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Figure 2.3: The neuron (nerve cell). In (a), a vertebrate
motor neuron is shown, and in (b), a scanning electron
micrograph of a neuron is shown
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Figure 4.1: Network of motor neurons in the spinal cord,
photograph taken through a microscope.
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Figure 4.2: Three connected neurons, a simple biological neural network
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Ponald O.Hebb, 7 Organipadion of Behavior , /T¢5
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Applicatron (Pattern Lecoprition):
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