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s B AMMEEREIRE L BB E AR B AR R A L E SRR
IR AR — A AT P YOLOV By B Are AR AL 2 5 4% YOLOv4 W 4 o oy £
TR AE R B 26 % 4% ik MobileNetv] A AL DIBGBEAFAE Z ] Bl M L M 46 S 8 & R |2
TH#E ;B Kmeans ++ HEHATH A EEREUELREA AR, BA T EZHE,
FHAMREARRMEEEEHFZ M, TRAL RS, SREREN, KWL
5 YOLOv4 A AEPRIEAE A RS B AR T X R AT 4 92% W E XA NE AR KM
20.73% , 3% T R Ja MARNLAE A B AR AR 52 AP A A 0 09 T ok, TR R A BRI 3

FH-EHEEEL,

Fellin] K EHHE; BEARARN,; %Pt YOLOv4; Mobilenetvl ; K-means ++

i)

0 3

UTLEAER 4Bk [ AR K 5 AR OB A2
N B A A 4 52 B E R U, 3l s, 3 53 4 IR
NG PRI Ay I A 18 28 25 7 5 A 1) B I s, Ik
N N Ry (S 2 e 2 E A TR K TSN

b 1L gt B AR S M BB SR B BT, H ARks
MEAIKE) T —DFEE MK, BEF AlexNet %%
1 FH 25 FLUph 22 ] 2% ( convolutional neural network ,
CNN) Rl T+ BAR s MER 2 2 )5 B &M
ZE R IR B AT A e v, kT B 22 I 25 14 E
BRI ATt i ke, ansy, H A s il 303k n]
L3 R iZE ,—25 2 LL YOLO(you only look once) &
H1) 1 SSD ( single shot multibox detector) 393 WAL 3
() — B BRI , 5 —JJ& LA R-CNN (region-CNN)
R AT B B BT Bedli YOLO

SR A W0 285 5 I R A, {HLBE S BT Y YOLOV2'™ |
YOLOV3'! [ YOLOv4 ') 25— R B 5k | e 3 J3E A i
ERRR T BRI AR HAEAR R SR
AT AT v A5 80 R R R i Sk [ 13 ] 48
Dense-YOLO PIZEAERYHEATH: T AT AAGI, SCHR[ 14 ]
i FHBCE YOLO 52 Ak 2% (1 Bk A AT N, 3¢
BRC1S ]G YOLO 9 46 X i #2445 A 247 46 )
P, AHRTE R S5 95 RdR Y 5, Bk 7 2
BEA BRI AR S THEBIE L X% YOLO ™
28 SRR MR T B RPR R

AR SCHERE E A7 R FORS BE LA I O
YOLOv4 W25 M35l 4 MobileNetvl 5% 2% M 2% 5|
A YOLOv4 H, [G] s Ay 1 fige e o 20 2 5 i iy 5 350 )
HERG R AR, (] K-means ++ S04 P EHE
DLAR TR IR RS B | B 445 2 2t 19 YOLOv4 45
TSR P AR AT LA R g il I 4% 1) S B, 42
FHAGI R (G A8 i A A A /N B
REEAAT

O  TAEHAETIIZE DY RS- 4 5 5 H ( CEIEC-2020-ZM02-0131 ) FIia[4b45 ot 5| Sebth 7 Bl47 & e 4101 (199477141 G) BB H |
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1 YOLOv4 &3

YOLOv4 " S35 F 81 19 ) — B Bt B b 46 0 5
o HMBEER I 3 TR IR BN 45 R AE Al A
ZEAIEAT /028 I E AR Sk (Head ) 410, T 4E
AR B 2 ) R 8% 2 B ot g AL R 6T 5 RGBT,
PASEAE N EFE (S B, YOLOv4 7E DarkNet53 113
filh 25 6 15 By B JR) 38 ) 2 ((cross stage partial net-
work , CSPNet) "' (4t 45, $2& T CSPDarkNet53 4%
o, R R 3R 22 B AR 58 R AR I, BRI T 2T
LRI THE R N A7 A . %8 8] 4 F 3 AL (spa-
tial pyramid pooling, SPP) %514 5= %L 1) fig J& 3 i ) 4%
(IR AZ BT | it v RRAE 4 - 3 445 440 11 R A0F 12 Hi
[ei) It 4R A5 190 2 2R - SPP 1 42 5B 45 M 2% ( path
aggregation network , PANet) [ 25 454 76 JRA 2R
BERRFE R 2 Ml A 3 ml 107 B8 TR R B
A TIRIZE B RGP T LU R [ R7AiF 276 34
Ay 3 BT ] R R4 T BY 440 i B 5 R
£k,

MobileNetv1

| Inputs (416,416, 3)

v

| block_body(208,208,32)

2 # A\ MobileNetvl F1 K-means ++ 1%
Bt 2k # YOLOv4 & %

2.1 YOLOv4-MobileNetvl EE{KIEZE

YOLOv4-MobileNetvl EASIHEN YOLOVS 11y
F TR 2 B 28 CSPDarkNet53 117 5 6 il ) 2% 2
iz ALY MobileNetvl fZ8 2% FE{IK YOLO 4%
AR R RS, YGRS YOLOVS 45 11
BARZER I 1 R, Hde s YOLOv4 25 (9 i
ABE R SF RN 608 x 608 Bi i, 416 x 416, 7E Mo-
bileNetvl 3= HFIE R 25 R H] Mish 3075 &%, Jim T8 #Y
W28 AT 2K FH ReLU ¥ &L, Mish 307 sREURIIE 1
TEECRT DGR B 28 0 32 Bkt 1 Hy T 3 O S 3R
Fofs BEARLRT % GBI 2 S8 Ak PR v/ B G B A6 BE Ut 1T
AIER ReLU WG R B —FE B BEH A R
Mish 301 BRECT L AR B AT IO M5 ELER AR X 45
N5 51 5 B B v i 0 Iz AR BE J7, Miish 3005 6
B A AR (1) L (2) B,

f(x) = x x tanh(In(1 +¢")) (1)

|
|
| block_body(208,208.64) |
|
|
|

| block_body(104,104,128) PANet
3 Pt
| block_body(52,32,256) E.s:k N ——m— YOLO Head
|Conv+UpSampling | lConV+D0wnSa.mpling!
X 1 [Conv| g l
| block_body(26,26,512) | > Concat+Conv x5}——— Concat+Conv x5}——>{ YOLO Head
A
Y
| block_body(13,13,1024) | |Conv+UpSampling| lConv+DownSampling{
Conv x3
SPP
IENRENRER ,
I I I >]] Concat+Conv x3 l—b{ Concat+Conv x5 }——>| YOLO Head

1 YOLOv4-MoblieNetvl E{kZE544E
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_sinh(x) e —e™
tanh(x) = cosh(x) ~ & +e™ (2)
AP x i AR

SPP 2541 43 8 T 4 AN A [l KN 3 B
XoF A B B 245 B B2 14 R AE 3004 7 He K Tt Al A B8
BRI 1 x1.5x5.9 %913 x13,% 4
AN AL AN [R) ROBE R AT DEH2 A R 1Y
FHIF)Z, 7 PANet 25897 %t MobileNetvl &= F451F
PRI 265 7 AE B2 I 45 SR 1 SPP o) 28 R AIE 412 R 45
A5 5 BRI, A TRRIE S U RAAE (5] 5
BIR 52 x52 26 x26 .13 x 13, PANet [Z8 AR T %}
RJZFAEAE B R R Sl AN R 2 0 B & N AL,
PR A% 5 A ERARAE 2 B A 7S, fE TR
BE IR 3 AR R Rl G I 25 SR A ARSI SRR o A T e 2
I A 43262 B, YOLOv4-Head % PANet
SEREY 3 ANFRIEJZ HEAT TN 43 500 R4 T 4 B KN
H3x3 51 x1 WEFERME, FONEEZ R 3 Nk
SRYHE T DO A% X 38 P A B IS e A AR TN
RERY
2.2 MobileNetvl M4& %544

B A O R T A R P 2 I 245 T LR TR
R F AR AR A RN B HIAS — 8 S R AR
%), MobileNetvl &5 T I B 7 43 89 45 UM 2 (1 52
EYMEIAL2 JfE L2 MRS o« F1 B K
Ree TS TR 11 5 38 R A LR 9 3 B o h 5 B K
3P FH A 42 i 25 AHUZ A5 B B30 DA T i P bk 5 AR Y
i B TE T B o £, B R AT B KGR IR B ik
Pl A BRI 3l 33X 2 4> SOk 45 Hil A7 1Y)
KN

g T R0 4% B 5 b R AT Rl AR SCX Mobli-
eNetvl BRI HEAT T & B, 1 58K A B R RH A

224 x 224 B, 416 x 416 X FEA] LUE i Ak 5 4k
1Y K-means +-+ 5372 52 i A RS B2 5 HLUE 39340 1
BRUZ MR R T U 45 5 iz m b,
PEEEATH B . B IY 5 ) MobileNetvl [ 4% 25 ¥4 4
1 Fw, b 2R T ¢ SRR A P TR
J& channel ,n 42 block  body BT KA, s JeA 0

#1 #HB7/5 MobilNetvl W 4454

Input Operator l c n s
416> x3 Conv2d - 32 1 2
208 x 32 block _ body 1 64 1 1
208 x 64 block body 6 128 2 2
104> x128  block body 6 256 2 2
52% x256 block _ body 6 512 5 2
26 x 512 block body 6 1024 1 2
132 x1024  block body 6 1 1

AR 3CH MobileNetvl (1 F- 3t b R 9 26 K
1, BB RSE T <7, RO KR 1, L
i A RRTE RN AE AT39K 0 13 x 13 x 1024,

MobileNetvl [ 45 % F T R B 1l 43 B3 45 BUVE N
SRR RRIESR I TT Y R A B R K S
BUTFER oy WM IE B S E SR 1 x 1 B2 4,
oy it B2 BE R LW/ U AR TS . M AR 545
I E BB TR BUZEIE R 1, 5 A RRAE B 1Y
Yt 32 [ A5 FEAZ AN B8 LA B i 0 AR A1 66 2 1) 48 AR [
T A B TR 3 4 B AR — B, M — X I AE T 3% a8,
BB AN R 1 x 1, FEEEHZE S S
FRIL IR ZH BT IR BE AT 43 s 45 AR, B b 0 R B T
GRS EOT AR M BN 179, REER]
Oy B ) FAARSE R IR 2 s

IXFFWEHER > fME ReLU6

>

—>

IXUESER > #ftH—f > ReLU6

2 REWUSBESREHE

MobileNetvl P45 i i ReLU6 31 pR & R T
T FE % 2l o 15 A (N oK o % 20 i 3 R {1 Float16
B Int8 AFBLAIONG FE AR A | 3 RSS20 0 4 132 3
TokE B IETCTF, #1H ReLU BT BRSOk

— 744 —

FEEEHIR T ReLU6 WG sRACK: F BRI 6, XA AT
DARG7 b 2 3% S i 8 oK
2.3 SEEML

Ry T HESRARAL G 5 RUBE H s 1 U RE ), A< SC



ka7 R4 R TR E YOLOv4 BYR 5 A BRI

K K-means ++ 52350 EURRHIE)Z B A RTRE ST
FOHTRIE, 135 9 DETBIRINE . AT K-means 5
AT E N LS E R U6 RIS T L IR RIS o X
T 28 B8 8 5 RS R ORI B S, AR SO T Y K-
means ++ F7E R4 1 MG RE DO, IF
HAdw TR 2R E PO SE, K-means ++
SR B e BRI AT BRI — DA A ) iR
REFL REHTR AR GBI E A REP O
PR (0 IIASURE 3 3 A S P — T B R A Al
B R G RN E A PRI, R 9 NEEHE
A1k, K-means + + Bk T L 58 K-means H.3%
X0 a5 2 rh O R R TR R, 2 B TR 1 2D
TEHU) 5 SR 2 rh O I AN PR — PR RE LR B2, T
JE AW 4R JRE IS PO Z 1) 0 R R R AT g i) S 0 2
B BEBURE 2 s K-means ++ Bk B FEA &
BRI bl 1Y BH B O BRI BE B, T A =
X (3) PR,

d(x;, x;,) =

(%, —xﬂ)z + (x, — ﬂ)z +o + (x,, —xjp)z
(3)
A w, o FOFR 2 AR, P BN REAR AT p
ME Tk,
K-means + + 55 5 2 RSG5 R PEAL bR ifE
w2V, A= (4) ((5) Fiw,

i
SSE = Z z“dist(ei,x)2 (4)
i=1 xek;
_ 1
e, = n”;ix <5>

K, SSE FR 122 J5 F, FEAR R AU ) 45
T, SSE FO{EL 8/ NS E I R BN s e, kAR
Hun R | DREPO AL dist Fon B BB T
JE IR O SRR S

A L) HE Z ¥ (intersection over union,IOU) &
P> E—E R BE T, 10U AR, A A i 4l
AR SR SO 1 B Bl /N I 2 SRR
AT IE G I N DR £R 1 S AE , G 58 A s 43
& (142,110) . (192,243) . (459,401) .(36,75) .
(76,55) .(72,146) (12,16) .(19,36) .(40,28)

3 ZBRAEREG M

3.1 HEEHMEREETAIE

BT HATEY I A A B UG RO SR b B 4k
FIGmie AN & PR A SCHilE T — A~ E A DLk
MK . R4 2000 sKA R 5 R K G
NGBy B R v BE R B I . 7E VOC2007 +
VOC2012 B ferh, A 16 551 K E R, Mk
B 4952 kK, HE R BA 5 A s M 5t
[Fi) o EL A K o v B B A A o, S B
VOC2007 + VOC2012 2~ F- s 42 Fn A il 5 A iR
BT ZR A BAIE , X VOC2007 + VOC2012 23
FFECPE 4 VE AT B4 T AL BR, 8 F Mosaic 1 Label
smooth 2 FPEHEHETE 77 . Mosaic ZXHE 3458 0] DIA
PR v RO B Y TR E RE RS D % & 4% 4, Label
smooth SR T IR THRG I
3.2 EMHIERR

AR SO RS HE % P (precision) , A 7] R R ( re-
call ) FIISF-X5KE B #{H mAP ( mean average precision)3
ANFEATAGH I Do 2% A5 75 ) 530 A6k SR ) sl fofF ) i o
FPALHTMIEL fps (frames per second ) A A5 7S ] 2k
BEVEARRARHR T o R WE AN MR AR A

H(6) .(7) Fin,
TP
P=0p+rp (6)
TP
R=0p s FN (7)

R(6) ~ (7)H, TP(true positives ) F/nHF IEFEA Y
HAERTII A IEAE, FN (true negatives ) 275 8 fAREAR
A H AR T A 57U {E, FP ( false positives ) 2715 4 1E #f
A E AR 00 A

- HHERR R (AP) RSP HER R I E (mAP) Y
HREAKXMA(R)  (9) Frw, b N W%,

AP =_fP(R>dR (8)
> AP,
mAP = N (9)

3.3 AEEZREMMEREXTLE
R EEATRY [ AT S R R — R A I IE AL, £l
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3 ~6 i,

class:71.81%=person Recall score_threhold=0.5

FHAS IR B BR324 X S, AN R 5k 4 R

mAP=82.63%
cat 0.92 1.0 1 r
dog 0.92
car 091
train 0.91
horse 0.90 0.8 - L
aeroplane 0.89
bus 0.88
Bicois 08
icycle . 0.6 1 L
s}ﬁ:ep 0.86 iy
bird 0.86 =
motorbike 8356 RO
erson ‘ A L
tvn?onitor 0.83 0.4
sofa 0.78
diningtable 0.77
boat 0.75 54 |
bottle 0.70 0.
chair 0.63
pottedplant 0.59
0 02 04 06 08 L0 %0 02 o4 06 08 10
RR=hES 25y BIE
3 MobileNetvl P-R #i%k
mAP =81.03% class:70.49% =person Recall score_threhold=0.5
dog 0.91 1.0 1
cat 0.90
car 0.90
train 0.90
horse 0.89 0.8 1
aeroplane 0.88 ’
bus 0.87
i COIN 0.86
icycle 0.86
sl'?eep 0.85 M 06
person 0.84 =
motorbike 0.84 T
bird 0.83
tvmonitor 0.81 0.4
sofa 0.77
diningtable 0.76
boat 0.71
bottle 0.69 0.2 1
chair 0.59
pottedplant 0.57
0 0.2 04 0.6 0.8 1.0 035 02 0a Y3 i 10
B4 MobileNetv2 P-R HiZk
mAP=82.27% class:71.11%=person Recall score_threhold=0.5
dog 0.91 1.0
cat 0.91
car 0.91
train 0.91
horse 0.89 0.8 1
aeroplane 0.89
us 0.88
bicycle 0.87
cow 0.87 0.6
sheep 0.85 W
motorbike 0.85 H
bird 852 R0
erson .
tvn?onitor 0.83 0.4
sofa 0.79
diningtable 0.77
boat 0.74
bottle 0.69 0.2 1
chair 0.61
pottedplant 0.58
0 T T T T
L 9.2 0"1 N 06 08 10 0 0.2 0.4 0.6 0.8 1.0
PR A

5 MobileNetv3 P-R %k
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mAP =82.75%
cat 0.92
dog 0.91
car 091
train 0.91
aeroplane 0.90
orse 0.89
bus 0.88
bicycle 0.88
CcoOw 0.87
bird 0.86
sheep 0.86
motorbike 0.86
person 0.85
tvmonitor 0.84
sofa 0.79
diningtable 0.76
boat 0.75
bottle 0.70
chair 0.62
pottedplant 0.59
0 0.2 0.4 0.6 0.8 1.0
TR

class:71.93%=person Recall score_threhold=0.5

1.0

0.8

0.61

EEIEES

0.4

0.2

0 T T T T
0 0.2 0.4 0.6 0.8 1.0

Ao BME

6 DenseNetl121 P-R phZk

Sk TR O S S B T AT M AR SOR I A 2
TRERFE A N 45 BRI YOLOVA W 28455750 M KGR
VAT 3R P 5 A 0 E (] B 3 ] g b —
S 5 A Aar I Y e AR AT X L, SR T 2 o A
BHE (mAP) K56 8 A~ I 245 A5 70 (145 |, SR FH i T 4
FMEE U (FPS) LA 8 AN 1) A6 0 8 7 | %) He
g2,

K2 AEAEXREENBEL

X £ A 7 fps mAP/ %
YOLOv4-MobileNetvl 72.61 82.63
YOLOv4-MobileNetv2 58.63 81.03
YOLOv4-MobileNetv3 52.11 82.27
YOLOv4-DenseNetl21 31.66 82.75

YOLOv4 37.82 89.88
CenterNet-Hourglass104 1.43 68. 74
YOLOv4-tiny 126.52 71.49
YOLOv3 77.45 63.40

AFZ 2 BTHT, YOLOvA [ - 25 46 RS o B 1k 5]
89.99% Kl H ik 37. 8 fps, TN T H AL
B W BE R ER A T T R, {H MobileNet R 4ITER:
W 4528 78R3, H YOLOv4-Mobile-
Netv1 PIZEAET 34 S i g, K I3 38 55 3] 172. 61 fps,
BRI T 91.98% , M TIIATIRER 4 8546
R T LA BE S IR T YOLOv4 B {H 455 T
HARASER

3.4 BHHEEIRER

HARKE R AR, & BB 158 N B
TN BRI, S BN DURFIEAS B B X
AR A5 [P, T IR B 2 20 1) A A B30
T BT PR A 0BG AT I 2, 75 ) 2 s B0 3t 4
B JZARE IR 22 A R, E A T B A T
A EEXTI ST N BRI PRI R TR A A S s A
AR TR E K B R IF R O 5 WA
RS MoK N B7 PSR IR

NI A Hh Pk 38 43 181 J i A7 45 R s,
B 717, AR SCHE B0 iE YOLOV4-MobileNetvl %)
LRSI R AT AN [ RR S 4 1) B 2 IR0 T S84 2 T
iR, BUS T38RI,

MR AELE R E 7 (a) F(b) Ha] LIE #, 24h
RS A SR ICE R AEAEIR T | 2338 BN 539K 4
SO, X B TP 22 0 H AR R R )
AE Y IS B, (H R 43 R %ok G 2 T LA 9 v
RO R ), MR AR 25 R B 7 (¢) R (d) W LR
W YR SR AR AR RN, & RN B e
Frefedy He s/ B [ 1 S o S A L, AR SCHR
L R B DO 4% T AN [ RUBE | 268 AH B 7 H b
A0, IR SRR A SCHE 1 Y B YOLOv4
SRR RUBE AR e T S0 (0 T B 43 P4 55 ] J 1)
AR AT AR AR F P it 8 A
P 3 30T I 1O AR DA B A e i
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(c) M3

-
(d)

\\\ .
e

7 EHAMREER

4 % i

ARSI T —Fhek it i YOLOV4 bk 5
N GUKG I 34v | #% MobileNetvl 4% 4 2% 0 25 B 4 )i
YOLOv4 = THFESZ M 45, #1175 3] MobileNetvl -
YOLOv4 #i8Y; % ] K-means + + BZEXF K5 A b H
PRAEAS R T4 2 HE /NI AR A, 1 T A8 TR 8 25U
JE . SRR B B R ARG I 2 92 SRIFIR , TR
VOC2007 A TFEHE 4 L 10 - B R B R 8 T
82. 17% ,HAAURG I 32 I N D3 i D) 283K 5] 71. 81%
[ s Xo AN [RI PR A R A T e ) R vt E2
ARICTEZ R T NGOREHE Bl PPy 55 n) J
SR I A A D B RS S AR, N — B
BT AR BT T o) A T B VR A B BIESR

&% 3k
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Post-disaster personnel detection algorithm
based on improved YOLOv4

ZHANG Liguo, LI Jiaqing, ZHAO Jiashi, GENG Xingshuo, ZHANG Yupeng
(School of Electrical Engineering, Yanshan University, Qinhuangdao 066004 )

(Hebei Key Laboratory of Testing and Metrology Technology and Instruments, Qinhuangdao 066004 )
Abstract

A target detection model based on improved YOLOv4 is proposed for the complex post-disaster environments

such as earthquakes and rescue robots with high requirements for real-time and accurate recognition of rescue tar-

gets. This algorithm replaces the backbone feature extraction network in the YOLOv4 network with the MobileNetvl

model to enhance feature reuse, while reducing the number of network parameters and improving operational speed.

Anchor dimension clustering by K-means ++ algorithm to adapt to post-disaster personnel detection and improve al-

gorithm accuracy. And it contributes to addressing the problem of missing datasets for post-disaster personnel detec-

tion. Experimental results show that the improved network improves the frame rate by about 92% compared with

YOLOv4 in guaranteed model accuracy, and the weight file size becomes 20.73% of the original. The demand for

real-time and accurate target detection of post-disaster rescue robots is satisfied, and this study has certain implica-

tions for post-disaster personnel detection scenarios.

Key words: post-disaster relief, object detection, improved YOLOv4, MobileNetvl , K-means ++
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