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Automatic Tumor Recognition in Ultrasound Images Based on Multi-model Optimization
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Abstract With the development of computer vision recognition technology,more and more researchers apply this technology to
the recognition of tumor images. But because of the cost,many hospitals still use low-cost ultrasound and other equipment, resul-
ting in ambiguity,artifacts and many similar tumor noise areas. The present method has high precision in clear image recognition,
but it shows low accuracy and unstable result in ultrasonic image. The reason is that many existing algorithms misjudge the mo-
dulus and noise image. In this paper,the key features of high-noise ultrasound images are obtained quickly and accurately by R-
CNN and PRN methods,and the stability of recognition is ensured by data enhancement and morphological filtering. At the same
time, the classification model of blood flow signal is fused to improve the recognition accuracy. Based on the data set of a real
Thyroid neoplasm image,the proposed method is more accurate and stable than the new algorithm.
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Fig. 1 Ultrasound image of thyroid neoplasm
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based on two different ways of data enhancement

AT %)
oy & oWl A& . BiEE . WNRE)
5 2.5:2.5:5 5:2:3 41412 4:3:3
5 0.775 0.782 0.848 0.778
& CHl LA BO 0.862 0.902 0. 802 0. 889
£ (A #REHIO 0.902 0.877 0. 899 0. 896
08
06
g
;" 04
N
02 — Y
e AL
- 7 A R

25:25:5 5:2:3 4:4:2 4:3:3

BEEX AN GE: RIEE WK
P15 AN [ Rt A 3l 0 ) R 2 TR [ 3B 2L AP

Fig. 15 mAP histogram with different data set partition ratios

based different truncation methods
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