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Table (2): Results of the Error matrix parameters of the 1986 land cover map
Land Cover 1986

Classes Mangrove Mud and Tidal Sea User Accuracy Producer Accuracy
Mangrove 100 0 0 100 100
Mud and Tidal 0 100 6.67 100 93.75
Sea 0 0 93.33 93.33 100

Overall Accuracy: 97.77
Kappa Coefficient: 0.96

Voor o8l)l iibgy 4l pligl o Flo (s ol o b (V) J g
Table (3): Results of Error matrix parameters of land cover map 2000
Land Cover 2000

Classes Mangrove Mud and Tidal Sea User Accuracy Producer Accuracy
Mangrove 93.33 0 6.67 93.33 93.33
Mud and Tidal 6.67 86.67 0 92.86 86.67
Sea 0 13.33 93.33 87.50 93.33

Overall Accuracy: 91.11
Kappa Coefficient: 0.86

Voo (ool)l Glubgy aldli plaal (s ylo sl ol )y @ bG :(F) Jgur
Table (3): Results of Error matrix parameters of land cover map 2020
Land Cover 2020

Classes Mangrove Mud and Tidal Sea User Accuracy Producer Accuracy
Mangrove 93.33 6.67 0 93.33 93.33
Mud and Tidal 6.67 86.67 0 92.86 86.67
Sea 0 6.67 100 93.75 100

Overall Accuracy: 93.33
Kappa Coefficient: 0.90
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Table (5): Area and rate of land cover changes from 1986 to 2020

Categories Extent (ha) Change (%)
Classes 1986 2000 2020 1986-2000  2000-2020  1986-2020
Mangrove 5130.78 547187 5967.13 6.23 8.30 14.02
Mud and Tidal ~ 17019.0  16971.7 16334.5 -0.28 -3.90 -4.19

sea 14079.6  13785.6  13927.3 -2.13 1.02 -1.09
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