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Video black smoke detection methods for vehicles; a survey

Zhang Tianqi', Yang Weidong', Zhang Jiaojiao’, Peng Kai'
1. School of Mechanical Engineering, Hebei University of Technology, Tianjin 300130, China;
2. Tianjin Shengwet Development of Science Co. Ltd. , Tianjin 300112, China

Abstract: Smoke-emitting vehicles have gradually become one of the major pollution sources in cities. Algorithms that
detect smoke-emitting vehicles from videos have good effects, low cost, and extensive applications. They also do not
obstruct traffic. However, they still suffer from high false detection rates and poor interpretability. To fully reflect the research
progress of these algorithms, this paper provides a comprehensive summary of articles published from 2016 to 2019. A video
black smoke detection framework can be divided into surveillance video preprocessing, suspected smoke area extraction,
smoke feature selection, classification, and analysis of algorithm performance. This order can be fine-tuned in accordance
with the actual situation. This paper introduces and summarizes video smoke detection frameworks and analyzes the extrac-
tion of suspected smoky areas and the selection of smoke features from a hierarchical perspective. The method for extracting
suspected smoky areas can be divided into four levels (from low to high) ; image-level extraction, object-level extraction,

pixel-level extraction, and pure smoke reconstruction. The accuracy and stability of an extraction method gradually increa-
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EETE  RAHRHITHRI5TH (18 YFCZZC00150)
Supported by : Tianjin Science and Technology Plan Project( 18 YFCZZC00150)
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ses, and high-level methods can generally be applied to the results of low-level methods. Smoke features can be divided into
three levels: bottom-, middle-, and high-level features. They are divided in accordance with the number of times of learn-
ing-based nonlinear projection, and demarcation points are once and three times. The expression of features becomes stron-
ger and the false detection rate of black smoke decreases as level increases; however, the first two are not strictly linear.
Then, the high-level features are generalized from the perspective of interpretability. In addition, this paper summarizes
feature extraction methods from the perspective of the presence or absence of deep learning, and then classifies methods into
traditional and deep learning. Lastly, the evaluation indexes of algorithms are introduced. At present, video smoke detec-
tion algorithms face three challenges: extracting features with increased expressiveness, improving generalization and inter-
pretability, and estimating black smoke concentration. Considering these challenges, this paper provides suggestions on the
future development direction of video smoke detection algorithms. First, the level of features should be rationally increased
while ensuring expression and computational efficiency to improve feature fusion methods. Second, a deep neural network
structure that considers generalization and interpretability should be designed in accordance with the space and motion char-
acteristics of smoke. Further research should be conducted on how to fully alleviate the problems of insufficient number of
smoky image training samples and uneven distribution. Third, an adaptive calibration algorithm should be designed to com-
pare the extracted smoky gray level with the Lingerman standard black level.

Key words: smoky vehicle detection; feature extraction; smoke classification; interpretability of deep learning; review
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ST, o8 2 XA S 15 R e B R A
FEWONEER G R R RS T SO B
HEATEAR B o BRI, 33k 26 5 2 0l BRI R 5
A BRAE BV 75 2 B e e AR TR 2 5
TR A 3| — LI
2.3 EAEMREEXE

fIRJZ U SR O AU RETE S AR o B PR
P 53 DX BRI of | (E 2 7 3 6 S ) R A X 3
P, T 5 1 T 5 ) BE AL S AR AR I R AR
I B HE R B R IE R 3K T o 75 2k — i el PR
JH 731 AT 5o d TP RO

Narasimhan I Nayar (2002 ) AR 4 A0 HCS [ B
HESL T RIS R, 25 Tian 558 A (2018) X%
BALE T, T L TEIR R y A LS 3 1) R 0 i
JERIR N
X(y) = B(y)2(y,Az) +S(y,z) (1 - 2(y,Az))

(7)
K, X(y) ,B(y) ,S(y,2) MUART Hir A ALH it |
oo A B0 i, SR SRR &L

[ YRR B 2 2l R B IR Az A, €2 FRAGER
BRE, SHE R R YA ARE S 2l A 73 1 Y e
(RRAETT S . Tian 55 N (2018 ) K ) & fij 16k
Fag ok 28 SR e Y 2l PR O i HIAERS x e R™ 3R
NS B e (R, AR
x=ws+(l —-w)b+e s.t. we[0,1]
(8)
qh, & e R" FRMBUHHE S REEES, s e
R" A x HHYZEEM &, b e R™ AURAEx P
MHE R, o FRIRG REL B AR SR AR B
TRE Z K 2 BE A TR 110 375 P 2 o J32 728 Al i 78
b, FEMTELE x F1 b WO T, o F1 s BYAEIHE
A DL i e/ MR R R R BAR Y
(w,s) = al"gwfsniﬂHx —ws - (1 —w)b|;
s. t: we [0,1] (9)
1T B ARG AT LIVE DR 2 IR M2 S 1
F IR (Wright 25,2010) , H I B S04 2%
2 1 PRIH B GAEAS I 5K H 4l R o3 731, s m] LA
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et FERS 0 Gt A 3R 73R A ) R 0 P14 2 1 A 2
UG A i 20 SR o, 7% 1 B it 3R /s 19 41 0l e
77, Tian 55 A (2018 ) K FUH 5 95 5o Ml &5 ok
#iD, e R (m <« L) R84 1 2l BN -
D, e R (m < L) R EHAMIE A, a 1
FOl R 43 W B AR R A, W 2R A i s
Da, , a URTFRSEMGE RGN, 700
b =D,a, , (9)AILLELH

rgion ~wDa, - (1 -0)Dal; +

0

w e [0,1]
(10)
- U A 0 R RN T SO A A ST A B
wa, F (1 - w)a, A A FRHEAT S8 RAEEEN
KA, R T RS- IO B, Wu 45 A (2019) #1557
N
winllx - wD.a - (1 - 0)b[} + Dy |} +
Meal, + A lef st we[0,1] (11)
b, PR 28 AR A L1 e Ak, DA g e it
SEAT T LIS B RRAE S PRBOCR AN G (Y (R, A 52
— IR AR, R SRR D 4l PR R L
A BERARIRRE ST, MR RT3 D, XA
7N B8 1o X A HL I AT A DR, X R Y BT
(atom ) X SRIHFNAE AR 73 (14 TR FL AN ]

Allwa l, + 2011 - @)ay [, st

3 FEIFEFHEIEE

TERLII FR AR R AE SR | JC 38 TR 2= Ok 1 7
RN BEAL AR DX IR P B o, T — 2B R A B D) R
AR DI P PR IBURRAE AR BAT i AR S i 2
AORFIE | REEPRAF A E A AL A RS IR A SR AR PR AR AR 3
PRI X | DAL IE G o e JRORS 2 A 258 19  E ldy RL 031 2R A

DA RS I B AT 55

AR SOHG SEARARRIE S 0 3 ANZIR, B Z4SAE
JERFAEAN S 2 HRAE , 25 RO IE A9 AR B 3% 2
IR . HRTE BEA ST R Z )2 MR =R iE 2
B S, AR SCIX 3 AN [ J2 UCRFAE f8 s v B T
57> IAR RSN B UK B8 1 RN 3 A 732K
T, UMK 207 1 RER B 3 FlUZ IR AE Y
ANEFER, BAEHRARL I R 2 | R R 2
YR | i R, T SR AAAGHIN R At g , LA
LRMEB S YRS FI5 ) Z AR T IR 2R

JEJ2= R AE R S U A AR 4 R AL, AR 07 1%
B fi] B, T 9 SRR e SR e, S A SRR
AR R IR ST R, 5 R R PR A SRR
ZIH 22 A R, SRR SR AR IR — Bt 7 AR 3 2
AR BRI T DA BRI T A R fe At

A RHIEAS BT R R AE B R T ORI
SR RZRHIEA A UM T2 > AR PR LG 7
TSR AEEA T R AR S e 3, AR T T RRIE R T
FEAR THRAETUARE . FPIZRHIEA L TR Z R AL, 5
AE 1 HE B (T SCRRAE 22 BE /N It 43 S A
TR S B G SRR B

1 2 IR I = W e e R R, G5 0 SCRFAE A
ZEffAR /N R AR B o e SRR IR SR —
A AT S, IR 2 FFIE 4 ad 3 kDL B3 T
TR RS 15 B AR AE AR AT LU i 2 RHIE .
JEFFHESS PR ARAE A D2 TR J2= A A A2 DR A A A
RARTE T, 76 2 Fh 2 B2 AR 25 18] 2 T8 2R 47 22 K
YA TRATAL A T 20, AUAT LK B R
FHIETUA B RYRICR 36 7T LA A 3 548 10 e 1 0 2%
TRAET V5 o SRR 2 RR IR R i 2 7m i 70— i
53 AER I — AR, T AR AL A 288, BT LA
1o JZ R IE BB S 5 ) Bl

®2 BREFERXRDH

Table 2 Smoke feature hierarchy analysis

K 7E L BRISES T FRERIE T SRIBOE TRt
JRJZFHIE AT B ML G b B U AR 55 55 NERC3/.1 O ¢S
FRIREEE  JRZRAEZE 3 R LUR T2 ) i AR St 15 21 B Ak i T R B
FERHE  RZREZ R 3 LA E R T2 2T A E M MU A5 B 1 RAAE i ik W] %=

3.1 KE4E
S| RS N VR o A O [ic) =t S 11, o s 8 AL

5 B ERAITIE IR E A A (A5 R, ASSCREI
JERFAESY 23 [AVRRAE I [A)RPAE RN, 25 Rl 5 AR
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3011 ZS[ARRAE

TSR 23 AV RFIE AT LLo3 S (88 (SCHE A B R AL
ARIRAIE S | [R]ARFE Rl R 3

Tao 1 Lu(2018a) #EHL T &HH A9 2 R tamura
SUPRERAE . Peng 1 Wang (2019 ) 185 58 0] 22 A IX 45,
(R RS LG AR AE RN TR R AE , O F 3y o H LA 3R
Pk, 25X LBP FRAE 4T 20 FFl 5 ( Ojala
4,2002) , BRI 3 iR, Yuan %5 A (2019¢) ¥

Curvelet 284 55 5¢ % LBP ( complete-LBP) 25 & 4 JiE
SRR, 35h i A REEAR S (Yuan 45 ,2019b) Fi
EHEIE (Yuan 55 ,2019a) fIEEXS LBP #4717 HGH# .

Gabor /NI EA ARG ()G O A ME 5 22 RUEE ¢
PEAEW S A R, Ry TREK Gabor 284111
A, AR5 A (2019a) TEERE A3 B9 Gabor $31F
FIP I LBP FRAE S50 4 A 3 B U0 ROR i
JHE TR TT

F3 LBP4HEMMHESE

Table 3 Summary of improvements in LBP features

Bty it
R JAFALEE PULRL ( Yuan 47 ,2019a)
st R AN FAHIEE S ( Yuan 25 ,2019b) Gabor /N (AR 45 ,2019a)
PG RN AE Gabor /N (3Z4E4- 4§ ,2019a) JIMAURI I B ( Tao F1 Lu,2019)
P RRCR BEARARFIE A (Liu %5,2019)
AN B EEAMETE B (Liu 55,2019) AR & BB ( Tao Fl Lu,2019)
PRIk Curvelet 54t ( Yuan % ,2019¢)

B 7R ER —AEAE, JR) 8 = JeAE K (local triple
pattern, LTP) 2% H A9 F A 25 R AE . Yuan 55 A
(2016) T SEAE SEAL AR X Il P 23 LTP 15 B 7
P, 2 ) 7 P R I B JR) ¥ = e A 3K (high-
order local ternary patterns, HLTP) , HE&TIbiE s
LBP H4F (I HTIRE:

3.1.2 EEFHE

TRAAE) 3z SHARME T, 55 U5 Sk 0 I Ak P 85 1 X
W KA G, R — e s g, A Xt & —Fh
AR RAIE AR Z I S BB AIZ SRAE

Ye 85N (2017 ) I TG0 125 2R AE R AW 1) B3
R TAEARIE A 23K VF 2B 2 R E Bl
MEGE B SFHE A58 T E AR IRCR .

Dimitropoulos 5 A (2017) &1 T —FFH T3 &
S AT Y s B M3l 1 R 42 (higher order linear
dynamical systems, h-LDS) f#ii&F , # HSV #71 ffig
3 I BCE R B 5 1) 7 IR R Rl 1 — > 4 4
Fysk - FEH h-LDS 23 24k 7,

Xof T PR A A0 AU I R 3 G % B Bl H AR
W2, M ELIRAHSZ HESFLAL T 5 060 A0 XU XL )
SEME IR THCAE# ™ 5, B L4l iz Sh R IE
AR VA 2 41 3R R 5 OKE 23 (R RRAE A 3R 2k
IR Ty, TR AR 5 AG 2

3.1.3  WEEEEIERHE

I 2 ARPAE S 5 [H) 1S Bl R AR — B2 I Y e 2
P o RS PR X b () AR ) R g i 27
AR TR I H AR ARG, I 25 R f s A 1

B B BCHRAE I PR B AR A IS 2 RAALE
TR ZWFF0R PRI S5 BT TG BERFAEAS 3 I 25 4F
fif, Wang 55 A (2017 ) H A FH 224K 2 3 | B,
SCPRAF SR RAG I SR A, {E 2 ™ i ORS 28 56 1 {1 179 i
W, BRI ALRE SIS . Appana £ A (2017) %%
Fb 25 A i 43 i 55 M\ Gabor TR I & 4 F2 LAY 5 10115 B,
gh Ak B RURRAE . Tao A1 Lu(2018b) S it 8 {4
FERAIE , SR 5K PR ARz 3l 5 1) 07 18 5 6T 3 A IE
A&V THT 9 TG U RR AR 20 B — DR AE 1) £, DA3R
IR A B 23 REAIE

Bz 4 Btk #E LBP 4 AE W . Lin 58 A
(2017) #&E 0 3l 2 80 P44 3R T (volume local binary
patterns , VLBP) 1 g i€ J2 REAE , 0 IF 25 e AiE 4 i
SR (A A AR 5 1 (R AR AR B ey | X M s Hh A
R, AT X X 26 Bl [, Tao A1 Lu (2019) B3 T
R-VLBC ( robust-visual local binary count) , # & F
LBP, J& ¥ —{A 11 %585 X (local binary count, LBC)
(Zhao 55,2018 ) 7] LA\ & 9 £ BE ARG 2
ik, ol FH AR #48 I (FA DA IBEL, ) Ms AHDY HE LAY
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R EEE T RGN [ PR B ) SR s
AN [R) B RUBE 3 3 (o FH — 2 2 18 R A 1 45 AN AH
[Fi] () i g e R AR B 2 RUBE A 2 LR I RR AR P 3, %of
FEABE SRR X I, Tao A1 Lu (2019 ) {5 i [A] 4 7E 3%
SEM P SEEET N AN XIS N AN X3, DU R IX 5
FE3, B4 5 3 A IE 28 S 1i H 4R B RLBP Al
CLBP, 2 B 7 R, B 2R 35 58 UL P 3 (Tao Al
Lu,2019) , Z1 (uAE P A A 320 118 SR

K3 AR (Tao F1 Lu,2019)
Fig.3 Final detection result( Tao and Lu,2019)

WFFEE X R R RAEREAT TR IS R BIF S, e BEH:
55 REHRA A R = 1) < TR S Rk A IR,
1115 LR T AR TR S R A 3z Bl B Y
RZESE HH —Fion SRR U AT 55 HA S E P AAT
BRI SZRAEAR 5 RAE ( Yuan 55,2018, [RIRE
JEFFIE Z A — B2 R 2 i i i 4 RS B9, 5 02K
for (TR LB AR R A T AR IR UAY AR T R A fe
AR, IR 0 TR 2 e 2 R e

JRIZFHERSS & 1 5328687,
3.2 HEHHE

SRR R ERIE S R B RE SR 3 IR DL
T T2 2] B AR e S A5 2 A%, B0 U T e P AR Y
FEI TT DA i o 2525 TR IR 2K, T DR R A
RUZ A 255 77 B2 — 2 IR ) B 3 32 14
MARFAE , Al R B 22 . v 2 R AE 118 4 BBCRL B AR UK
SRR LR FRRAE IR 3
3.2.1  FREREZE

FRAIE 5 2 2 38 1o @l A 1 5 U R AR O AR TR
AR, DTS v 2 R R B A AR M, R 1 R o
o R PCA R Tk, deah , ML in)
LS (bag of visual word, BOVW ) 1] DA 52 A RRMIE
FEAERIE S5

Yuan %5 A (2019d) 1 56 1 Ja 3 22 43 19 7 X 4
IR ZFRIE , N PCA 2 BRAFAE 2 18] A 2 PEAR
KRR, RIGTHERE R, 55X 17 4 A% LY g
HIZFHIE, A T35 TR E R AR E T, FE AR B
JZRHIEIG , X REASFRAE A AR 8 AN RRAE 43 1) B B
LBP FH-1E , Pl — 35 R4 A B B A HFAE ( Yuan
45,2018) o FHIESEHUL R ANIA 4 ( Yuan 45,2018) T
No Hrh R KRB SR, D, ERMN &,
D, RREEZ 1, WACKRBURE R, M, fCRAFE
Bl R AR5 19 T2 AR S i LBP, 4G 3R IE 52 4%
SRHAER] LBP,, AR IEACR FERHE A

K4 A BOR AR ( Yuan 55,2018)

Fig.4 Flowchart of feature extraction( Yuan et al. ,2018)

PGS IE 2 A 2 AR R EA O R, B
H PCA SfiRKCRTHE . P Yuan 58 A (2017) 56
B AL PE A SR e AR OGP | T30 PCA 2Bk

FAIEZ [B] YL ARG, Dimitropoulos 55 A (2017) 2K
TR IZ By, SR A BE B I (histogram
of oriented gradient, HOG ) 5 %2 [1] Y& 3t B /7 & (histo-
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grams of oriented optical flow, HOF ) # ¢ gl — > if
5, FAH BOVW Rt ik 755 1z sh 5 B Rl S il i) 45
BTl X e — M Z AL, 207 1B IR T R
MSN LS B S5, SCRHM IR T 567220 HT IR, AR
TRAESERE  $R e TRERIE T,
3.2.2 FRAEESE

FAIEERR Y A bR R T R ARl $2
I PR DX S Y 5 B2 2 7 3% (Tian 25,2018 3 Wu
85,2019 AR T UL UG, i 15X 107 28 26 0 ) A
B R R, AT g — b 2R, Gl 2o T U A
L 2R SRR TR ] A WG IO ) /N RO PR B 2
AR
3.3 SERE

Z YRR E W 7 1 e 2 R TR LM 22
W2 g — 2 AR AT AR B — AR Lk g, TR
M2 Rt — LN TR 2 AR A2 R A T

JEEJRRFE5 BE B A Y R 2 8] (380 ] A i Ao
2 W 2% B RFIE SR G 23 5 2 2R U 2 — e — 1
ek, A SR S8, a6 T E AL, Pundir A
Raman (2019) fifi F AlexNet ( Krizhevsky % ,2017 ) 2
WU A 47 AIE , Frizzi (2016 ) fff H] LeNet ( LeCun 5§,
1998 ) $ HCEAH Y 125 J2 FRAE I AN RS 28 N T, Yin
SFAN(2017) Beit TR — A B 28 R 2% ( deep
normalization and convolutional neural network , DNC-
NN) , H P A4 AN &L 5 (Yin 45,2017 ) FiR (46 19
AbFE RS IBORN 202100 3 #88

IR B T A 4 0 2 AR (Y ekt A
ZALT BEAAAS B (R R TR B T AT A R 1Y
B TR 2 AR BAR S R 4 B, KR
FFE AR FUR AR ULRH O ) 2% 25 A 4 10T SR AR )
WIRLEAR . T g i Ao ELAA SRR R I 2 Y ) TR 4
FAATY SR AFAEME LA 100 I 1) ) R

ToiAkR

NC5:64@
3x3x34

FES
2048 FLI3:2048

ARG

]
=
)

NC9:384@
3x3x384
S
NC10:256@ 56™ %

NC8:384@ 3x3x384 |
3x3x64 I
I

1

p
/
/
’ /
) 7
/
/ s /
\
0000000 J»

15 DNCNN 252544 ( Yin 55,2017)
Fig.5 Structure of the DNCNN( Yin et al. , 2017)

R4 SREFEVHEREN SR DS

Table 4 Summary of improvements in interpretability for deep methods

it Iy 1) ik I FH i) SRR AE Xof IV PRI ARFALE (1 454
INESCHE 7 2 3 T B KRR A A R AN (2020) P TERIIHLH
Gu 5 A (2020) 80 RS R -
Lin %5 A (2019) ; BR# B %5 A (2016) Hof 25 REAE 3D CNN 2348 CNN
B HEAE A (2019) 1B BT RNN
Hu %5 A.(2020) ; Yin %5 A (2018) 23 [B)RPAE 38 B AFAE CNN + Y63
RERBELH 5 SRS AR X 10 VERE L4 A (2019) B SR AR AR LT A 2
Zhao % \.(2018) R LI R R C"lor'gjalzig:_‘é“é;CNN :
Li 48 A (2020) A2 RAIE | X2 AR 1A 3D CNN .4 FIE 254
FAR4E 5 A (2019D) Gabor £ HARAE Gabor Y& I 25 M 45

TE =7 R0 W SCHR R

2FFBEE R JIHLE] (Hu 55, 2020) 51 A Incep-
tion-V3 1 3D CNN H X B A KR AE 47 28 70 i,

O BAT H5iR 128 7, RN R R i Tk
XA HAE KR 1) A B O SRR TR TN AL, X L
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LR 7 B W S b P | 5 SCEOME P00 HE i — 20 e
Jrmml, AT fRRETE 25 R UR E 2 )y i my vk [n) i, Ry
T n) AR Z 5 R IE B Bt AR Rz B
WA w8 TIFZ AR S5, X
Mg R P AR OT 7 ) 1 R R 2 R 2 e SR
2R AR B IREESS G

Gu 55 A (2020) B3t T —A3T B9 IR B XU 18 pf
2 M 4% ( deep dual-channel neural network , DCNN) ,
— BB KPR R SRR R 5 — R4 T LA 3R
TRIRESERRAAE . SR AR BE - I 25 S B 5 )2
FRIE LR IR O G fE i

PhE 7 VA SR O e J2 R U S s TRl ARAE R
TN iz gl FRAF 3% Jin 455 0 9 0] fig B %, Lin % A
(2019) i i Faster-RCNN ( Ren 25,2017 ) 4= i £ {1
B X3, PR 3D CNN SR 2545 4E , Tao %5
AN(2017) $& 4 T —Fh il & 2 PP ReAE 09 & G BUpE
MY (P-CNN) , Bt T 3 5T CNN f# A 7
3 AN IEAS TR ST 42 UK [ Fh 28 )RR AE SR 5 1 &
TR A DASRAS et 00 = 2 RRAE R PR IURRE
AL 55 3 FEARRAS 2 — A B 2 D FRAIE A 4
JERTLA RT3, 456 J1AE, i RE S i U ReR

X T FRGUBELER  Yin 25 A (2018 ) i 57 M
T 23 MAFIE 518 B RIE SR J5 T A 122 3 TR il
BB B LR AN A A AR R & B T
TARCRL, A5 A A RS, Hu 55 A (2018)
I RS G TRER T B2 28 SRR AL SR

[FIAE A T 3 s R B 7 ik i vl ek, AR 46
A (2019b) B SER H Gabor I8 I % %t B A0 AL AR E 47
AL T 5 SR S5 38 4t A3 T 5 AR Ak 0 Ak 4 A il 22 53
A T 5 R ARAEYE BN ARV 5 i i AN AR
P I G 7 e A I e A 5 v 1R oy — 2
EHRHE, WRZWRMEB U BT P2 EEE Rl
R JRRHE (LR (A7 S Y HE e b 2 R AE 4 2 A
BOK RSN AR R U

Qfar e B IR T u | AT R L B v SR R S
— AV R E Y R, R DL RS 5
e AHRFR I T — MRS & ) ] iR AR
TIEJZ UK e BE A5 5 1ol
3.4 EEXRBERRBA XSG
3.4.1 (&G

1R 71 FT LA G o AR O VA VR-IE 2% 2 T
Beo —MORUL, ELEEARBUE BRHIE N K2 RHIE  RFE

2 2] T IEAT R REAE R TR REE

PR BURINRRE B9 J7 vk B NG T
Gty A DL SO AR S AR B k. FESERR
R, IR RIRARRE R R RS T R, (H
FJIATHEHZEANT T, R8RSR R
FEMRIFRERE A THEE 0 (Lu £5,2015) , T B i T 240
FEEE JRARASOE FA B R, HERIUIEZ
FEETCE N T i, S ECR IR A LU

FHARAE 27 2] 10 7 12 0] A AL 3 2688 280, 15 %)
FRE MR RIS AR TR AR IE (5 ,2018) . FEAE
5 2] IR PR L S BT RIS . Ol T 4
BUrh JZ2 454, Yuan 25 A (2017,2018,2019d) Al Wu
22N (2019) BT PCA FIgliag 5] 25074k
3.4.2 WEF L

TREE 7 2] Jr kvl DL B sk 15 380k T ok &t
UFAUARFAE . AR AT A B R B2 ) O bk IR 2R
TEH R, TREE S 2] BAA ms A 2hiE 2 . S8 A
e B > SRR T DL 4 2R Y
HEENEES .

Xu % A (2017 ) 1 Tao 55 A (2017 ) f F] AlexNet
AR B2 B2 ok 312 1R J2 R 1iE . Muhammad 55 A
(2018a,b ) X 42 BUFFAE 49 CNN 25 ¥ R 47 T 30
(fine-tuning ) LAIE N AN [RI PR35 T (4 SRARAGI | 452731
FROR, RIS N (2017 ) 4 Faster-RCNN FFHEE
P, [l ISP PR A 5 B AR R B 1Y 2R PG Y
BiE, FHEHAN(2019) R VGG-16 M4 5 Res-
Net50 P25 ( He %5 ,2016) Ay Ak FEEE FL e —i& 19
PR = R RHE

SRR A (R b A AR AR R IR R 5 2 5
2R TR XU A SRR R e, AL g T G
ANT B B e, Hizftkfg 2, [RE,
TREE 27 2] 5 Xk 2 W] S Bk 5 REYE . BIE R
W B LA, P — AR TR L H
FB TR . Gu 8 A (2020) \Tao %6 A (2017)
AR5 N (2019b ) # i T — 26 T4 (H 2 4
SRR et

4 FM5 3R 5]
SELAR 9 43 KA 7 o BB 25 SR G

JE S PRAHACI BF 5 ) T B — BRI JLAERYIF SR
T AR R T B o T B T ik
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4.1 ETHEENBFFEIFTE
4.1.1 AR

T FH A ) AR R R PR ) R B AE N
(2017 ) H5 PRAMB L RFAE | SCHURR il R JEE R ik e bk
HEE , FE K 4B 532548 ( K-nearest neigh-
bors, K-NN) #4743 FE 5], 3% B o3 28 07 SRR R
RO e — e R 4 ERBUAL, Wu 55 A (2018)
P T —Rh R Y B T UL L )
RN MR FIRG B

IR v R P B 22 1) 72 SCHE 1] B2 L (support
vector machine, SVM ) , Appana 55 A (2017 ) #f i FH
SVM X AR FEAT 23 28 P00, th THEREALT5 , VF 2 0F
FEABAEAE ] SVM, {HJ& X T30 SR AR R 3, IF A
2wk,
4.1.2 AR

A IR ey 5 S R e 0 [ U e R
Yuan 55 A (2017) 24 1 & miz AL MERE , A1 b £
X RRERRAIE 5 3 A 2 2 IR (19 ¢ R AT AL, P
JH e 300 (805 5 AR PRAR AR AT 40 2R, Xy
AT RIS bR R0 A

AN AT T T R AL S A, A
A FAL 5 ) 2B KA I 359 , Gao 11 Cheng (2019) ¥
A PEBUE ] SR IEARAE TR A T BRI AR
3k (boot ) AFF AR

Xof T3k B A% G A | BEAE AN B ARG T 258 1 155 1A
TR AR AR R, 53 b, BB 2 OH
RS 25 Tl 7 s, S B0k 238 22 08 240 i HL LA

T ARSI A 4 2SR A R R AR
A X ST AR B AR H A Bt
4.2 BEFREZEIFE

IR IR R 2 — R 2 E LR
PR 8 52 2454 MR R T AL a8 27 > T 1k

SRR 7 2] I T4 28U R AR 7
TR A ST AR #0245 44, Filonenko
N (2017) B145 T AlexNet , Inception-V3 | Inception-
V4 ResNet , VGG Fl1 Xception F T 240 - 4T 55 A9
BOR HrP R 4E K H Yuan 25 A (2016) AOBIF 5 A%
Ho GIRIRHT ATk 22 1 4 AT IR 45 48 1 R0 2 73
RBORELF LA TG 2200 BT 22 (0 B 2 45 4
JEFFHISE

TG U R XS, Tao Fl Lu
(2018b) >R FI & 5 4% 1] i pR 50 22 M 2% ( prune-
radial basis function nerual network, P-RBFNN) X} 2
JAPEATIR 5, Pundir #1 Raman (2017 )  Kaabi %6 A
(2018) FFHR I 1 2E 4 RGB 5 St FRARAIE S AR B
{578 W 4% (deep belief network, DBN) ( Hinton A
Salakhutdinov, 2006 ) i 17 43 25 1 5], Cheng %5 A
(2019) F A= B X 90 X 2% ( generative adversarial net-
work , GAN) ( Goodfellow 55,2014 ) T3 Il B2 4K 12 3
s,

BT IRIE 7 ] (O A R ket 22 I
AR > AN S A RN G — W (e TR
85.,2019) o N T AR ERAEA BRI AR 111 25 00 25 3 2
(Rt P TR Bt TR 2 AR vk ngk 5 R .

F5 BREBEHEINSGEAHEBEN T ELE
Table 5 Summary of methods for solving small number and uneven distribution of datasets
Tk SCHR LSRES LY
N EIOWE A (2017) FH A (2018) BEBLIEE: 9 Bk
B A (2018) B R LT 7 T B
I B A 16 TmageNet BB | BUNEEAO 1%,
9 ™. Pt E A N7 f ‘:I:/ . 5'
34 A(2017) SR AT T R R 1Y AR IE T B
Zhang %5 A (2018) o
£ IR A Wu 22 A (2019) ; Xu 25 A (2019b) ; G

Xu %A (2017)
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