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Main Melody Extraction Method Based on Saliency Enhancement
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Abstract In the field of music information retrieval, the extraction of the main melody is a very difficult task. In the polyphonic
music,different sound sources interact with each other,leading to discontinuity of the main melody’s pitch sequence, which re-
duces the accuracy of the original pitch of the melody. In response to this problem,a CNN-CRF model with enhanced pitch salie-
ncy representation and automatic melody tracking is designed. In order to better extract the harmonic information,it is proposed
to enhance the initial saliency representation of the SF-NMF calculation by structured data,and to combine the melody characte-
ristics and the smooth constraint conditions of the pitch under the dynamic programming framework to find the optimal evolution
path. Experiments show that the proposed method has better melody extraction results.and the original pitch accuracy on both
test data sets is higher than that of other reference methods. Comparing different inputs validates that structured data can enhance

the significance representation and make up for the misjudgement of pitch by SF-NMF,

Keywords Melody extraction, Music signal processing,Pitch saliency enhancement, CNN-CRF, Music information retrieval
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Fig. 3 Salient feature map and melody line

F1MFE 2 5150 T 7508 £ MIR-1K #1 MIREX05
R A A [R) B R 4R RO ik A 4

F£ 1 ANRITELE MIR-1K o 45 5

Table 1 Results of different methods in MIR-1K
CHLRT 2 6D

Method VR VFA  RPA  RCA OA

Salamont’  85.1  30.8  72.9  75.7  69.6

Kum!®J 93. 4 65.8 72.6 77.0 61.3

Boschl®] 74.3 50. 0 47.3 52.1 48.0
CNN-CRF  95.5 53.6 73.6 78.1 66.1

F 2 AW JFEAE MIREX05 H 4
Table 2 Results of different methods in MIREX05

CHLA 2 %)
Method VR VFA  RPA  RCA OA
Salamont!!  77.6 23.9 69.8 76.9 67.6
Kum®J 89.4  58.5  73.3  75.2  61.6

Boschl®] 85.2 30.9 72.6 76.8 71.2
CNN-CRF  91.9 16.8 76.3 76.6 78.6

MF 1 HIER 2 al IR A SO 4 89 CNN-CRF 7 i%
TERF 805 DL T H A I . MIR-1K & — A~ Rk 1 48
A A e R M B 2 o 1T LR A S it R AR
R FFAE I A IS A 25 BOR O R B L . S BUR
RN R T A O kAR ROER A 0 S ER R IE AR R ), B
PR ME % LA B4 1 45 R R B2 7 MIREX05 B 2 ff T
HoAth 753

JRUAR S R A R e AR BCR 2L EE, HFEIA
CNN 5846 T H) 16 ¥ & 35 P % oR , JF A CRF #F 17 Jie At i
B3 o AR SCTT AR e A A A RN I v A A 1 A T ik
BT W AR, HTE MIR-1K | A e A A 4 3 R 0 5 25 Vi
W R A HA 7 2 BIHRTH T 2. 1% A1 0. 7% , #E MIREX05
P TE A A 4 SR R U o o o SR L O ik A AR T T
2.5% M 3.0%,

S T VRV U R B R % N A Ak W 3 R A AL
AR 3L AR A TR i A LT L e A AR T 3 B B9 M R L O
A R 2 IR IR & S I ROk R R R IR . R3FIM T
E 0 A~ B 4 rh i AR R RRAE B 1 S2 B0 25 5

#* 3 IR AR AR Y 52 56 45 R
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