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The researth o the sampling method for CT saturation
in numberic bushar protection

CHENGLi-jun, LONG Xiang, YANG Q-xun
(North China Hectric Power Universty , Beijing 100085, Ching

Abgract : It is very inportant for busbar protection that when CT saturated , the rdiahility of busbar protection has irfluenced the sfe and ga
ble operation of dectric power sysem. Andyzed the criteriadf busbar protection , the sanpling CT sturaion arithmetic used for numberic busber
protection is presented in this pgoer. Gombined with the sapling arithmetic for differentid current protection , the high gpeed for operation and
dahility for CT sturation of busbar protection is stidied. Hundred of protections ugng the theory have been served in dectric power sygem.
Keywords: numberic busbar protection; sarpling arithmetic;  CT saturaion check
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Design a valve contrdler o turbogenerator with an integrated intelligent method

YU Xid ,.SONGLingfend ,CHEN Xue yunt
(1. P.O.Box 353 ,Dept.of Hectricd Engneering, Harbin Ingitute of Techrology ,Harbin 150001 ,China;
2.Dept.of Hectricd Eng neering , TSnghua University Beijing 100084 ,Chingd

Abdract :  Goncerning the pecidity of control sysem dedgn problems this pgper presents an integrated intdligent method by introducing anim
proved genetic dgorithm and a fuzzy based reirforcement |learning regpectively into the dfline and online devdlopment partsd afuzzy neurd net
work controller. Smuation resuts o its goplication on the valving control of geam turbine sow thet it hasfavorade cortrol performance and sm
plified desgn process it has higher intdligent levds and is potertid in both theory and practice.

Keywords: fuzy neurd networks;  gendic dgorithm;  reirforcement learning;  vaving control



