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主持人笔记
演示文稿备注
海气耦合模式是进行气候研究的重要工具，然而模式结果中的系统性误差严重限制了模式对气候预报和未来气候变化趋势预估的能力。近10年来，耦合模式性能得到了一定的提升，但其对海洋温盐场的模拟几乎没有任何改善。
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演示文稿备注
海洋垂向混合参数化方案的选取，对模式模拟结果影响巨大，例如在热带太平洋存在的冷舌误差，
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通过减小混合参数化方案中的背景混合系数，可以减小冷舌误差


B ®: Vertical turbulent mixing processes are very important in

the tropics

The Coriolis force vanishes on the equator and is
weak nearby, the vertical turbulent viscosity
provides the principal balance for the zonal

pressure gradient driving the EUC (McCreary,
10R1)

B 200

100 . L . :
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Ficure 5. Profiles of zonal velocity at point P of figure 3, contrasting the model response for three different values
of V. Curves G and L correspond to v, = 5.3 and 0.060 cm?/s, respectively, The thicker curve corresponds
10 ¥y, = .56 em?/s. The maximum speed of the Undercurrent varies more weakly than T 8

Subsurface mixing is the dominant sea surface
cooling term and controls the SST cooling phase
in the cold tongue region (Moum et al., 2013).
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此外，流剪切不稳定导致的混合，。。。。


B &: Vertical turbulent mixing processes are very important in the tropics

e iﬂ:ﬁjﬂdeep cycle turbulence,
WA T “marginal instability” IRZES (Ri 7£1/4 Lk
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and Moum, 2013).
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B &: Vertical turbulent mixing processes are very important in the tropics
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目前气候模式中流剪切混合参数化方案有三种，KPP,PP,PGT，其中1/3模式都采用kpp


B ®: Vertical turbulent mixing processes are very important in the tropics
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但是，KPP方案估算的垂向混合系数与向下热通量与观测相比，差异巨大


fRRTTR: Deep feedforward network can help to parameterize
the shear-driven turbulence
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fBRTTR: Deep feedforward network can help to parameterize

the shear-driven turbulence
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由于目前对剪切不稳定混合过程的物理认识还很有限，基于这些有限认识的经验关系自然会产生很大的不确定性。


fRRTTR: Deep feedforward network can help parameterize the
shear-driven turbulence
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the shear-driven turbulence
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训练数据采用TAO阵列近15年的观测资料


fRRTTR: Deep feedforward network can help to parameterize

the shear-driven turbulence
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R TTR: Deep feedforward network can help to parameterize
the shear-driven turbulence
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fRRTTR: Deep feedforward network can help to parameterize
the shear-driven turbulence
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神经网络参数化方案明显优于目前气候模式所采用方案，与实际观测结果相比，相关系数提高~0.2



fERTTHR: Deep feedforward network can help to parameterize
the shear-driven turbulence o
ETHHGERHIRRGHE

/7 N

Hidden layer]  Hidden layer?

Haorizontal Grid
(Latitude-Longitude)

Vertical Grid )
{Height or Pressure) |

Loss function;
[108),(K7) ,rerlogyo(K7) o)


主持人笔记
演示文稿备注
将该方案应用到海洋和气候模式中，


ZE B, Performances in ocean and climate models
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证实其对上层海洋垂向混合系数和垂向热通量表征的能力，如左图，黑线是观测，红线是我们的新方案，蓝线是KPP方案。我们的新方案与观测结果更为一致。从而有效改善热带太平洋的温度模拟结果。
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证实其对上层海洋垂向混合系数和垂向热通量表征的能力，如左图，黑线是观测，红线是我们的新方案，蓝线是KPP方案。我们的新方案与观测结果更为一致。从而有效改善热带太平洋的温度模拟结果。
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