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Fig.1 Structure of FDO Neural Network
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Fig. 2 The activation function with 3 different projections

(a)hyperbola, (b)parabola, (c)ellipse
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Fig. 3 (altraining 1argets,

(b)and (c)defective targets The convergent curves of FDO

netwoerk and its improved version

(a)FDO network, (b)improved network
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Table 1 SNR of Fig. 5

1 2 3 4 5 6

~0.3038  —0.5126  ~0.8150  —0.7385  —0.8349  —0. 6497
—3.0470 —3.1746  —3.2723  —3.1253  —3.2627  —3.1770
—5.2035  —5.3312  —3.5077  —5.2457  —5.3421  —5. 2563
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Fig. 6 Targets with gaussian noise that could be recognized by the improved network
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Table 2 SNR of Fig. 6

SNR~E 7 1 ? 3 4 5 6

{ dB)
(a) —4.6254  —4.8391  —4.8823  —4.7179 —4.7640 —4.7641
(b) —5.7640  —5.8918  —6.0680  —5.9242  —5.9330  —5.8473
(e) -6.3850 —6.3881  —6.5868  —6.6184  —6.3989  —6.4379
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FIG.7 Defective 1argets with Gaussian noise
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PROBABILISTIC NEURAL NETWORK BASED ON
THE NEIGHBOR STATISTIC CHARACTER AND ITS APPLICATION
IN AUTOMATIC TARGET RECOGNITION "’

Liu Tianrong Shen Dinggang Qi Feihu

(Tustitute of Optical Fiber Technology, Shanghai Jiaotong University, Shanghai 200052 ,China)

Abstract Based on one of the improved probabilistic neural network models —FD(Q) neural
network, the paper presents an idea of taking the effect of the 8 neighbors of every pixel
into consideration when designing the convergent domain of the network. The activation
function of the network is modified, thus endowing the network with good stability and
high running speed. The recognition capabilities of FD() network and its improved version
are compared in the simulation experiment. The result proves that the improved network

is especially suitahle for the recognition of targets with Gaussian noise,

Key words artificial neural network, probabilistic neural network. convergent domain,

(Gausstan noise.
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