 90%,, i
TR ) JT R L . BRI Z b, B2 ] X B
(¥ J5 7: F H 2D CNN 5 3D CNN 7] A5 4 55 B2 %
TE A -G S I, (]I 25 R B AL 37 25 i Ak 3807 325 T
BRI EE R B 23 DX, DU T3 2 2 (Lin 5%,
2021;Zhong % ,2020) . [AlAsF, 3 i X% A 2s () 4
R % Bt B IR, T U0 SRl R 28 AT RE S 2 )
— R T A AR 2 28 19 7 30 (Bl TR 45, 2023) .
E3Z 2R T7 12 W 1R BE 52 21 Joe {6 2 0] e RS 1585 Y 32
i), AN el (8 RO ke 26 e o 5 JE R oTiE UE
B SCIR , AR ZLAh m L S 1508 o B AR
W LE , BRHAUEE X R B AR T B 2 25 5 7 R AL Y
B o3 DX BEXIX — R, A5 2 4R 0 A5 ) X
Pt 22 Jr s AR 4y 26 05 s Ll i e 2 s B AE
RERY RS , B T PR 4 o BRI 288 S 2
HEZ2 FPGA (fast patch-free global learning) , #z K42 5
T FFIE S BUOICR ARG BE (Zheng % ,2020) o X TR
R 25 3% G 2, TR TR 2 0k 22 0 248 25 ) 5 AR 5
[B] 4 57 3% b £k, ASPP (atrous spatial pyramid pooling )
FRPCGEAR P TR R T SURMIE , R 22 12 Bh =
[ 57 S Ao 2R 45 R A 7 R (Hu 55, 2022) 0 A
I ERR VO XA WO R AR IR R
53 75 LA O 3G R IR B R . Cao BN
(2022) F| FHARELL A1 g 3 RIS S T8 1) 5 2 38335 1
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FAURSE AR T — P TR — R S AR 25 PR R 4%
FEHLI A9 43 27 (temperature-emissivity residual
network and conditional random field model, TERN-
CRF) EIZ )5 322 M A8 Bl TS O Rl 5
TR GTE F R 823 [ RFAIE , 25 PR ML 77 088 2o

AR BIFEE G2 ) 1R SO B, DA 2645 21
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LI INERE , R B SR A 7 JE I N — 2k
% 3HYE BEPEN SRR BR CNN AL, SR Y 23 1 45
ErGREE 2 1 1 A SR R 5 T 90% , R TR
JEE 2 S SRR S 2w AR BOR EE RS A BE
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=

SVM

Fﬁ\}lbﬁ:‘!

SVM-CRF

'% QFI [

Hybrid- SN

FNEA-OO

AF_3D CNN

TERN

K6 ershmdlt

TERN-CRF

L AL SIESAES

Fig. 6 Classification results for thermal infrared hyperspectral classification methods

R3 NREEBESRITER

Table 3 Classification results of different methods

Jii: OA/% AA/% Kappa % EMH% VD% KIE% % Y%
SVM 82.17 80.36 0.74 87.70 80.67 94.45 94.56 64.30 60.50
SVM-CRF 84.66 83.25 0.78 97.54 87.18 97.65 97.25 39.38 80.50
FNEA-00 86.56 82.22 0.80 89.34 88.09 96.83 91.50 65.83 61.75
Hybrid-SN 90.80 89.23 0.86 94.26 90.00 98.33 98.60 80.57 73.63
AF_3D CNN 90.67 90.11 0.86 98.36 89.05 99.28 98.49 82.24 73.25
CNN 89.06 86.19 0.84 98.36 89.41 98.68 97.77 73.04 59.88
CNN-CRF 91.72 89.65 0.88 98.36 91.27 99.37 98.60 82.94 67.38
TERN 93.95 89.58 0.91 98.36 95.55 99.50 99.90 83.31 60.88
TERN-CRF 94.42 89.59 0.92 96.72 95.99 99.42 99.95 86.19 59.25

4 RASNFRIERZEGBIREN

TE) SCRYTHEALIL G U, H AR IR 2 AR

HER IR DG B B R B SHX B2 1) i FEAE NI
B (Carion % ,2020) .

Z3llps

BT R AR A R

F AN =D S

& B8 H i

Horp—ANREIR O 32, TR PR ET S M I 32

e (DL PEL 1), BRATHS 14 3 3%
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R ARRFE N LA e 1 IR AR F AR Y
HERFR . A, 5 A OGH B A R, 78 KA
ZLAMEE B, F AR MBI B S S L B 22 e BN feli A
SR N SESESENRF N WaE A FAR AN =D i says 2L SER N
RO 55— M A o RIS B 2RI H AR i 285 ] LUK
[ 285 H AR A E RS PRI 95 4 J7 T K % AL b
e T R B AR H AR R 1 — 20 Pk

4.1 EZxBHRENATE

A B R RLL AN G SR B ARy vk &
B3 R RS AR R S A o Tl B R
FEAE AT H AR 0 75 270 S A8 H AR AR
532 T i AT e B R S il S e R ]
TR B AR A 7 EEFR A 8 S 5 E AR T vk

RS AR R B S AR R () U T R R
(4 3t o LA ST Y O vk FR B LA 1T AR R AR
J e el b, R ] ) Ge 3t J7 5 10 SAM (spectral
angle mapper) (Manolakis, 2005) , ACE (adaptive
coherence estimator) (Kraut fl1 Scharf, 1999) , ASD
(adaptive subspace detectors ) (Kraut 25,2001 ) &5, %
KI LA ALK L AR B K 55 GLRT (generalized
likelihood ratio test) kAt , 15 I & FT 75 A B SR B 4
o, BARPIR ST RAHE R s, 15 S S S AR 1 &
SRR o, WUNBCAEAG: 35 7T 7R Sy

Hyx=as +v (11)

Hi:x=vwv (12)

A, AR H, o B AR UGS H, g BB AN

FETE B A o 8, 8 R THEABRGAE H BT 1Y) b 2P

RFNWr HARY) A5 AEX DR R AL . TR Tr

5 00 2 B S T R b 0 165 R ) e 49 2 0 PR T A

JE P HE BRI 52  , PR 3 5 B — 20 A58 7 LA

SE o A7 BRI S AR s R0, U 2 H AR R
e BV A A S B P )

S EARRIN B R AE T DL i i ik 4 ek
AERGEA R T, I Bl DL B Ah o
451 3k, 40 RXD (reed-X detector) J5 3 (Reed fl Yu,
1990) , JG 8220 T I 2% B i 15 57 - 2401
i) S A T AS VA ) R, 3 B RXC4R I % SegRX (the
segmented RX detector) #% £ tH (Matteoli %5 , 2010) ,
SegRX 18 i 4 15 5t 73 U A/ N [+ ot X BOR B AR
SRS ARRE o O T 20 A MR - B 2 IR g W
(B, T B R T 03 23 BT Y A0 LSMAD (low-

rank and sparse matrix decomposition based Mahalano-

bis distance method for anomaly detection)jf?jg“(Zhang,
2015 ) BLHE X U 42 R B R Mt I AR R AR B 2 5
ARBCT EIERA T R EE . N T IRREAR RS R
02 F T BOH S AR TN ), [ I okt £ 2 A Y 5
JAL 3 , Wang 55 A (2020) 4 H T 5T Ja) #5144 5 (19 11K
B S 56 19 5 R I J7 7% (the locally enhanced low-
rank prior method for anomaly detection, LELRP-AD) .
DA b 07 A0 T DG 1 3 B N 2 B R4 (HR AR Kk
PR HMNYE B ph T ST b R B AR A S 48 2 S ) LT
BRI FHRCRAZ IR o BEXS I )8, —Rh IR K 5 %
FUR AR 23 #0955 H BR800 J7 % EaSLRP (emissiv-
ity and segmented low-rank prior) #% 1 J F Hyper-
Cam FALL A1 615 52 ORI (R 45485 ,2021) o %5
5B A IRLRE A 5 R oy B i B BRSO REA T IX
), SR JE R FH PR IA] 7R (collaborative representa-
tion, CR) FlIFfi 5 %718 (sparse representation, SR) Y Jit
PR AZTT R Rl G R AR A T S T S A T R
B AR BV 515 R, fcJa SR 5 TR B R
X S 5 Rt T . 1817 9 EaSLRP 7L 5
F SR H bR PRI 75 0 H AR PRI 25 R e R
R EARR TG 5 F AR K 75 S W s 4
HIRCR A 188y 6 M ELL AP R OGiE S H AR IR
T5EXS L

RS R R T T R AR IR, DL S K
SPRRELE BRI R b iR 221508 . X Rk
HERET A s DG e B R TO s AT R A AMEE At
JE R ARy B WAL B, T2 RS MR A 55
SR BRI v, S — AR B AR
1140, JSD (joint subspace detection) Bk A 45 ] i )t
T H AR RN LT H bR A 5 R S AR B
(Schaum, 2004) , 11 2 $2 A (5 24 25 (] 5 1) 7
A FEAT I, T 3k DL IS0 B o D i a3 A1 Y
Ze gl A GLRT v, K P o 1 AR B9 BRIE 11 40
e 380 55 B4R 43 A B0 DS C A R D ST, DA T A TE
s AR BE A 5 R A5 B AT R T B G Ooc R [
Bro A0, I s O i TR S BRI H AR R A
R INEL AR A 5 R — 0T, RS E
FRER I 525 48 {4t T JE 2% (Thai Fil Healey, 2002) . {3
AT AMEGOTR SR T 2 Ak, JF B AE
FH DL it S A8 RAOSR 4 7 VR R EAT A B S 4%, DA T 552 3K
T HBRE SRS AT (Rankin 47, 2017) , 1%
JIENE R — T AR RL T B AT A Dl
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(e) LRASR (f) LSMAD

(d) SegRX

(2) LELRP-AD (h) EaSLRP

F7 6 FRLLA R DG S F R 45 R
Fig. 7 Results of six thermal infrared hyperspectral anomaly target detection methods

((a) radiance image; (b) ground truth; (¢) RXD; (d) SegRX; (e) LRASR; (f) LSMAD; (¢) LELRP-AD; (h) EaSLRP)

— RXD
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Fig. 8 Comparison of six thermal infrared hyperspectral

anomaly target detection methods

TR G AR H AR RN 7 ¥R IS T SO AR B
R TR G T A TR ST B o ) O TR I AR AR S
FERAEAE T AT DL B S AR S U S AR RS2
(] 9 B 555G 35, AT S8 18 H AR R . SIMCA. (soft
independent modelling of class analogy ) Wi B 4328 77
A RIXTELAM T AR A VD T REAS S A T
H AR (Vidal 1 Pasquini, 2021) , #F 5% & 38 1 46
VO FAEAS T 2 A5 ) IR, DA T A T B 455
PRAPHRAL S s A2 B BT 9 2% (generative adversarial
network , GAN) # Campos %6 A (2023) i Ffl T3 41
S G AR 8 P S Rl 2 SRR Y
TRIZ 2 2] D AR BE 3R 8l 25 11 T A 1 96. 8% 1Y
F1PFo)
4.2 SEBRRNITE

K FALL AP G R SR H AR Tk

H ARG 5 AR B ARSI B B . R Ryl
RRAE I 235 R FUAEE , B Beer-Lambert 52 £, 1] 3
NH
e,=1—-e**% (13)
AP, AR B RE (B S em™ B em?/ mol-
ecule) , C AR I AL, HAARA B4k ) 1 A
WHE R ZR L [FPeE | LAt e e R ik
JE , CL W2 AR B AT v B2 (ke B8 1 A%y 1) | 2k
).
TERELLAMGIG X [B] Y, SURFELE BA W 0
T WSCRFAE | PRLHOAR $h UM 8 AR W SO 13 7T 52 30
S SR B BRI U 9 S — A Ak L
Bt AR AR 2 S AR R
I, IR A o O 15 22 SR o AR ISR IR R ik 7T oy
TEIE B A B AR M RIS O AR B
W E AL AT RE . R, 52 (8] 73 BRI AL AR ]
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Fig. 9 The absorbance of five typical gases
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A 3 JUART I 250k B A JE A A Wi HE s AR Bt e 1]
AR (Galfalk 45,2016) o AT, 55 [E1 2 HAREED
AN, e TR A i i i SRR B A R 1Y
R IS B ARTEXS AR TCAL AR J2 B RAAR
S SRS A SRR S A R AR g% oT, JF Hol
TR R AE A /N T AR 1) 2 S5 3R R AE
ORI EE s 1 6T S i AR A H AR R R
HRPRL

ST GETHE B AVRZL A i G [ 2 H AR 7
2 GLRT SR 3 ] 3 A0 B AR 4RI, %2607 i &
TR AR T 5 U B ARRHAE R A A
VEPEAR M B s OB TTE A RN AE R . H TR
GLRT i il 5 ¥~ £ 5 DT L 3% 3% 45 P 7 (adaptive
matched filter, AMF) (DiPietro % ,2012) | Z% i VT fic
JE VAN 7 (clutter matched filter, CMF) (Farley 55 ,
2007) LA K H 3 W AH DA 11K 75 (adaptive coher-
ence/cosine estimator, ACE) (Manolakis, 2005) . [ i&
I %5 [B] K6 I 72 (adaptive subspace detector, ASD)
(Acito 55 ,2013) | IE 28 %5 [A1 5% 46 7 (orthogonal
subspace projection, 0SP) (Manolakis %5 , 2001) %%
SAM (spectral angle mapper) DL 5 #H 3¢ 2 it o] DL
RERM AT H A5 B9 SAK (Omruuzan 1 Cetin, 2015) .
R 1K AT R R Tz A H R A RN A
ACE \ASD \AMF Fl CMF HEATXF HEAIPEAL , 76 AH 7] fr)

(d) ACE

B 1T AR B AR R AE i 2 e T AR UPE Y T
P A D[ PN SR SSR Z LA P L prid
AR SRR b o 22T VEAE S 6] L XHRLLA
TR AR AT 73 ), 5 HAR AR SCR AR LA Y
23 [ He SRS R PRI B A A DX S Rl TR B 27 )

(b) H{&

(e) CMF

E10 4R ARSI 2k 1) 25
Fig. 10 Results of four gas detection algorithms ((a) radiance image; (b) ground truth; (¢) AMF; (d) ACE; (e) CMF; (f) ASD)

(EVRREN 3@ 7b e r AR N i &3 €/ RVAy K N i )
M, 2 1 PR 8 B AL 45 A 1913 (true positive rate,
TPR) . 25 1% ( precision) B R (false positive rate,
FPR) . 1E # >R (accuracy , ACC) F1 Z5 & 3 4 3¢ R #L
(Matthews correlation coefficient, MCC) , 2% S Un 3% 4
Jiizs o Al AR Y, 25 UG M I8 i s CMEF JBUAS: 1 fc
(RIS B (BT PH ,2022) o bR TR T 245022 7 5
B SRR HECIR 5 B X R 25 A —
HIE2M . Hulley 55 A (2016)7E HyTES(the hyperspec-
tral thermal emission spectrometer) #Z1 7} & 5% %
BGZAREAE R SERAERT , (T SRR AR AS:
5 AR AR R R H AR SR OGS RRIE L 43, KR
T EE 5 H ARSI BE Z [A] Y 26 B OK B IRZePER
T 57 R0 AR 8 2% (Hulley %7 ,2016) . 8110 7R
T ARSI R SR

R4 ATHSEERVEEOHEE

Table 4 The accuracy of four gas detection algorithms

A% EHERY% BER% R MCC
ACE 2218 61.71 0.74 0.953  0.352
AMF 7.87 89.84 0.05 0.953  0.258
ASD 4.18 98.39 0 0.951  0.197
CMF  52.84 89.35 0.34 0.973  0.675

TE IR R R 45 9 e AL 4

s v W
N e

() AMF

(f) ASD

745 9 2 JRE 8 RE A B B0 3R sl I B AR B AR
TR (ke %A . B, Mask-RCNN (mask region-based
convolutional neural network ) 75 2 £ i F 2| PR 2T 4 5
I % AR AR I, H-MRCNN (hyperspectral
Mask-RCNN) J5 ¥k B SE 10615 4t B 508 W 2 OF R 47
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CMF (clutter matched filter) VEFCIED , 15 2 A CMF %5
SRAEA i A B Mask-RCNN Hh BT T 524553 B, 43 F045
SRR 2D p B A 2] BEAT R G A B B 2 SRR
25 R IR (Kumar 55 ,2020) o %77 B 76 AVIRIS-NG
(airborne visible infrared imaging spectrometer-next
generation ) AR ASCR A 2 1 5 4 LRI T 2
HIHLES - > J77% SVM . GMM (Gaussian mixture model)
DL K 4y KW B3 A F Learn to Segment Everything
iRl B T 0. 87 192 IF Lt (intersection over union,
loU )45

T3Ab Ry it — 2 i e SRR AL AR O
T T R AR A AR Sl G TR, 3 e SR B BRI
ROR TR AR T i i IR Z AR DGIE SR B AR
PRIMTT 2 m S i o X 2R I7 AT AR5 UK H AR
A SO RAE (B S ARG Ir AR e =, H
R Hh 8 S A B A R X R S A T S AR B A
fitt o JRE SR MREE A 5% TR E (22
HARIH R ry Ao —E R B AR
VI IE AR C AR, 2 AU T R T8 E
L (A 50% ) st B AT LIA Ay S 7 06 107 # e Ak H B
Ozdemir 1 Koz (2023 ) by A ZT A 55 )6 15 18 J8% i A5 =X
SURRIBE T T = 4B B 22 I 45 F0 A G b5 2 28
4, DI G OG5 60 S8 B S B0 A — Mot b 2%
Ui T Y T AR AR bR MR s Te Y AR R )
H R EAR R IR

DL AR FI 5 125 25 5 © AU
F UL LGSR AR AR B 0 TR AR =, 5 T A
ZINEE o WA 4 R O R T A S E AR IR O v i
TR S SRR 0] B (A RGEAR . an DL 48 bR
78 1% % (Bayesian index model selection, BIMS) #%
FIA B IEL A w5 15 18 R AR AR B AR R
PR IR RlG AR Y 23 [A5E B LR AR Y
2 MR FERAUEE b S 1 A2 SR A AR T
(Larrieux, 2009) ; %5 41, ] WL 3% B0 B 9 3 A Y
RXD i i B 15 5 0 H AR R 7 i 85| A 2
IRZT AP, AR B2 B0 AR B AR R AR I TR )
SCABLAR U AR B K 3 GLRT J5 vE #EAT WOH , )RR
T3 AR PRI LA T S g AR R ROk
(ERFICHF O MR MRHE A 2k, B A7
32 1 8 FH 3 5 (Theiler il Wohlberg, 2013) ; 3

F Lasso (least absolute shrinkage and selection opera-

tor) J7 ¥ B9 Yo U L I IR B T A S R

AR, WEFE e F T R W e =R LR IR
IS 56,k BA 2 05 ¥ B s i S A (O g
45,2019) o X677 LR AT LASE AR H AR
2% T IREL A i 1 B AR, iy i — P i &
TR E AR RN AR L, 2 A I T

5 % &

LA R B R BRI — 8%
RIUTAIFSE )7 1), A AT A e e i s ) 1 B 8 R
P 6T S b RS AT RS 4R SURRE , DL 1S
ARt Ry (R il S sty L Y = S = (K
X AL A i i B AR s B B B, M3z
FU A S A5 B AR B 5 BLE 11 AL 04 R, 38 52 3] 4% Ik
TR S R SR T N S B 2, SR B
I R RIS RN R R R L (FL AR 22 [ LT A DR

1) b S it B mR B R e . DA 4 o B 5
it S EIRAS H FRR P R SR S R LR 2 I A HE
KB mATPERAIX —P . BT ERN a4 K
TG R A AME R R B % S 2R Ay B v W Wi S
HREEIRTT 502 BRI A 3 B AR5 AR kST, A7
FERZE BB, R B RAKME T L AR IR T 2 61E
AT AN KA RMEE XA AL RS R T AT
LR T BIATEIE , ASHF IS E SRR S
KRS A sk A . I Ak, N T3 R
TFUR B W5 A #3625 R, ;AT A i i =
OGR4 AR A TR K LA SRR BE T, o
WSS — R A R R T OB iR R (Wang 45,
2021;Ye 55,2022) . SR, HFHILAb S G A
Z AR G 5 AT RG0S5 AR R L TR
JIE 2 S B RE AR SR AR 1y 32, 5 B S B die
ZAAFFEMET RS SRR S M, teAh, o
O3 R R e — AL R vk e R R
R AN TSR BT AAS RN T2 40 R, B L, andar 2k
— A G AL AN 1 2 S B K
G54 W BRI 2 ) H R | e AR AN $H0E LK
S N L — A BB, AL AN
i e R 5 o RIS B RV A A

2) AT AP EDGIER AR TR B R IR . AL IME
JERER LI 3] fr) R SR AN AL A AR S P 2R
A A 50T WOGTR A 1800, LT MR S & T 1800
Hor i R FHR KRG B2 R A, e
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%%%%EM CARIR SR T i ok T HkK . 24

I, LA E G i B ARIR B R oT A A S T
%%%@%@&ﬂﬁﬂ%m%mk%@ﬁﬁaw
TE A AMEFIT 48 T 55 I s JC 20 431 B A0 = FE AR 53
BT RIS sk R LRGSR LS
S A, HAE S BRI RSB S EEAE KRS
P55 5 52 AGEUAE AR IS 258 A8 — B0 ity T B0 Ak AN U
T %5 0] |3 (Gao %5, 2022 ; Cao %5, 2022) , LT Ah ot
T AR IR A G 0o i 45 TS 32 2 AH 24 K PR
il o BB B WREE 2 Bz W Tl oG &
T 25 PR RRIE 2 AT b, B 42 51 i i T AR M

JE3E I O T AN SRR R B R RE Ak o) iRk R T
(Wang % ,2017; Cui %,2023) . KL, @il 40 B4R Y
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