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of network cameras by public security systems serves as a vital surveillance tool, capable of capturing and recording vast
amounts of video data in real-time, providing a rich source of information for security analysis. Nevertheless, a pivotal chal-
lenge arises when delving into the depths of these video data: the automated detection of pedestrians engaging in dangerous
knife-wielding behaviors. The complexity of this task stems primarily from the diversity in knife shapes and sizes, ranging
from conventional elongated knives to folding knives and daggers, each exhibiting distinct visual representations in images,
posing significant challenges for detection algorithms. Furthermore, occlusions, a common occurrence in real-world sur-
veillance scenarios, including body occlusions between pedestrians, obstructions by trees or buildings, can lead to incom-
plete target feature information, thereby compromising detection performance. Additionally, multi-object occlusion, preva-
lent in densely populated areas, where multiple pedestrians or objects overlap in images, exacerbates the difficulty in accu-
rately distinguishing and localizing knife-wielding individuals. To address these issues and enhance the precision and effi-
ciency of detecting dangerous knife-wielding behaviors, this paper proposes an algorithm named human-knife detection
Transformer (HK-DETR) , which is an improvement upon the real-time detection Transformer (RT-DETR). Building upon
the inherent strengths of RT-DETR, HK-DETR incorporates numerous optimizations and innovations tailored specifically to
the characteristics of knife-detection tasks. Method First, we meticulously designed the inverted residual cascade block
(IRCB) as a fundamental building block (BasicBlock) within the backbone network. This innovative design not only
achieves a lightweight network architecture, effectively alleviating computational resource scarcity, but also significantly
reduces redundant computations. By optimizing the processing flow of feature maps, the IRCB module substantially
enhances the backbone network’s ability to capture and distinguish diverse features, thereby laying a solid foundation for
subsequent complex knife detection tasks. We propose the cross stage partial-parallel multi-atrousconvolution (CSP-
PMAC) module, a revolutionary feature fusion strategy. This module directs the network to focus more intently on captur-
ing and integrating multi-scale feature information during the fusion stage, which is pivotal for identifying knives of varying
shapes and angles. This design equips the model with exceptional adaptability, enabling it to accurately identify both small
knives and large knives, thus significantly improving the model’ s performance in complex scenarios. In further optimizing
the model, we have selected the novel Haar wavelet-based downsampling (HWD) module as a downsampling method to
replace the traditional downsampling mechanism within the network. By leveraging its unique hierarchical wavelet decom-
position technique, the HWD module effectively diminishes data dimensionality while retaining richer details of object
scale variations. This enriches and refines feature representations in subsequent multiscale feature fusion, enhancing the
model’ s robustness in handling scale variations. Finally, to comprehensively enhance detection accuracy, we have
adopted the minimum point distance based intersection over union (MPDIoU) loss function. This improved loss function
optimizes object localization accuracy by more precisely measuring the overlap between predicted bounding boxes and
actual target boxes. It not only considers classification accuracy but also intensifies the pursuit of localization precision,
enabling the model to maintain superior detection performance even in the presence of dense or overlapping targets. Result
Ablation experiments were conducted on the pedestrian knife-carrying dataset, which revealed that each improvement strat-
egy, when applied individually, contributed to a certain degree of performance enhancement for the original RT-DETR
model, despite the persistence of challenges such as missed detections and confidence issues in some cases. However,
when these improvement strategies were combined, a significant boost in detection performance was achieved. To validate
the effectiveness of the proposed model, comparative experiments were performed on the pedestrian knife-carrying dataset.
The results demonstrated that compared to the original RT-DETR algorithm, the refined model exhibited a 25% reduction
in network parameters while achieving improvements of 2. 3%, 5.5%, and 5. 2% in accuracy, recall, and mean average
precision (mAP) , respectively.  When benchmarked against YOLOv5Sm, YOLOv8m, and Gold-YOLO-s, the refined
model, with a lower number of network parameters, demonsirated notable mAP enhancements of 6.3%, 5.2%, and
1. 8%, respectively. Conclusion The proposed HK-DETR algorithm in this paper exhibits remarkable performance advan-
tages in the task of automatically detecting dangerous knife-carrying behaviors of pedestrians in video data captured by pub-
lic security system network cameras. This algorithm effectively addresses the challenges posed by the diversity of knife
shapes and sizes, occlusion, and multi-target overlapping in complex scenarios, while significantly enhancing detection

accuracy, recall rate, and mAP through a series of innovative designs. Compared to the original RT-DETR algorithm and
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other mainstream detection models such as YOLOv5Sm, YOLOv8m, and Gold-YOLO-s, HK-DETR achieves notable perfor-

mance improvements. This result underscores the algorithm’ s ability to maintain high efficiency and accuracy in diverse

and complex environments, offering robust technical support for the field of public security surveillance. Within the realm

of public safety, HK-DETR holds immense potential for widespread adoption in surveillance systems of public places like

railway stations, airports, subway stations, and shopping malls, enabling real-time detection and early warning of potential

knife-related dangers, thereby providing timely and effective information support for law enforcement agencies. Moreover,

as technology continues to evolve and mature, the HK-DETR algorithm is poised to expand its reach into other domains,

such as intelligent transportation and industrial automation, offering potent solutions to an array of practical problems.

Key words: knife-holding behavior detection; real-time detection Transformer (RT-DETR) ; object detection; multi-scale

feature fusion; Transformer; dangerous behavior detection
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Fig. 1  Structure of HK-DETR model
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Fig. 2 Inverted residual cascade block architecture diagram

((a) inverted residual mobile block; (b) inverted residual cascade block; (c) residual cascaded group attention module )
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7388 114 45 UK A HRURMGARRAE , i O R A BE A R ALE
FEAS TR 5 — KA PMAC X E§ 547
Z ROZFHERHR I 55, PIAR SO % R Ak 1
Sl — D PHERRAE AT RS
2.3 Haar /NE T REFRER

T RFEEAELE CNN 2 JH TR A R AR |
P RIS B VLS D T8 . ARTE PR R
BT UGS 1) RBERRAE Rl 117 A LA 3, K
T AFAE P /N B 5 2 AR E il 1) AR 1A ] K
AN O HLE e RO B M 4R I AR AR B . RT-
DETR i FI AL 58 T SR AAE#RAE ] BT BOCHE Y 25 1)
FEERFRE T B AE B o Haar /NEAE H 1)
AN ARG 53 G i s B 43, B 4N i 2
SO, 3 0F TR HEAS N T 20 B 2 RV R 2 3 Ok
EE L GIHT —M T Haar /N A 1) T RAFEARL
Bt (Haar wavelet-based downsampling, HWD) (Xu 55,
2023) , IZEHAE FEARRE 18] 25 [8] 43 32 14 ] i S ]
REMR A 215 R

HWD 5 5k 38 15 137 FH Haar /N5 28 e, B R AE &
1) )5 S S ) 381 308 T 4 B v TS 5 AT AT A L
Haar /N AR 50K i AR ARHAE L0 R 4 8840 < IR
BIEAL A FZKSF- H (T BV A D3k 3475 1w 1 2 43
A0S, P I A2 RO T MR R E AR R T
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3 AR AR5 2L F 0 23 B AR T PR AE AN T 1) L

(407 {5 B 3X 4 AN 4 6 B A BR L @, (2, y ).
Pl y )by ) o, y)ﬁ%uj?
@, (xy) = o,(y) (10)
Yulxy) = ¢( ¢.(y) (1)
Uu(xy)=o ,(y) (12)
Yo(xy) = ¢.(y) (13)
A, Ly Fom YE S IEUEPE’JJJT & (x)Fly (x) 53

I 2 7R I o 7 0] ) — 4 ROBE ek B8/ 5 ek %K, T
&, (3 ) F (v ) 2052 T ] B 6T 7 — 2 B bR 4
/N BRI

2ok /N ARG BRI B o — A S AR
B2 it H—4k 2 Fl ReLU (rectified linear unit) J#{
I BRI B R IE 3R 7R 2 2] Bk i — 20 Ak B SERAIE
A R O R IR TUAR AR B DUE S 222 A 20
2 RHIE . bR Haar /N R SRFERLHES # A 5
FIr7s

=

AL

FNRFAE L]

fesEiE V] e
KFEBUHE [B] x4 ArshiHE
&5 Haar/INE T RS

Fig. 5 Structure of Haar wavelet downsampling

2.4 MPDIoU 5k i #1
H ARSI 53w, 300 A FH 2 BAR I 7
RN, DTSR GRS B AR 5 15 S sl LA % 5
Py ot FHEE B i 4 A AR AR R, 2 it 3
THIGHE R ZE AT A, R LLAR AR 3
7N 31 FHE 1) 5 o — Rl B 0 =0, 389 L (ToU)
P RBSUHY T PP B0 1 P e R A A ()AL A
EFREFHEZ Rl VERCFREE o AR 580 ToU 4125 pRENE
TR A AE (4 28 4 5 91 1 LU SRR ITAS A HE 2
[i) F) 7 B, SRMT, ToU 32K BRI — S ey R, 131
n, ToU 453 2% R ECHE AL BN B bR AR B BRI A7 76 R
TE R A (A0 /N BAR BT e AT i A Xk
AN B —SE U N R 22 AT RE 2 B o U A

2R R DN S M A A 0 25 s XF R B, i F
1 FUHE XS AR, BV A AR 1R 22, ToU B AT REAT)
SRAR R, S SRR X DX 314 22 57 FAG I R 7 A i 2 <
ENIE SN E RN Al K= R S R Rt o ab s ol
(complete lIoU, CloU) (Zheng 55 , 2022 ) 45 JAF Fy fit 2%
PRIER . CloU 4512k BRACH /N H AR A I AR X T ToU 1T
TR , e 3k 2 B AE 1 RS S 8 R ek 20 1k
AN P Ol IR =R AT = A AN E R 7
FIRIINEE J) o CloU (4525 pR A

(b b*)
e, b 0 b 43 AR 2 TN HE 11 rrcs Ak A R S HE
(R H L AR R L p FETR T 3K S H D A 22 ] A BROTL
PRI, B FIUIAHE A v s o5 55 ECSTHE G Hp s 5 22 ]
() LRI B . 3l 3 ¢ DA 27 T 0 ATE 0 L S ATE 1) fz /)N
HMERERIXT AL S o o2 H T trade-of f 9 S 4K,
Vi FH R A B K T L — B S, o 5 VSRR T
D Y0000 AEE D\ A L A0L 65 B SCHE (R DA L 5 S 2
SR CloU i 2k 8 52 b b FH v BE 8 £ 7 H Ao I 55
D PERE RIS e, (I A LSRR TS DL, a0 > 330
HE 5 00 SFAE LA A [] A AR L, (58 B R s A o
S ANTRIE, CloU TG v A7 % i iy i H Ar 22 1] 174 1 1
PEo X FHCloU fEX L1 L T R PERE TR . ASC
K FH B /N A5 R B8 22 91 HE (MPDIoU ) (Ma A1 Xu, 2023)
FAREE CloU, MPDIoU 3 i F 53 7K - 4 B 14 JLAn] 45
TIE, B2 T — BT A IR T B /S o B 1 0 A A A
PELLASHR bR , 248 & T ES MRS X Pl
SRR P8R AN B AW 25 . MPDIoU 12Kk sRECH

di = (=) + (1 = )’ (15)

= (a5 = a8) + (= y8) (16

Lo =1-= 10U +P +aV (14)

MPDIoU = IoU - d ___& (17)
R+ w R+
Lypows = 1 = MPDIoU (18)
S w43l R s T i AR A |

ﬁaﬂ‘ﬂ:ﬂﬁ?ﬁliﬁ sty 8 R s, y 5 43 ) e 7 LS

NFHELE b AAAR R N . d Rl ds 5l R
T 1 FHE 5 B S A AL AT ST A s Ak bR
ZEMH B I F0, BIZE b AR S 54 R A R R A7
J5 b Flw FoR A R ) 5 B A8 . MPDIoU 7%
HEWE 6 IR
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Fig. 6 Diagram of MPDIoU

3 XWHERSHN

3.1 TARTIHEE

FETIAT A B 52 o o7 FH 388 i 7 P 28455 S 4R
AR b, {H DAk B 5545 Sk S e mT RE B K B
AOTR) L, [, 23 TF 047 T Bs A i . Rt
ARICHE T M NI 2R SRR T
N AAHE I & 4, 1456 VOC (visual object classes) |
COCO (common objects in context) , MPII (max planck
institute for informatics) DA K2 H. 5 % 3K B 1) 4% 4
o XEEBARIRSRHE T i B S 2R R
BELA K Z Rt G2 . e Pkik th s E a4 1 &
18 SR XA AR T T S T SRR, AT R
W 7 R S W L. B AR AL 11 188 IR K4,
IFi 82 2 1 L ALK R A3 A I SRR g il 4 o H
T NZREE L 8 95T IR IAIR , ik 4R 40 75 2 237 i 4]
1% A EUEI AT T Labelme b i , ARF-H5 7]
HARICY Knife, ARFITEARIC 0 NULL, Bl 464
B 7 Brs B AR R T SRR R .
Hb, R T DT BRI R AR A S
I D00 245 15 15 Sk W A2 BRI rh Iz A R B, SR s ¥ 9
ZEERAGR K RAETT B LR B 100 WRAT A FF 7T E80F
PEATARTE L ) LU S5 P A [R) A B3 A i il g it 1
Bt S
3.2 XWEE

R IR N S5 b, R T 2T Ubuntu 18,04 1
LTS (Y48 4E R 40, A T NVIDIA A30 51 GPU,
% GPU #1124 GB WYRAF . IRJE~= BRI &
SVIENI T S PyTorch FEZR WA K 2.2.1, Python
B ARAS & 3.9, CUDA Ry 11 3 IRAS . FEAR ALY
SR B, A BB RST 30E 2 640 x 64015 %, 4>
YIZRALIK (batch) (15 4 R EIMER . MZERIRI IR~ 5

BT A7 N IR I R s SR )

Fig. 7 Sample dataset for pedestrian knife-carrying detection

WER0.000 1, BARS B EINER 1 s, BRI
211 32 I H 8 2R (ToU loss ) 143 2K 461 2k (classifica-
tion loss) WA 8 ffrz o M H AT IWEE R, Y| 25 5 HH
TE55 140 1 epoch 22 Ji7 , ToU loss Fl classification loss
Tl TR R TR IR Il 8, e 21 S B 46
TE26 1504 epoch 3545 .

®1 SHEE

Table 1 Parameter setting

ZH4 ZHUH
DAk %k optimizer = “AdamW”
WIH# 2] 5 Ir=0.000 1
B momentum = 0. 9
AL epoch = 150
VNSiins € bacth_size = 4
12~ — IoU loss

----- classification loss

1.1
1.0
0 0.9F
T 08F
0.7
0.6}
0.5} . . ) ) ) - 5
0 20 40 60 80 100 120 140
epoch
B8 BRI

Fig. 8 Change curves of loss function
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¥ i & (precision, P) | A [A] 3R (recall, R) , 2 % &
(parameter) . 1042 7% &5 12 5% (giga floating point
operations, GFLOPs) DA Jz 3 24 %5 o & 39 {8 (mean
average precision, mAP) . precision 8 T 7E LY Fi
WA IEREA R SE I rh, A EAEA I L] A6
RS T Ry AERE A B S v, FOE A IEREA
A7 e BRI SRR . recall FH T FRoAS A0 76 1100 11
175 T A SE AP, A [l 3 v AR R RE UM B
Z I ESEFEA, RIVBEIRL I 75 58 4% 2 8008 26 h i B
A HAr. mAP JEEHE 4 T A 2500 B9 AP (average
precision) - FME , BAAEHE T AN I H ToU [H1{E
TSR AR SCIE ToU BB 0. 5, 40 R U AE 5
B ELIHE Y ToU KT 3055 T I35 1Y B, A h
XA AE 2 — A K, B LA mAP@O. 5 %
BASHAT VAL . GFLOPs KE it Ak 7 REFAE 1 s NI
REPRAT AR 77 s B3 UK, 8 T ) e o o e 1 A Y 7
FE T 6 ERsATRCR . B 1 GFLOPs {E i
i 2 IR 7 R T PR A b L BE R A v AKX
KA THEAT 55 o parameter W B $2 /R BL T 455 71 (1)
A B RN e R, 7 FARKLIAE 55, 275 5 18
GFLOPs il parameter B 46 45 , A B T PFAk AL AL
BRI R s R A PERER I
3.4 MEKREHIERE

R T B AEAN [ i1 SAE [ 945 2K eR A AR, DA
i1 CSP-PMAC FLHFI HWD BLHe X RT-DETR i
TS D) 25 A i R R Ay Sl AR | T[]
1 FHHE ] A5 2k R Z [ X L. 2 $E T CloU
EloU (Yang %, 2021) . Wise-loU (Tong % , 2023) .

Inner-SToU (Zhang % ,2023a) 1l MPDIoU 47 52 46 %}
o SEEZ5 R 2 ik, CloU . EloU , Wise-IoU
Inner-SloU I MPDIoU #J mAP@0.5 {H 4+ % K
83.9%.84. 4% .85. 2% .84. 3% F185. 5%., ] LAWEEL
| MPDIoU 453 2 oR 55 19 1 BE BH & A 0 453 2K pRi
B, 558 T B B mAP@O. 51 85. 5%, 55 A ToU
AHEL, MPDIoU B mAP@O. 5 {8425 17 1. 6 N 43 1,
R, o8 T 25 B G A ARG I R, 6 4% MPDIoU 1y
JIT R AT (1 30 FAE [0 U453 2 R

R2 FREBEFHAIELR

Table 2 Comparison of different loss functions

P2 PR mAP@0.5/%
CloU 83.9
EloU 84.4
Wise-loU 85.2
Inner-SloU 84.3
MPDIoU 85.5

T L PR s e s

3.5 HEERIE

J T KAIERE T CSP-PMAC . HWD F1 IRCB #&
TR A A A 78 T it S5 R 38 1) A M A SCHE B A
T NFETIER S R T I R SC 5, SE g A5 SR a3k 3
Firon o N3 AT USSR, Y Juph ff H CSP-PMAC
B, R A TR B 4R R 1. 2%, (HURARER T 564k
BRIV SR P AR XA 28 T T AT 2= R 45
FRAE AR A [7) RUBE R A1 Bsf I AN 2 Bl 25 15 I I 4% 1) 2
B, SIEEHE H CSP-PMAC #iEe fil HWD FH 5

R3 HEAXBER
Table 3 Ablation study results

CSP-PMAC HWD IRCB P/% R/% mAP@0.5/% SH GFLOPs
- - - 87.3 78.1 82.9 19 874 328 56.9
N - - 88.5 80.4 84.2 19 876 888 58.2
- N - 87.7 78.8 83.4 19 218 968 55.6
N N - 88.8 78.9 85.5 19 482 648 57.7
- - N 87.5 80.4 84.3 15 283 768 46.8
N - N 86.5 76.7 82.7 15 286 328 48.0
- N N 88.4 79.3 83.5 14 628 408 455
N N N 90.6 83.6 89.1 14 892 088 475

T ML TR IR B IR S R, N FR R, =" Fom R R
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&iF, HRW
233 St B AR Transformer B3 71 B R& 1T h 46 M & %

mAP@O. 5$ET T 2. 6%, [RIB, K50 BEER T T 1. 5%,
oy T 5 W L S R R SR AR IR L
HWD FRAE D IR, T R IR B AR
BEEE . Y3IMEIRFETIAJE, RS
BB T RETR, B RIEABEA TR T 25%.
e 2 ARSI PRI (ARG B 52 35K 22 90. 6%, A3 [ R Al
mAP@O. 573513 2 83. 6% F189. 1%, 246 Kk, F
— 0T 2 S A PR R FH B R X R 4 RT-DETR A5
RUA — 8 PR BB T, SR A A S L5 O AT A AE—
SRR, AR A E A BN, RN, 25X S itk R

WAL VR, R e e 21 1 0 3 AR T, X ey
R T T R S A O SR W AR A T AR T T A AT 55
HEA R

SSD YOLOvSs GCB YOLOV3-tiny

YOLOv5Sm

3.6 XtbbXin

KT B EA SO R e VR TR AT AN HE B R
£ | 5 SSD. YOLOv3-tiny (Redmon FlI Farhadi,
2018) . YOLOv5m, YOLOv8m. Gold-YOLO-s (Wang
45 ,2023) . YOLOv5s_GCB il RT-DETR iX JL# 3 Jiii
H AR 7 67 T XS5 . Beah, o T P4k X
LU AUTE X 28 4515 S W2 AL R T , 7 FH 1 3 0 2% 45k
183 KA MAT N 0BG E 45 L k4700t DA
SRR A IR PR BE o 45 IR AR 78 Ak 0
R EMGS LE Y Grad-CAM B AN 9 fif s , A [l
RILEAT NFE TG LT Eb g R 4 iR . A
(] A5 1 A X 2% 40 A5 Sk B 4R B B 0 b 45 Rk 5
PR

YOLOv8m Grad-CAM

RT-DETR ZR3L

K19 AR H Y Grad-CAM KI5
Fig.9 Grad-CAM images from different models

R4 TRBBETAFIYEE LNIBER

Table 4 Experimental results of different models on the pedestrian knife-carrying dataset

T P/% R/% mAP@0.5/% ZH M GFLOPs

SSD 67.6 455 69.2 - -

YOLOv5s_GCB 712 62.3 68.5 4.9 12.3
YOLOv3-tiny 777 64.6 74.5 12.1 18.9
YOLOvSm 85.8 75 82.8 25 64
YOLOv8m 85.5 76.7 83.9 25.8 78.7
Gold-YOLO-s 89.2 80.5 87.3 21.7 45.6
RT-DETR 88.3 78.1 83.9 19.9 56.9
HK-DETR (4<30) 90.6 83.6 89.1 14.9 475

E IR RS & I e L4 R, =" R R R 5 Bt
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x5 ARERBEMERELBIFE LHTEER
Table 5 Experimental results of different models on

the webcam dataset

AT mAP@0.5/%
YOLOv5m 80.3
YOLOv8m 81.9
Gold-YOLO-s 84.2
RT-DETR 82.7
HK-DETR(A3() 85.5

TE L PR SR e a2

&1 9 H i 337 e 28 3 B A A 3 i S A
Grad-CAM FUE b iy 5 DX 0™ 5 1 2% S Y F
1 5 W, HK-DETR 5 AU AR 458 T~ FLAhABE AU | FLHA
IR 5 1 70 5L S R L i HL e BTy R
W oY, X158 25 T CSP-PMAC . IRCB L) K2 HWD
T RAEARE 1 [R] s R A5 TR i 40 TR oA
FE HbR R T BB = 8 SRR . R, 1A
JHES & PR s OB R AT NEEZHRE
JRUBE 75 A TR S0 4 45 5 24 DR 2% K8 AT e 5 i A A8 1
B AT 0 22 RUEE RGN 2ok vt RUBE A2 Ak,
G BT SCEUN BT SR D R 5 [R] A A AR
RYLLH 2 ST R, DA AT 00X 36 24k %

AR BoR , HK-DETR #ERIE § #:47 AH: ]
B ony B bs A RS B OS2 T 90. 6%, L
YOLOv3-tiny = tH 12. 9%, X YOLOvSm & i} 4. 8%,
It Gold-YOLO-s = Hi 1.4%, H YOLOv8m &
5.1%, [t RT-DETR @& ) 2. 3%, 76K & J7 1 , HK-
DETR BRI 344 2 . ARSIy i AN R T UDRG
BE iR i 2 FEAR TR S 80, {U O YOLOv8m 1Y
57. 7%, I ELYE A [ R A mAP Z 3R 6 4n A AR
AR TE . 25 BT, A SO e o O A RS
FER Rl i fe 7R b T s R TR
WS B, HAT B ) S A

26 5K0¥E W% , HK-DETR A5 78 /) 28 3515 Sk %
Pt F A mAP A S T 85. 5%, R Al , X e T
HAEM LG T B — @ iz ik

R T 2 R AR I AE IS B AGS T
I BE | B JE 4R #58 RT-DETR A1 2k 1F B % HK-
DETR 7 % 45 46 15 Sk B0 42 A I 45 SR i A 7 e s O
S BRER AT L, i 10 BFR o B AT LA
F|,FEA 2 FIEEA 4 b RT-DETR A5 %1 H BT T 46 F1

DRAG A B R , MIAS SCREBY 52 i, 1 BTl A A 55

@
=
=4
=
[8a]
a
&
¢
s

FEA4 (RT-DETR54)

(a) SEPRbRIE (b) RT-DETR  (¢) HK-DETR(ZX)
K10 RT-DETR 5 HK-DETR (A A ) [0 24 4545 3k
B A A2 SRkt L
Fig. 10 Comparison of test results on the webcam dataset
between RT-DETR and HK-DETR ((a) ground truth;
(b) RT-DETR; (¢) HK-DETR (ours))

ASCHE W T —F R T RT-DETR (kb vE, B
FESRFHAT AFEIIAT ARG I i e AR . st 51
A TRCBAEH, b T W25 4 = 4544 , i Ho A Ab
4 JRy R AIE R B B RO G R B Bl Ak R B
CSP-PMAC Z5# By In A sk 1 AR A [a] RUEE T E
AYRSIRE ST, T HWD N RN A R B T ]
ARG E B IA , MPDIoU 1 2% 65 8% 1Y 1% FH
HE— 25 i T AR A 3 FRE A M 2R B
SRIZIEIITE [ R 04T B 4 U T ARG
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