rE®E I RKFFR
FEa8E B3 J. University of Shanghai for Science and Technology Vol. 48 No.3 2026

E S 11007 — 6735(2026)03 — 0308 — 08 DOI: 10.13255/j.cnki.jusst.20250307004

BRNRIEB R R E R F D]
EHEIERNDBEHAR

12 ey 12 12 12
FhomT,  FHIT, I OHT,  RIAE
(1. EMERT K2 B 520 ) TAESER,  FE 200093 2. FiE el ) TR % HIvf Al i scies . FIl 200093)

TE: Ak E@H BRe = AR EG RS, KRRERILS ] (DRL) R, 55k
T EAG RS 2 B PR TR . AR THRE R LR (SAC) ik ey A= H Kk
kb, ER—F3 R LR, FIN Liutex L3t B4 A7 b im Mkt id E L bk BAE
IRIEH R AEIEAT, BRI RLAMR, WAL REN, XA TRINZ) L5 S AR
HOH R K RA AL S MR 7 @ A R E RS, 5 DRLAERARL A, TAHARIBI AL, £
FL Ay Fedt 5 R EORSh e oML, W RIE G RAE LIRS IER KR P e R

KEIF: R IER,; RERILFET; AxAHR; RIEH L
FESES: TK 83 XEFRERD: A

Airfoil flow separation control using deep reinforcement learning with
vortex-driven reward

SUNYao”,  DONG Xiangrui', ~ WANGQi'’,  CAl Xiaoshu"

(1. School of Energy and Power Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
2. Shanghai Key Laboratory of Multiphase Flow and Heat Transfer for Power Engineering, Shanghai 200093, China)

Abstract: To suppress the generation of separation flow on the airfoil surface and the instability of
vortex shedding, a deep reinforcement learning ( DRL ) strategy was adopted to optimize the control of
flow separation around an airfoil under low-turbulence conditions. Specifically, during the training of an
active flow control policy based on the soft actor-critic (SAC) algorithm, a novel reward function was
proposed. This reward function incorporated the Liutex statistic as a key metric to quantify the rotational

intensity of vortex structures and vortex core size within the flow field, and was ultimately constructed
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by combining aerodynamic performance metrics. The training results show that the reward function

based on vortex-driven has significant advantages in effectively eliminating large vortices and

optimizing aerodynamic performance. The combination of the vortex-driven reward function and the

DRL framework effectively improves the aecrodynamic performance and minimizes fluctuations of drag

and lift coefficients, demonstrating the application potential of this method in advanced flow control

strategies.
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Fig.1 Computation domain for numerical simulation and jet zone
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Fig.3 Learning process of jet active flow control in DRL framework
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