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Abstract

Objective: During surgery, doctors need to know the position of surgical instruments in real time. Tra-
ditional machine learning methods and deep learning models are affected by factors such as occlusion,
and their scene adaptability and missed detection rate still need to be optimized. This study proposes
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a method for identifying the end of surgical instruments based on YOLOv5. Methods: An optical cam-
era was used to collect images of surgical instruments under different background and illumination
conditions. The Roboflow platform was used to mark the end of the surgical instruments to construct
a qualified dataset for training. Secondly, the data set was divided into training set, validation set and
test set according to the ratio of 7:2:1, and the accuracy, recall rate, mAP and other indicators were
used to compare the effect of identifying the whole and the end of the device. Results: In the scene
where the device was occluded, the confidence of end recognition was higher than that of overall
recognition, and the mAP@0.5 of object detection was 92.7%. Conclusions: In the case of instrument
occlusion caused by hand-held instruments, it assists the doctor to find the position of the surgical
instrument by identifying the end of the instrument, which provides a preliminary exploration and
idea for solving the occlusion problem in the surgical environment.
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AR, THENULSEAE AR R BRST OCBERIR, 7R T AR B HORSAS I 4538032 BBk B 22 (RO . 4
ARG FARFAR I L 8T, SCBLF RIS BRI AE R, EARGHEMIE A FARASH. 248
BRI R4 o S A B R R .

FAT, FRIEEEE 73 THENU BRI TR ST 72 2 B R — MR B T AL i A
SEOTRRI T, AT N TR RS A, WRE A E LG BEFRIES H—H®
R TIRE RN 7, LB 4 X 4% (Convolutional Neural Networks, CNN)YAZ Oy, 38 1 i 31 i
WIZRNLHI B 25 B EMERRAE,  7ESR T+ R MRS B2 B0 1] B DR M B Aoor N TR AE TAZ st . SRR 45
YOLO R4 H %W YOLOv7x. YOLOVS) [1], ik c5odk i 28 e i S AR IR B o IX PR A 5 iEAE U TF- AR
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NT SRR EIRIARR, HEFERE—FETIEE R EIB BN F AR EN 71k, %5 ZFHF AR
ERRCIIE B AN R T UATIR, @t T bR e A B Faa K B ATV AR B FEARYE T S MR IC 38 3h

B, LU F AR S ERER([2], 5L GbLas 2 S ARSI 7 v A AL, LR FA AT SR 2 TR AR R,
FETCEN, I BT AR A B A P e % B 52 448 BT, Aric e i) J LT TR 22 R A A8 4K,
AIREHE TR P K LUTE L, SO, RS NS AL 2 25 2071k, B A%
RSB REIEREAR, FeSWEESME, U@ T RERE ARG R, 458K ITER
LI H[3] o EITENAEA SR BRI s B R B I ORI, 75 EER YR R AR AE B E AR I T TR
SEUERZ A EZE . A, BRI AT B0 YOLOVSs IF ARSI 771k, @il Gamma £ 1F
S E UG e B RO LU, ff AR Al S 6 FH 52 8R4 1 &, SR J57E YOLOVSs 254l |, ¥ CBAM
MBS BRI, G E B, oA 23 (A & B AL B DAY RS2 T, 4t v H A A 5
W IERI 4], T ARPIEME T HIER, STFRGFHRDCR T, MR HARRHE R
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PA BT R B FRE T FARAMEE AR A, 173 R R B S 1R 2 2438 T TR iR AR AL
DR AR SRS (A ORAE SR AR Y — R T H A BEBLRA R I TR OB R 75 7, 8L HSV B
A (A BRI AN G SRR, W E S ORI O B A, IR 45 B b RSN M i IR, K2
BLESWISEIBER[S]. 2RTT, HSV B2 &1 5 52 BDCIR R EEROFENT, S A S A B A i TH 5, Toidkseal
LR . Ullah 2 AW — M3 LL00mIBER RS, 2% R YUK B R 2 52K, G 194 2% 5 A H A
DX, IF ARSI R RS, 32 20 B 48 SR BUN 2 RFAIE (6] 1% 7R ESEHL 1 0.36 mm [15E (7K
BE, AR R 28 R R o, S SO AR AR AR IR 5 002 R RS D00 ] 2% 0 AT SOHT € 67, A DA 2
SEIFPEEOR .

ANFETPAERGRG BRER R, ABFFUIR L 1l YOLOVS SE TR T ARG 1) 7%, #EE
TR IR S TR MR G, SRR B S R A B R . SRR, %A SO
MR, AR U B FE LE UM R S AR B, WP MRk T ARG T A MBI TR L 2 ST AR 4
BT IR, TR Bl AS SRS HE R SR AL 1 B BR AN BRSO

2. 5k
2.1. EF YOLOv5 BIFRBHAKIBIANE L RIE

AR T AR A S IR 2 AE YOLOVS A Rl EAL AL SEILR , BARIRE 6 & B Rk Ak
RSG50 . BRI ZRAN SE JERE DU AN Bre %, DG AR LUREEAN 1 RADE IR S T AR E
KR, MAAEL T & Roboflow Xif G (1 & WOR S AN R BB AR EAT Al @S RS IF AT YIS
NGRS, BORAENSA R —E Ry, AR, f)a, FERTH EALRIARPLSE N0 8% & T L &%
B IR GRG0 X 28 AR FLE AT IR, WL A 75 el B BAR R0 R

2.2. YOLOVS BS3EN48

YOLOVS 5% i Ultralytics 23 & 2020 4E32Hi[7], 7EA4 YOLO (You Only Look Once) £ 41| ) 7 Bl
b, HAE YOLOv4 [)JEAS EdkAT 7 2 Wik, 5551 Mosaic £ 5. HIGRIHHETT 5. Focus HBHR
F1 CSP (Cross Stage Partial) 25 455 . %% DL H AR IAESE A% O, 3@k IS Kl 23 R B HEATL ) S 200 o 21
Uit PR SRS, 453 25 B BCK B GIOU (Generalized Intersection over Union) AL E S 5, FEFI F AR K
fE #01#1(Non-Maximum Suppression, NMS)fii i FIAE[8]. K JEE 4, YOLOvVS SR E 6.1 A, fiT4EH
YOLOvVSs. YOLOvSm. YOLOVSI Fl YOLOVSx 2 AT iRAS, 38 ik 1 2 ) 4% 7% & 1 08 J& (depth_multiple
55 width_multiple Z%0) F#7E F 5K, Hi YOLOvSs LR EER, EAamEE, M YOLOvVSX
WE = kS S S R 7

TR, CAHIRZHIFE R YOLOVS SRR H T ARSI 5 7052t Flan, KRS
£ YOLOVS #EAL [l 1, R Soft-NMS SE SR, $2 71 F AR SIS IAS Z[9]; Jiang 558 NAEC Applied
Sciences) AKFRMICHEH, & HEARINR R BORIER IR, f mAP 27+ & 88.7%, HiF 7 HAEF
AREWE SNLIE S B RATIE[10]. BEAN, FE RS AR —FhEET3& T TR BRI 1R FE 27 S 5k,
8IS K A BiFPN 45 DL K BB ) o-ToU Loss BREL, TRUHTEAH | 73 B4 0P 350K FE 43 AlIE 98.7%H11 99.5%,
BE— VIR T EARLE T SR (1],

AR YOLOVS ML 4 NIUE S BN ZE(Input). TP 2% (Backbone) #3125 (Neck) i
Uitf(Head). Input KA Mosaic $k 355 77 A1 H 3F N 5 BHESE TR 2R3 K 20K ; Backbone bR
T CSPDarknet 45 4 Focus #iH S HOE $Z BURFIE (S . ; Neck B Rl A RFIE £ 735 (feature pyramid network,
FPN)FIE% 42 58 & M 2% (path aggregation network, PAN)Z5#4, HYs@FHIERL G RE /7; Head 340D Ee % H
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SERLAN IS REEIR[12]0 HJFBAZ AL TR BRI 70 AR B ARG, B RS TN S AE S A, i
CIOU 535k bR e ey 32 SEHE AN FHIME Fr) DL RE R

3. SBRERE DR
3.1. SCIGIFEE

AT E N NVIDIA GEFORCE GTX 4070, #bF8%°4 12 Gen Intel Core i7-12800HX 2.00 GHz,
BT NAT 32GB, #1E RSN Windows 10, 64 fi7. F&/NSZIGLE Pytorch2.2.2, Python3.10, winll J£35 K
AT,
3.2. HlERIRSE

FEARR S H, BT 2410 EB = AT RGO I 500 & AR 4, BAME B F T 7 28
ATARBEGEEE . AVERDC AN E BT 90" i ARSI, A FHImAEE 1 Visual
Studio Code %5 S EEMIHE I, 1 fEAE 5 MUK — AN B A0 08 AR OGS T, A2 R 46 B Fr 263 5K,
FEs Forp F RSB G 51 5 o A SR FHTEZR T 55 Roboflow i BEIG H 18 bl A it T2 R 23 Il
RREATHRE, WISV G 3RS R, St L EE AN R L0, R R IR I REAR B s
B AEAN R SRDE R MR, SRR Bz ALRE Ty, RIS Rk, HFHE A TRk
FEAE T —, ARSCIGREL 7 #F . Be S iE R Ed4T 7 7, S/addREs 450 K.

33, SERHEAT

1 B A ek, 385 (5 DL R O fa b AL R AR R, BLASFE I FE (precision, P). A [ #(recall, R)«
F1 18 1H(F1 score). “F-¥3¥% & (average precision, AP)FI T35 & #5{H (mean average precision, mAP).

FEE N AERER, HREASXWT:

P= TP x100
TP +FP
A, TP N EIEFIECH , RIS 5 B 52 H #5032 7 B (intersection over union, IoU) K - 5™ BRI {E F4) 511 45 5
FP (RIEGIEL H ,  RIVRSIUAE 1) A5 v T BB AH S5 AR AT 5 H AR IR 58 5T LE AT BB PR 4510 2
HERIRERZR, FEALWT:

)

R = TP
TP +FN

A, FN OB B H , RIR AR (TR AE 73 o (K0S H AR SH .

AR S, FGHA AN A [ R 1K B e {E, 70 RIRCR BT, (HR AR s i AR AE S 850H Bl 5 R
RZIMRe BTN T HREI “FH R REA S, AT FUEIE NSRS VR TEER, HABURFE IS A [l 5%
FIRATF %, R IREIR

x100% @)

PxR
P+R

Fl=2x 3

AP BHEFE - HRIR LN TR, G 28001 AP BCFEEED N mAP, mAP #% FRIFAARRE A E ToU
RE A2 250 B AR OIS L . @5 150 N iZ ToU BUEE N 0.5, XM FIFaHRA APS0 A1 mAP50.
3.4. HEBIRSE

AW AL 7:2:1 W LB SR RN 73 I 2R 82315 5K), BRUESE(13S 7)AALE (S 5K). VIdh
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R FEN0.01, BRI EN 0.937, BEFW N 0.0005, Batch Size WE N 16, YR FERZE 300
5, XTELIET YOLOVS 1551 T A 25 bl 2 44 R0 A it RO R 3] 25058

35 ER554

8 H YOLOvS BLBYFEHHRAE FdhAT 5000 . LI /3 311 P-R (precision-recall) fiZk4n %] 1 Frax, JHA#Hh
AR, s, SihLEEERERIRN FIAER S, FEEEGEENM, F1EZH i, R
RSB G TR B FERER S A FEIR . 2T YOLOVS [FiRBIF REEMEEARF AR 1) F1#hZan
2 FIT 7, AR 23 A i (instrument end) Y mAP@0.5 24 0.917, i1 51 F R £3#i(surgical instrument) 4 0.936,
BRI PR H AR B B E R R S A E . FET YOLOVS (148538 3 5 AR 85 b 0 TR 3 R0 R 1
3R, VR TR AR AR A P 1 28 2 LG TR0 S A i PRI TR A 2 1 o

Precision-Recall Curve
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Figure 1. YOLOVS5-based P-R curve for identifying the whole surgical instrument and the end of the instrument

& 1. &F YOLOVS B9IR B FARSZME A FNE5 4 R im A9 P-R L% [E

N T ECER AR RS R RN SR i AR BEMLATI R 4 SR e EREAT I, A
SO EICT B S T B, A KON PRSI A, X ERER e 4 Fos. A 4 TR
FERIRBAT SIS, 8O Im B  F RSS2 . RO/, BRI S AR 2 LE 28k
ARG Ty — s FERSATAE AR 0 LA, FARIBMEBEARHAEZ 2T, SBEGE TR, PR
AL, 32el MEERRIEWEDN, SpBEAZ 2 Es, R ERmAIE ] WL, SR RE A
RCR T T B vy A D) FR R 12
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F1-Confidence Curve
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Figure 2. F1 curve of YOLOvS5-based identification of the whole surgical instrument and the end of the instrument
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Figure 3. Confusion matrix diagram based on YOLOVS for identifying surgical instruments as a whole and at the end of the
instrument
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Figure 4. Comparison of the recognition results of flat (left) and handheld (right) surgical instruments
Bl 4. FRFRBW(EMFRHFRBWMEA) BIRAIERIELE
A YOLOVS FEMALEE AR I /MEHORIZTHAIVERE, MR LM BT LB, A T REfELL
‘-5 Roboflow &Mt s B 2, AEHR 4R LREATIHESLEG, 45 RWN5E | P, I e &R
RILLR .

Table 1. Ablation experiments in different modules on the dataset

1. BIRE EAEHERA)HE S
ok

K EENEIE F1 {8 mAP@0.5
e B hnxt g
0.953 0.921 0.937 0.9
x/ 0.957 0.928 0.942 0.910
V 0.954 0.928 0.941 0.905
\ V 0.961 0.935 0.948 0.927

e IR R s R

PR REIR, B S FAEEE Ea, HAFHER, AR, F1 {HM mAP@O.5 7514 95.3%.
92.1%- 93.7%- 90%. TH MMM NS HESR . A BZE, F1EM mAP@O.5 AR T JEA AL 43
FIET 0.8% 1.5% 1.2%F1 3%, FHIBERLp N UG 220 m] LLYg /b e s 4t 3 smER eI BE 71, 0
NS Ll B AT A B R B G M A I 2%, P 45 A T B O AR T B ARSI M B o AR AE TR 2
AT S5 PRI R A AP R, TAG I S AT S R BRI, B6AIE T R R A > R
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4.1. ARBL

ASCHEH T — BT YOLOVS T REBMOR U R 7% 0 A A5 57 JalE 1437 5% (1) 2 s A
£, H 454 Roboflow “F & (AL 9 SR M, BBYFEMERS PRI NI B35 . S0 a5 BRI, AR
Ui R mAP@O.5 1AF 92.7%, FEEZR S H EIZ5 5L 96.1%F 93.5%, JCHAEFREA M2 &R
S, R RGBS RN IR T 10%, WAIF T R B0 B E 2 ST AR b, e 48712
S R B )RR R A B b (R A HE R, St TR R AR, O BT IR A T R
X

4.2. XFKJ5MHE

TEJG S e, AT AESER AL 5 THI 454 Transformer 2E#4 5% RepLKNet K4 FU%, 1A AL K P
BRI R NEIERE 1, HE— PR T R AR T (RIS L s 3 sE R s Hdm B LASR Tz AL e /o il
SERITHU G ER LR B PR & AR G AT N ] B B8R & ZRSER, M2 IR SR
JE55E%.
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