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(R R B TR 2 A B b= Be , B AT 210044)

M E 4w mESEIRETERE EHEH4RRAEZFR HRT EFEARN LIS ZER
554 RNR A A RE—Faamies 2R R EA G s X aaET e HRLELY
(Diverse efficient lightweight detail-enhanced YOLO, DELD-YOLO). #Z# & X F YOLO11 &£ #, £ £
TREFINEMELLMNG SHMES L RAERBRFEELIRE N RTT BT REHFELT
BLEMARITHREFEREGZAR AN HETATHYHEERGE IS E K, ARIESEAFEL
W R B 2B A4, F% 4R AV ,DELD-YOLO @5 24 5 5 245 FA® T R4
YOLO11 A&, £ 3 3ttt (Intersection over union, loU) BI{E #4 0.5:0.95 %4 F , e 5 i 45 % 69 T ¥4
JE 53R B 98700 A0 75.2%0 . Hesh BRI A F AL 2.08X10°, 3 & A4 10.0X10° FLOPs, & A R 4F
AEE AR R T, ER T AL E RSN XL LR T

KR OEH; £ 5 F DELD-YOLO; # F & & e 5 4 £ i)

HESES: TP242;TP391 XHRAR GRS A

SRR X E K, 209, BETHE , 5 . THT 18] s 2805 20 M T 5 Ay S 490 20 0L S G I 5 v [T ] B R A 5 AL 3, 2026, 41
(5) : 1435-1450. LIU Guozhi, LI Tao, KANG Shengzheng, et al. Instance segmentation for vision detection in
high-efficiency cell injection[J]. Journal of Data Acquisition and Processing, 2026, 41(5):1435-1450.
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FLOR AN 0 S R W A S R R R R . TR AT B S R G R
VA T T AR 2 B o (B AE L T T, A2 9 1 PG A AR R 20O R I A4 e TR 1 4
JHE T S A SR Xk T 4 S A AR T PR | EORS 6 A R

b T 440 D B A I L 28 A B (R AL 2 T XY O 3 R VT IS S Hough A% e 2 £% 48 19 181 {8 4k R
BET AN SO (5 )R A R 0 28 e 5 B PR AR AL o BE D L R T SR op X 4 R 0 g
We L AREAL PR S F A R LE AT BT B R v IR LD 4 R IRTR R Z5E 2o 1 SRR AR R B E T H AR
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S TR A T 10 R A D 1 2 J Ay e 4 4L T (0 F S S . 0 Mo S5O HY — Rl R T O R
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PRAY 4 B &R g8, B B iR A BB (Gaussian mixture model, GMM) Al K % #1212 (Long-short time
memory, LSTM )% A T4 e A 4k 17 40 M e 5 # 4 5 Qian %142 HY — Pl 36 T 36 A b 28 I 4% 114 74 )
RF S R S PR R G A A SR 7 R A T ARG AR LR SE B T R B A Pan %5
TR B A5 B 22 1) 26 Mask R-CNIN X AE G4 66 b5 10 I B 200 B 20 47 G DU /0 43 %10, 38 3 1 R geiz
RN R SEAY k5 Ll T VR B 2% ) 19 Faster R-CNN H A 4 0 1% G 161 4% b B0 5 3, 45 5]
TE SR AR AR B b0 BRE B AR AR o R TR RE A o0 L D A DU A v T A B 3 S O R R SOR L HE
TREB 3 AT R-CINN A8 A0 5 A 00 528 38 AR, e LA 36 Jet 592 I s A 00 1) 5 5K

Wit 55 YR JEE 2 >0 AR 9 AR B A0 R S P B A % T A S BB T BRI 4T B T L YOLO ol
PRI — B BB 1 o — B B A vk EL A S P A G 00 8 AR vy AR A B2 . A% YOLO B G o %) 28 i
O 4 I8 76 1 30728 30 22 A6 0 0 L IR b /I B AR R I A A e ke s G 0 A 4y
F By BRA E R K R ) O A S AN A B S B R Y OO B ik N T 7 40 M
SRS AS I 7 T L A0 Sadak 257 YOLOvV2_ResNet-50 14 51 B T o 40 3 , £ 75 4 0 40 o L A %8¢ % 119
S P RO A o LR T AR A T A 2SR Y 1 3 N TR R A AL S U A L 3 (R
Canny 1 2 K i 45 — R 908wk, BA SR A BCR ST it . e, Xu &P T —Fh 3t T I8 5 2% T WL
B Y A Bh O R B R G, HOR 3T YOLOVS Y AL 2 A7 55075 14 T 40 B R ol 1 5 488 4 2 ) 5
I AGI o SR, Hh T GO S e B 2R RS (~10 pm) 5 40 L RS (~100 pm) Z 8] 477 1 25 1 RUEE 25 5%, %
FR G0 Y R 0 A TG 1 O T RS2 B S B S A AR A IR B Y SR R T ELI R VE SR A Bt
HE 547 REL WS 57, e LAl 412 00 ML 100 o G R O Al ) T A e B A 0 8, 3k 24 S SO v G R ) 40 U 4
LN E IR ST N N SE? 5

Bl A N TR BE WK Sl et BRI R R TR IR A RS HRE R I T AR KR
4t 1, 52 Z 0 B0 A 3R R SR ™ B RO A B I R T AR v b 0 b e Bl g5 2 B ST RAIL X fE S
NP Ry s ) 32 FR B 8 2 T B 37 1 i 3 5 b T I e 350, 4k, DL NVIDIA Jetson R 4¢
IR A5 g AR A T L T S AL A WS O 0D I R K — A Sy o X S A B AT RO VAR T
KA BEES L AU RS X F 5 0 /O 0, 2 LIS 5 2% i L8 05 TR JE 2 20 F1 S B o0 B 4 55
SR, 7E 3 86 GR35 B W8 IR A2 BR AR 4% 1R, S o e IO i 80 57 3 5 v 9 A e o 400 A 00 B 1 S0 4
T IR Pk

O ik R R S 3 S b A S R T R RUJEE 2 S R Gk R A R R R 2 R A R AR e A T v
KE L SHE JBURS 2 5 20038 10 TR) BB, AS SC BRI 8 o R 2 49 73 BB R B I JRF 9, 2 Q5 s h

(DFE YOLOL1 & 1 W 25 th 5] A\ 254 5 2 8000 (0 22 BE 1R 43 S8, 3 3 I 2k B B 4 22 43 SR AIE 3 5
55 HE T B 110 A5 00 PR 43 3G A AR S 1 A 3O B B PR Rt 3 R AR At R b N RUBE I S
H br YR IE RIS RE T o

(2) Bt T —Fh 8 i i A 2 ROBE AR AE & 7 IE 250 L 38 o 22 45 85 RUBE 2 36 5 3@ NP A il 5 AL
il oA ) ROBE AR AR 22 1] 5 45 2SS B, 78 AR 2 80 19 ) A R T 22 )UEE F AR Y 0 H0RS JE

(3)F& T —Fh e T 415 3 o 45 A5 2L 38 BUHL R 9 52 o Ak 23 50 3Kk, o A0 A8E 78 ) 48 ik i 2% B 3 45
BT S A5 AN T RRAE 1 AR B T, 7E ORIE S5 R B 14 ) A A A S R S R R

1 DELD-YOLO &%

AR T —Fh BT YOLO11 /2 43 32 % 0 1t 4k 40 75 38 55 82 Y (Diverse efficient lightweight
detail-enhanced YOLO, DELD-YOLO) , A R Z Mg W& 1 iR . % RE S T & h 5] A5 E S
BOAb H A L 3 £ B P4 % H (Diverse branch block, DBB)!2 ' $#4# & KB KR AF BLHUCRE 11 o Ry itk — b4



X EE F @G SR FE m I RS 5B 4 B AL A gk 1437

FHRFE fl 5 28O PR T S 4 A — B s 280 R i A 2 RUBE 45 BRURRAIE 4 7 35 X 2% (Efficient light-
weight multi-scale feature pyramid network, ELMSFPN)£5#) , iZ b gl & & 58 T 5 50 4 e B AL,
Al YGRS RS B2 B [WA, it T — R e dat Ak i) 40 779 3 5 43 51 3k (Lightweight detail-enhanced seg-
mentation head, LDESH) , 25 & 4175 (R 45 5 S 8L S 0L, 76 DR Fr 3 50 B2 0 ] Bof fd B R AR T35 2
e B BT AR TR ST BT A 5 3 S A B R ASORG T S 43
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Fig.1 DELD-YOLO network structure

1.1 sHEESEZHR

YOLOTL By 3 1 W 45 2R FH 5043 S 4548, M LA AE P o 15 k£ 0% 1) e 552 ORG99 f KAk, JE LR 1 T
FE I G0 £ /I H AR R g R TR A I Y PERE o S IR X — Bk R, A SCHE YOLOT1 % 1 /Y C3k2
BHH ST S AT IS5 G 2 R0 3 SCHBE RIS 00 32 T 45 1 R 17 1 5, DL 5 i BB 1% b
TR AR AR g

I LB Bt , DBB 25 # {5 % T Inception W 4% 19 22 4 3L T B A&, SCRR45 A0 T S 801k . iR el
BT ZREEGT P16 OF 200 4k LR 53 32 AR 45 22 Rl /| 30 41 6 AN ) RUBE LA 2% BE 10 46 R A3
SRR T AL IR B TR . KR 22 a3 SO AR T SR 9 2 R Sz AR R R T R AR
J2 W FRAERE F7 , 1T AR R 0 T w2 A A RRAE R R o UITZR5E KR , DBB RIS A Ak B — 5 B
THER, AT AEAR I B SN BB AR T R FH R Y SRR 68 ) o A SEBR N T, A B0 0 2%
5 KL B2 B S DBBBLE b #0752 2% IR A S5 4 EA T U2, 6 4 3 B Bk 2 o0 T A, 52
PN 5 2 M 5 4 PR AR B9 BT, DBB 3l i 78 T/ 35 7 UL 45 04 AN 78 (4 i £ 384 i 1 2 B B 1) B0 52 2%
P A I — i E A L B BT 9 8 B R %8 B T B S AR T M g
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WA 2 REHAE , DBB A7 800 o T BI85 24185 5K 5 40 fCRe A0 A0 4 48 8 07, # 1 ) 1) 4 o
SR ) REAIE 23 (], DT 8 38 42 3 1 BB (9 32 Ak R 5 5 1 i L 8 T L0 5 T I 2 R AR O
E IR NP

fE C3k2 B A SCH i Bottleneck 5 #4) i (1) F #L4S FR 2 4 2 DBB B3, 41 1) C3k2_DBB 4 #h
mE 2(a) iR . C3k2 DBB 4244 C3k2 5 DBB A HL45 4, i ] DBB £ 4t Bottleneck H1 () 1% 4t 45 F 45
F s Hovp, 20 J5 1% Bottleneck £5 4 4 &l 2 (c) i 7, fi WA DBB 5 B K 155 )22 i [ 3248 2 449 1l , ] 348 56 Aof
i h IR UE T R Z R A RRAE LA o B Y C3k2 A H 25 AR AR 38 - (1) 7 I 5 9 B n] 3 0t T & 2 Y
4 P A TR R SR AE RE 7 5 R i 5 (2) 7 9k BN B 0% A5 M % 40 0 % e OB, R R Rk B A [R] B AS B
Wi P B . 9% U T G AR R R AR R P ) SRR b AR T T IR A R A RS N RS E A
(L S48 ) (R I 8 g o 3l I il 22 ROBE AR AR 5 1 SRR MR Z B 1, C3k2_DBB BE A% AE AL 3 EL A 54 1)
FRAE 2R, MM 7 I N 45 1 S5 L2 AN PS8 AT 55 b S B A bk (g /N B B A P R o e Ah , i S Ak s fe T
BT 1 3 N 5 R L AR A B R A R Y i G A T R AT G S DT i R S R AR T 4
K

CBS
DBB
( CBS ) (Bottleneck)
DBB
" @
CBS
(a) C3k2_DBB (b) C3k DBB (c) Bottleneck

K2 P4 C3k2 DBB 454 [l
Fig.2 Detailed C3k2_DBB structure diagram

1.2 SHHNEEUZRESRBUEEFTEEN

2 KRR 2 & E 8 10 U B A B T K B AR B IRA 5 AR)2 AR IE O 88 T =F & 125 (e 407
{5 B, 6 F/NBFRA RN ZOC T2 . R IR 4 73 W 4% (Feature pyramid network, FPN)#if—4c H L1
T EEAR R A R VR 2 R o SO TR 2 R AE UEAT RS, AT S B R W) REE H AR ) o 6 50
W SR E IR FPN I 2 R AE 2 T2 R AF 1 B AR B K, ELR A 77 30 T RER 6% 2145, 39 0 1 v
FEANAR BAL b i MERE

R AT T ELMSFPN 8544, 4l 3(a) it o &5 Rl A 3 2 RO 36 BT @ a0 bR A
BRAE G Jm S A A BRAIL I A K 38 IV A SR, DA S B R A 22 ROBERRAE Bl Ay o RIS, O 1 R AR Ak
% IR S Al M XL ] R AF 4 85 ) 4% (Birdirectional FPN, BiFPN) Vi 5 KBF % 32 UL, B A T &40
TN B AR TSR ZE R SRS B B SR R .

E& 20k YOLO11 = T M5 U 45 31 8 4~ 1 A BB W28 i3 1Y 2R E )2 (Py~P,) IEFE 40 3
4~ C3k2_DBB il C2PSA 4b ¥ i3 i 45 4F )2 (P, P. . P, . P,,) 3¢ %4 ELMSFPN i — 2 4t 3 , ELMSFPN
oA s RO 5 20 A S8 B ARIERL A AW HEATRRAE Al A, — 20 ISR AR AE BB . UGS 52 (Py) R IR Rl &
R, A FPN+PAN 254 1 & 3(b) fr s , & B R h

Py'=Conv(P]) (1)

PY= Conv(Pé“ + Resize(PY) (2)

~—
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P = Conv(Pgd + Resize( P§’”‘)> (3)
M S 9 ELMSFPN 4544 4 e = 0

w,*P"+ w,+Resize( PY)
PY= Conv : : ! (4)
[OF] + CU2+ %
. w}*Resize( PY)+ wh P+ wl+Resize ( P$™) + w)+Resize( PY)
P2 = Conv - - - . (5)
w,t wy, + ws+ wy+ 0

A PIONEE SR M AR, PY R [ TR B AR A 5 2 B R RARAE , P R [ T B AR AR 5 2
(4 0 R AIE o, R o] 3878 AN TR) 35 52 i A RR AR 6 0 (1 ] 2 S AR S8, A IR AR N T8 | i AR AR
Y YIN 2 3k A v 1 kg 0 28 2 00T 3 2 1 A% 0 R AT o 3 i 2 2T o Oy PR TE R R M T R ) B AR A R
FRUBE AN — B ] B, A SCOG] 6 AR B E AT I — b 2 A, (1 HL A il ok R A A AR R S ) RS REAE X H
B A I 5 43 A 55 04 TR 1 3 4 BC A ER o AL T B T I A L B8 ok B AN B E M LA B TR T
2 N R R AR Bl A (R R S R RE 1. 0=0.000 1 & — P 1R/INIME , LA 3RE % KM A F4 5 L “Conv” 1 3
JEBRHRAE  “Resize™ i FH T 20 WER T BC A b SRAE SR RBESRAE
1.2.1 Hze LBk

£ YOLO HYFFAE Rl 19 2 b BRUCR PRI oo !

59y LSRR Tk . VT LT | A
[ 8196 B0 R 5L V980 0 SR A9 i O
K SRTI A3 BT 55 b SR HERS (BT A S 500 b |
W TR 2 — BRI AR LS TR AL | p, ir, O—@—@— |
6 20 2 M B L A TS 7/ LA 0L
915 4 d s e P O—~O0—~O0—~ i h O —~O—~O0—.
S HR T 1 RE B P 5 409 I JBAE ST LA S A (2) ELMSFPN (b) FPN+PAN
— Fp g 2 b B L He (Efficient up-convolution block, B3 PRI ) Neck 251 1

Fig.3 Two different Neck structure diagrams

EUCB) , L% 25 %) 24 i [ B i 45 AE e 5 k47 B R AE
i HE RS R0 70 B 30 5 T — IR 422 BT o 7 4 A A e S5

RIVERR . EUCB & % B S00 8 T 2 ) 1 R R
47 S A PR~ 5 B R P 3¢ 3 0 BE T 4 B 2 A 8 2 &
07— DL STLU S0 66 00 1 SR RE IS 10 45 G 3 4 EUCB%H

FFRE R Rt 1 X 1 B B G E R S R — Fig.4 EUCB structure diagram

By BEARFE 4 — 30, EUCB RIS 4 firs .
Tl FH R 1T 43 B8 B BB AR AR o 3 X 3 B, EUCD 78 17 15 550 3 43 AF 2 34 BE 1 A4 ) sl 8 38 BB AIG 17 11330 F
B, BB I RUR
1.2.2 3 REKRHEER

ARXHIAT —FE 3y £ RF % FUH (Multi-scale convolution block, MSCB) , LA 4 5 2% B 3 & %
12T L TR B AE AL BE 77 . MSCB % T MobileNetV2 i Sz [ 5% 22 He g S5+ AR (e 450 1A BT
X o BRI IZB S e 2 G R R B B a0 — 4k 5 SILU B eR AL B
Fifi J 38 J 22 R R B 45 A (Multi-scale depth-wise convolution, MSDC) #2 Bt £ N 5 Z /3 ¥R 1) EF
SCHFAE 5 85 J 75 1 28 i 45 FR 5 4 i UH — Al 3 3 Ok 5 22 5t 0 A 35 320 aed AR 1) Ik s ) 7 36 ] 1 4



1440

Mo R . MSDC 458 & 5 fr o , Hov p Ko B B KN
MSCB ) KB 45+ i 6 ir R .

KA BUZA BY T3 3K 0 KA B R 38 5 4 R RRAE 35 4
K& B R LI e A 50U 22 B 1) 0k © 78 2 T 5% b gl ik B
SR o E T, LA R B 7 I I 4% T A K
ROSE B bR, 188 /N 8% 22 W 0 5 A B F 4 N ROE H bR .
YOLO-MS"* 48 7 54 4% 36 48 B I, 75 3 1 R0 2% v 5% 28
BB B B (A 3.5.7.9) LAl P Al 5k B B . 2% TME
(5 % A SCHE— S 4R 2 SR AR e R AL B A R B
a5 2 MSCB itk B AKHh , 7 MSDC F R 5] A
ZH B G (B 1/3/5.3/5/7.5/7/9) , VL& B A [6] 43 #F %
)RR AE B 75 5K, T2 45 3R B 22 RO I8 A2 W7 A L o I B e o
BREBE S ZA/NEBEITA S 1R A B 2 4
N OE 7 A N R o RN S <A DG AN B | I el O 4
BB . X — A RO T R K B bR (g i) S5 4%
/N bR Can i 5 2% ) 0 125 U305 oKk o BeAbh, i T IR 6 U AE
22T 3 A ) A R S L AR SO R R B S A G A VR R R AR
DI s M s B 58 A .

ATE PR /N CK) #5147 MSDC 1] R
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v ' ¥
Er) T
(BN ) (BN ) ( BN)

v ' }
(siu ) (sieu ) (CsiLu )

Channel shuffle

K5 MSDC 5 A
Fig.5 MSDC structure diagram

______________________________

1 I
l. 'U . . i‘
| a Z

K6 MSCB &ty
Fig.6. MSCB structure diagram

Conv

MSDC(z)= > DWCB,(x) (6)
reK
DWCB, (x)= SiLU(BN(DWC,(x))) (7)

AP DWC, () — DB &R, HAZ KN A A BN ()M SILU ()43 1) F 7m it & 19 — fL Al SILU #%
o WA, AR SCHYFEH MSDC () i FH 288 I3 3 8 i A o, it A 2 5 Z BT DWCB, (5% 22 % 32, LA{#

R A 0 Ak, ik AN
z=x+DWCB,(z2)

1.2.3 % R E4FIEimA kb

(8)

E A Bl 5 0 265 v Rl AN TR 20 B R0 00 AR 0 TR TR R AN [ o AR AT RS R

PECHNAR N 8] B3 ) o 3 L A9 il 07 s A0 35 ALl A 5 SR i 5 2 o OBl A R — RO 40 2 3K
FA) il R W, 38 A A 0P A4 o k2 YR 435 4 O R IR Y H L 2 e R MR A 25 M LG B B M Bl AR 55
TR A AR A PRl U 3 S X S [ Sk Y A4 R AT 43 TE [ S A R, R AT AR R, S Bk 1 il
Ao TR A T AT B AN Y SR T AR AS [R) 43 HE 2R A0 B A R 6 B o ek e R S A A R 1
LR, 1] ACEE Mk LA SO PR A A R 2 (Rl 2 AR R MR R

i e b R A, AR SC7E ELMSFEPN W 5| A T — Fh [ 3f B 4 1F 5 5 s
(BS, C, H, W) % ARRAE g Hefif 3 o 57 BF

‘1"%*” Softmaxj?%’f/lfﬁiﬁEXﬂLﬁjRﬁ‘ﬂi’(Bs, 3’ H’ W) F E’ ----- E’g Spht
(925 1] % R AL AR M . R S ANRCEE AN R

‘i34‘%A¢%?EF1\F2\F3~~X¢@,ﬁﬁﬁuﬂﬁﬁﬂ F’ ----- o4 [F,, F,, F}]

S 1R A LR P I A T AT R A o S S R st
Z ROEERHIE . B ZE R WL 7 JT R . Fig.7 Adaptive feature fusion structure diagram
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1.3 BEUCHETIERESEIK

YOLO Z %0 4 50 ohr 0 43 %0 3L 5 3 H % T YOLACT BtV iy AR 4 52490 43 ST 55 i #8 h T A4S 3F
A7 453 32 < K I 43 32 7 57 A6 L FEAE SO R, 4 80 43 S 00 A il — 2 D R D 5 e % o 2R PR A HE Y
RS R R RS A5 B A S o B EE R . R U s h R R A PR 2 RN
T X R A2 (G A BERS 2 0 5 AR AT AR AT AN R o A A AR PR AE T R O BR S
AR AV H R TR B X T s R Ry E R 4 2 5 R A e A A Y D PR At 43 B O
b CUNVE ST 88 5HR) B B % 504 AR AE AT 18 5000 1) T 4 A AEC 00 1 43 , 25 B 22066 XoF 3 BT 55 G 1Y
e A AT 5 O A A T O A A E AR RS A R AN 2

R R R, AR SCXE YOLOTL 9 43 %1 3k 47 7 3B Bt $2 th 7 — B 1 4H 99 1 9 45 1
(Detail-enhanced convolution, DEConv) /[ 7> 8 Z5 44 . 1% 1 B AE % B A7 50 32 ORI A% 335 5 A9 1iF , A
T 38 i 0T /N 300 % RN A2 2% 50 30 ) SRR o A AR SR A oy B Sk rh 5] A SR B AL, 7 AR R RRAE 36
TN AE T 0 (A B S s D S, 0 S TR R AR S R e 2 1) T A

DEConv B3t iy 54~ AT H B M B B2/ 0, 46 4 D 22 0 B2 M 1358 5 )2, H T o R 3
SRRFAESE AR 07 . BARI T BRGNS T 4 Fh S5 R W] 0 22 53 4 BRUERAE - Pl 22 93 4 B (Central dif-
ference convolution, CDC)  ff Jif 22 /3 % 1 ( Angular difference convolution, ADC) 7K 2% /3 % 1 (Hori-
zontal difference convolution, HDC) F1 3 11 2% 43 % 2 ( Vertical difference convolution, VDC) , I ¥ 1%
Gt S AR AR AT A AR S A B R p DUAR TR A A RO B ) Sz PR RE .

BeAN Ry ik — 25 AR A AR B ROR AR SCX I 4T 46 |
FRGEH 27 > B W AU 3R 4T T 88 S 5k b 3 ([ As _____ \\
3 2o TS 4 0 24 9 R RS S 2k v || Difference & Standard || g, NSRS

convolutions | ! convolution

"‘T"#‘Iﬂg 74%7‘ 54\%1?%*/%)%%&&%%% 1/|\$‘—‘E(J 1:/—3‘: b @ N ’ Re_parameterizaﬁon
WU, WOk B ER S TS M IE T | G50 e

BRI S R . B mE s prR. Wi, (YPCHDG )
DEConv A] D2 B 5 09 FR1E LU & 2 HI Pk e L [
IO 457 55 b o 45 FRAH (] 1) 2 0088 i R 53 A o
TE 43 %) Sk v A SCHE B4 3 30 4 AR AR )5 2451
AT @l 1H—4k(Group normalization, GN) . ZEIT IS HLIE T 4 & LB B2 B A5 e I 2% (Fully convo-
lutional one-stage object detection, FCOS) "™ fl iff 57 £53& , A8 75 43 25 5 [ 15 3k sh B bR GN 23 5 50t
RIPERR 3 R M A 4028 5 Il IH 43 SR JH 3k 52 5 RS 1 L) 3R T S B0  (HL dy T [ A T Sk i 5 Ak
PR H A REFAE2Z S T UARSCE SN T —4> Scale )2, & 1T T X 0105 43 32 09 FRAE 2647 RO 46
T, LIS B 22 RUBE FAR BRI AT K o e A i) LDESH 25K 4 9 7

2 TWHERSHiL

2.1 LWFEE

FeA Z G0 TR G B 0 R 10 o, R A EMGOR SR BT B Bl 4 R B b5 2 s Ak R HL 3
ORRA I R R R SR AR A G — 2 R (F5 . ZY-HDMI2800) Fll— 5 5 43 HE AR B, 5%
R B S L Y R 0 RS R s o A BIL A B A 43 BE R R 1 92018 R X1 08018 K , 12 43 B 4 Xof 1oy AH AL A% Ik
AP FRAERE o A R R 2 AR ST B BRUROR R T A T T A TAL BB BB gt — 4 i =
64018 Z X 64018 K , % N N I Seb R YI 25 5 4 2R By Be il RS R SF o 4 18 22 SF 5 2R 8% 9% 1L 45 2%
PR 25K, 1 R I DT T R R 0 A A A

SRS IR E oy Ay )

Fig.8 Detail-enhanced convolution structure diagram
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Table 2 Ablation experimental results
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Table 3 Comparative experiments of DELD-YOLO and other instance segmentation algorithms
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Instance Segmentation for Vision Detection in High-Efficiency Cell Injection

LIU Guozhi, LI Tao", KANG Shengzheng, ZHOU Jie
(School of Automation, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: To address the challenge of accurately and efficiently detecting cells and injection needle tips
with large scale discrepancies in automated microinjection, this paper proposes a high-efficiency instance
segmentation model named DELD-YOLO. Built upon the YOLO11 architecture, the proposed model
incorporates structurally re-parameterized diverse branch blocks into the backbone to enhance feature
representation. An efficient lightweight multi-scale feature pyramid network is introduced to improve cross-
scale feature fusion, and a detail-enhanced lightweight segmentation head is designed to preserve fine
structural information while reducing computational cost. Experimental results demonstrate that DELD-
YOLO outperforms the baseline YOLO11 in both cell and injector segmentation tasks, achieving mAP
values of 98.7% for cells and 75.2% for injectors at IoU thresholds from 0.5 to 0.95. With only 2.08 % 10°
parameters and 10.0>X10° FLOPs, the proposed model exhibits a favorable balance between accuracy and
efficiency, making it well suited for automated cell injection and edge-device deployment.

Highlights:

1. A lightweight instance segmentation model, DELD-YOLO, is proposed by integrating structurally re-
parameterized diverse branch blocks and detail-enhanced convolution, achieving high-precision
simultaneous segmentation of cells and injector tips in microinjection scenarios.

2. An efficient multi-scale feature pyramid and a lightweight segmentation head are designed, which
notably boost small-target detection capability while substantially reducing model parameters and
computational cost.

3. The model parameters are compressed to 2.08<10° and computational cost to 10.0>X10° FLOPs,
achieving superior accuracy and providing a lightweight foundation for edge deployment.

Key words: microinjection; instance segmentation; DELD-YOLO; computational efficiency; cell and

needle tip detection

Foundation items: National Natural Science Foundation of China (Nos.62373195, 52405117); Postgraduate Research &. Practice In-
novation Program of Jiangsu Province (No.SJCX25_0495).
Received:2025-10-19; Revised : 2026-03-02

*Corresponding author, E-mail: litaojia@163.com.



