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LOv7 (you only look once version 7-tiny partial minimum cross, YOLOv7-TPMC) #%, 155, #RH TE&H9E
#1 (partial convolution, PConv) 5iZ 5% (pointwise convolution, PWConv) ¥ 4 s 5: F i 2 5 & P 4%
(efficient layer aggregation networks-partial and pointwise, ELAN-PP) #idkt, Hk, @it 17 —FhEsgm &L &7
WEEEN, @R ERHE R IR EE S AT AR ST, &5, AMRSERERIEL (complete intersection

tance and focaler-intersection over union, MF-IOU) $ii’k %% . 7E WiderPerson il CrowdHuman %54 - 3847 SE5
YOLOvV7-TPMC # bt F 2R, 40> T 20.5%, Wi% (frame per second, FPS) &7+ 7T 12.2%, mAP@O.5
FIMEAE WiderPerson 42 FIG N T 1.2%, £ CrowdHuman 542 FHIIN T 2.0%, AENSRTHUN T3 5247 AAGI
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Dense pedestrian detection model based on improved YOLOV7-Tiny

ZHAO Shili, MO Hong, YANG Aonan, OUYANG Yugqi
School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410114, China

Abstract: In response to the issues of large parameter quantity and low accuracy in the existing dense pedestrian detec-
tion models, YOLOvV7-TPMC (you only look once version 7-tiny partial minimum cross) based on YOLOv7-Tiny was
proposed. Firstly, the ELAN-PP (efficient layer aggregation networks-partial and pointwise) module combining PConv
(partial convolution) and PWConv (pointwise convolution) was proposed. Secondly, a cross-level fusion feature pyramid
structure was designed to improve the accuracy of pedestrian detection in dense scenes through shallow feature reuse. Fi-
nally, in order to solve the problem that the CIOU (complete intersection over union) loss function was not accurate in po-
sitioning under certain conditions, the MF-IOU (minimum point distance and focaler-intersection over union) loss func-
tion was introduced. Experiments were carried out on the WiderPerson and CrowdHuman datasets. Compared with the
baseline model, YOLOv7-TPMC had the number of parameters reduced by 20.5%, FPS (frame per second) improved by
12.2%, and the value of mAP@0.5 increased by 1.2% on the WiderPerson dataset. It increased by 2.0% on the CrowdHu-
man dataset, which can be well applied to dense pedestrian detection.
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T e, FisA. BEramsss.
H T8 BT N RAAEIER . Hish. REGEM
ITRNBEEA—F R, AT N ER i) &G
FEIRTE o ARG IAT NI 7 0 J5 PR T fak Y i 2
AR B ARt AT AL ED, JUH R 7R IR BT 2
H, HERBIAMIARHIE FT B2 RO G R . A SE R
AR AR, XA R EUE S H AR ERER T
LR B REAS R AR ERAR . B SR HERAT AHE LA
oW By ) B, Akyon VR T U B B R HE SR
(slicing aided hyper inference) Ji%, W 56/ ¥
E R BB, RERE I EUR S R E 5
A EAT T, o S T TN 25 R AT & T AR B
XTI SR & 1 AR HEERAT N B An il
PIRERE, (X TR KM T 2T N R
HESPRA AR A RS Tk, BETIRE
=) — B B E bRkl g8 PR A B ) S PR AR 3
TR, AR FEE—K (you only look
once, YOLO) ZFIMHI Liu25 42 tH i) SSD 4%
& 45 () A R 22 I 28 SRR B B N BUE IR A, 3d
i ity B vty ) 2% LR A SRR E AR AL B, T ERLR
Mo HEH TSR NRNES R AN Bs . E
2 BAR L AE R SR AR AR B bR, XK
SEME L B AT S AN R, XN E AT N B AR E AL
fe 12 . sl ST IE T P (6 Mo-
bileNet I 4% (efficient channel attention and squeeze
excitation-mobile network, ES-MobileNet) # &
PIA% H 75 EFH — KX (you only look once version 4,
YOLOv4) ETML, FHIIAMEERT (coordi-
nate attention, CA) FIHHIEUFIEIE /) (squeeze
and excitation-efficient channel attention, SE-ECA)
Wk TR IEIE, BARERE AR B TT R I
U, (HEE 5 YOLOV4 BEAUN T 2 R % 48 H
FRRBIBCRAG R T Han 250 T440H YOLOV4
(YOLOvV4-Tiny) &%, 5l AR & (ghost con-
volution) EHAIY 7k SRR AL AR FR . SR,
XTI IR G 7R SE B JURHIE R T, XA R
J HFRIE B S . Ma IR B 4 (shuffle
network, ShuffleNet) it YOLOv4 HI454), FEAf
FREEW] 3 SRR BB, (HR AR SR R
T TR AG . SR f i 2L T YOLOV4 X 6 A\
BT B IE R R DA 5 AT NRRAE, (HRFEAb R
515 5 A PR BN REAT N ULSGER 7 g 44T
NSRRI . o IE A 25 Transformer 45 1

5 YOLOVSs (i C3 Bk &5 &, v R IR &
RE ), HWEm TSR EM T EE, K%
I BB . Zhu S50/ H AR YOLOVS
5 Transformer 51 A\ 138 Tk, 7] LL3RAG BE
BE SUE R, IO AN E h0 Fi Sk i 3 4
R OR824 v 55 & DL KOs A o U A LK .
YOLOV7 W 44 R FH 7 b 268 43 e 07 3K, 8 o
% . YOLOvV7-Tiny /& YOLOV7 g EAL i A,
17 NA AT 55 (1) SEBr i B 7 ok . SR,
YOLOV7-Tiny 42 I8 F f) W 45 S5 44, 25008 A0 0
/N, AELR TN 25 B AT ARSI 55 H ) 52 AR, #fE
PASR A 20 H RS S

R ER ), X YOLOV7-Tiny 45 #4347
Ak, it 7T —METREHERIZE S5RERHE
S M YOLOV7-TPMC M %% . &5, BT #0%5
5 ZE SBBT T ELAN-PP BB, & i+ M
B R EE R G M (efficient layer aggregation
network, ELAND i, {2 25 & paks> 1)
[ B PR HLARFAE SR ERE /7. IR, XF YOLOV7-Tiny
IRFIE & P IS S AT oodE, Wt 7 — RS &
FRAE 4 T HEM 4% (cross-level feature-fusion pyramid
network, CFPN) £5#J, 18tk 2 HeE & H 2 =t
B AT NHbRBURTE R . e, SIANERA
FE TR 5 bR IHE 3 & [X 5 (1 ME-IOU #2557

1 YOLOvVI-TPMC &£

S IR
raEE

1.1 YOLOV7-TPMC 443

YOLOV7 #5ii# % MhitA, YOLOv7-Tiny FlLH
BRAKMZSH SR E, ERIERE &2 5 8T
FHABERE, B 7% SR m K.

AR AR T S AR Y B O R R UK R 1
fiiy, 1% YOLOV7-Tiny 1 4 32 455 28 10 A7 50k 5k
%, YOLOV7Z-TPMC 5k nfd 1 piast"™, %M % i
FINTALIE  EFHRAESRE. BRI R A A A I
Ayt AN G HE B S A e N
B 640x640 73 HER, BEEHNE TME, &—
ZHIELAN-PP AL, i Ktk (max pooling, MP)
S ELAN#HR, J8id SRR (convolution batch
normalization leakyrelu, CBL) )% 82 % $z i AL 5
FEFREUALHE, AR R ai iR E AT SR EE XN EE
REAIE P o 30350 ) 26 D) SR FH O3B AR AIE 40 - 35 S
Z RERHIE, #E—DREIGRIE RN, e AR =k
HHAT 2 KRB H bR il
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K1 YOLOv7-TPMC 44

1.2 ELAN-PP 3Rt
RIE X 2% (faster network, FasterNet) 15| A
T B RFARPY, X Bk AU b TR R Ry
FERS, TR A T RAE BN B TUAR ORIk E #8
SR NEEPAT PR SRR ERAE, IR AR TE A
A% o 43 A AR I 1% EURR A 1 A A BN S I 4
JZ 3 E N Y E B H AN R — R .
PConv 5 WA KT E 2 WE 2 . WA
HAENTe R, BRNK e RV, HliBdE N
TeR“"™", Conv. PConv. VR /3B (depth-
wise convolution, DWConv) THHEEI (1) Fx:
F

2 2
com=RXWxk™xc

(D

2 2
Frocow=h*xwxk™xc,

2
Fowcow=h>xwxk™xc

Hal (D %, HHAER (Conv) HIITHEE
7t 75T PConv; DWConv il i 1238 i 45 FH PRI T H 5
&, (HIEEMSLEE S EOT E S AL, ERTEARE
#% (graphics processing unit, GPU) %5471k % L
M CLFE 3 I AR B2 5 PConv X 3843 30 18 S04 T 47
MG, HRmEHETRE, B 7ikAEsE, X
RE TR R, EA S GPURIFTIHHE
R

PConv {0 &8 70 i IE AT B AR AE, BEIRFFK
TR, HARAPEFEIE ] RE S BRI .
I, FHFEAEPConv Z G5 NIESER, EEGRICHE
BE.Z% %, PConv 5 PWConv &5 4 Ji5 t1 B ik F2 4 1 3
B, HT &R CBLERIE G, S
B I EINE, W OR— E MR AURSE

ELAN-PP 25 14 41 [ 4 fff 7<,  PConv+PWConv
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2 Conv. DWConv Ml PConv 1157~ & 4]

PConv PWConv
E3  PConv+PWConv it &Kl

PO FRAE AT 52, W RE o A ey, P
PAXT BN CBL B H 73 SCHEAT IR B, A 7 G
RS B B (partial pointwise batch normalization
leaky_relu, PPBL) fUE 53 —73 393/ CBL AL,
PALE el v SRR AMRIERE A 0 SRR SR B RE ) 2
() HAF-~ 45 o
1.3 MU EE FIEEN

7E YOLOV7-Tiny ', BE%E & T /25 808 i,
SRR AIE B B AT R B 13E UE R, T R
Y {5 BB gD . i i BRI ES BT
RIS G A 1842, BRAR R A 2521 (path aggre-
gation network, PANet) G ZH K 1 %= Rk Kl
P R P = S (T g A DR e A U ol S
B R, EHET NIsth, PMREAT ANERER
TR RBEAS AR, BEERHERE B T T
P A N FRFEMZERE, R ARG
FHER R AT Re o I r HE R I PRI SE A B R
PANet. JIBUAIRHE 4734 4% (bi-directional

PPBL PConv

CBL

PWConv

feature pyramid network, BiFPN) Az #iidbhp{E 4 73
W% (asymptotic feature pyramid network, AFPN)
15 B AR 5 0 KORBE AT AR ROBE B brosr i v R 300 4
&, AHENIRE T E AR LG T A e
GEEAT NEB /N B bR 2 82 B b kI 7
Ko P, 7K PANet B H T2 84T NGy, 7
BN AT R e AL AL LS B b IS R IX
B 52797715 ol N O o1 1 G S s Rl w1 1 N Ve -
T BiFPN 45 #4 o ) Bk R #2 AR, $R 3 T CFPN
45K,
1.3.1 CBAM#E3
#1% [A] 38 38 73 = JI . (convolutional block at-

tention module, CBAM) * 1 i it i 2% Jy #55 He F1
23 VAV R PR AN B A 4L, Hg iy 5P B
TNo JBTEVE R SIREHU R AR B R A (R 4E RS, (R RF
AEYEEA, HOCEREE T AT N, 89U
FER, RS IEATHF S b A oA,
B AR 2EIE A A E A, TR

M(F) =o(MLP(AvgP(F)) +MLP(MaxP(F) ) )(2)
Hrr, MLPEZ B, o2 Sigmoid BUE K%L,
FRESNFHIE, AvgP 2 Pt fb e /E, MaxP & &
KA. SEE R IR R4 EIE LT, RFF
TIMYEEAAS, KFM AT NBIAL B RAE

BN  LeakyReLU
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WETE M,
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Sigmoid

ZEERIIM,

K5 CBAM%i#

AT = AR, B A
IR G B 5 7 x 7 BT THE AR 1@ TE 14F
fEE, HAtH AN
M(F) =o( ([ AvgP(F') :MaxP(F))])) (3)

Horp, T RN A A LR
T AMNRHIE P ) B A B AEIE, Reig sl
R ICHAT NRFIERAEIRE /), AMX AT DASE i Y
(T RE, JEIG5R ALK T AR, (R PSR
TS IE W -
132 AN IEA T

CFPN &5k & 6 Prow, i Ji7 i 26 iy bR
FERCHR R R (N, N, ASAT I S i A7 47
T UE BANGURAE B 8. X FME BARAE
WEMZ (P RaUNEE, BRI
PR RBE 220 R BL 2 AT N H AR IR 0 4
JEo NTAUIX— [ E, CFPNKR)ZE ML RS
FORFEACI AR, DA R T B AR N TR
JEM g, AE B RN I 2R RAE S R
EAEAT R IOME B, MIREZ TS S (anid

Z. gUHE) R EES SRR ERE A E T,
T HETE B Anid FEAE [ VA RO R, st H
PR B RSB e ALRE J1. SR, AL SEBRfd FH R
HEAEG R EA—, ERPREREEE G
BOR, Hh e S r s g . AR S, A
BB 2 Aok T PR, B R AT B R
A ] BERE G G B L ) M A B T RARAE — S I NIRZE
W2, SFESERIRIERER TR ik, 7EEER
B2 AT, 5N CBAME R L], ik 6 bty
BABSRFTR . HERHE B4 v = ) ab B
Ja, ITANBE. gESEREELR, #EMRME
(RIRFAE I, B S 3k N2 B i A g AT AL B, 4
AT AN B EIE. fEXA R, B S A
FHE RG2S, # PRI R R 5T
R I 2 RH R
1.4 $B5keR B
YOLOv7-Tiny # ] CIOU #5 2k pf BUAEAR i A
ARG BT VA 458 2R 7 A R I, A R AR DA R AT
Bk, TS EOE FEAR S B R AT . BT XX
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— A, 5 ANMF-IOU & #t CIOU, %452k % i i

/N B AE I HEP™ (minimum point distance intersec-

intersection over union, Focaler-IOU) #Jpk, iz, (4)
Fis
L gocater -mppiou = Lnviepioy + 10U = I0U™ " (4)
MPDIOU A& 5 & 41 3t [X. 43 #H [A] 7 = BeAE R <)
A E A F L FAE, TETIHE S PRI HE SR 7> H S
B RSP, MPDIOU 45 2 i 5 22 UK & #5
Wz, R 5 ~ () fix:
d? d’
MPDIOU=I0U - ——— - ——2—  (5)
hy+wy  hy+w,

di=(x,=x) + (n—0t)

a2 = (x,=x%) 4 (v,-08)

Lyeoiou = 1 —~MPDIOU 7

KA, w5 h REBANEBA R, (6.,)5

(vpoyy) 18 2 TN AHE 72 b T7 205 45 F TR A A8 BF

(23,08 5 (x5 p8 | RABRFRERE 22 LT 547 T T
A b

Focaler-IOU i i 2844 [X [A] WL 65 IOU #E1 T E A4,

HLA& 5 A S R S SRS 7, et ol e

AR 0308 FEE H A AT BB o i 8 v 7 B

A5 R M REAS I SRR, T A3 KR 7 5 28

EFMRSOER, HEINENR (8) 5 (9) ik

(6)

0 ,I0U<d

10U = HX%§Q¢hJOU<u (8)
1 ,IOU>u

LFOCaIcr— IoU — 1- IOUFOCaler (9)

Hrh, 10U NIOU SEhafls d Alu 727 T-[0,1]1X [H]
TR S50, AEE d RN AR VT 8 A 7R Sk ) X e
ENINP ST

MF-10U i 2 % 345 & MPDIOU 5 Focaler-IOU
PRI R BB S, B 25 A B R FHEN S
Xk, Aot sSifme LA TE st 2 R E R, RAE
BRTHE T, EAUEAME BRI, TR
M.

2 SEIRIEIE

2.1 SEIGEIBEESSLINIME
SIS F Windows R4t iz 4T, 1#44K Intel Core

i5-12400F A1 #.5K NVIDIA GTX2070s &£, JFRIF
5i % F PyTorch 1.2.0 H£42, 7£F J5 ik VSCODE
% H Python 3.6.13. YOLOv7-Tiny {F Jy % #E /9 2% ,
fit & K/ (batchsize) B N8, ffH Adam 11k
2, YR BU S E 7 200 4> epoch, H AR S
WENRIWE, 765200 A F XS 5017
(L@

WiderPerson 3 #i 4£ 272 — AN &) 72 4 35 42 4T
NEE R RESE, s 13 3825k KM%, IXLEE
e MNTZ s IR RN, AFRRTAS R A0
Wist. PONIEIRENRERATE, BT UATESE50 /T 75
B AR E R AT A B, K BE AR IL IR 8 11 B
BRI ARG (72005 D) BAESE (900 5K
KA s (9005KE F) . CrowdHuman 45
AP AN TAT AR TN K IR R 4 . %
BHREAY 724370 % EG, FHFKEBGAEL
20 MT NSEH . FESEES T A FFFRIER 19 368 7K
P A BB o e IR AE 15 494 5K . BRAESE 1 938 3K
AR 1936 7K o
2.2 N IERR

SEI R H mAP@0.5. mAP@0.5:0.95. ZH &
5 FPSAE AT MG AR K Fe bR . b, 3318
SRS (mean of average precision, mAP) & —
Foft FH T P Ai R DU ASE 2R R 5 H A 28 00 G W /e ) 1
FahR, mAP@O.5 F& I0U=0.5 I F B (1) ~F 25 4 00 ks
¥, mAP@0.5:0.95 /% 10U M 0.5 #]0.95. KK
0.05 i mAP [ FH4{E . mAP it fE =t (10) ~
X A2 iR,

. TP
Precision = TP+ FP (10D
TP
Recall = m ( 11 )
1
mAP= [ P(R)dR (12)
0

Hrf, TP AIEFEARF AR IEFEA ISR, FN
NIEFEAR P RRIC N AFEAR R EE, FPAMFEAR
H AR L N IEFEA R B
2.3 KRB ESHIIE

T HRE HBOE A B R AT N IIAE 55 1) MF-
10U H 2k s AL 15 R 728, Seie {4 YO-
LOv7-Tiny ] CIOU #i K pRi %, £ WiderPerson £ 4/
£ ELBK0.05 K E T A~E SN IEseE:, Bl (d,
w WA RRE AN (0, 0.95). (0.05, 0.90). (0.1,
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0.85). (0.15, 0.80) F11 (0.2, 0.75) 54, SLihs4h
B, AT s gk R 7 Brs .

®1 FHE TR

Xof HE 526 4 d u mAP@0.5
A 0 0.95 71.8%
B 0.05 0.90 72.1%
C 0.1 0.85 72.3%
D 0.15 0.80 72.8%
E 0.2 0.75 72.5%
73.0%
72.8%
72.6%
wv
S 72.4%
®
a,
T 2%
72.0%
71.8%
0, 1 1 1 1 1
71.6% A B C D E
S ZH

K7 T L g 2R

MELIAR, HBHSETHT W@ w BEN
(0.15, 0.8) I, 4555 s HOR AT AN AG AT 55 1) 3 B
YRR, Jaeksein i RS 4.

2.4 KRR HXTEE S

DB AIE SN B S 45 % R R A R, AT
YOLOvV7-Tiny 584, 4 JF A5 41 b i) CIOU i 25 R 24
53 9% o ME-IOU TR 8 0 22 9 LB (shape-
aware intersection over union, SIOU) I Focaler-
10U, (REFAMILABIL 7> A2 BEJE, £ Wider-
Person (i 4E FilbAT 7 XS LESRES, IIZRERE R4k
A& 8 o, SRR A R WA 2.

EE 8, B MF-IOU J&, B 45 k(o
fiKe WFE27TLLE H, KH MF-IOU JE 7451 2K bR 25
JE BT B mAP A _ETHECY IR, R T SR
BRI AT 21
2.5 BRGRUHIEE FIEIHR LN

NIAIE CFPN X /N B ARAT AR B4 1T A
RIS R FE e, LA SR I 55 AL 0 B
7f WiderPerson % #5 4& [ 3£ 47 T CFPN 4 @l 246
BRIy YOLOV7-Tiny, {XAE BURFE 4 7 5 45
¥, BRI REEAZ, SRWAES.

A2 7%
0.22
—— CIOU
EIOIf 10U
| ocaler-
vl —— MF-IOU
0.18
[72]
&Lo.16
—
0.14
0.12f
010 1 1 1 1 1 1 1 1 1
20 40 60 80 100 120 140 160 180 200
epoch
SR REZS Uy A E PR
&2 TOUNFELSLLE
10U $ 2 eR 41 mAP@0.5 mAP@0.5:0.95
CIOU 72.2% 43.0%
SIOU 72.5% 43.3%
Focaler-IOU 72.7% 43.4%
MF-IOU 72.8% 43.7%

B30, UM & 7B E AT
CBAM ¥E & J1 A B 4 4% T YOLOvV7-Tiny, 5744
mAP@0.5 2% 1 0.3%, mAP@0.5:0.95 &AL,
SRS B, XA RURT I B LT A S
BOMNMANER VSIS, S%E BT, |
SR RS A5 B 83Tt

%3 CFPN;Hmhscis

i mAP@0.5 gﬁgg@s ZH/x10° FPS
YOLOV7-Tiny 722%  43.0% 6.23 98
YOLOV7-Tiny+CFPN-CBAM  72.5%  43.0% 6.26 97
YOLOV7-Tiny+CFPN B32%  433% 6.26 97

o 58 WL A6 IR v B AL XS CFPN 2544 () 5%
Wi, 43 6 RS AR 4 B CFPN B 5 AV I 25 S Lk
A JE I HEEE 25 AT o0, W9 . B9 ()
5K 9 (& &% H CFPN Al CBAM 1) 45 3,
K9 (b 5KE9 (e) 2&ffiH CFPN{HAIICBAM
i, B9 (o) 5K9 () AT CFPN 4N
CBAM &5 3.

ME9 (@), B9 (b 5K 9 (o n[LIEH, ff
FT CEPN 1 A Fl CBAM FrIAR TR ZE (R 1) 05 /0 38 124
1T N B RS /N REEAT NB Fde . w9 (b
EMbic s, EREZEAMELETEEER.
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(a) FTFYOLOV7-Tiny iR 5]

(b) #TYOLOv7-Tiny+CFPN-CBAMIHH 5|

i

FYOLOV7-Tiny+CFPN-

) FTYOLOV7-Tiny+CFPN# R

3]

FE19  CFPN ji bS58 20 8

S0 CBAM J5 FHuE B 2156, 58 L RER
ARETEGE, K9 (o AAMMIERGIE T E 24T
NS =R R Tt 1) SN R X TN ES 2
TEZHRE; WNE9 (. K9 (e 5KE9
ATLVE W, BTEE BN RREATAN, AIMA
CBAM 9 (o) BAHMIGEREER, (HEHA
WA VU B2 B E AR 1 Bos A RS H Aw, 725
ANCBAM Ji, B9 (O Htb HAsilal. Siiss
REW, EINCBAM JG, 72 RFAE B R Fl
F-HAe LA, RRAEE ARG 5E, BRI LT
FAT NIVRFIE X3, B R HSE A 1) Ik e
FFikhe
2.6 BUFHIREERLSOIS

O A TH VE A C5C3E SRS 1) UPE, 7 WiderPer-
son £ 4 42 F1 CrowdHuman 95 45 b3t 47 1 71 Al sk
W, SCUesERNFAMZES, FPVRE LA SR
FH P sk i

MEKARIE VAP LR, EETMEIIA
B eI ELAN-PP RS, B S HEHA R
NI E T, FPSIEA R R4ME 245
5 3 I TE 5] A MF-IOU 5 CFPN J& “F4fi7 1 A5 7 )
FERE SAEE . R 4 ISR S 026 6 5250 v] Jn,
SE4 3 Fhikdt 777k 2 JE 1 YOLOVZ-TPMC #57),  #H
PE R AERL A, S8R D> 1 20.5%, A mAP@
0.5. mAP@0.5:0.95 [F1{&7E WiderPerson %4 4 4>

&4 WiderPerson H{#E5 LiFhsiibs R

mAP@ mAP@ SH/
05 05095 x10°

ZH%] ELAN-PP MF-IOU CFPN FPS

Kk — — —  722% 43.0% 623 98
1 N — —  717%  404% 493 112
2 — N —  728% 437% 623 98
3 — — Vo 732%  433% 626 97
4 N N —  725% 41.6% 493 112
5 N Vo 728% 43.0% 495 110
6 N N Vo 734%  439% 495 110

%5 CrowdHuman ##E5&E FIHRISIIRSE R

mAP@ mAP@ ZHE/
0.5 05095 x10°

H%] ELAN-PP MF-IOU CFPN FPS

S — —  83.1% 523% 623 98
1 N — —  822% 492% 493 112
2 — N —  849% 548% 623 98
3 — — Vv 848% 546% 626 97
4 N N —  841% S5L1% 493 112
5 N Vo 837% 508% 495 110
6 N N Vo 85.1% 546% 495 110
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