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Abstract

Atpresent, millimeter-wave image detection mostly relies on detection frames and fails to make full
use of the target contour information, which limits the performance of the detection system. To ad-
dress this issue, this paper proposes an improved YOLOv8 segmentation model to enhance detec-
tion accuracy through contour information. Firstly, the Receptive Field Coordinate Attention
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Convolution module was introduced to enhance the extraction of target contour features. Secondly,
by analyzing the distribution characteristics dominated by small targets in millimeter-wave images,
a new detection layer specifically designed to enhance the detection capability of small targets is
added. Finally, adaptive threshold label allocation is adopted to address the issue of IoU sensitivity
of small targets, further ensuring the model’s accurate recognition of the contours of small targets.
The experimental results show that this method improves by 2.6% on box mAP50 and by 10.4% on
mask mAP50, and has a significant advantage in accuracy in millimeter-wave image detection.
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1. 5|8

BEE T AR A WL KR uE A kG 22 2 ORI T, A 2R ORI Bk fE A kN 2. B
wn, X B NEF R GE: SRR T 9648 MR Y T Y A BURSE . M2 KR
A —FIoE D% B 22 A B PR MR (1) L 3417 46 52 93T

KPR FRIBLE 30 GHz % 300 GHz Z [AI ¥ HL R, R KHFE(1 mm~10 mm), & 250 5 iE 4K
PIRHARR R[], AR RBAEY AR T FIES. B ANETE, FHAeu8 A1 A I Ol
AN B TELE R GRS o XSS K UG O — A AR A E S H SR R I R R

A ERBAE, OF 2 T AR = oK R BE B AR T o ST 5 2 HE T LA 5 o) BB A A A
THERE IR [2] 0 AHIXLE iR AE — L BAG R E VR /DR £E Edb AT VAL, M DARO i e 35 e 5
YIAEARLEE & ANE AR S 28, BB E bR it. TR % S FE 22K I ) AR A I X 7 T A | =
KM G0 Liu 58 AN7E Faster RCNN[3]5EAl Eg 7 —Fh BRSO BAskr M2 [4], FEERER E
AT T BAARY KR Y R EREAE DAL BAs ERAIIERE: Pang FAKH T Yolo RANAE
HET Yolov3 ik KU FG A IRE B2 « AN 3ol P AT T B B2 5 1) A BB A 1522 oK BRAG S b Rl B o
BOATFTAT[5]; Su 25 NiEI 51 N Hi 5 FA 45 4] Wavelet-Conv A1V & JJHLH| Wavelet-Attention [6], %45
FIFE RIS B e BRI [F I, R S RIS B RFAE 20 B9, 38 A R R R ARy R e e 1 2= oK R
N H AR B B A ARG B, RN OR¥F T B TE g B L .

WA R Z RET BHirkalll, B0 FHEUR > EIRBCES ARG . REEEX TR, /i
IR BURSE A IR IC N G, SRTTIAE 2410 2K 3k B oy B4ttt A7 s e R VR B2 2 21 T
o P, ASCLL YOLOVS 71 N BERINESE, #EAT Y S AR R, 2R AT 70 HI KR i 44 7 1
SR BT A PR EE B AR T NG TIXIEESE N, Rl RER SR EE. Bk, 5IA
T R IR B 16 R E (Receptive Field Coordinate Attention Convolution, RECAConv) [8], PAERACEHR
HEGIRAE. RFCACony HH 2 [ARHIE B RZ IR A 20 I, Refs e A R AL & A R 145 B
Zot, MG M i teae, T H LA AT H AN S48 R, =K g
tN BRI AR, KRG Yolov8 Rl ZHEAT 1 % . Bl LS IR BERG I, FRAE 7 HE R RS, 5 X
FEXGIN, (HALEEBARGEIHEE, BRZERAREER, XA RBRIE/D BN E. A TR
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ANE IR RS, BEIN T SR T AN B BRSO PR R R R . R, SR A E N R E ) T
(Adaptive Training Sample Selection, ATSS) [91KR AT IE AL A FIARZS /3L, X Fp H & B 1 SR g mT LARR 4 2
PREHR AN B ARRE ST R B, AT S G bSPTIR SRR AR B LA, 3 o R AUL G BROR AU A I L, [ B
AT NARAATES ) T ST

A& T A Feidb BRI s ARAL B s, T AR JZ WS SR BT, & 78 KB i he At mhs 2
PUT-HLRE JI5R I 5 E1T7 %

2. HXIE
2.1. BRFE G

KB B BAGTIN T 53 Fu e G UTE IR B S T 3 ARGUTTEMIN T RFAIE, W%k, &
B OJRAREE, PUTPLRE /e, X LUE N 2RI PR A . H AR RS/ SRR R o IRES2 21 T7
ENR 73 M — SRR SE SR MU X I F AT 70 285 R K P B B 59 55— R EARAE R AR I
ESE R IIN  — B B N T 1% HRANEA RENS (RIS T ik H AR S 5 B 2 B RS oy E T . BLA =K
P EGAS IR 72 22 R — B BAS IIHEZR,  REVE AR MG MRS 5 Saa AT, (H S SR D B XS/ H AR RIS B
R R GME A BTt .

2.2. /pEFRERMEAR

2 REZFHER G« MR E S0 A& MR B S a8, 2/ B ARSI R pe e 8
Ho 2 RER @ SRR AN, 92D HARIETTRIE ;0 MR R R AT IR B O 2 S A5
BERAH/NFFIE R R BIERIFEA SN T REARYE H ARFF L) B IE FOREAR BIME, Z2M8 /)N H AR xd 28 9 L sk
(D) R EE skt i B o5 S R AN UIE I B o 7/ P S AR B L (172120128

FERB BUSIHESE T, A Z R0 /N AR T 5, S 2 R ILR . SO RHIE R &
giky . LA T BE SRS LRSI N AR BB . A A KB B S . N HAR S HOR, #
FRBOMIH RS i, S R IE R . B B ARARE R IR HIENEAR  C RIS A A TT R, A
RESN. RSHE. RS X, R g KBS I B ARSI 5 5 B SR I M A

2.3. EENHHIRSEL

W DLEVE R AIWLAEIXS Ebin CBAM. CA. ECA. RFCAConv 4. CBAM 2iBiE + FVER 1, BH
SHERR, WHEAHE R CA RAFER Y], BRRBMHEREMILEET; ECA RmAUEIEER T,
CAVAN VLB IE O 4E R, (A= 23 A0 B IR A 1) RECACony 832 B AL bRt 7 15 AR Rl & 23 6] o B 5 /K
ZHER, JUPAMSHESIHEE, RERHERRIGE DR, Fik, A% RFCAConv B brHEE
L OB P2 M HERE, R ATSS HIENARZ DL, T ROE ALK A3 5 R R BT %

3. BuE YOLOvS 48!

F£T YOLOVS5 [10], YOLOV8 it /AT A2k : 55—, ET MWK | CSPDarknet [ 11734 58k AT,
[FIF 5N T C2f #idk, 3E58 T RHMESEDURIRL & o SO RHIE B AR5y, 2 G A [F &R 2 b
H, RIGHEAH, BRMRES LR XEEES . KRBT E RN F PR T EE .
A, R S 3k R30S B Ean SiLU (Swish) [12], B4R T Leaky ReLU, $ET 186 B AR IERIERE
%, {E Neck #4312 A 4 (PANet) [13], LAEEE R4 AN[H] )2 2 18] 45 SR A4S AEfL 4 - PANet
BT RHE S 7B M4 (FPN) (14138001, 380 7 — A4 BRI Bk AR, S54&50 BTN N ESRHS S .
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51K B A 4348 I CloU [1611 DFL [171458 5% B O AL B FAES 2, LA — 08 SURFH R [ 18R AL 3 43
AR o SR WAL BE AN/ H ARPERE . B4, YOLOVS IE 5 N T IR EHS B R [ 191 S 5L . TR
BRELEET 16 AiF 32 A7 s, DUINE NG RE . > WA, R R R e I . TR
K FE I GREAE T SR IR A2 IR IIA 4% 4%
ASCHET R UG YOLOVS HESR#EAT | =T OB Stk (14 1)
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Figure 1. Construction of the proposed network

B 1. PE B

3.1. BRZEFEHEFRRIE(Receptive Field Coordinate Attention Convolution, RFCAConv)

B AE R R I R W B B DML 2 MR IR IR B ., PR DR ol Y 43 2 2 g 2 A e £ D 45 ol
Tl B L, S0 2 M S s R N L. BB R 2 R AL B S B2 R, RAE—ERE
BRI T BRI R RE . A R UL T R T S B R M 2 PR e, (HEIE R Sk
ERHISHE ST IRE

N T EPR VA B, ARG NIREFE R BB RAFE(RFCAConv) K B ARG AR IR A, R 28 183
BHEERNE GRS, ARSI A0E R IR, JUP AT T 5 AR I S 4.
N T EMMERIZAN SR, 1R 1 x 1 BRERIERTEA T 2 W U] o R S W e R AL (BT AT
IBUERAE, BRZGEIE 1 x 1 BRI 2 B AT SR RS B . BN R AT DA B R i R

F =X x4 xK
F,=X,x4,xK

F,=Xyx4,xK

AR 4, x K BUEAE B GBS E, 1< 1 BREREERHESR U B S BOIL = 0 845 21 1 k.
WE 2 foR, ERR T 1 x 1 BRI EEEINE A G . KMHEGAR Lk 7 SHOLER R,
FAARUEL, i R R DU BF I B R IBUE AN 1 x 1 BRES AR

DOI: 10.12677/csa.2026.166229 303 THENUR S 5 R H


https://doi.org/10.12677/csa.2026.166229

X

Figure 2. The convolution kernel parameters, and it varies for each
sliding block of the receptive field
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Figure 3. Receptive Field Coordinate Attention Convolution (RFCAConv)
3. RFCAConv
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3.2. BFENE R

RNT TR EG B RN AR, AR SCTE A AR =K 0B84, 6 it 5500 M H
FREGR/ANIAT T 8eit. Giitas R 4 B, HARI RN Ak o AN ERE: mAVNT 162 M8 K.
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Figure 4. Target distribution characteristic statistics

4. BER gt

WG AR TR, A 75%0 BArhT 322 MEER, ANEFR SIS, XK B G R
ENRE R XM EAR AR R B, FEIT R KU R B ARkl S, 5 BRI OGN H bR Bk
DA 53 RS FEE

Ji 46 YOLOVS SR H P3. P4, PS5 =JZFHEETE, 2 nl0 AR /N HER: P3 JZ 5 STk lE /N g
Hbr, P4 EAIPSER/NWENS, 1M PS BN FZA TRNEKRK iR, R, BT 2K G/
Hbr b tiem, W2 AR T 322 M8 %, B2 162/ME %, (UK P3 2T REA 2 DL 3)1X
SeA/NRIEE B . BRI, D T AR KR G N B AR IRV RE AR SO N 4 P2 IRERHIESE,
AT AR B = 0 MR R IR, AR B SE Q0B B ARG . W&l 5 Fos, X PSSR R DK 42 = YOLOvVS
BERIAE /N BARA IR 25 b @ v, R A AR oK B B R b/ B AR 5 AR IS DL T, X Rh s i
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Figure 5. Multi-scale feature fusion module
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s REEVE o A2 B SR e 2 RS , BT 1) L SIEAE AR AR 0 25042 Mt ] 5 PRI U6 428 AT T ) TEAE AR,
XEEHNE H T K2 ik, (R — LSRR A AT B 2 4 206 o 0= oK EEOR 2 80 B b
HRANEFR, TN AR T IoU (AR A FLRURR, 00 H i3 2 A 2 B 8 ToU ik B R 1K .
Wik 6 Fron, A 10x 10 FIAE, UXAE 147 1 FIAES, B0 loU HIHH 0.68. G1H 2B 100 x 100
MRERE 147 1 ZIAES, B loU &k 0.976.

(a) 10 * 10 X/ ToU =0.68 (b) 100 * 100 K/ IoU = 0.976

Figure 6. IoU threshold for differently sized objects with single row/column gap
E 6. ARIX/NBIRENBE—ITFIFHEZERTH loU HE

Filt, HE S R BB S AR R R A . ASCR I BB SRR, B b5
AN, SEILE SR RERI Y, R 3INBISME SETERE, T U BTN R 0 2 e e 15 45
KERE. 0 1R T O7 AT BT T AE. % TR E MG E g, TATH SG L0
SIEREA. W3 3 % 6 1ETE, AERASTIEIR b, TAOTHUE L2 BB & At BBEE g ot
HE. BSE L AMSERTIR, WASTHE ¢ 88 kx L MBI EREAR. 25, JATH FUR S e 5 7S
HE g 2160 10U, BIZE 7 AThi D, , WLRISGRREES, S BN 8 (TR 9 4710 m, Flv, . FlAIE
BESETHE, W DMERIZILIAE g (0 10U B, ENSS 10 17 I ¢, =m, +v, . B, FATHEFE oU AT
55 R o, MOV HE A 10 TERE A LA B A2, TEREARI 0 R BIE S 4 135 12 47
BEAh, SR ANREHERE A S A ELIEHE, WKL ToU BRI, FEAHIA SUREA .
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BE 1 HIEBRE RS A B

A

EUg b BRI FHEE S G
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1 for B—PMHEFTHMEgeG do

2 W —NEEG TS TG IHE ¢ MRIRIEIERA: C, <

3: for Xt THANZHie[l,L] do

4 HIZET L2 BRI IR & 4, it b MEAES S S, , X EHER) o0 il il FUE ¢

LT
5: Rk e SIS C, P C,=C,uS,;
6: end for
7: i C, 5g loU: D,=IoU(C,.g);

8: W5 D, KTPHME: m, =Mean(Dg);

9: 51 D, HabRE%: v, =Std(D,);

10: TR FHE g 1) ToU BIfE: 1, =m, +v,;
11: for BEMEIEF A ceC, do

12: if ToU(c,g)>1, and c fIH07E g N then
13: Wine BEFEAESR P F: P=Puc;
14: end if

15: end for

16: end for

17:  KeRPE R REERE S RN AR ES: N=4-P;
18: return P,N;

4. SEEER RS
4.1. BIEEE

AW I R BT A AR I K B AR SR A A TP =K i B 2. R T HAl L PRA A
TERTH =K IR 5, v 1 SRR A R oK, RN A DR R R I HERAME, ASCRA T 1l
5071 SAM (Segment Anything Model) [20]#8 5 N ThriFEAHSS & 197 kAT 5dm S2f #1)o dad Jefd
F SAM BESGHEATHIE A BN 53 %], BN THATE IERIRSN, (RIE 72 #18E R B, AR Fedefit 1
CIE A0k Ve BT

H bRVE ST 4000 TRIEE, b 324 5KONTS BOREA . Bl AR bR VE T 5500 4N H AR,
R 6 AN AR TIZE. BIEY. Wk, fe. TP E . S EARSE R 1 PR,
[FJ IS Ay 1 R DR B 4R RE 0% LS I SEBR N 37 55%, - H AR E BUR g B AL B S s A fE AN m AL &, JF
HBRR I Lo AT . FESERS b, B SRR IR 8:2 BEHLIRIZr I 2R DA K BRIk 2

Table 1. Number of samples for each category in the dataset

= 1. BIEEDTFEXRHNNREHE

el VAES BEXEW) Wk s TR e IS8
Ao 1422 1008 934 858 500 778 5500

4.2. ERE R

4.2.1. EIHMEYS
FVER LGRS & HE T Python 3.8 NSZHL, i T PyTorch 1.13.1 RRASFVRE S IHESE . IR, B
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rRYl &%

AR I FEZE — %t NVIDIA GeForce RTX 3090 GPU _E#t47, CPU %5y AMD R9-3900X, #{ERGN
Ubuntu 22.04. fENZSHOTE, IIZRAIH R E N 100 5, FIEG>15R R 0.01, i SGD /£ N1tk 8
FUE SR GHE B (AMPYIE ISR, # 3 ST i, % RERE RN le—4. BRI, B
TAEGE R ER . PRLUR RN S R I B I S RN R RSP RS R s, RS T R s R Y I B SR 2
FEVE, JFT 5 10 50 38wt o . 25 8 3 T4 MM is e, WA H YOLOVS [Tl 2Rl .
[FIEF DAy 7 R AT B I 2 2 A) (R P, AT TR R B R BIORN 58 P R B B 0.33 #10.5, {81 YOLOVS 1
HJ small BT HE4T 5256

TEX I, A SCAHE RS 2 (Precision) s 7 [9] 328 (Recall) LA &2 mAP (Mean Average Precision) K i
BTSRRI . RG B P A B AR U A e A, BB RLAE B T R 2 D R R s A R 3R R R IER IR
SR 231 o Sz B2 B i g, S BB RS AR 66 o mAP@0.5 MIIE i 1 548 9 L (ToU) BRI{E A 0.5
TGN HFIINE BE(AP), FH T VPAS I B ERE 8 BRE T AR B

4.2.2. SKIGER TR

N T BAEAR SRR R, A SCE S K R S8 b T 2 32 I 6 R 40 E 5 VAR =K o E B
£ F IR . X B VA B EE BUR 2 A ) 42 LB, 40 Mask RCNN [21]. Cascade RCNN [22]. Querylnst
[23], DAR AR B Yolovs. JREAMNT Yolov8 Fl1 Yolov9 [24]. A TARIEAFE, B (KR ASK FH 1
WAL, [FBS7E box AP, mask AP, LKA S Z AN BT T 4wttt g5 2 pr
A

Table 2. Comparison of different methods on mm wave segmentation datasets

T2 EEXRENSFBEE LAEHEZ BRI

it CRRGES E e Box mAP@0.5 Mask mAP@0.5
Mask RCNN R-50-FPN 44M 60.4 60.9
Cascade RCNN R-50-FPN 77.04M 64.3 63.2
Querylnst R-50-FPN 176.12M 74.4 72.6
Yolov5 CSPDarknet53 PAN 9.32M 88.4 78.1
Yolov8 CSPNet + PAN 11.24M 89.8 79.0
Yolov9 CSPELAN PAN 8.24M 87.3 75.4
A - 10.78M 92.4 89.5

SIS EE R, AR SOTIEE =K S FIEOR R R IA T RERI, JUHZE mAP@O.5 HERETR IR
RS T RERD . 554 YOLOV8 AL, AICT7ER mAP@O.5 #2151 2.6%, mAP@O.5 52 KiEfz
THT 10.4%. TESHE AT E G T SR MERE .

TEE 7 o, ASCRR T BT AFTEN Z M A R g5 . rI A IR R I (LG A%t “AH
PR WAZIEMT” 1 H AR R RLF, EXF “ARFER N ARSI (A, AEAEBORBENLYE, KT 150k
FUNBIR, Gyt . R KGR RZ: AR SCOONEE/D BAr SR H b a3 E 528, 5k

4.2.3. HREhSCIE

N T NSRRI B 3 2 ek v R I AR, A Sl = ANASE (S0 R, AR IR (1 TSk S gk
1T TBB L. BT LI ERE NS ECR 3T, JFEH FP16 K5 A batch=1 #EATHEREMK . 45
W 3 fin:

DOI: 10.12677/csa.2026.166229 308 HEHUR 5 R


https://doi.org/10.12677/csa.2026.166229

Jil HfAK  Mask renn Cascade renn  queryinst — yolovs yolov8  yolov9 AL

Figure 7. Visualization results for multiple instances using different methods

E 7. REIFGENZNEHITTIRMULLER

Table 3. Ablation results on mm wave segmentation datasets

3. BRI EIRIREEMIEER

it ZHE/M  EZJ¥/GFLOPs Box mAP@0.5 Mask mAP@0.5  ZEiR/ms FPS
Yolov8 11.24 42.4 89.8 79.0 7.89 126.6
+P2 10.71 87.4 90.6 86.0 10.89 91.8
+RFCAConvy 10.77 87.8 91.8 88.1 12.69 78.8
+ATSS 10.77 87.8 92.4 89.5 12.69 78.8

e, WK TN P2 EXMER R . S5 R RN, RS S R EEAE LN ) PR T, (E AR
7 mAP &3 EJt, JCHGELEN ARSI R IR . XRMGIN P2 J2 8 R TH H AR5 7 H185
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fEo IR, FATIIANT RFCAConv FEHSRIGIRFFESRINGE /). RIS RN, ZEIAEIINE, L
NSRS PR A R R, AR T 2.1%0 Mask mAP #2271 . 8] RFCAConv 3% &Rk, KRG R4 B
BEE . BeJn, SEIRVPAE T ATSS SIS, 5] N ATSS J&, S ()43 i A 53 4% 5 A AT AT 5 i,
Mask mAP Z$2Ft T 1.4%. X—4FUEH, ATSS KRS ELA By T80 5 fEmh ok Bl Shpe A, ki
PEmRHE R RN RE ST, S8R T 0 H bR BRIV RE .

SRR, IX S P R [ BT TR R A i, RO AR B A T N, AR DT R AR SR IE bR
Soibixse 5, WA Y S RS B RS R, U R AE TR B 0 4 HI ARSI /N H AR IR R A R
AR . A, A [ ZRRS R 2R R g 2 KB ) 1) B BTG 4R AR, B AT 23 ) S e 1 AR A A i v ) R
B AER I o D T IR N B AR AR SO R 5, RS LL 10U = 0.5 2R, %4 FIRDRS i 22 DL A Tml ek
177 VE M G5SR4 iR

Table 4. Detected results for different targets of mm wave segmentation datasets

4. BRRDEBEETFBIRONER

YOLOVS A A
el P R Mask P R Mask A Mask
AP@0.5 mAP@0.5 AP@0.5
PAES 60.5 58.7 55.9 77.1 70.1 72.8 +16.9
BIEY) 94.4 88.9 95.3 96.1 86.9 95.3
Witk 76.9 62.9 66.9 91.5 76.6 88.5 +21.6
LicA 94.5 90.4 95.3 92.7 91.5 95.5 +0.2
FT KL 73.6 63.8 67.6 90.8 77.7 87.1 +19.5
HE 95.1 92.6 93.2 98.4 95.3 97.5 +4.3

20 SOt JE RS BUAE SR A R SRS R YA BT T o e R 7R AL EE e DU I /N H AR, A ]
HN) R FERI TR T OO SRR A VG AR . BAR BN, Sk S RN [E] H AR
RO FIAE L T RKZHI), i EY AR e (B E FIELS R ), PR EESG /NMERTT,
TX 3 RS ARY CMOE SREME AE JK S S L R B AR f@ A — 2. AR, X TG AT KHLAEAE AR AR B A AN
JIX /MR R E R R, A EERARS R ST N R . 5T KPR B M 63.8%EKTH & 90.8%, J12
HIREHI R M 60.5%FF 5 77.1%, AKRKIRE TR 76.9%FEFF 5 91.5%. IXEeLE LM, A itk sfems Xt
EE K PEGAZ 0o M s T o PE AR 3

4.3. ENTTHIRESRE

N B IRAERATTTVE R R, FA TR 22K A TT B B L EAT 1A SE e o 78 J5 SCHR[25 ]
TEHIRR T 271k, IR T 55T RetinaNet + P2 [1975 % AR e M B o 7ESCHR[6], Su %5
NI YOLOVS-wavelet JiiAthfEiZEm £ ERUG 1 85 1S A2 T 66.53 BUFEEE. N T iR 51X
SETTIRI T B, ASSCIRAE AN R B SR R 2y, R ELE ST RSO 3R BEAO 45 3L, DB XTI A 45 2R
BEAT T, FEEH R SCHR T K mAP@O.5 AF VR R RS, BUAS S RUNEE 5 Fos, ASCHJT B A fdoidt
HITHEAE mAP B3R T4 3.35%, 1X— 83 BT IE T ASCHR A7 AR AN 5t b AR e PEATZ AL

ap
He o
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Table 5. Results on public millimeter-wave datasets

F 5. BRRLATFHIEELGR

(e} CRaES Box mAP@0.5
YOLOV3 Darknet-53 39.29
YOLOv4 CSPDarknet53 41.39

FRCN-OHEM VGG16 42.32
RetinaNet ResNet-50 54.58
RetinaNet ResNet-101 47.99

RetinaNet+P2 ResNet-50 60.32
YOLOvV8 CSPNet+ 58.96

YOLOv8-Wavelet - 66.53
AL - 69.88

5. &t

ARSCHEH T A FEF YOLOVS (=K 4 EI A48 s B, 368 o g 52 1 4 3 0 6 AR A L 389 P2 /s
HARRFE 2 SR B AR 25 2 i =T 0, A R K i R A s N B AR E . BRIy %%
. o, RFCAConv FEERAE LT ASFEMATHE AR M AL T, @I B b5 23 (467 B A5 LR TR
HERESIHIZRIE; SIN P2 J2, b DANCERE 4 7 35 DA St/ HAR BRI GE 7, W CRAEAS AR BE a3
ST RANBRT B RRFAE, AT THAS RS B 5 138 S B (B AR 25 7 BC SR, 1%/ B BRAE ToU MU |
MRErE, UAShASTHRRME, RALIE SRR TR R . 200 SOl R B TE I BE VT A o R I B35 42 T,
Hr box mAPS0 $2F+ 1 2.6%, il mask mAPS0 U425 1 10.4%, {ESEBRS s &SR misiH
PEI R FANME
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