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Objective Feature extraction of breast tumors is very important in the breast tumor detection (benign
and malignant) in ultrasound image. The traditional quantitative description of breast tumors has
some shortcomings, such as inaccuracy. A simple and accurate feature extraction method has been
studied. Methods In this paper, a new method of boundary feature extraction was proposed. Firstly,
the shape histogram of ultrasound breast tumors was constructed. Secondly, the relevant boundary
feature factors were calculated from a local point of view, including sum of maximum curvature, sum
of maximum curvature and peak, sum of maximum curvature and standard deviation. Based on the
boundary features, shape features and texture features, the linear support vector machine classifiers
for benign and malignant breast tumor recognition was constructed. Results The accuracy of boundary
features in the benign and malignant breast tumors classification was 82.69%. The accuracy of shape
features was 73.08%. The accuracy of texture features was 63.46%. The classification accuracy of
the three fusion features was 86.54%. Conclusion The classification accuracy of boundary features
was higher than that of texture features and shape features. The classification method based on multi-
features has the highest accuracy and it describes the benign and malignant tumors from different
angles. The research results have practical value.
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(a) RAPEFLBR kR 1

(a) Benign breast tumor 1

(b) RAEFLIRAME2

(b) Benign breast tumor 2

(e) A TEFLIR kR 1

() Malignant breast tumors 1

() kLA 2

(f) Malignant breast tumor 2

(c) RAEFLIRMHE3

(c) Benign breast tumor 3

(d) RYEFLIRAIE4

(d) Benign breast tumor 4

(g) A PEFLAR RS

(g) Malignant breast tumor 3
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(h) Malignant breast tumor 4
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Fig.1 Ultrasound breast tumor map
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(a) Ultrasound breast tumor original image
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(b) Based on the doctor's sketched picture
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Fig.2 Ultrasound breast tumor

1.2.1 ETRE Ty B 0 RS

RS RS EACRIE 2 M AR I BE AR FL
PRI R ZE R, AR T IR E T B,
PADTA] Ay B B i B AGARAE, AR 1 BE A
FLAR MR B AR Ak, DT S e A LR b g
B RS S . TBRE T EAE RN T B
BT 03 F0 a0 LR e e D IR B 7 2L e g 1Y)
NG RJE NGRI SR A LIRS R, P
AU 218 7S LR AR A TR B . MR R U
) ELAR AR AR R LB R % o AL A AR /N — 3
VEAARAIR,  DARRIRY BT 0ol e 2, Stk
DARA BBt R S a0 IR ] A6 [R5 O e s
SF 2 8] P T A e i R 5. T° (2 RSB ARAS B (G A
FE) o R FURME TR BT B SR AR 3
Fime HA B DAS. 7 h B FR e,  WEI4RTR.

X, TARE 7R B IEE X (R g il 2
TR [ S ER A3, S X R R AR i 2% 1M
TEMR B N AR 7. DATEAR B B B9 1 A X ]
B, TTREEKMBRN. BRI HEN, &
R 2R UE 22 AN = MR A E Ry L 7 g 2 A
FFAE

(1) K FEM (sum of maximum
curvature, SMC)
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Fig.3 Flow chart of shape histogram of ultrasound breast tumor
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Fig.4 Quantification of the boundary features of breast tumors
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Tab.1 Comparison of recognition rates of different ray angles on
ultrasound breast tumor data

FAPE/(°) 3043 |57 (70| 84 [10.0
FIRRFAETR ) %(%) | 75.00] 73.08 | 82.69|75.00| 75.00 | 40.38

PEH3°, 4.3°0 5.7°, 7.0°, 8.4°, 10°iX
6N I T E, MWRIPHIL, MMEN
5. 7R o RMET R A, RTS. T A EE R
WHEE, BERIBSGERNEENE, &1
5.7t S K B2 AT A AL AR BT BOR B
RPEE-




Chinese Journal of Medical Instrumentation

F@ESBHLL

2020 F 44 5 FE 4 5

MRS5LE

(2) FIER8.4°
(a) Angle is 8.4°

(b) A H3°
(b) Angle is 3°

El6 N[l B 22 5

Fig.6 Differences in different ray angles
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Tab.2 Multi-featured numerical comparison of
benign and malignant breast tumors
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Tab.3 Comparison of recognition rates of different features in ultrasound
breast tumor data
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Tab.4 Comparison of performance parameters of three types of features
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Tab.5 Comparison of performance parameters of six classifiers for the
boundary features
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