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• Remote sensing 

alternatives



Objective

• Develop a semi-automated and repeatable workflow to monitor 
changes in intertidal habitats in a cost-effective way



Imagery Collection & Processing

• Collect RGB imagery of Little Trout Creek using a UAS 
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Imagery Collection & Processing

• Collect RGB imagery of Little Trout Creek using a UAS 

• Generate a mosaic and digital surface model (DSM)
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Water masking and segmentation

• Intertidal habitats and 
surrounding water 
look very similar to 
the computer

• Elevation data and a 
water index were 
used to mask water 
from the scene 
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Feature Selection and Classification

• 20 samples were selected from each habitat class (mudflat, salt marsh, 
oyster reef)

• 31 variables were included in a feature-space analysis

• A classification algorithm within eCognition used the information from 
the samples to classify the remaining objects



Classification



Accuracy Assessment 

Actual Habitat

Oyster Marsh Mud Water
User 

Accuracy (%)

Classified 
Habitat

Oyster 133 33 14 6 71.51

Marsh 17 130 2 1 86.67

Mud 6 3 119 17 82.07

Water 10 0 31 142 77.6

Overall accuracy: 79%



Accuracy Assessment 

Actual Habitat

Oyster Marsh Mud Water
User 

Accuracy (%)

Classified 
Habitat

Oyster 133 33 14 6 71.51

Marsh 17 130 2 1 86.67

Mud 6 3 119 17 82.07

Water 10 0 31 142 77.6



Accuracy Assessment 

Actual Habitat

Oyster Marsh Mud Water
User 

Accuracy (%)

Classified 
Habitat

Oyster 133 33 14 6 71.51

Marsh 17 130 2 1 86.67

Mud 6 3 119 17 82.07

Water 10 0 31 142 77.6



Conclusions and considerations

• The ruleset performed well, with most misclassifications occurring 
between oyster and marsh 



Conclusions and considerations

• The ruleset performed well, with most misclassifications occurring 
between oyster and marsh 

• Geometric attributes at varying scales can improve classification 
accuracy



Conclusions and considerations

• The ruleset performed well, with most misclassifications occurring 
between oyster and marsh 

• Geometric attributes at varying scales can improve classification 
accuracy

• The workflow developed allows for consistent monitoring 
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Imagery Collection & Processing

• Collect overlapping imagery of Little Trout Creek using a UAS 

85% frontlap

75% sidelap

DJI Inspire 2



Accuracy Assessment 

Actual Habitat

Oyster Marsh Mud Water
User 

Accuracy (%)

Classified 
Habitat

Oyster 133 33 14 6 71.51

Marsh 17 130 2 1 86.67

Mud 6 3 119 17 82.07

Water 10 0 31 142 77.6

Producer 
Accuracy (%)

80.12 78.31 71.69 85.54


