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Vehicle detection based on improved YOLOv7-ECA-SSA model
with sparrow search algorithm

Chen Hong Zhang Le
(School of Electronic Information Engineering, Xi'an Technological University, Xi'an 710021, China)

Abstract: To solve the small target under complex background of vehicle detection error detection, leak phenomenon,
such as innovative put forward an improved YOLOv7 network target detection algorithm. Firstly, in order to solve the
problem of small target vehicle secondary information interference, the ECA attention mechanism was integrated into the
main network feature layer of YOLOv7 model, and the weight proportion of target area information was enhanced and
irrelevant information was suppressed through adaptive learning. Secondly. in order to solve the qualitative problem of
hyperparameter stochastic experience of neural network detection model training, the sparrow search algorithm was used
to optimize the hyperparameter of detection model training, and the global optimal learning rate was quickly converged
through internal and external double loop iteration, and then the weight information of the optimal group was obtained,
and finally the detection accuracy of small target vehicles was improved. The experimental results show that the detection
accuracy of YOLOv7-ECA-SSA detection model based on structure optimization and hyperparameter optimization is
79.01% on BDD100K data set, 5.38% higher than that of the original model, and has better detection performance of
small target vehicles.

Keywords: vehicle target detection; YOLOv7; attention mechanism; hyperparameter optimization;sparrow search algo-

rithm

0 2| AR B TR RS GUR T i R R A S S g
PRI BB B OLAR S 2% . AT B Ot R
B THC R RN SF R R IR R, A S Bt SRR RN S B AR IE R AR B i A

il

¥ %5 B H5:2023-08-29
CTEEWA A REITIE (2023-YBGY-031) % B

— 158 — MEIPERTFMEEAR Hh BB O T



20244 2 B
H43E HOH

9 5 PR S A I 0 DT TE B AR A I 5 R B A T R
R EIG . B, 78 5 2% 18 B A5 T 0 23 A7 e
SEHT RN AE A 22 Bk B E mEE R M E .

g H AR R FE X T E B AR E e A 3
Bk BRAVE R B AL 2 | H AR AR B IR X LA ) R R A1, TG
235 BN B B AR AT S A A R

R TR 2 20 W e A T Oy i 2 2 AR T K
WY, FARSAAE TH B B S IR BURFIE I #1740 2K 2R
TR VAt R RN B M A R TS B OAS [ R A T A
550, Jr Bl g Faster R-CNNTY g {8 2 iy B4 4G I 5%
(two-stage) FI IR £ 31 HE K (single shot multibox de-
tector.SSD) '™ . YOLO(you only look once)™ M %% Jy X 3%
1% BA 2 K6 I 28 15 Cone-stage) . RUZRKS I 440 12 3 o<F 4484 Jhn oY)
SRR SR 4R Th R A B IR S R R R D EE R RN A
TN

T B 250 Ay 00 B30 30 N T L PR B TR AE , TR — IR RR AR 42
iV QO R S R 7Y oAl I AT E N ANE s g S s A £ L
FE AT EWAN . YOLO ke i B R M 3
E PR KN 335 2015 4R 48 11 YOLOvVL Bk, I AW & e #
Bro BEXE /N B PR 425 R e A ) B, SRR (8] 2 TR
YOLOv4 5 3% i 82 T8 B AR 5 00 2%, [ AR/ H A 42
5 100 TG A 23R, I X A0 G R BSCHE AT O S i 2R AR T A
A AR T AR BT BOH R IR BB W T R R G AT
i 2 [ A S SR B . SCHRL9 JHR K Sim AM (simple
attention mechanism) J&Z & & I HLH-" 5 ACON-C ¥
T PR B AR X YOLOvA 27 W 45 il 5% 22 25 1 1k 17 2l
HECAEARIINBIN S B8 DRI 4R T AR R AR 451 5%, AT 42
= MR . SCERC11 42 B3+ YOLOX M4 £ R
FlE: . Bt M) CSP(cross stage partial) 45
5 23 ] 4 F 35 W Ak 45 14 (spatial pyramid pooling, SPP)M
SEAE L 0 AL 9 25 10 15 2 1% S, 42 A T AR IR BRI CA
(coordinate attention) 7 7 J3 HLHIT L 38 00 A% 0 H b5 19 45
TERINBE ST, 23 B br s A6 o) 8, SCRRC9 15 SCik[10] fr
8 I 07 12 B N A A T A B — 4R T (EL X A T 33 R
kit

PRI o % 24 i B B8 T A B 2 20 T T 5 R Y H AR A
N 3ok 2 v A A R T 5 A R TR A B O A SRR T
YOLOv7 " S, ZEAAY 32 I 4635 43 I A i 4500 38 7 2
F11%) (efficient channel attention, ECA) . #2 7+ H #7 X 38 1%
FRAESEEUCRE 7 5 1 % R B2 2 > v B 2 B0 Ak m) A8, i AR
8RB U (sparrow search algorithm, SSA) X 45 %1 2%
> AT EACR AL PR WS F IR A 2T L FE R B 0
T 2% B AR LT 4 v A B R A i

1 YOLOv7 1&%

YOLOv7 FikER T A M trick, IEE N TP &
B S Bk B A5 AR 25 A BT S WL i YOLOv7 S59:7E 5~
160 fps i BRI Bl PN BRI 2 B SR O TR A R H

Hh B O T

AR X #

B A 0 25

YOLOv7 MERRIALE 3 3545, 4 3 A i A (Input) |
F T M4 (Backbone) VL & 3k #8 (Head) , B 5% ¥ B H K
INTEIEE R 640 X 640 FEIEAT WAL EL, 2 J5 A B £ W 4
o TR RS B HEAT R AR SR I, IF 498 Head A58
FRAERLA 4 3 IR R/ RRAE(F B & A /Y
FRAE 28 3T Rep (S BB BIHO T 1 X1 45 FUZ i H 15 I
#R,

YOLOv7 (13 M 4% 3 22 i % L E-ELAN BLHe
MPConv A B . E-ELAN B3 ] LI #4558 F
L PRHAE, S5 4% ) BB ) IR 3% . MPConv B
B Bl T 4 v o AP 2 T 4 1) 5 3 R AR L B 3 i
R A30KE B ok vl /b 1 B30 A S A R bl A R G I
SR,

YOLOv7 #) Head i3t 5 YOLOv5 #H A, 475 4% % F
FRIE 4 95 P 25 + PR A2 R A M 45 (FPN+PAN) 4544, 4}
SRR FPN-+PAN 4544, 5@ [ 10 T A w9 4y
TERL A7 X R 2 RO B BT AR AE & 235, OF
FH PAN 2548 40 S [ 43 3 3R 00 R A0F 181 0 45 R sl & 4R
R R 26 3k B 7, AT ST PR VAR L AR H AR A,
YOLOv7 BRI ZEF AN 1 iR .

2 YOLOv7 # 8 pl B it

2.1 ETEEBEEENIHKLER YOLOVI-ECA #
Bzt

FERDHURT C iz B A T R AT 55 v, BT
AR BT SR A OGP Sk 1 iR A BB 2 9 45 1 4 RE
B LAY R DL A B T R T L S 2 AR T R
HLHI 25 . BF E R fh B 4% (squeeze and excitation net-
work, SE-Net) """ 5@ izf [ 3 Ji7 Hb 2% = 5 A~ 38 18 ) A L 34
SRR P 25 T 2 P g A 0 4% B A A% -~ RUR AR E 3T JE =
K FR . (A SE-Net 25 4% 32 )2 PEAT R 2 4 45 il i
7 TR Ok BRI VE T .

AT RTELF M RE A BEA AR IR A R ST L,
B FHLE & S HLH Cconvolutional block attention mod-
ule, CBANMD "), BVG] A SH 38 25 ] 1 8% 1 AL i 9 4 4t o
P2 T ) 46 7 A B IBURE 30, DT $i2 v S L P R L (HL [] B £y
AR T 52 2 b, T B BT O TR Ik 2 DR R i A A Ay
e,

R AR 305 A — R i 52 2 0 AL ECA. AR B
X SENet 115, T JhE G [ A 4 32 % 450 20 44 BB 7 >R 119
FEM | AR5 B 8 T A HORRAE DT R 0 P 2% 11 FROR B
Sz A ERE . ECA B I ML 45 B 2 s, Z
AR A IE A R P M AL S Gl KNy e P — 4
A PR R Al 2R Jmy 3 5 30 3 22 1, Z S5 1R T AR B ALE
P LLE a i A FRAE B A5 B B A F B X R Y FRIE ) &

2.2 E-T SSA Bt # YOLOv7-SSA #E 4L & it

FRFEREFIDPEENESZ —, % 2k

EAARFMEEAR — 159 —



farad farad
R X i F43E F o H
SPPCSPC
Backbone w
[ Inputs(640,640,3) | £ 3
T [Conv2D BN SiLU x 3][ Conv2D_BN_SiLU
[ Conv2D BN_SiLU(640,640,32) | I + T -
I | IEERE
[ Conv2D BN_SiLU(320,320,64) | ﬂ’fﬁ ? ? 13
1 T
[ Conv2D_BN_SiLU(320,320,64) | [[Comvab BN SiLU <2 ]
BN
R S | 1
I|C0nV2D BN S1LU(160 160,128) |, [ Concat + Conv2D_BN_SiLU
| [ Extended ELANIGO 160,256) | :
l__ ___ _ _i__ _ _ _Stage2 I&mv Extecn(c)lré(c:lat-EL AN ) RepConv_|— YoloHead |
____________ |
I MPConv(80,80,256) |
I +_ |
| [__Extended ELAN(80,80,512)  |q ‘ UpSampling2D | | MPConv ‘
o — — — — %___J%QJ
r—--r—-——=—¢——=—/—=—=-= |
0 MPConv(40,40,1024) [
I + 1 | N Concat + Concat +
| |__Extended-ELAN(40,40,1024) |4 Conv Extended -ELAN Extended -ELAN TL_RepConv |—— YoloHead |
l_ i__ _ __ _staged
R S |
: | MPCO“V(zi;O’IOM) [\ ‘ UpSampling2D | | MPConv ‘
I Extended -ELAN2020,1024) | :
- —— A 1
3 f
C t +
| SPPCSPC } 1 Exten(()iré((:la—ELAN |7—b| RepConv | YoloHead |
El 1 YOLOvT7 4% 45 by f5i Al
k=p(©) K. X, FRFRE T HRAELLS « WER MBI E;
—_ iter ., ;e RIKBRZ W HBGHIE « € [0,1],R, €
x Wx
HxWx(C

P 5

L

Kl 2 ECA & WL 454

B R AR A B WA SR BE RN RO . G s ) R
AN 2 A A A A I 25 rp Bk s R 350 B AR L 38 TT LA R A% 2 11y
WA SHR B R e A T e

ﬁfﬁ?dﬂﬁﬂﬁﬂéﬁ@{wﬁ?ﬂi}l[ SR S B AL 2 56
FE PR, AR SCRIE MoK SSA BT YOLOVT [0 45 45 2
Fp O R T ASE T 25 8 S B AT DL Ak, 38 3 PN A1 U PR i
A7 =, (BT S 42 )R de 0 24 > 3, R A5 B
PR2H WAL AR S, i#F — 20 32 = A TR A DU A B

SSA 2 —F R B 1) 45 A A B BB R PR A A TR
BRI AW ET R, 8 ‘Tﬁﬁ%‘?*?ﬁﬂ%‘
36 Bl R R A BT AR A B P R B B Y R
R A= B oL

SSA @ BT,

WIREFREN X = (2120502, on BIREL,
d Yt SSA MEWIRIE R X: = [aiisxinssxiale

KIENEEHNT .
X, . exp(

). R.<ST
a * iter .

X = D

X, +Q-L. R, = ST

— 160 — MEAPERTFMEHLAR

[0.1].ST € [0.5.1] AU R E (5 % 2 W {H; L
SERAICRION 1A Q B — A 2 IE &S AT Y
BEHLEL .

B BE B R
Xors — X .
X Q-exp<i72>, i >n/2
Xiwe H1 X0, =X A L, i <<n/2

(2)
A X, NERRMERENLE; X, ARG R R
EMNE; AT=ATAAD T,
18 B FE IS I, T B R R

X FB 1 X0y — X0 |» fi>f.
X0 = | X0, — X | n
X, 4K (o )i
it &f,ffw)+s) =5
(3)

A p 2P KEH SR [0.1] IEZ i K €
(= L]/ RIS N B £, 5 S 20 B2 X Il i
D e 22 B L AR . e /N B e JH DU S 2 BRI iR 22
£ > AERREA T RELE,

IR R B L AR AN A] 3 R

3 XRERS5HH
3.1 ZHHIEE
S8R BDD100K 28 -2 3 s 4 b A7 52 56, A

Hh BB O T



Fih

WEAREE . ERRBI R
HREMFNZHLLE]

l

| R |

—

EHHARE, EAEM
WL B

|

THEER BRI ST
BRENE

N
AR B ARE RIS

M3 RREMREERRE

SCiE B car bus.truck 3 2EhrZE 00 E A L3t 8 074 R AT
WA E AR R G5 AR R 2R
3.2 TRNRESSHIEE

1) SEE 5

W 2% S FRBE ISR 1 BTN

Fx1 ZHHIERE

785 [Lhs

RO Ubuntul8. 04
GPU RTX3090
CPU Intel(R) Xeon(R) Platinum 8350C

TR B 2 ) HE 2R PyTorchl. 7.0

BE Python3. 8

Jon 32 B 5 CUDAL1.0

2 LB R

W 25 S8 SRS E AR 2 Fis .

x2 XBRSHRE

28 Bl
weights YOLOvV7. pt
hyp hyp. scratch. p5. yaml
epochs 61
batch_size 16
workers 8

3.3 FMiERR
ARSCIE I LR 8 A5 ok i 2 A T M BB, 1 B % (preci-
sion, P) . A [ & (recall , R) 3R LA K 4085 BE 2 {8 (mean

Hh B O T

AR X #

average precision,mAP),

TP

P =Tpirp 4)
TP )
R=TpTFN Sl

K TP B &5 58 S IE 6 (P, SEFR &5 RN IE#f (T)
FP TSR0 4 (P, PR &5 R SR (F)s FEN R
I 255 5 g M (N, 5 B 235 B R AR (F)
3.4 IWHEREHWN
D BT ECA 3 T8 i B AL Ak A 6 DU A5 5 0] 3 52 56
SR T 56 VIE i T 3 R LA A R R TR i ) Ak R
B ECA FER A HLHISE BB YOLOvT W 45 5 A0 o, 15 5
YOLOv7-ECA &% IR 3R 2 Urs SL50 2 80171 25
MREAIYIN S 61 YR A2 A7 B, 3R 1A 468 4% 1) 5k d SR 4
R R B AL R 1 4 froR . AT LA EE YOLOV?
FEAY LT 38 1 i 2 LG A 0y R AL A YOLOv7-ECA
RN PO SIS AE TN R — 2 R T

04 - — YOLOV7 =---- YOLOvV7-ECA
0054
0.3 y 0051 -
3 0048
2 \ 0.045
S 0.2 '| 17 19 21 23 25 27 29 31
Epoch
0.1
S g
| JEp e —p——.
0 1 1 1 1 1 1
1 11 21 31 41 51 61

P4 BB G B 2 X L

2)HE T SSA R 18 R 58 A Ak B G 0 ASE 78 30 3 S 3

KT UE B TR AE 19 3R R 11 et A A ) A T R
AW SSA HEE B F] YOLOV7-ECA W 4% #5550 th , 15 3|
T YOLOvV7-ECA-SSA ##, IR 2 (5056 2 5k
TSk, AR SR 61 WA AT IR, 3 8T 0% 45 2k (31 7k
SORAS . BRI R L R A 5 TR . T L, A H
YOLOv7 B 5 YOLOvV7-ECA B, 253k Bk 42 38 R 45 1
Pfb B9 YOLOv7-ECA-SSA 5% B 5 M lie 8k, H 08 2 {6 51
AN ASERVGINER RE . BT R Dy v e AT A R 46 T R
FHHEEHEEH EENE L,

0.25

----- YOLOV7-ECA —— YOLOV7-ECA-SSA

020 005
, 005 F
3 o5

0.04

0.15

Loss
o
=
T  ————
!/7___(%
S
ER
g
B

5 REALG A B 2 X L

HAARFMEEAR — 161 —



R X #

3 I LA Pkt L R 5

9T B AE R B AL AR e o A vl b 0 A b L AR
YOLOv7 ki 3Eal Fin A CBAM A5 Sim AM #He L)
B ECA #5: He ik 47 52 50 X b, 9 4% 455 780 1 B % L dn 3%
3R,

R3 EENMEIERT LI

gl T2 / fps mAP@0.5/%
YOLOv7 59 73.63
YOLOv7+CBAM 53. 46 73.75
YOLOv7+SimAM 61.92 73.10
YOLOv7+ECA 47 74. 94

3 3 IUAEM 7 YOLOVT B gl A CBAM &
BEPLHRG , F AR IO B B4R T T 0.12% , H il T H [
OG5 2 (45 B, K MMl R B AR T 5. 54 fps; 76
YOLOv7 BiEda] A SimAM 12 I HLEE » B AR R )
Wi A BT 82 T, (AP B K WK B R BE T 0.53%; A
YOLOv7 iG] A ECA 2 S HL G . SF 346 Dk &
PEFHT 131 %, i i I K, (H AR TR BRI T 12 fps, B
e ARSCHI AR ECA 1 3 7 AL I A L mT LA 85 42 T 455 Y
ARG R o L PR R 260 5 A 17 S0 PR O o T A Y e
FULH —E M,

4) T il S 5

T AR 1 A O SR A O T R SR g . BT
AR YN 07 vk IR BT B DL RO S 50 — 5.
YOLOvV7 fEREEWER L MKIRAE YOLOVT gL al Lm A
ECA FER PRI He  SSA FRE R, Al sc 0 45
RN 4 PR,

F4 HEEZE

20244 2 B
H43B 2 H

JNf b 56 BT T A5 TE AR 2 A5 S, DA B v R 2R ) A 0
JESAETGI A SSA J5 - i P S AR 1 R R AR B R B
G T IS I G I 1 S S 7 N N S R/ ¢
YOLOv7-SSA %A R 1) m AP H RS2 5 4. 08 %, B
JIA SSA BLH AT LI b 85 A 1 24 > 3% 5 75 6] i 51 A B A4
MRS, YOLOvV7-ECA-SSA #7115 3| i &% 1 2% > R Ry
0. 034 2, J M IS Hy 79. 01% . Lt YOLOv7-ECA #5551
BT 4.07%, lWE IR YOLOVT #EI4E 2 5. 08% , % B
YOLOv7-ECA-SSA BLRIAT LA 10 A5 7 (1 24 5] 3%, fifi 51 44
A A% B PR ) SO S 2 20 2R, T A5 B 0 I A P A LA
B o 2 T A P ARG R T

SYBGHE Y YOLOVT [ 25 A5 70 5 Al ) 25 A58 70 1) %o L

AR SCRAL I Y OLOVT P25 A5 51 5 H Al 1 2% 455 784 33k
AT NT B R0 2 00 F T ) 28 RS 0 ) A A M . A SO
Bl & KRR N S50 — 30, 45 R 3k 5 TR,

£S5 TEMKRBLEERIILL

- e L MR
LR 173 /fps mAP@0.5/% e
Faster R-CNN 25 57.17 —16. 46
YOLOvS 48 72.34 —1.29
YOLOv7 59 73.63 0
YOLOv7-tiny 78 62.73 —10. 90
Improved-YOLOv7 62 79.01 5. 38

A Wi2 // fps mAP@0. 5/ %
YOLOv7 59 73.63
YOLOv7+ECA 47 74. 94
YOLOv7+SSA 62 77.71
YOLOv7+ECA+SSA 62 79.01
MG LI 25 R A4S L 51 A ECA 8 1 & S L

BEHE , BAR B A 5 S8 TR B AR X R AR
J b AR T R 5 b A b o A TR ARG T e R AT — i R
H K YOLOV7-ECA KAL) mAP 4 74. 94 % , A H0 R
IR YOLOv7 SEUS IR T 1. 31% . KA ECA #i&
1B e AR B R Y R A SR HRE . AT L, Ol T
B AL 8 I IR B A RRAE 2 RN 455 8 (R, RE S 1 38

— 162 — HEAPRTFTMELEAR

i3 5 L5 Rl I, Faster R-CNN 5 YOLOv5 %
BRI OKE BE 5 ORI M R IR T YOLOV? B
YOLOv7-tiny 581 fR I Mt 28 5 /57, F 7 24k I0KG B 41K
YOLOvV7 B 51 YOLOvV7-ECA-SSA 746 45 B 5 1%
Wi 3 F YOLOvVT 8k, B T4 AR o 68 L RE 1%
T 2 A A L S R

B R R R R IR 6 s, Hrh L dE 3 A
Y B 6(a) ~ (DRI HN YOLOVS 328 . YOLOVT B3k,
YOLOv7-tiny 35 % L1} YOLOv7-ECA-SSA v 1t Y1l %5
i, mE 6A TTLIE M, BT YOLOV? BRItk A
G0 3 Ak ke g 6+ REL 2 A OSSP 1 /0 B AR R e ik R
P4 S AN AT LG 0 S 48 14 2 40 LA KSR Y A T 4
T BB 6B AT LLE H, BT YOLOV? B I A
T HR R A 55 AT 22 ) 3 44 A /N B R 255, IR B YOLOvs
H CYOLOv7-tiny ik AE T — 300 4290, ool )5 1 35
AU I BT AT 2 AR DORS B4R T s i 1 6C AT RLE
L BGHERTAY YOLOVT 500k B4 i 4G, B0t I B9 3300k
AL E 8% o 00 A 00 MR A — L LR DURS B [) B A T 2
1o B UK B UE T A SC M SR s A

Hh BB O T



AR X #

$43% F B
C
(a) YOLOVS (b) YOL6v7
Kl 6
4 4 i

/N BRR R TR IAE S . T SRE N K
W B B/ DL R AT $2 32 B 46 ] 80, 5 0K 25 SR AN e .
BEXF LB AR, 32 1 — Al 3 T YOLOVT B8k, B %
# ECA 8 I = WL B @ A YOLOVT B9 32T W 4%
FRAEJZ P L T3 o 3 IR AE BE T HoUkL 51 A SSA BREE
T B2 TTR Xo R AT AL [ 2% o RAET AL, 20 34 2 % R A5
AL 2E > %, i — SR m ARG E . 72 BDD100K %4
A BT 50 09 3 45 2R R WYL U 1 YOLOvV7-ECA-
SSA i #AH W JE A YOLOvT 55 8, # Ml oks BE 3 7+ 7
5.38 %6, AU FEHE T 3 fps; 1 P45 A B Le S 98 0] LR
HH A AR TR (0 A RS O T LA 2 3R B B A Y 4%
W, R HE S Y SR A L S b S R A 55 b i M e R AL U
K IR PR, 2 — 2D UL T AR SO B SR e B
— 2B I B 0 SR N AN E

& % x o

(1] BUBRAR, EHH VR 5. BT RARIE S 0 A B
4 2 0 e U B ) ). AR AR 24 4, 2022, 43 (10D
177-184.

(2] B, S8 R, A2 5T &L
Aoz L. H, - 4 5 488 22 4k, 2018,32(12) : 60-65.

(3] A7KAL. SR ARAR. 2k T E 2 > 09 B b i DU 0F 50 45
WD B B RHE . 2022,6(11) :76-81.

(4] @RER AR S E. WS 09 H br R A
S B G AR A3 AT LT B Ah H O R
2022,41(6) :165-174.

[5] RENS Q,HE K M, GIRSHICK R, et al. Faster R-
CNN:Towards real-time object detection with region

proposal networks[ J]. IEEE Transactions on Pattern

Hh B O T

(6]

7]

[8]

(9]

(10]

[11]

(12]

[13]

(c) YOLOV7-tiny (d) YOLOV7-ECA-SSA

52 o AR

Analysis and Machine Intelligence, 2017, 39 (6):
1137-1149.

LIU W, ANGUELOV D, ERHAN D, et al. SSD.
Single shot multibox detector [ CJ. Proceeding of
European Conference on Computer Vision. Berlin:
Springer,2016:21-37.

FREREN . RE.E LT YOLOWAS B H
bR M AF 58 &5 ik [T, F 5 0L R 5 A, 2022,
58(15) :68-77.

WReedE, 2 3R, M, 4. LT UG YOLOvE i E 3)
B R AW LT]. A3 51058, 2023,38(D)
59-63,85.

XU A A BT IR L 4F. 2T SimAM-YOLOv4
A SR H AR B ()] KE Tk K24,
2022,43(3) :244-250.

YANG L X,ZHANG R Y,XIE X H,et al. SimAM:
A simple, parameter-free attention module for co-
nvolutional neural networks[ CJ. Proceedings of the
3th International Conference on Machine Learning,
2021:11863-11874.

SRAEMI, SR DB AT BUE. BT YOLOX-s 19 42 4%
K I i F 5T/ OL]. REE05 H2E i, 1-10[2024-01-
18 1 https://doi. org/10. 16182/j. issn1004731x. joss.
22-1106.

HE K M,ZHANG X Y,REN S Q,et al. Spatial pyr-
amid pooling in deep convolutional networks f-or
visual recognition[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence ( S0162-8828),
2015,37(9):1904-1916.

XIE C, ZHU H Y, FEI Y Q. Deep coordinate
attention network for

tion[J]. IET Image Processing (S1751-9659), 2021,

single image super-resolu-

EAb TR — 163 —



[14]

[16]

[17]

[18]

X i

16(1) :273-284.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M.
YOLOvV7: T-rainable bag-of-freebies sets new state-
of-the-art for real-time object detectors[J]. Computer
Science,2022,DOI:10. 48550/arXiv. 2207. 02696.
WANG Q L, WU B G,ZHU P F,et al. ECA-Net:
Efficient channel attention for deep convolutional
neural networks[ CJ. 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR),
2020:11531-11539.

XUE J K,SHEN B. A novel swarm intelligence op-
timization approach: Sparrow search algorithm [ J].
Systems Science & Control Engineering,2020,8(1):
22-34.

NIU Z Y, ZHONG G Q, YU H. A review on the
attention

mechanism  of learning [ J .

deep
Neurocomputing,2021,452:48-62.

HU J,SHEN L,SUN G,et al. Squeeze-and-excitation

164 — FESMBRFEREA

[19]

[20]

20244 2 B
H43B 2 H

networks[ C]J. Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, 2018:
7132-7141.
WOO S, PARK J, LEE J Y, et al. CBAM:

Convolutional block attention module[ C]J. Proceedings
of the European Conference on Computer Vision
(ECCV), 2018:3-19.

I K AR AR ST R LAY 22
PRI, 7R ,2022,45(8) : 116-120.

£ & @&

WREL , Bl 2, A0 A= S 0, 32 0 5807 1) 9 N T3

RE M5 5 5 05 BAL B LA 5 R AL 3145
E-mail:120268288(@qq. com

AR GEAGAEE D AL WF 5T A 2 EE 5807 10 o N T

BRE TR BG4 P AE
E-mail:1395928317@qq. com

Hh BB O T

L



