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Instance Segmentation for Vision Detection in High-Efficiency Cell Injection

LIU Guozhi, LI Tao, KANG Shengzheng, ZHOU lJie

(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 YOLOL11 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 loU
thresholds from 0.5 to 0.95. With only 2.08M parameters and 10.0 GFLOPs, the proposed model exhibits a
favorable balance between accuracy and efficiency, making it well suited for automated cell injection and
edge-device deployment.

Key words: microinjection; instance segmentation; DELD-YOLO; computational efficiency; cell and needle tip
detection
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ZAkRE

A DELD-YOLO M#4&%:T PyTorch HEZEH
i, SLELE PyCharm P& Rt T4 5K, &
SERORTBE By RS . 33 S 2% RO B IR P 2 5
iRl
2.4 1BFR

KFIRERE (Precision) « A% (Recall) . “F
VIR EE (mAP) | 7EXZJf L Clintersection over
Union, loU) R{E A 50%H) P55 (mAP@0.5) .
£ loU B{E M 50% 2| 95% U [ P 1) °F 2 K i


https://www.baidu.com/s?tn=68018901_3_dg&wd=IoU&usm=4&ie=utf-8&rsv_pq=d349019a000271f8&oq=map50%E5%92%8Cmap50-95%E6%98%AF%E4%BB%80%E4%B9%88%E6%84%8F%E6%80%9D&rsv_t=7972pitE0CoRC5WBBI13Omcgs1TN25XsZ9TOnq1GNn2cvL93Wt5H2%2B8BABjOTuoCWDHPRw&sa=re_dqa_generate
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(MAP@0.5:0.95)%F Kl # BEAT VPAN o BEAk, Bl AL
K /IN(Parameters ) Fl &R FP T JK I 1542 5 (GFLOPs )
SRAF AR A () 5 4 1k

TP
= 9)
TP+ FP
R=—1" (10)
TP+ FN
AP= [ P(R)R (11)
0
k
2P
mAp — S (12)

K PARERMEIE, R ARR A RIR, TP AR EBHEFE
AREE, FPACR P EAEA I B, FN AR
PEREA S, P(R) AR M Ze 2 il 4G B A (=]
2.5 WNRRETR

A G35 (1 A0 IR 0 7 90308 5 A R0 S A 13 A 7 REL I
SEAL, M DAV Al I 200 B RS AT A5 5 4 S S
EFRIRERANL B, 16 S S I 2 553 R4 it 45
i, MR R . M2 N, T8I0k
REMAE IR AT 5 S AR B R (E 6, B 5Tl
ST AR R AL, AR I 11 FiR.

(a) BLURBEIEST (b) ZHRREES
(a)Single-cell injection (b)Multi-cell injection
B 11 4555t o EIR
Fig.11 Cell and needle segmentation effect

W T AHRA S BONNESS, E S AR 7 T AR

R UM SO X, R R B MRS R
KT, LG UG AL TR T v e LIRS TSR B A i e 2
IR 5, ) DELD-YOLO Syl i 5 ¥4y
FIAHRFS IR, 5 B TP A RN bR 2 AR ik
TS R, B SIGTER R ERAE PT FESCRE . AHOERK
Rk 12 F1k 1 fow.

cell 0.97

cell 0.97

B 12 %5 kR RE
Fig.12 Multi-injection point selection rendering
R LSRR

Table 1 Injection point coordinates

AFR BT S R (A i CFD
1 (507, 417) (1149, 324)
2 (588, 504) (1242, 412)
3 (654, 531) (1317, 435)
4 (768, 531) (1419, 420)
5 (828, 501) (1491, 375)
6 (897, 420) (1533, 303)

2.6 JHEASLI

Y EIRCR K], DELD-YOLO A7 %o 4 ffg Ay
S E IR0 0 B BOR o (H R SO B X B 1) 43
FPERE M BRI B IE AR TT . BRI, AKIRAE
B AT (A T SO AT T Bk S . SRS
ZERWER 2 P,

R 2 HRASLIREER
Table 2 Ablation experimental results

Model cell injector
Parameters/M FLOPs/G
DBB ELMSFPN LSDESH mAP@0.5 mAP@0.5:0.95 mAP@0.5 mAP@0.5:0.95

99.5% 97.3% 99.2% 68.1% 2.83 10.2
N 99.5% 97.7% 99.2% 72.0% 2.82 10.1
N 99.5% 98.3% 96.6% 70.4% 2.30 10.3
N 99.5% 97.7% 99.2% 74.6% 2.40 9.5
N N 99.5% 98.0% 99.1% 74.7% 2.30 10.3
N N N 99.5% 98.7% 99.4% 75.2% 2.08 10.0

27 %1, DBB. ELMSFPNAILSDESHZ: 4
BRI S ALRE PR A T R . 7E R EE T,
YA T ROREE B AR, R SO fE AR R 20 i 5
FIMAPHE T AR AT PR RS B E AN B bR, HE

73 FRG E 02 35 5 v SE RE S AR B HE AR I

B NDBBRLHR S, A 5 A A 1K 4 RS
FEXIA 3T, AR S SRS T .
RERMAUIG)G, DBBAISEM e Hoh i— B R
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FTHERE, RE5] NFAMEFEFF4Y . ELMSFPNARHLZE
X3 /N0.1 GFLOPsiT S & AT N, AT T 4
EIRGEE, KT S8E, #HBRIE T AR
T ARFAE Rl & DR 28 1 =y M . LSDESHAR HAE v 5
A EFIMAP@0.5:0.9582 7t T £16.5%, S /b
4377, IHHEWMEE . ZEEHATR A IDEConv
HALE BB SHOAT T E AL SN, 7
T SHR AR, B ESHER, o
FH TS50, Wb 7RSS H 5 1HE A

B2, AR I DELD-YOLOM R A 4% T
JRAGREAY, 754000 4> ] I mAP@0.5:0.95 F 3 T+ T
1.4%, JES#EFIMAP@0.5:0.954EF+ 77.1%, &
BEEKT5 T, tEEHRHE—BD. PLEgRE
H], DELD-YOLOR:AEH AL &t it Stk

W&, FETHE R S FIRE B2 (R S T BT,
ARG T E SRS RV R (AR
2.7 ¥fEbsCIg

RIS IE AR SR AR A M S5 VRS A A EUE S5 B
AR, AV S35 T RS Jeit BiEdEAT 17X
SEEG, S5 RUNRIFIR . LI Lk F KW, DELD-YOLO
BEALE S BRSPS T TR BUL S, B30T HoAthx b
BRL BRI &, ZAR B S b s o BT 5%
EHIMAP@0.5%) 511i£99.5%41199.4%, &t 584 iR 5
YIS FIMAP@0.5:0.95 A 5] 798.7%., R
TS BT ZIR bR T 145 FoNT5.2%, (B4 5T B X
FERE AL, fEXCE J71H, DELD-YOLORI S ¥ B At
HEWR T K2 HG A, dE—DARI 7 H R i
MERETERE S HEE T

% 3 DELD-YOLO 5H S5 BIH AR L SL36
Table 3 Comparative experiment of DELD-YOLO and other instance segmentation algorithms

cell injector
Model Parameters/M FLOPs/G
mMAP@0.5 mAP@0.5:0.95 mMAP@0.5 MAP@0.5:0.95

Mask-RCNN 98.5% 97.2% 98.0% 63.7% 43.98 259.0
YOLOAT 99.0% 96.1% 70.3% 20.3% 34.73 61.5
ConvNeXt-V2 98.9% 89.3% 62.6% 21.3% 47.68 262.0
Solov2 98.5% 95.9% 100% 64.9% 46.59 246.0
RTMDet 98.9% 97.9% 100% 45.6% 10.18 216
YOLOV8n 99.5% 98.0% 99.4% 75.0% 3.26 12.0
YOLOvi12n 99.5% 97.6% 99.4% 74.6% 281 10.2
DELD-YOLO 99.5% 98.7% 99.4% 75.2% 2.08 10.0

2.8 BH ST STREMIIIE

J9EAL BT B DELD-Y OLOME BY 5 et il 25 2
MR E M, ASCHE—P 0 T ARG 3] 2%
B EIERE IS . S, R (R R 4R 4
¥y BARER o MR INGSH—SIRE T, X
XPRIG6 2 2] Z AT R, 4 Al B 90.005. 0.01F1
0.02, FEXTELAIAEMNREE b 1t REHEAT X LL AT o

AN 27 2] B0 R ISR 25 R WK AR 7~ o 1 A
Aih, TEIMHIREE T, BT S35
FES B PERE AN e XTI HTIX — KR
FE B AR, HmAP@OSTEA [F] 2% 3] %R ¥ ff K 7E
99.5%, MAP@0.5:0.95(1 EHLER T 5, K AABIA
X5 ) AR B ROR AR E . X TR #R X —
AN R, Har BT REAE R 2 3 R A R RIFE
ErFa5E, mAP@0.5:0.95/) 28 1k FE A8 340.3%,
F LA B BRI S

x4 FERFIRTHIMEREXTEL

Table 4 Effect of different learning rates on model performance

Learning cell injector

rate mMAP@05 mAP@0.5:0.95 mAP@05 mAP@0.5:0.95

0.005 99.5% 98.5% 99.4% 75.0%
0.01 99.5% 98.7% 99.4% 75.2%
0.02 99.5% 98.4% 99.3% 75.3%

LRE TR, RSP ) R AUETE R A,
DELD-YOLO R it A i W SO Oref i i ) 7331
FERE, ULHIPTHR T IR W46 5 2] RS HOA UK,
HA RIFMSHRe et 5 &k, FR, Stiss
WIGIE 1A SR 52 ) R B B AR PR RE S AR E Tk
ZIEER] 1A

2.9 HAE:
5% (Class activation mapping, CAM)
R AE AL TR, BE BN R


https://github.com/open-mmlab/mmdetection/blob/main/projects/ConvNeXt-V2
https://github.com/open-mmlab/mmdetection/blob/main/configs/rtmdet
https://github.com/open-mmlab/mmdetection/blob/main/projects/ConvNeXt-V2
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TEHIN UG P 1 OCTE X Sk e L B0 A, H BT
FARASERY IR R SR -5 1RO A ] X 43441, 1%
I UL G D RN G iR (g R &
Bod, WOMRRMEBE) , DA H SCBRHIE X k.

M 13 R AEE EXT e T R W, 5
YOLO11 #HEL, DELD-YOLO X 4H i A #4145+ F H
HEE R () O, AT e R U BE R A AR R T
G M RO X 3, 3R B TR R U L S Ak ) A
fEo [FIR, VST a% X IR 2L B VG s (2 4
%%, Ui DELD-YOLO S/ H bs i sk 5 5
FERE IR, X 5HAESEIRE ERSET 2 —3
[

(a) YOLO11 &% (b) DELD-YOLO &%
(a)YOLO11 algorithm (b) DELD-YOLO algorithm
13YOLO11 5 DELD-YOLO B A E It
Fig.13 Heat map comparison between YOLO11 and
DELD-YOLO algorithms

3 ZEFRIE

A SCH A] [ 340 H R 56 2R S b R AR AT
%, R T —FIET DELD-YOLO KISzl 477
1%, LEURAE G B Askaill 77 v2: . %77 154E YOLO11
1T MR g N SRRy SCH, s 1 2 R
FERFERIREE 7 Wit T — R iR i 2 RS
FHIE G F 3G 458, RERT T AR ERFHE MR &
R MR T AT HRER N Ek, ik
o 200 R 3 S A 8 ) SRR 5 o BR E  e 2%
DELD-YOLO HiB7EZ¥& 5 it H 2 BRKHIE I
N, SZEL T X ARMRE B AR AR E, AR
AU AR S 05 R S AR AT SR

ARG GRSHEH RS S, WA RN SL
NGB EEEBLWBRIEAE, HNRZEIH 52
HEATEE . BT GRS R Bl . TEAR R TAE
i, RO gt R et — b EK, SR T
KA A0 S5, FoA =R S AT

SE Mk
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