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1
Table 1 Summary statistics
Bera-Jarque
/1073 /1073 /10 /102
/10°
AUD/CNY 1h 1.400 0 1.900 0 1.078 8 1.625 7 3.286 4
EUR/CNY 1h 0.400 0 1.200 0 0.878 14 1.503 0 14.771
GBP/CNY 1h 1.200 0 1.800 0 1.150 5 1.769 4 211.31
JPY/CNY 1h 1.400 0 1.800 0 1.107 8 1.7320 298.82
USD/CNY 1h 0.500 0 0.900 0 1.446 7 3.203 1 9.9919
CHF/CNY 1h 1.200 0 1.900 0 1.005 0 1.461 8 14 592.0
AUD/CNY 1d 8.700 0 10.700 0 1.564 7 4.346 9 0.043 093
EUR/CNY 1d 3.000 0 3.800 0 0.879 08 1.1650 0.059 930
GBP/CNY 1d 9.200 0 7.400 0 0.346 21 0.206 44 0.026 480
JPY/CNY 1d 8.100 0 7.400 0 0.343 34 0.203 98 0.043 068
USD/CNY 1d 9.200 0 7.400 0 0.343 40 0.214 57 0.072 752
CHF/CNY 1d 5.600 0 4.000 0 0.389 42 0.221 92 2.349 9
2
Table 2 Autocorrelations
Ljung-Box Q
1 2 3 4 5 6
AUD/CNY 1h [0.127 1 [0.078 4 | 0.056 1 | 0.045 9 | 0.064 1 | 0.0542 | 592.74 (0.000 )
EUR/CNY 1h | 0.1667 |0.099 6 [0.0852 | 0.0734 | 0.078 6 | 0.078 3 | 478.33 (0.000 )
GBP/CNY 1h |0.1025 [0.078 6 [ 0.061 4 | 0.036 4 | 0.048 8 | 0.042 1 | 385.32 (0.000 )
JPY/CNY 1h [0.1270{0.106 4 |0.070 3 |0.063 3 | 0.091 3 |0.0825 | 591.63 (0.000)
USD/CNY 1h |0.567 0 [ 0.456 8 | 0.398 6 |0.3299 | 0.3007 | 0.299 7 | 7 190.3 (0.000 )
CHF/CNY 1h [0.1707 | 0.126 3 [0.099 0 [0.071 7 | 0.084 8 | 0.073 3 | 1069.1 (0.000 )
AUD/CNY 1d |0.0795 |0.026 6 | 0.051 9 | 0.028 0 | 0.042 1 | 0.187 7 |11.639 (0.000 646 )
EUR/CNY 1d | 0.602 6 |0.3014 [0.1667 |0.1713 | 0.1842 | 0.303 2 | 462.29 (0.000 )
GBP/CNY 1d |0.116 3 [0.0513 | 0.079 8 |0.047 3 | 0.017 3 | 0.307 2 |24.884 (0.000 001 )
JPY/CNY 1d [0.0702 [ 0.023 4 | 0.0329 |0.021 2 | -0.001 1/ 0.319 7 |9.0893 (0.002 571)
USD/CNY 1d |0.0852 [0.0297 | 0.048 4 |0.042 1 | 0.0150 | 0.331 1 | 13.370 (0.000 256)
CHF/CNY 1d [0.190 8 {0.1346 |0.1035 |0.1175 | 0.0859 |0.078 8 | 55.849 (0.000)
3(a) 2009 - 09 =27 ~ i 3(c) 2009 -
2012 —12 -07 GBP/CNY( / ) 09 -27 ~2012 - 12 - 07 GBP/CNY
A 829 440 000( A 12960 000( 360
360 8 h); HP ); HP
L ; L;  3(d)
3(b) GBP/CNY GBP/CNY
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3
Table 3 Detailed description of prediction interval
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Fig. 4 Predicted results of in one-hour realized volatility evaluations of six exchange rates
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Fig. 5 Predicted results of in one-day realized volatility evaluations of six exchange rates
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Table 4 Statistics of high and low frequency-amplitude volatility in one-day
/10°2 /10°2
AUD/CNY 4.006 7 2.969 5 2.39917 12.097
EUR/CNY 3.548 5 2.3369 1.9927 5.949 7
GBP/CNY 5.514 4 4.488 2 2.360 6 11.652
JPY/CNY 0.044 095 0.037 546 2.8226 14.350
USD/CNY 0.890 05 0.890 17 3.6856 18.583
CHF/CNY 4.1572 4.549 8 11.752 271.76
5
Table 5 Lag test results of high and low frequency-amplitude volatility in one-day
LjungBox
1 2 3 4 5 6 Q b
AUD/CNY 0.160 22 0.107 87 0.131 28 0.109 24 0.082 075 0.372 59 47.283 0.000 0
EUR/CNY 0.232 86 0.191 93 0. 140 63 0.182 10 0.155 86 0.141 30 83.231 0.000 0
GBP/CNY 0.120 17 | 0.080 904 | 0.114 09 0.095 524 | 0.053 256 0.351 73 26. 602 2.5%x10°7
JPY/CNY 0.269 98 0.188 51 0.214 45 0.174 94 0.131 38 0.340 23 134.19 0.000 0
USD/CNY 0.450 33 0.23176 0.129 42 0.099 68 0.143 53 0.277 41 258.16 0.000 0
CHF/CNY 0.13275 | 0.095407 | 0.13398 0.092 607 0.096 60 0.244 28 32.443 1.0x10°3
6
(10 ) .CGARCH
EGARCH 3
7 (a) ~(f) L
(360 500) RMSE ;3
(15) CGARCH CGARCH EGARCH
b+ 1+ T, (7 Tig)
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Fig. 7 Predicted results of high and low frequency-amplitude volatility in one-day
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Abstract: Volatility forecasting attracts extensive attentions in both finance and computation areas. However
high frequency CNY exchange rates with main stream currencies have not been thoroughly studied due to the
lack of the dedicated forecasting model that can capture the dynamics of CNY rates. This paper fills the knowl-
edge gap by firstly proposing a two-component hybrid volatility model based on a neural network which is
composed of a low—pass filter the machinedearning algorithm and the traditional autoregressive model and
secondly studying the forecasting performance thoroughly using the one-hour and one-day realized volatility
constructed from high frequency rates of six major rates: GBP/CNY USD/CNY AUD/CNY EUR/CNY
JPY/CNY and CHF/CNY. The predicting results are compared with component GARCH EGARCH and
neural network only models. The experimental evaluations show that our proposed model outperforms the tradi—
tional models in CNY forecasting volatility significantly and consistently across all forecasting horizons.
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