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B S X i bk AR A T 8 U LA & ROT IX
5 A AR B A, R IH— 10 120x240 K
AN, S ARE H — A Y R AT DD e B,
PR 0 R /MR TR B m A7, IFXS 414
PEAT Z 4R AR RRIE AR I, IR AR 5 (13)
ARIBON I B B RIA 2R 88, 2R B G 5 0
o7 BR PR R ik AL 3f 2 SR 3R AR SR AL 2DCoL.BP
Rk, 5 i ) 26 T I ER B 8 g A 20 26 0 ok

FrARRLEE T, AEARLEE d3 R A AR SIS B DA of i
B@%O

3 ZRERKESN

KT o BT REA AR ST £ A 3 05 B
1) 2 3SRy 0 (A X7 e B ) v 1 45 0
M, ATV BT 24X Hpy B, H
PR S BUL I . ST N
M BRI A A R R o AR R ST R 1 B
T SDUMLA F-45 #f [Tk B0 22 Fn H > p 7 38 T K
SEFEER KB E (FV-USM)/E A SEERFEAS
3.1 SDUMLA % k&

SDUMLA-HMT F- 4§ i ik 5040 o 2 1 45 K2
BLA 2% 21 55 B0 472 i 2 50 55 R 48 A — A IR
WP, BRET 106G EENFER . PiE
UK TR ER . BFHREEREK, 5
6 FAEFIKEG, it 3816 iR E %, A E
MG RN K 320%240 15 %

3.2 IDkvWIEITKFHREHKEFEEFV-USM)

FV-USM 5t g RE T 123 s, Hrp
G 83 A M40 Z4 2, HARIS M 20~52 % K
%, BRI RN TFIE: £BE. £
e . A ERAG e, R 492 A~ TR
15904 G, H IR/ K 640x48018 % .

3.3 FHERTAE

TFHEFHIKES RS, 322 L T4 k9
PR SEMEAE y B RRAE TR AR 1 UG AF
2 FRAEGEN T, MR LLY
PUNRIRATN LG BRI AT T WA B 1E, a0
5 s o 8 ext MR EEA T X A A b 3 A3 5 T
FaF KO AR . A R CR S o R R R
FIFHEH BT AR E R AN . K5
AV FHUE I . S5 H T T A T BOS BREMR 2
R TR IC R, ARG E I R, IR
FH Sobel i1 % A6 I 5 12 % PR 2047 30 2 AL ARG
ARBCEMR B0 S B AL IR . SR ICT-48 B &
LR, AT F 8RR fbab 3, IE50
BRECE M THeane, M T4 L iigangk
BT P s . e, R B NS
A 1 (R Ao A PR S B0 D PR AR SR K X
5 (vegion of interest, ROI) ARG HELEHL, A& H
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—Ak R 120%240 K/NEH

(a) iR T (b) JEkE

—
. .
P S —

(c) ¥yfiik

(d) gitgochgm (o) ZfHER (f) Xkl 4y
3 d
+ _|
(g) RO

5 ROIREUREE

3.4 RBIERWFHF*E

R VAN AS TR SO G A 2 v i oy NG
FAr A FH Sc ik (18] Jur fif FH 9 1E 8 70 25 4 H
(CCPs) X HAERESATIIE, HAAR I (14) s .
TP + TN

O
TP+ TN + FN + Fp < 100%

Accuray (CCPs) =

(14)

Horp: TP R 4 B 2 H AR 2R I FE AR S,
TN RN R IET S FL 45 o RHEAR B, FN
TR RIS BB IREARSL, FPRRHR
Sy BL 2 AR I REA SR

R, O TR B gt R S
Beah R, FRATI S5 BT B SR AT T S0 R
BEBLI 23, B — 3 ERFEA H TR, —i
S EUG TR . I8 3 50 YR 7 R 43 e 77 2B
LI RAEYAZE R, DL RAE &N
VHIESE
3.5 HHML

AR SCHTHE ) 4 SR A AL B,
Tk 6T JRy S X dn A AN [ S BRR B 7 1] b A S A
KRAEAT A G, SEE R (4R B, 5
HIE TG B R 25 A o e A7 T BUE R,
BEN ] 19 0 s 0 2 5 i e s iR ) 6 5%, 3R
T3 1 B AS TR 9 23 B 7 QS 6 o3 B S 8001

Ak, DLk 0 o Bl sl AN ZRRe A H il

M 6 FTLAE i, BEE X ER A 40 B8 ks
Y. NGRAEASTE N =E 5, B A TU0t BE o
o ASCBEE T OFONFEE A E, b T 1x1 438
T ER R A (ELBE R 1) o 0 ORS 41
FEUR G R LI —A LTSS, IF7E 3x3 A
LT IR E] T 95.85% IR BIR . et AT DLk
M, EUEAE 2x1, 3x1 (532 F A 7E B B iR
BT B 5 R B I I 43 B 07 AT L
ANHE 2 3R 1) A3 BB L Ghin) o B/ S 3
THARBIR TR, EHXF 1x2, 1x3 8%
Bk T B B A K A e s, e FRATT T LA
BEILLTF 458

1.0

09
0.8
0.7
0.6

Accuracy

05

04
03

021

0.1 ! ! ! ! ! ! ! ! !
IX1 1x2 Ix3 2x1 2x2 2x3  3x] 3x2 3x3

Block
(a) SDUMLA-HMT -5 # kA4

1.0

09

0.8
0.7

0.6

Accuracy

05

04
03

—¥— 4 Train =
—&— 5 Train examples

02

L L L L L L L L L
IX1  1x2 1x3  2x1 2x2 2Xx3  3x] 3x2 3X3
Block

(b) FV-USM $& ¥ ik 48
B 6 okttt E

TR K A A 1) A T SR B 0 B 4R P SR B
1 A, R 1) D] 0 23 R DK A B R R AE
P R K ML A A B R 1), IRIR G 9 ) 2041
Bl T #f DKCRRAE 00 70, 3 5 SCBE A AR AT A R Ak
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PEUCRE Sy, $E e R UNRE B o BT LAAE R 45 1)
FRCR SR T, RargE2 b A BT
PFREEA DA
3.6 SDUMLA#ESE TW %= &% ERN

PG A A 15 i 1 o R v 2 32 B 4%
MR T, 3t TR SR B MR R ) e A —
ORI R, R, — AN RO SR B
2R TR Bl B BRI E R, il
IR AR SC T EE H (9 2DECoLBP £ 45 Flk 7 e s T 14
AR 2 MERE, RATTAE AN B I AT
TAIREIZE

S R AT A3 S0 A T PR T T N L
(SDR) 4y 10 F vy 07 W 7 55 3 M W P, Sl e 3R 1
AUEH, TEARRBESGTIT, Hilgkai
INEFAR ST B O VA 4 T A Lt s 24
Yhr I BREA Y 30% I, AN SCRTAR iy
A T, ik 599.94% RYiRBIR . If
FARSCHT 3 i 7 vk A B i &k, R
[v] (e 7 4 T S BB e IR R

1 TERETHIRBIZ

g 7 1 Train 2 Train 3 Train 4 Train 5 Train
s Methods
KA examples examples examples examples examples

IBP 08520 09178 09603 09740  0.9860
iy CLBP 08536 09105 09467 09815 09870
B opBp 08082 0.8920 09637 09770 0.9890

Ours 0.8562  0.9253 09840  0.9975  0.9994

LBP 0.8430  0.9128 0.9570  0.9680  0.9840
il CLBP 0.8428  0.9140  0.9450  0.9775 0.9810
173 29T
W 2D-LBP  0.8322  0.8923 0.9483 0.9624  0.9830

Ours 0.8398 09103  0.9733  0.9845  0.9970

LBP 0.7330 0.8238  0.8800  0.9025  0.9360
FEF] CLBP 0.7242 0.8383  0.8320  0.9085  0.9430
L 2D-LBP  0.7634  0.8544  0.8870  0.9225  0.9532

Ours 0.7802  0.8928  0.9320  0.9615  0.9610

3.7 RAFE xR A B A

RS UEAS SCHE A H AT R PUNROR 88
DIRCRUAERE , FRATTIEER T — s e i e 5 2 E
%P, FF L) SDUMLA-HMT 3 #E 4E & FV-USM
B SEAE NSRRI 4

F2 R T AW EIRE EA SO EE T 5
S 4 SR8 —AE B S (2DECOLBP) 5 1
A B L 2 A BT HORCR 2 3 R Tk
FTEURNRE ] o AR ST B D i A 323y T B
REEMA RN BAEI, #£ SDUMLA-HMT
AR FIRRN T 99.94% ) iR R, FE R BB}
[B) 771, 2DECOLBP LA 8 J5 [l AR 5435l 1
ILPURE R, HAAR4ERE AR T 8004k, XTIk LBP
HARY, BRI TR0 T 5000 4 B
RIS R R E K E . HILTE R & & 2 R AT
FEA AN AT B R U s ], R A 4
FAEREM T AT LA SR DX — )

%2 FEEETHIRIEE(%)

P
Methods
SDUMLA-HMT##E4E  FV-USM £#E4E
2DECoLBP 99.94 98.84
2DCoLBP 98.54 97.75
LBP'" 98.72 98.50
Lcept! 96.54 96.24
cLcept?! 97.40 96.52
CLBP-s/M/C'?! 98.35 97.94
LTpHo] 96.43 95.52
CS-LBp! 96.30 96.12

® 3 AREEETHIRAEE BfI:s

U i)

Methods
SDUMLA-HMT 44t FV-USM Uil

2DECoLBP 6.0262 5.9276
2DCoLBP 5.4234 5.0274
LBpP'" 3.6789 3.6654
LCCpH! 3.9594 3.9243
cLcept? 4.0356 4.0024
CLBP-S/M/C 2] 3.7248 3.7052
LTpH 3.4352 3.4456
CS-LBPY 3.6029 3.6145

4 Z5iE

ARSCHE T —FfOET Y 2R 5 B AL —
2t Jey v Ak B A S KRN O ik o R A
1 Jaa 0 A 2R PR AR v ) e e A 72 4
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E Tt YOLOV7-Tiny B S E A BN O WA F B NG

£ E, H

&

(PHZATIM R AT ENL2ABE, P2 710065)

WE. £k, L, BT AR R EMARFTEEN, BLEBLEMOEIE, LHEF)BTHENS,
At Fak AN T TAEA R XEVL S BT A B 75 4 £ A RN 69 9] B, 4% B — AR B YOLOV7-Tiny #9 % 46 & 4% 5] A A6 51
Eo B, AVOC2005 PRIVEILEE RGN T BAATEFOE R EHRATKFEE; L RET YOLOV/-tiny, 7
NECAEZE AN, AR LR B %EIEMK B ARFAE, 2 sFPN M &, a5/ B AR AR B ATH 5% KA
K T3 & FLIAMH 6 WoU MK F 2, &G T hapibml ey ok, 428 Adam KL, —F w342 a9 M siik JE
Fe g A, G895k, mAP. Precision. Recall #1423 7 2.63, 4.01. 13.92A4 B4 &, F1#%0.10, £ ZH

B R E A A,

KEER: W EHEAAAEN; YOLOv/-tiny; ECAEEAHH; sFPN; WioU

0 35lF

VAR, WL, fRE. DU A4 DR 4k H
BT PR, AR LR A (BG4 .
AR IAT R A . T, R A
R N T BB 428 A2 AT 55 7 A7 1]
KIS AH 3R 7 BB AE— o 1Y [R)

a4, HEsR AR K RS, 272
N T AT 800, Bl R . 2 Re W 4E L
KAl R A TR R T, WA R %0
BRG] g A BEA TR A0 1) AR AR 25 5
LSBT TAE A LA TAERCR AT A 221
NIIEASE:, BRI EE, T4k, BIEAL
P& TR 2B TR RS B 22 I 25 5 T H A sl
Gk, BT AT IS AR 2K
JE TR I BERS N7 (Two-stage) , Herp e HAC M
Y5 2 Faster-RCNN 255 o 5K K% F Resnet50
22 MR M 2%, TG A MC-FPN #7520
LY Faster-RCNN 53 AT BICE, (AR XS T2
NEBME BRI EE BT, KR
PR B AS I B2 (One-stage) ,  Ho i fe HAR ek

I HEE: 2023-11-07 B BEHI: 2023-11-29

B3 & YOLO™ R 5 5k o 52 BN 46 38 i X
YOLOvSs 53k 51 A X2 B th 3 & S dLil
Focal-EloU i 2k BRECFN 25 G 13 2 T HL 1 8075 H
FRAS ISk, DA T B e 4SS A Xt /N R H A B A 0 A
[ R b7 (B o N iSO TGr = KA AL E LN
H AR ARS8 T8, (AA — LR,

ASCE S AR TR e, A VOC2005
R4 P PR OB FE T O AN T A A A
A FE S B R S8 R B e A, AR
TSR AL TN S B B S T B PRRS A4 H A
RRAE, FEHRANT R o SRJE X 2410 H brs 5
B A B YOLOVT7-Tiny B35 #4717 38 24
Bk, I ECAEREIHLHES, MR R 4
YIGREEFC AR HRARAE ; (1 ssFPN %%, %f
/NEFREFIE(E BT RS T SR R
ML WIoU #5126 sREL, $ it T/ Mo AR I
HEBPE ;. (] Adam PLAbRS, $EFHBIE SRR A1
SGH B FERTE . 25 1, 2GS B YOLOvT-Tiny
R ATE 2SI NN NIRRT DN
R kG R, AT A XU <

EEE N : TR(1968—), 5 , BB A, 81345, A5 7 @) A B BAG AT R BMABH AR @554 | 15(1995—),
o, BB G LA A B R T % A B AR R, E-mail : 897083594@qq.com
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1 EF YOLOV7-Tiny Eix e M5y

YOLOv7 Z 41 H bRl 3557 2 i YOLOv4®
VE# T 20224F 7 AR, BRMERET a5k,
F TS IR RS IGHR  ER A T R £
I3 T HES LS HEATRAE SR I, 2 R R 45 45
o TR 3] 1 ELAN BEHef ELAN+REH (i ml iy
B RS N4 . 1E SPPEERI TP A T CSP
ShL, B Y RZ B, R B R A
Mo FEVIZRET, B— N ESCHEN] DL th 24 SE 50 HE
FTTH, R TR YRR . IR T
RepVGG 451, 78 4% B 45 2 #5351 A Rep-
Conv, TEHEHIN BOW Z M HAEE I —A1,
PE R B RCR A RE . b YOLOV7-Tiny ¥
KEE I 1 TR o

H[Co nca tH BLAN+ H RepCo an YOLOH ead]

[ ELAN+H RepCoan YOLOHead]

(]

[ ELAN+ { RepConv}{ YOLOHead)

1 YOLOv7-Tiny M8 454

2 Bt YOLOvV7-Tiny M 4& iR 5

2.1 EEHHAH(ECA)

T Sl (efficient channel attention, ECA )M
BTN DU NI TS . KT
A A H bR S DX TR B AR B G B (R
2RI 28 bR SCE R O 1 mss Hbsk:
R EYSNE NS N ] NS & A=Y U B =R =N
it ECA, ECA & SE (squeeze and excitation)

BRI ek, ARER TSE, TN Ak HAR A .
SE R 18 = 2 i B Ay 3 5 2 ) A 18 0 Y
PEACE , 75 45 AR I AR s B AN 0 5 Y
FROEIEGE , AR A H A A EE A . Benl
PUAN 5 2% 38 38 2 18] A RH SC P, W RERIBCEE 425
PRFIEDS S, B2 7 HARK I R B . SE B
B 4 38 0 Rl B o 4k, A 2(a) Bl o

SEASTHR Iy He 45 78 43 W 1] 2 Ca) A F RS
FCRH 8 B RS BYRFAE IR H x W x € #E4T 42
Jay V- 4t Ak Ab 3R, 4] 2 (b) H Global Average
Pooling B fIr 7R, 753 —~ 1 x 1 x € Byl E T
My, Hrp A 22 3R A X N AL
SE B He iy SRl 7853 A A R (FC) 2 . —A>
ReL.U Fll— 1~ Sigmoid pRECAT A o 3% 322 0t J37 4
P 2(b) a3 s o B Se el 25— FC R id
TE PP 1) 12 B 4EBE N o/, I 4 ReLU 0 R
B, SRIF IS A PO aE B i i 2 46
I RSP R/NC) , e R Sigmoid #EA7 AL H
H—1k, 550458 E PPN A 5 SE Bk
B A RRAE R L A A i, T 2 (a) R 2 BB
oyl & 2(b) HE B Fs

X (D) A (2) 53514 ReLU bR £l 3k M
Sigmoid PRELFR A,

0,x <0
x) = (1)
f (%) {x,x?()
ﬂ@=—i—— (2)
1 +e™
v , = D]]]]]—'D]]]]]\ x
Lo s e pase N, 7
Frate
~[- ~lP
v " Fox ¥
c’ c c
(a)
LX1X(¢/r) IX1XC
X1
=)
B HXIM/ pooling|

1X1X (¢/1)
| Residual

(b)

B2 SEMZKEHE

SRS IR oT M, SE BLHR b 8 il 43 1
3 [ AR 4 A 2 Hh BRI £ B 25 R R AR 2
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A R, AR UK 6 5¢ R RCRAR
HAE, Ak, ECAZRH T W& 3 i EAEH 4
JIT 7 B 38 sy 30 1 3 T — 2 36 B E SRe 1 T
Je 50 1 3 A A R A2 L LA B A G £ R B BB
[l KCEFRAZ RN B KN R AT KA 408 J 3 1
255038 W E R BGE W . 434 4E B
T, — B KR/ 58 18 4E 5 C RE
Fo, BTl ESGEE R 2 R, K5 CRyme
ST (3) R .

C=¢(K)=2%» (3)
P 3
K=¢“U:P%i+ﬁl (4)

t X (4) AL, KR o #1811 %5 22 1)
i T8 A C B B — 4k 8 B fe /N A B LU
BZE R 2 EAl AL, ECA @ —4e 45 UMt =
ZARI AL, U RE B BARF] TR
ARSI HE T YOLOV7-tiny W26 5 AE 45 U B il 45
¥ ECA VB IR HUmR A B LR RAE
ZJa . DU T HE 2B i 28 32 1 45 RRAE
PG A i, HLT7E RIS 5 1Y
[Fi] AR R T P90 2 o TR A A R

HX WX C

E 3 ECAMZKLEIE

2.2 ssFPN(Scale Sequence Feature
Pyramid Networks)

FPNU! o0 2% 25 1 S — b 22 RUBE AR AIE il 5 0
SREERY, R PR AR I R A 22 RO TR R
WIS R I 4 s o A 1) L& CNN B R i)
PRUCRFE A A, R 1) 938 $E R RS TR R )
BUZRFFIE AR Z SRR A A . A T R A
PR R o Rl 4 TOUJZ 9 0 A ARG S22 A R
ARG A R, XA R RIS 2 7ok A T
JEBRFAER ISR , SR T TR R R 20 11
Bedie, bz Bk, 5IA T —MHH
FPN RUZ P91 (S7) S ARIES IO 25, LA IRJE)2

ARFIESE

A5l =¥ oredict]
Tt o oredicd]

input

[1X1 Convipd

B4 FPNR#&LEH

B FPN S5 R =S ], £ FPN (R 1
i i 3D BB HUUE FEI (S HFE. Mzt n
FISR. 3REP3, P4, PS =AHRHERIGE, L
P3ICNABRRIRFIEZ )M N3 E, 50k P4 R PS
Resize #| P3 R/, EHEMT Unsqueeze K BAE
P3. P4, PSRN —DYERE, JFTEICAERE |
14 Resize J7 Y = RHIEJZE Concat K, F K —
™ General View B, X General View Bt 47
3D B LA — AR OR SR IR L, RS
B 4b PR 5 Y General View #5535 F1 P3 #£47 Concat,
FIFH 11 045 BRI 58 38 J 26 A5 SR AT 55

General View

B 5 ssFPNR/&4E

2.3 #HEkBEHWIoU

YOLOv7-Tiny Y45 2k R 5060 35 B 05 B Fl
£ NI~ 1| B/ BN DR VA 1 B N 03 (I NS O
YOLOv7-Tiny A HT PR3 26 pRECA e AE , HKIH
SR FH T 09 28 v i) e 38 SO 2R R, T X T
SEALHZE, YOLOVZ-Tiny 5% F Y & o7 451 25 o6 %k
CToU Loss "= (5) 7 o

2 a
CloU Loss = 1 — 1oU(B, B*) + M + aw

(5)
A B A B gy ) A I AE AR S AE
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(0, 07) — X
Lz)ﬁﬁ-%ﬂlﬁ, b5 b 53 5IFR BB s

¢
A pP HRKIREEES, o BRIB (5 MM 1
XL, o 2—MEFISE, 3R g 5
HER SE L) — 8t X FS a filo, A: a=
m , v=? arctan h: - arctan% R
A wH5w RRBRGCMTEE, h5h KRB
BRGIm . i EAlA, CloU % & T i HHAE
ML B R . BT M E SR, (1
EARAE (9 170 05 B AR e o H R 25 1 T 00 AE 1
FLIHE A T8 FEZRPE IR, 4 58 LU R R
AR H AT 0 — TR 2B A 0, DA
R AP g TR DR

ASCRH WIoUv3 R CloU, - LAfE B/ H
P o e P BN T SRR, R SO WloU 48
—48 WloUv3, HRXA = (6) (7).

2

B= 1L 0, + ) (6)
Ly
Lyiws = Thyiuns T = 505:_8 (7)

2.4 Adamftit

Adam Ji—Ffi 3 TB T 5T B LI D 2
A RAAS o B AT RARE N Zrad B b A S 4L
F1%9 13 S A8 RS 19 L ok 11 3 M ) R B 2
b GO SN 1)) 1Bt 2y T 3 2 R g )
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Two wheeled vehicle intrusion detection at highway entrance based on
improved YOLOv7-Tiny

Wang Hong, Tian Tian"
(School of Computer Science, Xi’ an Shiyou University, Xi’an 710065, China)

Abstract: In recent years, provinces such as Zhejiang and Fujian have successively introduced relevant local regulations pro-
hibiting two wheeled vehicles(such as motorcycles, electric vehicles, etc.) from passing through highways. A modified YOLOv7-Tiny
two wheeled vehicle intrusion detection algorithm is proposed to address the issue of real-time detection of two wheeled vehicle in-
trusion by highway entrance workers. Firstly, motorcycle images were extracted from VOC2005 and images with entrance back-
grounds were added to form a new dataset. Secondly, based on YOLOv7-Tiny, an ECA attention mechanism was introduced to make
the model more focused on training motorcycle related target features. The ssFPN network was used to enhance small target feature
information, and a WloU loss function based on dynamic non monotonic mechanism was used to improve the accuracy of small ob-
ject detection. Finally, use the Adam optimizer to improve the convergence speed and accuracy of the regression process. The im-
proved algorithm improves mAP, Precision, Recall by 2.63, 4.01 and 13.92 percentage point, respectively, and improves F1 by
0.10, indicating significant effectiveness of the method.

Keywords: two wheeled vehicle intrusion detection; YOLOv7-Tiny; ECA attention mechanism; ssFPN; WloU
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T T A0 i 2 0 26 B0 R 2 A7 10 9 DR
{12, DSP {4l FH 0 27 4 FH DSP #E 47 7 i
B IREFE, ALB PR T MR
DPU B, e bR i 2 ELAT 45 v R

F2 MEF[EEFEERE

Item Bram_18k LUT FF DSp
Total 210 103380 198613 1100
Available 312 230400 460800 1728
Utilization/% 67.31 44.87 43.10 63.66

2.3 BRAEALEHE

s o EIRB ARG 2 FPGA 45 h i AT
TR, 7 EEX AR SR AT R AL B AR
FH DPU HEAT 4 BRI () G f oy, 7 G A5 7 )

FHAEALAR I FP32 ATy INTS L 2 H AR 1
RURIRL . FESEATEALHT, P DPU b RYFRE]
ity E0f W 2R A A JEAT R BB R ER B A
& R B PR BN LeakyReLU, TR JE 45 1
Y G PR B BN ReLU; B 24 MobileNet v3 H?
B SERLHL, Whn— 2 &I avepool |2 13
EE BN 7 R, B e AN
TE VB R AT FAL L, SO T A Y SRR
ST BR AR5 9 4 A RN i 15 S B Ak
BE RO . ZJE NP B R, A B
SRy B R AT RS HE 2 S R o S A A
B Ay Al AE DPU 2 1Y xmodel 81 S

T R

|

HlTab

Hoprte Rt

BAE
R

2E flixmode 1

|

FPGAYR

VITIS
Quantizer

7 HEELRE
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3 ZRERSH

3.1 HREHFEK

AR SIS AR Y 25 A9 4 R 48 S 64 i Ubuntu
22.04, CPU %5 4 Intel Core i7, B FKAISH
NVIDIA GeForce GTX 3090Ti 24 GB, ¥ J¥ >
HEZE K PyTorch, AEAFEREEHEE T Xilink ZCU104 %
B K, ZRATCE 4 2 ARM Cortex-AS53 Kb P
#r, YA 504 K M RGEHEFIT. 1728 4> DSP
HIG . AWK Cortex—R5™SZ AL FR LS . Mali-400™
MP2 FDEALBEERTT . SCRF 4KP60 1Y H.264/H.265
T 2 A 2% L K2 16 nm B8 FinFET+ 1] 25 72 2
B, NS IP AL T Xilink DPU IP A 2, #h 2
HI AL Vivado 2022.2 #4758 U8 19 I 004, =2
J5 3 F Vitis Platform $E77 IR AR AU 25& 528, fiff
FHPYNQ X TP AZ 1A T T sk 2550 55 0 48 5 ) 246 A 3
SR

3.2 BERAINLAEEE
321 XEE

A SO T T KR 55 g i Xy
H, BEAE EEhE A R, R LR AT
FOES RN AT il K R S 4o 30 45y UL R
2867 KRGS K R, Bl R S 2 s
FRSSFN T KRNG5 dH Labelme 3K /4%
I f R SE AT 43 S hm e, AR OO O A 28 S A
I8 o AR [R]— 2 0 UG DX delb i oy []— 23
o, IR BIRREARTEIR 9 + 1R AU ZREE R
BUESE , H AR M HAR G Bl A 8 B .

B8 HiR&ERIMERERL

322 BT
S5 Pl Flops H1 Params SR PEA% R 8 52 2
B F0AF i R PR T oK o Flops 2 Bt 1 [ 25 1) &2 4%
P, B Y Flops (A7~ B2 A 14548 . Params

FORBIRIAY RN, BIVRGEE2% > (AR R 5 4K
o AT RLFPS A Oy A5 LAY Ak BEE R AR
FPS A3 4 0 Ak J A PG WKl . Ay 4 T P A A5
RUPEREANE P, A SCHE Intel i5 CPU Al Nvidia
3090Ti GPU s 1 A5 Y 14y LA JE

S R HF- 44 22 IF b MIoU (mean intersec-
tion over union) UM A L 73 IR o R HH Flops
Params Fll Size 1 A5 B S 550 & 19 F WK 3 ,  [7]
FF X P 2% i7%) 4 B RE AT O K, PEAT SR AR N
FPS. TRl XL, ToU 5 S E AT
IE P S B SCEAIFEZ I, MIoU K 4—
% ToU FNNIFHCEY . BT s -

MhU:lE b (6)

“ﬂ§@+jﬁ—m

j=1

Hrb: n A EIRZERE, PO RES i 5 H
SESEAMAFMGRE L, PR 55 20
SE A IR R A, PO O A 20
SE R i AR ER A

3.3 £RM

33.1 MERTI

SEI 43 S 2 3 I N 45 AL L R AR B
£ LI T PERE BRGNS E, AR REXT L4k
RIS,

WRYEF 345 R A1, 5 FCN #l Deeplab v3 %5
MIZEAHEL, BiSeNet Z5HINSEE T/, 1A &N
AR 9 3T B i T MobileNet v3
i, G0, {1 BiSeNet 54 TG & T
e G s IS . TERAE Ry, 2ad Al
KA S B AR 5256, BiSeNet P45 0K i 5
P fRAD LS B IS FH2ZEAN K, RIEE R 4 321 M
KB OLT , KEEERURAL R 3.7%, [FIFTE &1k
J&, BRSO BRI . A H IR
TR A LA, ff ] MobileNet v3_Small /F
FTF ML EE A T HT FPGA BITE X ET55 .
3.32 BAMRRIRAF

fff H % &5 & 1k J5 ) BiSeNet—MobileNet
v3_Small 5 8 7E ZCU104 5 & b 47 HE BRI 53,
W H 5 HABOE & A PR 45 AR T . Sy
UIFES AT T X LR AT, S5 4,




8 T T FPCA I AN 52 29
* 3 WEMHRIEHERERT L
Model Backbone MIoU/% Flops/G Params/M Size/MB FPS /(f- s FPS,/(f* s

FCN-32s Vggl6 73.8 80.50 15.30 61.2 2.210 62.044

Deeplabv3 Resnet50 75.8 171.05 39.76 167.6 0.870 26.441

BiSeNet resnet18 73.9 13.03 12.80 51.3 14.074 89.892

BiSeNet Mobilenetv3_Large 71.5 1.80 1.45 6.1 32.234 92.074

BiSeNet Mobilenetv3_Small 70.2 0.78 0.56 2.4 59.085 98.507

BiSeNet(int8) Mobilenetv3_Large 71.3 — 1.45 1.5 — —
BiSeNet(int8) Mobilenetv3_Small 70.0 — 0.56 0.6 — —
7: FPS, &/ CPU L#§ %R, FPS, A& GPU La§ %R,
x4 BELRHEEBLERITLL SE Wk
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Design and implementation of FPGA-based semantic segmentation
algorithm

Tang Zhenming, Tao Qingchuan”

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: To address the intricacies and real-time imperatives inherent in water surface detection within edge water resources

monitoring scenarios, enhancements are made to the BiSeNet network, yielding a streamlined real-time semantic segmentation algo-

rithm tailored for FPGA edge devices. This algorithm first undergoes model quantization via Vitis Al, followed by collaborative opti-

mization design on the Vitis software platform, leading to the customization of a Deep Learning Processing Unit (DPU) for facilitat-

ing the deployment of the semantic segmentation algorithm on FPGA. Evaluation on a proprietary water resources dataset demon-

strates the algorithm’s ability to maintain commendable performance while incurring only a nominal loss in accuracy. Experimental

findings reveal that the refined network model attains an inference speed of 31.06 frames per second (FPS) on the ZCU104 device,

with a marginal accuracy decrement of 3.7%. This translates to an inference acceleration of 18.9 times compared to ARM devices.

In summary, the proposed methodology satisfies the real-time segmentation requisites of water resources monitoring tasks within

low-power constraints.

Keywords: deep learning; semantic segmentation; FPGA; BiSeNet; DPU
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BAZ, £ &
CRIEITE S BE A URR S SRS B, 030619)

WZE: AT YOLOvSs x4 2B i % L a7 7 £ 45 69 Ml 4T T AT 50, AR & F 4 AR B, 21 /R YOLOvSs M &8 Al i
AT R, Bh, B Mish#ERE08 A T YOLOVSs B A 2 P RAR R A 69 ReLU ik, 4k £ -FiF 69 Mish 80 F H0H 2%
BE AR R F . R, R BIFPNAE AR AEA 3, e T A fEtbid 0945 il , RAER G Bt Afe LT
IAZ B RBEE S, BE, FIANEUME AL BHG—3o, FRMEATHRMNIERLEEZNGIEE X L, BERE
sk R, ED>City 3IBE Loy T3k W, B JE 6 YOLOVSs T 39#H B mAP, 4 84.2%, /R4 YOLOv5s SLik#
FT2AhE S5,

KR : YOLOVSs; F 484 ; Mish; BiFPN; EloU

0 351§

Bl 28 T 0 P R e, T Ak RS
PR, 2022 4R FR ENR R AT 40T AL, 25
TELM N Y5 R FEMcH TNz —. (Hbf
Z MR Y 2 H 4 58 A2l A A ), A2 W g
WA A AR, 2 AT ok B R B A= i gl A
W P48 2 o AT A A% 2 A2 i S O R I 3
A 242 7 T — > H R

AR, BEE N T AL HoR
Py R, RGBS R G — e R b
AL DA O KR . B TR ANEZAT
Sebastian Thran A BL7E B AR R ZHERAE R H &
KRG NS R G, HS G A 2
WryIr=C, WM AP ERMIRME A /Y, XAEE
P s, TRl AW TR . 5 B HR AR Sk S R
TENZ B, 55 O A T LR N Y 2
13 HFsa I

HARAS I 2 i — - Z2AE R DR M L Y H R
AL BT T o BT AL B, R 2
SEPUIN E LR TE WA DI RE . H AR DI H A
A SR AL GE LA 7 ) ik, X R Y

i A 2023-10-28

B BEH: 2023-11-27

A RIE SE AT ARSI Kk, A Aan
M AL(SVM) | Bl HLZE AR (Random Forest) . £
2 D13 70 2528 (Naive Bayes ) 55 J5 2 % B4
St 0N B R EE TR A2 . S AR AR
i Y™ 28 Haar™ R 1IE A 22 50 3 % S S5 40 FE
MEARTF 258500 6w s AR5, i3l AdaBoost™
SEAF B 55 0 AR A G L — R o S AR AT
PUN AT 55 o BRI EIEAEAL B A S 37 50 N
AR RV R B S0 s A — o 1 Ry BR A o Bl T
BESE S IR R R, H ARSI 35 2205 W B B
(Two-stage ) FI1 R B Bt (One-stage ) PR A5 UL 77 7%,
P B B 11 HLHR BT SPP-Net'® | Fast R-CNNPY |
Faster R-CNN'*4¢ | B SR TERT RS B A 5 AN
PRI, HIERIA G5 2% . MR .
Bl By i A H A e I 5 3% 2 YOLO &R 41,
YOLO B9 ] LA Roi e PR Rk, 9k Bl
S Y DF-YOLOv3 i T B2 5% 22 90 2% 4 i 42
MR IEAE 5k 22 M 468 2 Ja I I 2> B B2 4 Hooh
63, T RTINS R ik, HIE,
DT IR M 2K S5 40 S BRI R A2 A, AT
SERFAIN . T RAEH A S HE YOLOVSs S IR A 70 [ 4%
54 B b T CBAM VEE IHLE, (EAS A X

EERN: RAZN974—), %, WA EA, 2% A FNE S 5T 045 LA Fo W &2 A AR R FFR; *il4E
YEE . T4 (1998—), B, L d8 ZURA, B AT 50 A BT 5o o AR 5 ST A B AL AT, B-mail : www3182567@163.com



© 32 - DI A 20244

522G 5 N R AT 55 P oS BE AR T 4.6%, 5
Ji 0 265 K LUK BE S Bt s o ik SRR
fi YOLOvS #5214 451 2% PR % CloU B 4 4 a-ToU,
H DW Conv(depthwise conv) AL FH LR, W&
LI 255 map@0.5 15 5] 89.44% , T AU B
BRI B BT, (EA IR B i A
PARIEI
ARICR S YOLOvSs 15 8 BEAT 4 A U wF 52
FEHEATRGHE, B, FH Mish'" pR B e R R 5.
2 ReLU™ T BB, A 280RE S T 6 B VH
e ) @8t ; LYk, A BiFPN (bidirectional feature
pyramid network ) AL A FRFAE 4 73 26 A
JEE ML 1 FPN+PAN 2514, fli 25 HATSE 222 4%
FROERLG | ZhAAE BRI A S H LR I
&, 1E i H 3 (Prediction) {# A EloU (Efficient
Intersection over Union) "'f Ay i ¢ R %L, #H Lt
DA RN E R RS R 24 4 T o

1 YOLOvV5 W&t EY

YOLOv5 A YOLOv5x, YOLOv5Sl . YOLOv5m
1 YOLOvSs PO IiAS , d /DA & YOLOVSs,
REAIR/ N R 27.3 MB, B R RRAS YOLOVSx (RN
Ji: 142.8 MB., HR YOLOVSs BRI /N, (HIARIA
O BA A A v (ARG DU A B2 ARSI HE . YOLOVS
I 26 25 44 32 43 M s A . Backbone . Neck Al
Prediction PU/ &R,

YOLOvS 7£ 4 A i {f JH T Mosaic £ 5 4 5
i It AL 2% DU ok (TR EAT BB . 4 M D42
AR, G g ORI SR AL U A, f
THT XN B AR (K 5 0x0~32x32 19 4 ) 11
R, BIRLA AT H iE 1 4 HE (auto learning
bounding box anchors, ALBBA), il 27> iy A
PG H s 3 A1 20 285 A i B AE R 3 3l 4 73
A A 14 5 3l R/ INFIIT R L, o T A N 1
Fr 4 TR T AR R

iy N\ RV 28 3 i A i 174) Ak 3 A 38 A
U Backbone BT BeHEATHRHIEARHL, YOLOVS ffi %
CSPDarknet53" [ 2% 25 44, it 1T W il 47 5%
R CSP A, Horh—Fl CSP1_X 4544 5
SPP (spatial pyramid pooling) 45 ¥4 — i #4 B,
Backbone JZ, % —~ CSP2_X i H7E Neck JZ 7,
CSPI_X 45t & B> CSP 2, fin ARRME &1 75 5

A CSP 2 b 43 il ik AP i 38 AT AN [a) b B
RS E AR, SR DHESS A 1T
7No CSP1_X S5 M7 /DA 52 Z= e iy [R] I, A7
AR R AEAR S, Horh CBL 2 ph 45 B
He(cov) . IH—1kAat¥E (batch normalization, BN)
Fl Leaky ReLU i PR & 1R

B Leaky
oL - @l » — o)

CSP1_X = CBL CBL —D-—D CBL CBL
+

CBL — Concat

1 CSP1_X#&#MTEE

FRIERLS 2 (Neck ) 2 AR RS 28 4514
(path aggregation network, PANet) FIFRAE 4 745
25 14 (feature pyramid network, FPN)ZLA%, JE4F
AN ) JZ2 G R 1R BEA T RS MR, R S 4 3
LA R R HARRME R, 15 19 2% RE 2 46 I
HAS R RO F L A, 52 3 ot o 1) H A
LRI EE

Prediction [ Bt % 0 285 2 147 AR AR AP
il (NMS) 4t , B R 1 H AR IR B — i ry
TR HE , 38 5 451 2% BRI 2L GloU (generalized inter-
section over union )" FEALFIIHE 5 BLSHE 1) 7 #
VAL, 2 FURERR DY . RO E . AR (B
VB Ak BRARAG e 2 H AR 25 58

2  BEtH YOLOvV5Ss [ 28 &5y

2.1 MishBuEg%k

YOLOvSs J5 [0 26 455 750 e fiff FH A0 38 1% 1R 5502
ReLU 3G R AL, W& 2(a) fiizs, 53X N0 pR %L
TEVFZWRE 2 2T 55 h R R AT, Al LU 20U
PR BE T R B ) L, {HR ReLU BRERTE /N TR 1Y
X [l i, Xt SRR AT T A .
Mish 38 BR SRR — FhAE LR P RO e gk, G 2
(b)FIt7r, "B AT LA e b 3R A i o AR R
T, I H ReLU BRECFEJF S AR T 5, 1] Mish
PREUE— M ELET T, XFEAALLE I 25
o WCEI, A A W 20 A S 22 AN
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FEFE LU G R EE R AR A b, $R Ry
X H BR TR RE g AR BT 2R 1), dn s
A1)

@(x)=xtanh(In(1 + ¢")) (1)

1

— N W ks LN X OO

(a) ReLU pR%L
10
9
8
7
6
5
4
3
2
1
-15 -10 -5 _;‘ 5 10 15
(a) Mish RZ%L

B2 HEIHER

2.2 RHEaFE

B 5 D0 26 S22 B R IR, 2 o L — S R 1)
FIIEfR R EK . W RS9 Z W H T
H Ao 00 1 2 v, 4 e X 2% A 2R 1) 0 P i
BN, J5YOLOvSs M £8 A 8 v i) FPN Ji it i 47
AW T oRAE, A — S B S s LN A IR
fE)Z, SRJ5(FH PAN BB A7 FoRBE, 754
fIE 2 A S0 FHT AR, FH R I R AE T 2 A6 /)
HAro {HJE FPN+PAN [N S5/ 5 2%, B/DAS
7] J22 G 22 ] () 3 S M AU B s ik o AR ST A
TRHIE 4 5 W 2% (BiFPN) #E77 20 48 KB %
SRR AR R T B, XA R A AR E A
XA HL LA, AR 22 AR A 18 50 R AT il
B, Mo g E A B (R
Tt sh g 1)

BilPN (1) 42 0 J& B R AIE 42 238 4 A TS
JEFE WA, SR —A A R L A RRIE A

B, il EORARIRAMERIRZ AL S | — R Rk
R, AR BOR B A AR AT £ B AR AL 1T . TR
o e —A A R BRI T, R R
FERAERE DURARAE S T — 2R IR S, SRy
bR IRSZ B, RIS A RALRE A RFAEIE .
TAHEAFZ R Z B R AE AT PR, 7R
R THL TS ) R I 48 5 B 22 RS 0 22 3% X 32 42
BAEEA R WA ERZ A, — TR
A, — A TREERE. ML aniE 3 pr
N, HEERHEN RN A —> BIFPN R IE FI45)=

Q@

Ps

Ps

Py

Py

P AN

3 BIFPN##g

2.3 HMEEHK

1E YOLOvS M Z BBl epr | i F GToU 1 Ay it
IR — B4y, F 224 L ST AE A 5 T AE 1Y)
BB RN, FEERK TR X B A
{68 FH - W P T 5 Y EToU A A1 2% pR AR

ToU K HAB R s B3 A==k (2) . (3)
N, GloU B HAR R R A 33 an=0(4) . (5)FF
R, EloU M AT A =X (6) FiR

loU = m (2)
L, =1-1IoU (3)
C-(AUB
GbU=bU—‘ ( ” (4)
C|

Ly, =1 = GloU (5)

(b, b (1w, w* >(h, b
hwzl_bU_p(z )_p(2 )_p(2 )

c Cu. Ch
(6)

Horr, AFRRTMAE, BFRRESLARE, CHT
TR 01 L S AE P8 MR AR TEAE (19 X3, b b= 43 31)
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71 THUIARE o L S A ) P A, p TR
[CHEES, o2& Jhy TOUINHE A1 L S AE S22 T8 19 %)
ALK, o e, BIMEHIRMTEMKE, w
R4 ACRHER TERNK . 24 A R B2 M
BF, JC 18 B S AE FIRINAE =2 [R) 2 (SRR A 07 B G
R, oUHRHFO, L, R 1. 1 GloUEILfINA C
PE R R, 24 C R (P ASHE B B B ) GloU
FR/IN, L, IR, 38 24525 pRER Y (B SR B
ANE 22 [A) 7 B R A B

A2, Y EUNAE B SR RE N A O R
B, 4R, CRXIERI AU B, i H
GloUVE R4t Kk sk, [ b P AR AN (G 1 11
B GloUME e, 51 < A ) JC 1 S e A HE 2
] B A5 R o AR SCE ] ELoU VR 451 2% iR AL
B —H8 53, RAE by SR T HE R 3 I AE 22 1] DT
e ) 4 B 4, 0 R AR A T v A 4 S A A
S8 EUESHA, o SiFes ., K
I A TE AR AR Ry s -, e bR ),
B0 T AR e

THIHE A

THDIHE A

HIAE B

HYAE B

B4 EXEZT£ESWE

3 ZERERSHT

3.1 ER¥ER

D*-City Fi g 42 2 % 7 47 32 AL 19 2% FfOAS [7]
s T AR AR, s KR h g R
AT A0 SR AU 3R BT, e A0 3 28 il B
PRGN — IR A . AR S ST
H BT 4250 v B AR UG AL, HAT, KR4
AR B R B, R AE 5 11 T A
I, HBA XA AR R RSy, T LA
BEAE R —ADPA ST IR, T AL
SEAEHE AR SOR I AR A S PR S AT T A A T
VB R ZE R PINAE , G i Tl HE 58 B 55 SR

HFER A S THNEE SRR HE, X R
Al DS S SR ERR R RS . 7 D-City Tk
W1 3892 5K K fr, 4 I& b i A4 4y SR /R
(%, SUV)MRABIE (AZEH, BE)MmA
25, FH Labellmg T L X 4 0 5090 45 A 95 4
TMAESEA T hR i . AN S BT o

B 5 HlEmBNERS

3.2 SLBIE

AR5 FH Windows L EE RS, BF
5 NVDIA GeForce RTX 3090(24 GB), Ab¥#sFy
12th Gen Intel(R) Core(TM) i9-12900k(24CPUs) ~
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Research on vehicle detection method based on improved YOLOv5

Zhao Yue’ai, Wang Zhe"

(School of Computer Science and Technology, Taiyuan Normal University, Jinzhong 030619, China)

Abstract: Based on YOLOvS5s, the detection of vehicles ahead on traffic roads is investigated, and the original YOLOv5s net-
work model is improved in order to improve the vehicle detection accuracy. First, the Mish activation function is applied to the YO-
LOv5s model instead of the original ReLLU function, and the smoother Mish activation function is used to effectively avoid the prob-
lem of gradient disappearance. Secondly, BiFPN is used as the feature pyramid, which increases the information channel for feature
transfer and improves the model’s perceptual ability and the ability to correlate contextual information. Finally, EloU is introduced
as part of the loss function to accurately represent the positional relationship between the predicted and real frames, which indi-
rectly makes the convergence speed increase. Experiments on the D*-City dataset show that the improved YOLOv5s has an average
accuracy mAP@0.5 of 84.2%, which is a 2 percentage point improvement over the original YOLOvS5s algorithm.

Keywords: YOLOvS5s; vehicle inspection; Mish; BiFPN; EIoU

(E#EFS8T)

Real-time road disease detection model based on improved YOLOv4

Huang Yanguo', Li Luo, Zeng Donghong, Wang Lining
(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China)

Abstract: A real-time detection model of road diseases based on improved YOLOv4 is proposed with the aim of addressing the
issues of low detection accuracy, slow detection rate, and missed detection caused by many types and varying scales of road dis-
eases. To prevent the poor detection effect brought on by the short Batch Size, the network model first optimizes the normalizing ap-
proach in the convolution block and uses group normalization rather than batch normalization. In order to increase detection speed
and quantify the quantity of parameters the network model calculates, the convolution block is optimized simultaneously and re-
placed by a deep separable convolution block. Finality, the detection head use the adaptive non-maximum suppression algorithm to
address the issue of false and missing identification of tiny targets resulting from the fixed non-maximum suppression threshold.
The enhanced YOLOv4 algorithm has a detection accuracy mAP value of 86.64% and a detection speed of 37.90 frames per second
in road disease detection, according to the testing data. The enhanced method, when compared to the original YOLOv4 algorithm,
enhances detection speed by 10.60 frames per second, improves detection accuracy by 2.89 percent point, and successfully re-
solves the missed detection phenomena, all of which contribute to the increased practicability of road illness detection.

Keywords: road disease detection; YOLOv4; group normalization; deeply separable convolution; adaptive non - maximum

suppression
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A Transformer-based model for PM,; concentration prediction

Ye Yao, Yan Hua"

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In the field of deep learning, the recurrent neural networks (RNNs) are often used to predict the concentration of

PM, . However, traditional methods encounter challenges in capturing the spatiotemporal correlations among multi-site data. To ad-

dress this issue, research is conducted on predicting PM, s concentration using a Transformer-based network model. The Trans-

former employs a multi-head self-attention mechanism that better captures the spatiotemporal dependencies of PM, s concentration

indices across various locations. The model’ s encoder extracts feature information, while the decoder handles dependencies in the

input features to output future PM, s concentrations. Experimental results on real datasets demonstrate that the Transformer network

model possesses enhanced predictive capabilities.

Keywords: PM, ;; Transformer; spatiotemporal correlation; deep learning
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Abstract: With the widespread application of deep learning in various fields, the issue of adversarial attacks has attracted at-

tention from both academia and industry. Firstly, the background of adversarial attacks is outlined, including the definition, classifi-

cation, and differences from traditional machine learning security issues. Then we discussed adversarial sample generation and at-

tack strategies, as well as attack methods such as white box and black box attacks. Finally, the significance of adversarial attacks

was summarized, and future research directions were looked forward to improving the security and reliability of deep learning mod-

els through research and exploration.

Keyword: deep learning; adversarial attacks; data attacks; model attacks; defense strategies
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A hybrid convolutional network for medical image segmentation
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Abstract: Robust segmentation of organs from medical images isone of the key techniques in medical image analysis for

disease diagnosis. U-Net is a robust structure for medical image segmentation. However, U-Net uses a continuous downsampling

encoder to capture multi-scale features, and the high-level semantic features are not sufficiently recovered, which leads to the loss

of contextual information and fails to adequately recover the organ features to be segmented. In this paper, a new hybrid convolu-

tional network is proposed to capture more contextual information and high-level semantic features. The main idea of the hybrid

convolutional network is to extract more contextual information and high-level semantic features from the feature encoder using the

proposed hybrid convolutional connectivity module. The multi-scale feature extraction module is used to connect the encoder and

decoder sub-networks to obtain richer multi-scale feature maps. The proposed method is compared with the state-of-the-art methods

on CHASEDB dataset and FRSA dataset. The experimental results show that the proposed method outperforms other segmentation

methods.

Keywords: medical image segmentation; hybrid convolutional; multi-scale feature; contextual information
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Single image super-resolution reconstruction based on
multi-scale attention mechanism

Ahuo Huangjun, Yan Hua'
(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In recent years, deep convolutional neural network (CNN) has made significant progress in single-image super-reso-
lution reconstruction. Building upon this foundation, a Calibrated Multi-scale Channel-Space Attention Network (CMCSAN) is in-
troduced. CMCSAN comprises two crucial modules: the Calibrated Multi-scale Module (CMSM) and the Channel-Space Attention
Module (CSAM). CMSM extracts features from various scales and adaptively adjusts feature information. The CSAM module auto-
matically distinguishes different channel features and effectively adjusts spatial positional weights. Experimental results demon-
strate that CMCSAN significantly enhances the ability to extract intermediate features and exhibits promising performance in single-
image super-resolution reconstruction.

Keywords: single-image; calibrated multi-scale module; channel-space attention module; super-resolution reconstruction

(E#F16W)

Information entropy-based vein recognition for two-dimensional local
binary patterns

Zhang Yunfei, Li Jiangmei, Chen Xi’

( School of Big Data and Computer Science, Guizhou Normal University, Guiyang 550025, China)

Abstract: Based on the problem that the existing LBP algorithm and its variants are unable to extract high-dimensional fea-
tures from images, a two-dimensional local binary pattern recognition algorithm based on information entropy is proposed. This
method first extracts the low-dimensional features of the image using the unified local binary pattern (ULBP), then combines the im-
age information entropy with the unified local binary pattern atlas to obtain the entropy-weighted unified local binary pattern atlas
(EULBP), and realizes the statistics of the co-occurring feature information among the patterns in the local area using the sliding
window, and uses the result as the image feature expression. And the pattern classifier constructed on the basis of histogram cross
distance is used to verify its recognition performance. The experimental results show that the proposed algorithm can achieve an av-
erage recognition rate of 99.94% and 98.84% in both the SDUMLA-HMT dataset as well as the Universiti Teknologi Malaysia fin-
ger vein dataset(FV-USM).

Keywords: two-dimensional co-occurrence of local binary patterns; information entropy; rotational invariance; directional

features
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1 BRRNEZ

1.1 HRFEAEWNH®

TG BARRI S5 53 A FAL B B (One Stage)
5 W Bt (Two Stage) B2, H Ll YOLO Bk
15 SSD B33k Sy AR 2 1) B B A 3 o PR L)
BIG, St ERURARI IX k17 Ak O R, A
SRR R A, IR PRI BN A A
A I B B 1k X 000 A 1 L DG B8 AR 3 T B B B
SRR R, R DU TR R A
1.2 YOLOVSE#E#A

YOLO R 5N kL% —Fpiz T B skl <k
BRI B R, A 20234E 10 H 19 H, HilA
EL 4G B4k 2 YOLOVS RiAS, 17 H A
FERRAF LA YOLOVS e i 44, 8% iZis HT
HEg R, YOLOvVS 4k K T 45 DU AR 1% 3 A 4%
Fay T A AR B0 AN [ 38 3 A R 4 i, A I A 7Y
MBI EE L YOLOVS-N/S/M/L/X T AR
YOLOvVS WG| AT HId A, FF XA [F] A5l
HARE R SCAT808Y . 40 5045 DL se 3R 51 B AR
RS — . VERERBA YL, YOLOVS A
SRS B S, AT LASC RS . R,
ARAFFTERE T YOLOVS BikAE NI s st 2
AR 1R

] [ e | [t | | g
MBBUIRAL ) b i b 89 il [ %0, 7748 Bm

1

HETREER | e ey %
DU R | a4
ISR ] I £ Sl
tf
b | @Engee | (st
B, RIE | B, BT o 27 i
W R L o T

B 1 YOLOvs&ikimizER

1.3 HARATH AN FET

TP(True Positives) : IEAEAE MUY IE
FEA

TN (True Negatives) : T FEAS B 1EH - 51 K
TREA

FP (False Positives) : 1 AE A B AT 12 U1 A
IEFEA

FN(False Negatives) : 1EAEASHE A = 5] R
TREA

K5 10°% (Precision) :  JUrA g R IEAEA Y

FEATR SR IEAEAS UHER, TR AN
Precision = T (1)
TP + FP
12 (Recall) :  7ESEPR A IE RFEAS Hh iR
SEREARIRER, AN
TP
Recall = TP + FN (2)
PR HH 2% (Precision-Recall Curve) : Precision-
Recal INZGBAEIT (1, 1), REBIRHEREBLS
AP(Average Precision): PR M1k (028 T ifif ifif
o
mAP (mean Average Precision) : 45 28] AP

CRETIC
2 HEI%

2.1 BREAELE

F A Kb PG R B A o) 1 N T M
M T4 2 WL X 22 AR R, H TR A
1 R YR A T 18 A B £ I R o8 A T .
B2 HAr O A A S 540, A 2
NSRBI I B 58 2B S5k i B /) i
DA BT A0 2 BELAS 2555 O, ok ) 4 A R R AR B
F I AT A FERR I, LAY KA 4, Bl
GRBRGE T AR A TR R 21T R
OYMT o AR SC AT B rp /N R RO A BF S X
%, DN AP MR 45 ST AL oA
FBEEINE 2 iR .

B2 HiEsEHS]

W 2F AR R EAT R AR S & (dx) L i3k
AL FHEVTRG) , FHk ), 2FGs) .
vz (a) . ANHBHE (x0)-E2; F IR BRI EUN
XPEHR R, #h R BN (z) X — AL, 58
WaRiE, AHGS, R

F1 BEIFWRHE

25 dx dk tt 7t Js 7zl xt jz

E/ T ) 1 2 3 4 5 6 7

A 72462 58932 117528 5339 4183 4101 4663 680
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Ak BRGS0 A 1 DL AN AL 3 BT o 2.2 H®EIYN%

S 2R 4 CPU R4 12 A0 e IR s
25 17-12700H AL BRES , 7E RTX3060 &+ S5 N
B SEYOLOVSs ERY AR R BT PR Rl B, i%

600003 BINGS80. N E300 7%, batch-size N 8.
o YOLOvS M Z& iz 145 R i 4 s o
YOLOvVS #4rZRE5 i 5 s, &893 50
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Instances

2 LA 6 TR
—— B b, %314 H DR R B
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B3 HIEENHIER B PN, 1E 2505 2 e R E A T F
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hEGEEAE . JET YOLOVS SR AR R AT R P 58 - 65 -

F2 £0.99.199.299 BIILREHE(1)

5850 train/box_loss train/obj_loss train/cls_loss  metrics/precision  metrics/recall  metrics/mAP_0.5 metrics/mAP0.5:0.95
0 0.073945 0.23269 0.0439460 0.62092 0.26123 0.21678 0.10391
99 0.030562 0.12208 0.0078262 0.92529 0.91466 0.96047 0.80648
199 0.028398 0.11124 0.0065061 0.94828 0.92736 0.97182 0.82759
299 0.027524 0.10566 0.0055784 0.95975 0.94097 0.97921 0.84226
& 3 $0.99.199.299 #il Z ¥ #E (2)
BRARKEL val/box_loss val/obj_loss val/cls_loss x/1t0 x/Irl X2
0 0.050587 0.184570 0.0325020 0.0033316 0.0033316 0.0700160
99 0.023986 0.106030 0.0058159 0.0078311 0.0078311 0.0078311
199 0.023463 0.101660 0.0050206 0.0033321 0.0033321 0.0033321
299 0.023273 0.098422 0.0043732 0.0010010 0.0010010 0.0010010

o, AL APFREIEF]97.92%, FRLYIZKS

3 4HiE

3.1 B%

Wt YOLOVS BE ik 2k, A ST 7R
RS BE vy, FEA A R AT iR R o — e
B RM FE AL R B Rk, 12 H YO-
LOvSs B 2 PR AT R i) v 8 SE A 5 2K

R FEAAFAE—E AL . AR
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PyTorchiEZR THIE H37= BFRRH 77X R

HtE

(ZRCEFI A B BEHER, A 230031)

BE: A1H

AEAE 22 (PyTorch+OneDNN) /£ £ % %% B 47281 £, B AR & AR AR HEL A, A, 47

B —Fp kT PyTorch 1E 28 4% A2y F BFRANFE, FINMPLF 8 Ring Allreduce Mk, AL PyTorch4E4, VA FEI
H TR AIE R RAEBGEAL F 0 R HAEHIE R F Fo LYY AL 2. ARG 09 PyTorchAER sl , H 83| I 9% B Axdf
MEL WA AEZ ) R S, MR IR S RE AR Z M 0 B AT AEZ A 09 KB, AE 8D BB ARG AR R AR AR e 5K £ Bk
S BRARGMLY, IRYE B XM, FZILB AR A SRR, MXEREW . ARG KOG ERERPARTA 1B, AR
PR E A 1074, EA T HRF = LA RN 8RR,

B3 PyTorch#E % ; B &%%; BB LRGN, Ring Allreduce Hik; Scatter Reduce #:1F; AllGather #4E

0 3

F AR50 4% 7 PR sl R o 4 IR
0 HARIFBEAT 328, 10 AR08 R P 45 e
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B TERIRREPE
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T 72 2 SR A5 B R A B IR A BEA TR HE 2 W NG
7o Bt 285 BN A BT 50 T HESh

i
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JissR RS2 I HLE], DAL A T IR A R
ATSEPE S 256 BaRXE 243750 B s A s kiR )
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R, AEJE S L) PyTorch HEZR [ F 2220 R 3k
fith, ABAEAERE— T A |, R Y
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b BTS2 5N SCRF IR 5 ) (9 H AR IR S
Jiik, WO T IE R RS .

ARSCLL PyTorch HEZR W FEA, 2 HH I 2 3 5%
Fbs A s RIS, i xl bl g 77 =X
BrUE 1 BT R R SEBR HRCR o

1 E#G=BRAHNLIRATEIEIT

1.1 PyTorch#EZE# 4%t

T AR BE PyTorch HE 42 B8 % fiz K BIR &  1
A5 N W B AR A SR BT R, AR SCE
 PyTorch HEZR A 7 T PRAL AL o X T 5L 4R Y
PyTorch HEZRT 5 , 7EXEIFAT I A fE v
bE & B — N REAC AT, X T2 B 45 AN [
TREHE, BB SRR A 8
RYRIATHA TS RS, BT ia B AR IR
BRI ZEA AT IE o) A S )B4 2R A
$55 100 205 2 500 85 R o ()R 6 PR 47 T S
Fr b, XF 7525 T r B A s 75K
T, DRI D) I 4 S RO A
THO, BEHS 5 ZEXT PyTorch HESE H it 48 FIAR 240 P
HEATIRIA AR, [RIHEA AR

£ PyTorch HEZZ [ & W AL AL A FE v, A SO
Bl MPLHEAERY MPI_Allreduce BAE R PyTorch HE
ZRERLLY R, -4 #7155 A2
MPI_Allreduce %74 1 3 JE 38 15 454 Ringllreduce
o AR b S R R T AR A Y ) 4 Ak Ak 2
A, A SCAE B Scatter Reduce {4k PyTorch HEZ42
T B) 8 32 B KR AL, B AllGather X
PyTorch HEHE iy 35 7 Bl S sg e L. 2
TR SEBAL RN

A 1. IR 43 PyTorch HEZR Y 5 v it %L
i, EHUNDBNIIE AR, HEEE
B, SR B &S s Bt 7 £ i 5 MPL_Allreduce
SR MR 454 Y s e — 2

PR 2. X F 58 ) 2 K 43 19 PyTorch HE 42
A EIEYY, X HEFT Scatter Reduce, HAK[Y
AT UEL L PyTorch HE 225 i B4 B B & /> —
Wo B BRI, B Rk IR Y
B Yo 2 78 4 WA AR TP AR 2 Y HTIAT Scatter
Reduce #2 /E )47 &0, Hod, B 14 Scatter
Reduce #AE ) BARBA TR B KL,

a | b o a | b | a

.

B 1 Scatter Reduce IR EREHITHRIERERE

A BE 3. PyTorch HESL A4 FIr A7 749 151 58 i
Scatter Reduce #2EJ5 , FFLL PyTorch fEZE H 1) 47]
A RN S, B R HEAT AllGather 4844
G5 S PRAT R SR 3R B ik . BdE el
BHRAI G . 4 PyTorch HEZR i BT 15 AU KA 4
SETERTG, iR

W BRI, e ERGE TR
H s B sh b5 75 R 52 B PyTorch HEZE H 38 W
AL B, i Scatter Reduce $#24E 1) 32 EX4E
FHJ2 7€ PyTorch HE 2L s B4l B 15 8504k B A2 i
i, R R SRS B SR T A A,
it ik Stk — 2P 32t PyTorch HE4E X & 2% 47 ¢
T BARFRRE A AT AR RE . AllGather_ring
FEAE = EAE R AE PyTorch HEZRT 5 oo 842 %
AT A w AT, DL 2237 50 F 1 H AR
FEAEVCECHT B B A TR
1.2 thPyTorchER TR R HAFRA

k%t

SRy P A E R ) HARYAR, BN g
DIARRIA R | 238 SRR 2 e 7 X
HEL, (8 Bh 115 E#E AL PyTorch HESE, fiff
PUN Ty 2 B i . RS2 2 Ak, IR S B v
BRI, PRI, ARSCIETT RS 25t H s H 3l
AEBUIIR, FEEARYE H AR RSB

e, ACHE IR I 5T I HARRHE
535 SEMEZ M A3 XPE, I PyTorch HEZE
B 22 ROBERRAE 2 o 0 A 1 BR RAIE 22 8] ) DGR o
TEHARM AT SR D, R T 5 U
BRAEFNBR 2R SRR OE 3, DL BRI
BELEA 2K PyTorch HESE h g i 22 RUBERAAE )2 4
WERATETER T, S B AR 2 RUBEARAIE A DR BE
file o o, BARRRRERLG Ty =0T DIRIR

X, = Concat[bi(x,)] (1)
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Hirp. X, 3878 PyTorch HEZ2 Hh i 22 KR RRAE 2
i 1 HARFEOE IR BE A5 45 R, Concar 7R H
FRAFIE ) B BRAE PR, b, 7R PyTorch HEZR Hh
Wk 2 REFHE)Z M GRS, « FonE
g T B2 REFMES &, 2R iE R
M, —MIEOLT, BT HARMZ RUE
FRAESat o fE E, 02328 5t DL R A B
AR, ANFYERE T MRHIES E AT aess 3l
AR EE RSN, IR DL SRR A AR S 5
BT S E.

TERE AT F 6T H AR 0300 )3l AT LA
BEA X I 2375 T H AR RlG AR Y DT JC ) 2
BRI 7 20T AR R

Lclass(xﬁc)_*'al‘loc(x’ lv g)_}
N

X

(2)
H: Lix,e,l,g) FRE IG5 T Hbrfl & Fr
AR PERCZE IR, x F7R i A 3] PyTorch HEZL
HRGFERBER, RaBUlEREER,
13271 PyTorch HEAR I BORRAEMR VEHE , g Fe7m LKL
MIRFES R, L, RN 2805 HARRFIER 20
RRIRE, L, R8G50 T AARFFIE A
BEARIRE, o RRMERE, NERHB AR
B IIEPSUSY @8
I AT, HME AR R T AR A
ARG, e R R 3R R Y Al SE . SE Bt
AR N -

import torch

L(x,c, [, g)=max

import torch.nn as nn
class MultiScaleFeatureFusion (nn.Module) :
def __init__ (self):
super(MultiScaleFeatureFusion, self).__init__()
self.conv_blocks = nn.Sequential (
# X BEBIMERHS
nn.Conv2d(in_channels=3, out_channels=64,
kernel_size=3, stride=1, padding=1),
nn.ReLLU( inplace=True) ,
#INMEZMERZ ..
)
self.deconv_blocks = nn.Sequential(

# X LA SCE AL A
nn.ConVTransposeZd(in_channels=64, out_channels=
32, kernel_size=3, stride=2, padding=1, output_

padding=1),

nn.ReL.U( inplace=True) ,
# NI Z M RERZ ..
)
self.residual_blocks = nn.Sequential (
#IX IS INGR A5
nn.Conv2d(in_channels=32, out_channels=32,
kernel_size=3, stride=1, padding=1),
nn.ReLLU( inplace=True ),
# IS Z 5k 22 5 .
)
self.classifier = nn.Sequential (
nn.Linear(in_features=32, out_features=10),
# 33X LAY HR R 250 T AR S Bl SR 9
)
def forward (self, x) :
x = self.conv_blocks(x)
x = self.deconv_blocks(x)
x = self.residual_blocks(x)
x = x.view(x.size(0), —1) # flatten the tensor before
classification
x = self.classifier(x)
return x
# BRI AT ..

model = MultiScaleFeatureFusion( )

XF T4 2 B ER A3, T LAAR 4R SRl oK A
FE SRR pREL . mT LA PyTorch 4 PN 461 2K bR
., 41 nn. CrossEntropyLoss () #1743 28451 25 i 1
B, nn.MSELoss O) #FA7f0 E R B 1155 . RS,
A RURE I PN &5 5 R, B i — A SR
W R -

criterion = nn.CrossEntropyLoss()  # 43284 2k pR %L

criterion_loc = nn.MSELoss( ) # B R R
# TEYN AR ..
outputs = model (inputs)
loss_class = criterion(outputs, labels) # 71732k
loss_loc = criterion_loc (outputs_loc, labels_loc)
# T B R

# TR RR

loss = loss_class + loss_loc
Rz A3

2.1 WREKE

TEII AT A SCBT A EE T PyToreh HEZR A 52 2%
Yy B AR B S AR D7 ik S B B FHRCR I, 33
SE S 5 IR0 RZEL 73 531 0 SCHIK L 2 19 11 64 LAk

N
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it ResNeXt50 5% 22 [ 45 Sy 5L Al 19 H A A 2h fL IR
ST, DA SR [3 48 59 DA CycleGAN
AT 3G 51T % 7~ S Akl i H Ak A sh kiR
S5 FEEARIN G R, R EAE AR 32
BAUSEPIARUR, 35 e E By e AT FE T
2% (Defense Advanced Research Project Agency,
DARPA) #2 it ) MSTAR (Moving and Stationary
Target Acquisition and Recognition) K%, L Mas
ZEMF9E % (Air Force Research Laboratory, AFRL)
LAY MSTAR EIf& .

H T ARIESE S HET T, B R BiREE
IR AT IAL B . A% SCXE MSTAR 4l v i) K B2
KGR BEAT AL, (I LD R (L TEHR B A
4545 MSTAR ¥dls A B B Jm PEAFAE, A ST TT
N GRREA S B 58 35 R BE AR AR 5 5 R 1) 32
Wk, SR RIASTR] A1 B2 A ke e O ORI e A 4
PEATPAL B o X T B — R R a1 R, X
ARG #7273 534 907 L 180°F1270°, JEIR ALy
KN 64x64 1 DX T RAE 25 FA 0 e 21y
PUIXT SR . Hor, AR MSTAR #4215
BRI,

Fz1 MKXMSTAREIREIZEER

HAr  UIZRECR RS B RS I (R

K 4560X4 22400 32X32
(PN 2260X4 35600 32X32
m4 3020X4 30700 32X32
B A 2160X4 34500 32X32
5547 3390X4 26100 32X32
SN 2560X4 21200 32X32
SEFER 2300X4 23600 32X32

PLER 1T IR A 1 0 R Rl
TR AR K A B M T e U 4 SR A R
ma), ZE IR X B GREAR AT U b B, DAt
SCEMNKREA B B i . AE B A A Sh kiR 5
W, EE ST AN SR AL B, Gl R
R R A 45 2 6 H AR IR I 45 31 g A K,
HRREFEEEH AR OB T 55 RN
XFECBH S, TG KR IS RO AN B AR L, 4
AN 2 iR .

(a)RGBHIR, (b) KR
B 2R3 77 % B Zh L IR A1

tE 2 0], RSO T IE AR R 22 B s
H stk P, 235 S/, nl R B N
W B BB
2.2 WMRLERE 2

B % b s U G B AR R ), B
K JH B ResNeXt50 4% 22 W 45 1R 51 i . oot
CycleGAN FIE & Sy 3 amiE A 24 2 U1 7 i fiAR
SCBETFR I 8% 3 (a) 400 3R TR R T L) Ak
o R EAR R —iEa suv,  H s
GG HRLUE 3(b) ~ (d) iR o

(a) WIUHEIR (b) ASCBE RS 7

(e) Pheik ResNeXt50 %% 2%
[ 28R 5 1

(d) ek CycleGAN FVER T
SRR 2 Ry vk

B3 =F7EMIRAR
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Research on object recognition methods in complex scenes under the
PyTorch framework

Zhang Jinjun’
(Department of Information Management, Anhui Vocational College of Police Officers, Hefei 230031, China)

Abstract: The artificial intelligence framework (PyTorch+OneDNN) is prone to the problem of network parameter gradient su-
perscale in complex scene target recognition. To this end, a complex scene object recognition method based on the PyTorch frame-
work is proposed. Introducing the Ring Allreduce algorithm in MPI, optimizing the PyTorch framework to achieve super scale data
synchronization and reduction processing in the iterative feature extraction process of complex scenes. Based on the optimized Py-
Torch framework, considering the intersection between complex scene target features and background features, we construct an en-
hanced correlation between target features output by multi-scale feature layers. By leveraging the advantages of deconvolution fea-
ture fusion and residual fusion operations, and based on the above correlation, automatic target recognition can be achieved. The
test results show that the overall number of errors identified by the proposed method is 113, and the overall number of unrecognized
errors is 107, proving that the proposed method has better automation recognition performance.

Keywords: PyTorch framework; complex scene; target automation identification; Ring Allreduce algorithm; Scatter Reduce

operation; AllGather operation

(EBF657)

Research on student classroom behavior recognition based on
YOLOV5 algorithm

Ma Ruicheng’, Chen Ji, Wang Binghuai, Long Juncheng, Liu Yu
(School of Electronic Information, Southwest Minzu University, Chengdu 610225, China)

Abstract: With the popularization of smart classrooms and educational data mining, our project aims to create an automatic
detection and analysis method for student learning data in a smart classroom. Based on the YOLOv5 model, two types of learning
data are implemented: classmate counting and learning behavior recognition. This model recognizes seven types of student class-
room behaviors, which assists teachers in judging student learning situations and making pedagogical decisions, including writing
with head down, reading with head down, listening with head up, turning, raising hand, standing, and group discussion. Research
shows that the detection accuracy of the model reaches 97.921%.

Keywords: student behavior recognition; YOLOv5; computer visual technology
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A lightweight posture detection algorithm for volleyball self-digging

Ling Xun, Tao Qingchuan

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Due to the limited storage and processing capabilities of edge devices, it is difficult to deploy a more complex YO-

LOv7pose pose detection model in practical applications. The article conducted a series of lightweight processing on YOLOv7pose,

using the backbone network of FasterNet to reconstruct the feature extraction network of YOLOv7pose. The output of the feature ex-

traction was applied with a CBAM module to compensate for the loss of accuracy. Finally, redundant multi-scale detection heads

were deleted. Experiments have shown that the improved lightweight network reduces the parameter quantity by 2/3 compared to

the original network, increases the computing speed by 2.5 times, and reduces the accuracy by only 3.8%. It can meet the real-time

detection of human posture during the process of volleyball self-digging by edge devices.

Keywords: pose estimation; lightweight; edge devices; YOLOv7pose
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Research on entity relation extraction based on active learning

Sun Han"

(Network Service Center, Taiyuan Open University, Taiyuan 030027, China)

Abstract: Relation classification is an important NLP task to extract relations between entities. In this paper, we report our

method for a largest schema-based Chinese information extraction dataset. We incorporate BERT into a new framework and apply

active learning for joint entity relation extraction. This model extends existing approaches from three perspectives. First, our method

could solve the problem that multiple entities belongs to multiple triplets. We design this framework based on the idea of probabil-

ity graph and develop a new “head-tail” labeling method. Second, we proposed an innovative approach that apply active learning on

relation extraction problem. Third to transmit information between subject entities, predicate and object entity, we propose a new

normalization method called conditional layer normalization. fourthly, a new loss function is designed to avoid class imbalance.

Therefore, we enhance the information extracting ability of the model and achieve F1-score 0.840 on test set with a single model,

and achieve better performance with much less data than the original deep models trained by full data.

Keywords: BERT; active learning; joint entity relationship extraction
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Intelligent access control application based on face recognition and
temperature measurement technology under the background of
epidemic prevention and control

Zuo Kai, Tang Yaoping’
(College of Science, Hunan University of Science and Engineering, Yongzhou 425199, China)

Abstract: Through in-depth research on face recognition and temperature measurement technology, the intelligence of the ac-
cess control system has been realized, aiming to provide a more efficient and safer solution for epidemic prevention and control. The
application system combines face recognition technology and infrared temperature measurement technology to realize rapid tem-
perature detection while quickly and accurately identifying the identity information of people entering and leaving, and record and
statistics of people passing through, providing more comprehensive data support for epidemic prevention and control

Keywords: face recognition; infrared thermometer; door security; intelligent prevention and control

(EE%88T)

Research status and insights on multimodal learning engagement
measurement—based on CiteSpace visualization analysis

Zheng Chenhong’, Zhang Haibo
(Institute of Education, Guizhou Normal University, Guiyang 550025, China)

Abstract: Multimodal technology breaks through the limitations of traditional single-modal data to realize accurate, scientific
and comprehensive assessment of learning engagement. This paper takes 204 articles included in Web of Science database as
samples, and uses CiteSpace to visualize and analyze the multimodal learning engagement assessment research, which comprehen-
sively shows the main research countries, journals, highly cited papers, keyword clustering features, ete. In the future, we can fur-
ther broaden the application scenarios, deepen the research topics, and emphasize the optimization of multimodal learning input as-
sessment. In the future, multimodal learning engagement measurement can further broaden the application scenarios and deepen
the research themes; pay attention to optimizing algorithms to improve the accuracy of data analysis; intervene in physiological data
and strengthen the collaborative analysis of multimodal data.

Keywords: multimodal technology; learning engagement; knowledge graph
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Network traffic prediction based on spatial-temporal features cross fusion

Huang Dongmei, Ning Qian’

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Accurate network traffic prediction plays an important role in the rational allocation of network resources and the im-

provement of communication quality. However, network traffic has complex spatial-temporal dependencies, presenting a high degree

of nonlinearity and complexity, which brings difficulties to traffic prediction. After studying existing literature on network traffic pre-

diction, analyzing the temporal and spatial properties of network traffic, a network traffic prediction model STCFusion based on the

cross fusion of spatial-temporal features is proposed. And sufficient experiments were conducted on three publicly available datas-
ets, ABILENE, GEANT, and CERNET, and the experimental results showed that the proposed STCFusion had significant effects.
Keywords: network traffic prediction; self-attention mechanism; spatial-temporal features
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inputs = Input(name="inputs, shape=[ max_len])

## Embedding (1A[{L. 2 K/IN, batch K/IN, 54558 5] (Y

)

layer = Embedding(max_words+1, 128, input_length=

TFw (1)

max_ len)( inputs)
layer = SimpleRNN(128) (layer)

layer = Dense (128, activation—"relu” ,name="FC1")
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(layer)
layer = Dropout(0.5) (layer)
layer = Dense(2, activation="softmax” ,name="FC2")
(layer)
model = Model (inputs=inputs , outputs=layer)
model.summary( )
model.compile(loss="categorical _crossentropy”,

optimizer="RMSprop” , metrics=[ “accuracy” ])
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Multi-stage entity and relation joint extraction method for water usage
structure research field

Tao Tianran®
(School of Information Engineering, North China University of Water Resources and Electric Power, Zhengzhou 450046, China)

Abstract: Previous knowledge extraction models overlooked the intrinsic semantic relationships between entities and, in par-
allel, resulted in a significant amount of redundant information when dealing with water usage datasets with complex relationships.
To address these issues, this paper proposes a novel entity-relation joint extraction model that integrates semantic information. The
model consists of three stages: In the first stage, text information encoded through BERT-wwm is projected into the relation detec-
tion space to filter out redundant data in the relation set. In the second stage, a multi-head attention mechanism is employed to fuse
relation information into text encoding, obtaining sets of head and tail entities corresponding to each relation. In the third stage, an
entity-related matrix incorporating fused contextual semantic information is introduced to accurately extract triplets. Experimental
results demonstrate that the designed model achieves a notable entity-relation extraction performance on a water usage structure re-
search dataset.

Keywords: water usage structure research; joint extraction; multi-stage extraction; semantic information; knowledge graph
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Research on text sentiment analysis based on neural network

Si Jingzi', Xing Jianchuan'*", Xiao Xin'

(1. School of Information Science and Technology, Tibet University, Lhasa 850000, China;
2. School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 610000, China)

Abstract: As a popular research direction in the field of natural language processing in recent years, sentiment classification
aims to identify the emotional tendency in text, such as positive, negative or neutral, etc., and it is of great significance for research-
ers and governments to mine and analyze the emotional polarity of a large amount of text data such as social media, news, comments
and user feedback. Traditional sentiment classification algorithms usually use statistical-based feature extraction methods, such as
bag-of-words models, combined with machine learning algorithms, such as support vector machines(SVMs) and naive Bayes classi-
fiers. Based on the research of neural network, the text sentiment analysis is realized, and the sentiment analysis model is estab-
lished after the text data set is preprocessed , use the Keras framework to build a recurrent neural network to identify emotional ten-
dencies, after defining the relevant functions, model training is performed, and use a series of methods to test the model perfor-
mance. Compared with traditional machine learning algorithms, the accuracy and efficiency of sentiment analysis are improved.

Keywords: NLP; recurrent neural networks; word vector training; deep learning frameworks
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Smoothed Track using Savitzky-Golay Filter
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Smoothed Track using Savitzky-Golay Filter
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Research on aircraft taxi trajectory correction during landing stage
based on S-G filter algorithm

He Xin, Wang Jingyi"

(College of Air Traffic Management, Civil Aviation Flight University of China, Guanghan 618307, China)

Abstract: Analyzing the operational trajectory of aircraft during landing is an important means to objectively evaluate the tech-

nical level of pilots and the operational quality of airlines, and is of great significance in ensuring the safe and efficient operation of

aircraft. Through dot analysis of the longitude and latitude parameters in QAR data in map software, it was found that the trajectory

of the aircraft during deceleration and taxiing on the runway showed significant twists, dislocations, and deviations. This article

uses the S-G filtering algorithm to construct a trajectory correction model for the aircraft landing phase, and performs trajectory cor-

rection processing. The results indicate that the S-G filtering algorithm can effectively correct the original trajectory by modifying

the model.

Keywords: aircraft trajectory correction; S-G filter; QAR data
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Design and implementation of appointment registration system based on
WeChat mini program

Wang Xiangxi', Zhou Xiaobo, Ni Tiandi
(School of Computer Science, Xijing University, Xi’an 710123, China)

Abstract: WeChat mini programs have the characteristics of convenience, speed, and simplicity. They do not require down-
loading or occupying too much memory space, are easy to operate, and are cost-effective. Therefore, using WeChat mini programs
for online appointment and registration has become a trend. The project developed this time uses eclipse, WeChat developer tools,
JSP technology, Java technology, MySQL, and other tools and technologies to develop a WeChat mini program based appointment
and registration system. This system can directly and remotely implement the appointment registration function, becoming a conve-
nient medical service tool.

Keywords: WeChat mini program; WeChat developer tools; Java; JSP; MySQL
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Design of ECG signal and multiple data acquisition and analysis system
based on LabVIEW

Chen Yahua, Zhang Kaiqi , Ma Jun"
(School of Information Engineering, Changsha Medical College, Changsha 410203, China)

Abstract: In recent years, the incidence rate and mortality of cardiovascular diseases have been rising. In order to provide
people with a more accurate ECG signal analysis result, the system uses ECG signal as the sensing node and combines virtual in-
strument technology to create a more accurate, low-cost and reliable ECG signal analysis system. Its advantage lies in its ability to
combine various factors of the user; For example, due to factors such as weather conditions, diet, geographical location, physical
condition, and lifestyle habits, combined with mature ECG signal data analysis methods, this device has the characteristics of
real-time data acquisition, processing, and analysis for continuous ECG data, with high accuracy. The results indicate that combin-
ing multiple data analysis results is more accurate and can better meet people’ s needs than a single analysis system, which will
play an important role in preventing and treating cardiovascular diseases.

Keywords: virtual instrument technology; cardiovascular disease; system design; electrocardiogram signal
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