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7 Appendix

7.1 Line plot of input data
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Station Location: Talcher
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Station Location: Siliguri
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Station Location: Patna
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Station Location: Mumbai
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Station Location: Lucknow
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Station Location: Jodhpur
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Station Location: Hyderabad
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Station Location: Guwahati
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Station Location: Delhi
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Station Location: Bengaluru
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Station Location: Amritsar
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Station Location: Agra
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