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Abstract: Nonverbal vocalizations such as laughter, sighs, and sobs in speech are called
functional paralanguage and play an important role in emotional expression. However, existing
research has rarely considered the synergistic effect of multiple functional paralanguages in a
single emotion. To address this issue, an emotion recognition system integrating functional
paralanguage proportion coefficients (FPPC) is proposed. Firstly, FPPC features that reflect the
frequency and duration of multiple functional paralanguages appearing in emotional statements
are extracted. Then, an attention mechanism-based ensemble learning is constructed to assign
different weights to different base classifiers and train the FPPC features. Finally, the adaptive
entropy weight decision fusion method is used to fuse traditional speech emotion recognition with
emotion recognition based on FPPC features. Experimental results show a 16. 84% improvement
in emotion recognition after integrating FPPC features, proving that integrating FPPC features
can effectively improve the overall recognition rate of the system.
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Table 5 Recognition results of different combinations of features and classification methods
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Table 6 Recognition results of different classification methods on FPPC %

KT Precision Recall F1 Acc e e
GBDT 42.36 41.33 41.84 43.33 +12. 34
KNN 43.50 43. 46 42. 47 43.33 +12.34
Xgboost 53.67 54. 40 52.30 52.96 +2.71
RF 34.45 33.56 32.09 36. 67 +19. 00
ET 41.72 40. 77 40. 12 43.33 +12. 34
LightGBM 42.47 40. 21 41.31 40. 00 +15. 67
SVM 43. 67 45. 40 40. 36 47.96 +7.71
LSTM 46. 17 45. 64 43.16 44.56 +11. 11
Stacking 50. 20 49.61 47.90 53.33 +2. 34
ATT_Stacking 52.00 53. 64 53.16 55.67 0.00
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Table 7 Recognition results of different methods on 1S09 %

A Y BIS Precision Recall F1 Acc gumi=ll
LSTM" — — 38.00 51.12 +18. 88
BLSTM 50.25 51.39 49. 88 53.33 +16. 67
1D CNN 33.17 57.00 38.26 43.75 +26. 25
GBDT 60. 21 61.39 59.35 66. 67 +3.33
RF 54.95 59.31 55.65 63.33 +6. 67
SVM 40. 00 44. 44 40. 36 48. 07 +21.93
Xgboost 74.70 66. 94 66. 44 70. 00 0.00
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Table 8 Experimental results of adaptive entropy weight decision fusion %
TR VHRRE BT 3 % e A0 55 ¥H Acc  EEHTIE
Precision  100. 00 85.71 62.50 50. 00 50. 00 100. 00 74.70
g — Recall 83.33 55.56 65.74 55.56 61.45 80. 00 66. 94 70. 00 +16. 84
F1 80. 00 71.43 71.43 51.39 54.50 68. 65 66. 44
Precision 33.33 66. 67 57.14 43.33 50. 00 61.54 52.00
S Recall 42.11 61.54 50. 00 47.06 60. 00 61.13 53. 64 55. 67 +31. 17
F1 37.50 63.33 54.55 44. 44 54.55 64. 59 53.16
Precision 40.00  100. 00 83.33 40. 00 66. 67 71.43 66. 90
LG = Recall 33.33 87.50  100.0 56. 00 77.36 83.33 72.92 76. 67 +10. 17
F1 40. 00 93.33 100. 0 50. 00 88. 89 66. 68 73.15
Precision 57.00 56. 00 75.00 44. 00 86. 00 56. 00 62.33
DM ivgul Recall 60. 00 49. 00 64. 00 65. 00 64. 00 57.00 59. 83 61.92 +24.92
F1 58.00 52.00 69. 00 53.00 73.00 57.00 60. 33
Precision 82.35 80. 00 85.15 93.10 86. 42 85.33 85.39
S Recall 84. 00 82.00 90. 33 84. 61 96. 15 89. 65 87.72 86. 84 0. 00
F1 81.16 79.35 88. 71 90. 19 92.03 88. 60 86. 67
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