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Research on person re-identification method based on CNN-Transformer and attention pyramid

XU Yan', LIU Xianglan'”, PAN Xuguang', LI Fang', ZHAO Haiyan'
(1. College of Electronic and Information Engineering, Shandong University of Science and Technology,

Qingdao 266590, China; 2. China Unicom Rizhao Branch, Rizhao 276800, China)

Abstract: A person re-identification method based on convolutional neural networks ( CNN)-Transformer and
attention pyramid was proposed to address the difficulty in capturing significant areas of different scale feature maps
and the challenge of aggregating multi-scale features into a global view in non-overlapping cameras. The feature
calibration module based on Transformer and deep supervision aggregation were introduced to form TFCNet to
aggregate the features of different scales at all levels of the backbone network in a circular adaptive way from a
global perspective. A serial fusion attention module that could combine channel and spatial information interaction
during computation was designed. By introducing an attention pyramid, a multi-scale serial fusion attention pyramid
structure was designed as well. More prominent regions of different scale feature maps were learned and more
recognizable pedestrian features were extracted by using a coarse-to-fine pyramid method. Finally, multiple loss
function was used to optimize the network. Experimental validation on three mainstream datasets demonstrates the
effectiveness of the proposed method.

Key words: person re-identification; Transformer; feature aggregation; attention pyramid

[ ]
KW B
HEME:

& @It

2023-05-18
IR AW AEBE IR H (SDYKC19083) 5 1 R & W 78 4= B B & 15 35 1T H (SDYJD18027) 5 i {5 4&
WSS B % B H (SKDHKQ20240464)

A A7) B INARBCE N B W A R B 5T 1 D9 N e S AR IR L RR R S S A AR

XA 22 (1997, Lo, INAR WG BHN , B 55 28, F T Il A ML 2 20 IR % 2] AR Gl AR E & .
E-mail:17663350120@163. com



& 5T CNN-Transformer FliE 5 ) 4 5 8 947 N3 U 7 i 0F 50 « 111 -

7 NE 5 (re-identification, RelD) J& 48 7£ Jo & ML BF X B $5458 3% 1 X5 A ARAT N34T 85 8% 153k L 15
s PR R AL, AR B A N TR e HOR i A7 NS PR AR KRS B R, (A h T RIE
TEAA T8 45 5 32 BN ASB 78 R 3R 10 52 ) {45 28000 AR A1 A5 50 76 A 00 B 25 ) B 0 o o 78 30 o A v AR s o A
DO M B R AE FR B B AR AT A .

U TR 48 5 kAT N U 5T o 2 A PR B R A B Y, BAE T TN ECE B . BB TR B
WK R B T2 W 45 (convolutional neural networks, CNN) W FZE4T A IR BT 55 L 645 AT A
F BRI AR BE R IE FROR B CNIN BSR40 K $i IR PR AR AE 78 2R M4 Jmy R 0E T T d5#e /0 Sl 7 3 R AR G
ZMRE S, 2017 &, Transformer 7 H %X 1% 5 4L ¥ (natural language processing, NLP) 4538 % % 3k fA 71 BU5
W . 2020 4F, Dosovitskiy Z&™ 38 H ) T K% IR 94T 45 19 Vision Transformer (ViT) , MK # CNN 25 4y,
BB 27 2] 3| 58 8 1 42 Jmy FRAE s o B 32 TV G B80aie o 5 SR i R VT 2% 09 2 80 il o e i 7 A &
ZAL R PR AR A0 Y S5 R Bk = 0 AR A L RUBE AR A | 2 UK 45 1 55 BRARURR P

T I CNN 421 5 Transformer B 3R1E 42 J5) FEAE 3 P AP A 45, — 28 CNN-Transformer BYR &
BIFFHE7E RelD HiATAE R . 2021 4F, Peng % 42— Fh IR A 1 EI 2549 Conformer, 5K JH 45 BUM [ 2 38 )
WL 4T, TR GE R AE A8 & B0 (feature coupling unit, FCU) , A A2 H. 2 e K FR B Hi & A R 2> B2 T 10 "
WEEMEREELR., R4, 2T Transformer BYEREAR UE (transformer-based feature calibration, TFC) &
FIR BE 0B B8 4 (deeply supervised aggregation, DSA) J7 1 20 J 19 B HE 28 HATS B 42 11, 1 e 25 T B %
AT ANTE R B H R T CNN #l Transformer B458 . Guo &+ 7 —#p #4719 JR & #5 5 ( convolutional
neural networks meet vision transformers, CMT), 7£ 2 F Transformer BRI &5 5| A BB AE, IR B H
depth-wise £ FUFN ¥ 2 HLHI 4L CMT B, \T LA (6] B il 3 3 5 4 Jm 9 00 3R 76 HE A 1 L S 400 D)
B 42 2% BE O W 384G T S AF AR . Xu 50 3 T 1E R Mgk 2 SRR R 25 0 78 ) 4% (residual at-
tention network , RANet) , X 5 4% 55 i35 5 E A7 U0 IF 38 4iE 1 A 2800k

REWTEE I T BRI Z 44 29 2 NSRRI A RchE . B0, Chen 250 48 T 5k 28 45 4F 42 B
JG (salient feature extraction unit, SFE Unit) H] T4 il i 2 35 09 K7 4F 42 98 W8 76 09 ¥R AE L 3l oo 9 3 1Y 75 208
YK 2 0 AR AE LA B R R R AE R R b, Lia S5 R T 7R R 0 OS5 H I O Rl £ SRR AE

PEAT NEE PN AR b, 3 HE AN [) RORE FIAS [R]A B AR 0E P A b 225 DX Sl A A TR e (] B 7 A o & S (L P ole
2 R FRAE 5 3] 4 Jmy O & v 4 T I Bk R, A BIF 58 4t — Ff 6 T CNIN-Transformer & ) & F 8 0947 A
H A M 4% (CNN-Transformer and attention pyramid network, CTAAPNet) , #£F Transformer AYHFIEAR
WERLHOM R B B R 4 (deeply supervised aggregation, DSA) J5 B4 # (transformer-based feature calibra-
tion network, TFCNet) , B\ 42 Jay £ BE i & o 4515 T 9 45 v & 2 A 6] RUBE B9 5 ik LA B4 13 3 7 1 7 =X LA
RE. vt T 2 RIERITREG TEE ) &7 B M 45 1R 5 BCHE 2 JA7 DO P 91T RAHIE 5 [8) I, SR FH 22 546
KR SRR AL T g B, FE Market-1501 K4 5 o, o7 ¥0K5 B2 25 B A1 Rank-1 K5 BE 43 9 ik 8] 1
91. 00 %0 Fl1 96. 31 )4 » 15 I 4F o HAth— 86 J2 370 I 45 (14 S 96 0T FE R W B ise T 09 07 35 R B G R4 9 2600 g 8 vk
PERNZ ALRE T, B2 1 0 D0 Ak 5 58 %8 00 28 455 780 1 g LA ] S 4 7

1 EF CNN-Transformer fliEFZE N EFEMIT AEIRAIMNZE

1.1 WEEHRTRE

ABEFEAR H A T CNN-Transformer V& ) & F 81T AT RGN (CTAAPNey) , FEAFE L
RIE BTG EE 14 78 W4 (serial fusion attention pyramid network, SFAPNet) IR E & B &
(DSA) J7 ¥ fMF F Transformer B9 45 fiE & B Bt (transformer-based feature calibration network, TFC-
Net) , CTAAPNet 4525k P 1 iR

RERIYI LR B B i A AT N R KN A 256 128 3 2o il AL 482 B Bt AL 7K SF- 80 26 R il AL 26 BY 45 Jr 1k itk
TTEES R, B9 EETUZ Conv3 Fll Convd RN SFAPNet S 3 LR AL X MEARFAE 5 2] . SR )5,
£ TFCNet H¥ TFC B dfi A 2452 Conv2 . Conv3 1 Convd W, A T —ZRFFIEAE N ERELR. K
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TREE B A (DSA) Jr ik IR 2 B IR 2 B A0 A AL FRE ROR , 22 M 1R 2 FRAE iy SUfE BV 1y ), Jf:
o P BB W 2 R A . B 454 BN Neck ™ SHSAE AT 0 — LA B, 7F 4234 22 (fully-connect-
ed layer, FO) R 7 il— > BN (batch normalization) JZ . ¥ BN 2 Z G f4F1EiE A £, .BN 2 Z 500 3 — b &
TN foo TENGRBYEL, 23 5 H] £ F0 £ 38 =0 (L ) B ID $ 5 (L) IEAH 2 0008
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Fig. 1 Person re-identification network based on CNN-Transformer and attention pyramid

I H B 2 BEZR A HLE AR (high resolation camera, HiResCAM) %} ResNet50-IBN-a""! ¥ J5 4 &2 4
AT AT AL AL B, P RRAR ZE SR A E 2 B, i LB L FE B RUZ Convd Ml Convd J5 408 T8 £ 5 #Y X 51 M 45
TIE S BEAE DX 40 AN [R) RUBE 18 ik Pl w10 St 2 A v 1 DX 3, B 38 1 BB Nl 252 2
1 '

2 BRITRAEENRR I

VE R I HLHE B N —Fp B 7E
i fiE R O e fE B R G- A B
(squeeze-excitation module, SE) A] L M\ 4= J5) 715 Fl
P AR A A B T AS A2 0 7 s BR . =

TV RSB T T R SR ) FRIRHIE - Comvz - Conv3 - Convd - Convd

B 2547 30 308 R0 25 8] 09 7 8 S5 b TR 2 B 2 ResNet50-IBN-a [0AN5% 25k E HiResCAM # 71 B

T B ML H AE 23 8] R0 38 8 S0 32 5L E B Bk Fig. 2 HiResCAM heat map of the four
AWFGEE 4 SE M= w S A, % T ResNet50-1BN-a residual blocks

AT Rl G & S (serial fusion attention module, SFAM) . W& 3 fr7n. B SE By sc il £ A W
NET =

1) 46 (Squeeze) , R T FF42 Jry 2 [R5 5 H 40 31 38 38 $4 R A5 b X i 09 550> 5050 Be 68 R 3% X8
B SCE B B RRE D X 285 42 )R P B3t £k (global average pooling, GAP) . ¥ 45 4> i 18 ) — 4 45 fiE
HXW FE4EREAER 1 X1, B8 A — S BE =R B0E 9 R /MU SR 208 3 ) 5 2R B HBE A %G8
I8 Y 42 SRy B B L RIRRAE IR X (H XWX O R ) Z (1 X1 XC) L Z #9%5 ¢ Aol il .

1 H w
z. =Squeeze (X[.)—wahEl;X[(h,w) . @D)
2) W (Excitation) . A T 2FMH L —MRETHREGEE . BLMZ2EEZE w, ow, XL D1

B Ft i 04T A B, O A 3 A RRCEE s s w Rt S AR E R o ow, ERTC

C
awzeR('XV ’%QE
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a8

G 3 B 2 0 RO PR ReLU (O AT FRAEAF R 5K i Z, (1 X 1XC/r) 5 2 4 7 42 2 0 3006 R &L Sig-
moid(o) , AT FHAERRFE] X (1X1XC),
s = Excitation(z ., w) =0(g(z,w)) =c(w,0(w,z2)), (2)
HWKR L AE SFAM 0 B8 ) AR A E 10 fE X E RV MER T — 5 0 A K L I AL A B =&
TER B = A5, FESS— 40, BERTE H MC WA L a8 L 1 e i Ak = X
VS H A Y T R AR RS 00°, BERE S BRI X (10X C X 1), Z-pool B F J& 4 5 38 4 1 1 7 13t
1k ( AvgPool) F51iF #1554k (MaxPool) S A BEATIC A, 4 Hoak 9 B 5] 2 4, BIX (1 X C X 2) ALk
H XW XC W DMETH A R4S W R 4 & Ron R B8 S PRk & . W RR A .
Z—pool(fg):[MaxPool(fg),Angool(f{)]o €))
25t Z-pool J5 KX TR SF K/ R 1XC X2, il if — MR B BUZ CERU R /N R 7X 7. BN 2) 145
X7(1XCX1), 3@t Sigmoid BUIE MREUE R — 00 T 0~1 Z 8] 4 03— Ak 3 8 A (8 1) L 5 0 H Bl
B e e 90° 45 B A s s A R/ — B0y ik & X
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Fig. 3 Operating principle diagram of serial fusion attention (SFAM)
[ 3R FE5E A S FE W ORI C PN B S8 HAS B 5K 8 X, L 5% = A 40 SO0 f S 4 B 2 TR Y

B H. L P4 FOR Y ) 8 R AR B0 AR XL o A4 30 rh A5 SR A Bk 2 SRR TP 8 45 B0RE 405 B X
(IX1XC),

X=%<xl+x2+x3>g (4)
G X 5 H AKR AR TR 5] SFAM W% B 4 Y,
Y=X XX, (5)

1.3 ZSREFTHAEIENEFEMNSE
TR & 53 — Ml 2 T Y 2 > 2 RO R AR R 7m 19 580325, ] DL & A [ 23 9 30 RS /9 R AIE
P A FEAE T M 45 ResNet50-IBN-a HlILA 22 RUBE 83 47 Bl & 11 8 0 6 7 55 M 4% (SEAPNet) , H 92 4l
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B[ JRUBE T P15 o 00 585 X Bk 45 DAL 0 20 9 56V DX BB
SFAPNet iy TAE BRI [E] 4 BR . AF FARME I Y, B S AT 0 BB AE . SR n ARBOE S -
(" =23, ) RN B " = ARSI 43 BOORRIE B S50 5 B PR ™ 22 B2 20 9 54
WL SRR B RFIE B Y, 280 SEAML B2 A S A RTRRAE 6 Bt 9 9051 22 3 AR5 RIS 3L 08 5
JEAREN R R KN VRS A TR
A =[A,, (Y, D], (6)
P LS SR 0 AR T A 0F . kR T 1 5 B B T DX Y X3k I e — )22
e i £ 15 S 2 A 240 T — 22 DA St 4 5 6 5 8 25 00 8 5 32 8 1 Ll 3 % 6 36 A e 191«
Fi=a(A)*Y, . D
S o O FR kSRR FH I — b 9 1 83 PRI AT TR A ¢ 2% 6 76 3 AT . 36 DAL 240 0 e 1) 6
WG L 2o 25 ) I 2 R BT AT U B O Y B

AU
sam, (R | | 1 wll
B 4
T
SFAPNet, Fo||— —»‘ SFAM }—»‘ A 2
: B . |
® YZI , AZl
Yzz 2 izz Az
SFAPNet, F > 57— SPAM = >
— %
YzA 24

4 SFAPNet T/ERIEE

Fig. 4 Operating principle diagram of serial fusion attention pyramid network

1.4 E-F Transformer B HT B 45 4F £ 4 R R

TEAT N IR BT 55 b o 22 RUBERRAE B4 0T LASRE 380 90 265 72 BB AG R T T A RE 1. 26T HAT 45895, IR 4%
BT Transformer AYFRFAEA R SORIER B2 W& R G O vk . it 78 T Transformer A9 37 B R7AIE 1 5 B0
TFCNet, BERETE R J2 PR FR 1 A5 D W mT 7 32 A0 5 2 5 & R AE 22 A 102 e AiE b i SCAR R 48870 1Y 1)
LA TR RO B 2 )2 T SUE B R {5 B .

TFCNet 1 i Transformer TYEJRIME 5 frn, EEH Lk HEE N E (multi-head self-attention
layer, MSA) R i M 4% (feed-forward network, FEN) | 1H— 4k JZ (Norm) Fl 4 35 & # (neighborhood adjust-
menOBERAN ., ZRAEBENEQS N, DTN ATEENZE 8D EWHRN—1 %k Chead) . X -5 A 1Y
FREm i PO ERD kPR AfmE g e RY V7 JEmE ke RV AE M EyE RNV H

' d:](V Ny HZRVER SR Co N A FHIE SR, PO AE A0 K/ s 8 A Softmax B
BOW AR I B IR $EAT 10—k, Bk T R S 2 Sk 1 W AT A3 i B R (8) L () TR
Attention(q .k ,v)ZSOftmax(ﬂ)v, 8
k
MSA (Ff) =Concat(head, ,head, s ,heath Ywe, 9

W d, B Bk AR RE L BR B/ d S5 TR — Al R AR SR ORI (L B AR E P 5w I R TR Y A A £



& 5T CNN-Transformer FliE 5 ) 4 5 8 947 N3 U 7 i 0F 50 « 115 -

A (R o 2 0 0 S A I, 5 A V- TN
— Sk B T 0 45 SR B S R (I A 5 Neighborhood (FRER - - - ﬁ
HfE— L A SN . £ 3k 1T R 1 R AGE \A“J“““‘““ ---- )
o B 2% v L E R 2 B2 2 U HEA7 2 H — 1K (LayerNorm) . = i —4

F{=LayerNorm[Fi+MSA(F{)], (10) C — )

FFN & — 4~ £ 2 & Al Hl (multilayer perceptron, C No‘rm )
MLP)S5H . b A28 25 4562 Rl GELU S0 b6 5041 =
FI1E MSA 225 . o
FEN(F{) =W,y (W, F$), (1D ¥e Tk T
FI =LayerNorm[ F{+FFN(F{) ], (12) Linear Projection

AW, FIW, AR R Z A S EOEE .y R
/N GELU 3% pRAL

Transformer f % H B 1E 8% 5 28 (Reshape) N 5 5y A
FHTRN B I/ . BRIG o 3k SRR AF 4 % A 4B 8RB B (neigh-
borhood adjustment module) , ZAE e i BA #2110 —1L A% B 5 TFCNet 1) Transformer T {E 5 IE &

[X:T-1]

LH)ZHES M, I, TFC M e ol . Fig. 5 Operating principle diagram of
F,=Conv[ Reshape(F%) ], (13) transformer in TFCNet

5 AR (label smoothing, 1LS) i 32 SUR$1 26 FIMERE A = Je 4 45126 1 9l ] T o 20 o 1 1 4 ok 72
XA, AT R B R A i, Transformer A LUR B8 UAE B K Z 80 2 R 32 98 ) 405 15 B3 i 3 24 [
FEw,

2 XWHERESHHN

2.1 HIEKEFEMERSSHIEE

SEY R 3 AN AT RYAT AN E R I B 4E  Market-1501" . DukeMTMC-reID™ 1 CUHKO03""), $ 4 4
i HARRIE IR 1 TR .

38 15 - ) K5 1 4 {H (mean average precision, mAP) | 3 #] 35i 1 #E 57 (mean inverse negative penalty,
mINP) Fl Rank-n 5% G5 n YN PEECIE A AR . n=1.5.10)3 DNIEMFEER AT EEAE 3 N BOIE £ AT IEAS .

&1 HESEFEHER
Table 1 Dataset details

IS HHLA % S e AT AEH UIRRNES WA A BH ERUE e
Market-1501 6 12 936 751 19 732 750 3368
DukeMTMC-relD 8 16 522 702 19 889 702 2 228
CUHKO3 6 7 365 767 6732 700 1400

K 7E ImageNet b W21 ResNet50-1BN-at" 75y 52 50 1 B+ 9 45, e 7 — N 3R 22 i 4 iR i R
1, YIZRIS Batch size B 24, P Batch size B 0y 128, YL FAE ] Adam AL 2% U0 AL 9 25 5
TEIN R R P ik & W R 2% 2 R A 0. 000 4,epoch A 160,22 R W A K A [50, 70, 90, 110, 130, 1507,
) REWA TR 0.4, BR TSR A% 2T A Ok PR AT AY 1 27 2] OB AN 38 R H] warmup SRBE , warmup
W Ry L AER L AR B 100,
2.2 EWHERDW

J T SFAM B A &P, 51 A ResNet50-1BN-a E 4 + M 4%, 3 76 i A TFCNet #) 3 At L, %
SFAM 3518 i SE Ml =T 15 8 S He, JF7E Market-1501 %48 45 b #EA7 304G, Horb SE #4388 38 4 i 8 1
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r o8, MFE 2 AT LIE H L H SFAM MR8 b 5l i ] SE A = 5 7 & ) A m AP, mINP, Rank-1
IR TE 0. 13%,0. 46 % ,0. 27 % F1 0. 7% ,0. 31 % 0. 15 % , WA B 5T $2 tH 59 SFAM XiF T+ W) 2% 455 10k fig 5
H—E#RT.

F 2 Market-1501 E=FMEZ A F A LEXTLE

Table 2 Experimental comparison of three attention mechanisms on Market-1501 %
=L IN mAP mINP Rank-1 Rank-5 Rank-10
SE 88.97 66. 89 95. 40 98.52 99. 32
SEEE IR 88. 40 67.04 95. 52 98.55 99. 29
SFAM 89.10 67.35 95.67 98.72 99.35

SR SFAM 4 5715 2 20 805 Wbk B 19 52 M0, 78 Market-1501 3R 4 9256 503iF . 78 ResNet50-1BN-a
5L AE F % TFCNet, SFAPNet, . SFAPNet, . SFAPNet, 7> A £ & FIEEHM 0.1.2 2, Hth SFAP-
Net, b HEB MR A9 AH R B AE R, 2553 3 FioR, SC i 2 op SE @l 45 i A 7 » b 8. 254K
r' N 2. 24 SFAPNet [ 2 90 Ok b 22 15 B3 N 25 A5 818  iX R W1 24 & I8 0 2 R B I, B R 73 B R
A B, J0 1 R B TR 2 0 50 1 A B L s B SEAPNet, HEAT4E TORGSIE .

SFAPNet & 2 W11 47 ) B % 2 R 3 SFAPNet EH LI RXFLL

P ILE - Yo RY, B R 4 ) ) B Table 3 Comparison of experimental results of SFAPNet layers %
%:, Fii=0,1, 2). @}Eﬁ SFAPNet, o Y mAP mINP Rank-1 Rank-5 Rank-10
Wiﬂggfﬁﬂ,%ﬁﬁﬂ ULQQ%\%UJ ResNet50-IBN-a+

e o ) . 88.03 67. 34 95. 20 97.72 99. 10
A S BT E, I8 -~ = TFCNet
{2, 3, 4, 6}t & SFAPNet, 32 SFAPNet, 88. 40 67.35 95.52 98. 72 99. 29
BEERmME 4 s, HERAMLE SFAPNet, 89. 22 67. 46 95. 61 98. 84 99. 32
2,Y " T 2 B, mAP. mINP #l SFAPNet, 89. 94 69.56 95.75 98. 99 99. 41

Rank-1 (1% 1§ % 55 &, (H 2 2 -7 3
T, = 2 0 i B R AR 2 F B

N T HE— A R A BIF ST 00 7E W 45 7R 3 B AR I TFCNet ,SFAM LA B SFAPNet, 1A Rk 78 Mar-
ket-1501 4l S AT TH Ml S50 X LE S5 R 3% 5 PR U N 45 B 2 J5 B 1) B ¢ m AP . mINP,Rank-1 #E
1253 IR ) 91. 00 %6 .73. 26 %6 ,96. 31 V0 , £ A HX 1L Y 14 8 1) $2 T 3 4 10 8 22 BTk . R WA B 5 T 4
0 T 48 IS 0 22 KL A B0 R AE R I L A AR R A R

x4 r WEWHEER x5 HEMXBER
Table 4 Comparison experiment of »* values % Table 5 Results of ablation experiment %
r mAP mINP Rank-1 Rank-5 Rank-10 ViR mAP mINP Rank-1 Rank-5 Rank-10
2 90. 25 69. 80 96. 14 98. 84 99. 38 ResNet50-1BN-a 71.52 38. 24 86. 88 94. 60 96.70
3 89. 81 69. 54 95. 64 98. 81 99. 26 +TFCNet 88.03 67.34 95. 20 97.72 99. 10
4 89. 70 68. 96 95.52 98.63 99. 35 +SFAM 89.10 67.35 95.67 98.72 99. 35
6 89. 69 68. 87 95. 46 98. 66 99. 32 + SFAPNet, 91.00 73.26 96. 31 98.97 99. 47

B AT T 09 J7 3k AT AR R — 88 T3 07 R R AT X L, SRR 5 R N 6 R R SRR SCEOR 45 Hh
BERCHE . i3 6 AL RIS AR A T IEAE 3 A A TT R 4R b YRR T e & R AR g

3 i

A

AR 5T 42 B — AP F CNN-Transformer Ml ¥ & 71 & F I AT AN E R W4 (CTAAPNet) , 5] A
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£6 REAFEEZAMBELORBLER

Table 6 Experimental results of different methods on three datasets %
‘ Market-1501 DukeMTMC-relD CUHKO03
e mAP mINP Rank-1 mAP mINP Rank-1 mAP mINP Rank-1
OSNetH'® 84.90 — 94. 80 73.50 — 88. 60 67.80/— - 72.30/—
16T 85. 28 — 94.70 76. 52 — 86. 49 — — —
SCSNE 88.50 — 95.70 79. 00 — 90. 10 80.20/83. 30 — 84.10/86. 30
SONAL 88. 83 — 95.58 78.28 — 89. 38 77.27/79.23 — 79.90/81. 40
LAG—Net'" 89.5 — 95. 60 81. 60 — 90. 40 79.10/82. 40 — 82.20/85. 10
CTM™ 90. 20 96. 00 82. 30 91. 60
A5 91. 00 73.26 96. 31 84.02 52.53 92.59 81.20/84.32 63.36/67.20 84.96/87.22
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