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Abstract: During surgery, Surgical instruments are often left behind due to accidents. Most of these are surgical
gauze, so radioactive non-permeable gauze (X-ray gauze) is used for preventing of accidents which gauze is left in
the body. This gauze is divided into wire and pad type. If it is confirmed that the gauze remains in the body, gauze
must be detected by radiologist’s reading by imaging using a mobile X-ray device. But most of operating rooms are
not equipped with a mobile X-ray device, but equipped C-Arm equipment, which is of poorer quality than mobile X-
ray equipment and furthermore it takes time to read them. In this study, Use C-Arm equipment to acquire gauze
image for detection and Build dataset using artificial intelligence and select a detection model to Assist with the rel-
atively low image quality and the reading of radiology specialists. mAP@50 and detection time are used as indicators
for performance evaluation. The result is that two-class gauze detection dataset is more accurate and YOLOv5 model
mAP@50 is 93.4% and detection time is 11.7 ms.
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Fig. 1. Experimental environments without phantom using STEMENS Spin(a) and GE OEC 9800 PLUS(b)

291



ATA = Z8 C-AmoA &8 A= AES A dol8Al 75 9 Hand Ao 83 A7 - XY eral.

292

8! 3. SawbonesAle] Vertebroplasty Trunk #1513-38
Fig. 3. Vertebroplasty Trunk #1513-38 of Sawbones

S W o] 4EE A
of olzglo] Azm %21%
2ol F9E = o] A3

(b)
12! 2. SIEMENSALS] Spin(a), GEAR2] OEC 9800 PLUS(b)yS o]-8-3F siglo] 9l= Al skA
Fig. 2. Experimental environments with phantom using SIEMENS Spin(a) and GE OEC 9800 PLUS(b)

A ViR sk maeiz dgsen], Azl we
w5k 29Iz oA Atk Aze) mepe A%l
A A% e So Wae Fel el et 1
o= Uehp) Age ARt
Sping S TgBtel F 47243 HEHGLh ARHOR
® 13} Zo] Wlo| UL u) 34587} ¢S u 12782
=319ich. OEC 9800 PLUSHA| 2= % 32478 353}
Aok ARAomE WEo] oS o 19987 gls o 125
& g 5skoit
SAs 2d k5 Al HolE 4 B53 5t =
9 35 s Aske] F=acle] 7| die[11l] E5H 4
£ 59 ASEE £tk 2 =wolAe fidol
AeHA] bl A HERE WA Alsst= °]U1Zl
} 714 (Image Augmentation)S &-83}o] o
gste] R53 dloly & EASHTh AlfAes °‘t‘}
Aoz oz ool 3% Scaling, Rotationy} Flipping

(b)

T8 4. Wk FEI A% F 2olo] Y] A% (a)et A Fehel A=)

Fig. 4. The X-ray gauze of wire(a) and pad(b)



Journal of Biomedical Engineering Research 43: 290-297 (2022)

(a)

T2l 5. 4 BETY A= 2
Fig. 5. C-Arm images of wire(a) and pad(b) gauze
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Table 1. Number of images used for training

Number of images used for training

Equipment With Phantom  Without Phantom
SPIN 345 127
OEC 9800 PLUS 199 125
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Table 2. One class gauze detection performance of the object detection model
Detection Performance
Model YOLOv3 YOLOv4 YOLOv5 YOLOX
Recall (%) 78 86.44 42.12 76
Precision (%) 55 53.81 28.43 52.5
mAP@50 (%) 72.8 84.70 38.45 54.5
Detection time (ms) 13.7 23.1 11.7 15.2
E 3. b 22 720 U A HERES
Table 3. Two class gauze detection performance of the object detection model
Detection Performance
Model YOLOv3 YOLOv4 YOLOv5 YOLOX
Recall (%) 81.4 89 97 85
Precision (%) 90 94 82 87
mAP@50 (%) 87.3 91.36 93.4 84.4
Detection time (ms) 14.4 19.38 11.7 21.7
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