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4. Results

Figure 5: PREDATOR Evaluation Results for 
HoloNav Pre-Op data

Figure 4: RPMNet Evaluation Results 
for HoloNav Pre-Op with Navigator Data

Figure 7: Comparison of RPMNet accuracy to 
an algorithmic approach

Figure 6: Visualiser Output for 
Model 3, Navigator Data 2
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Figure 2: Visualisation of an 
accurate match acquired with 
fuducial points.

Figure 3: Visualisation of a Point Cloud data from the 
ModelNet40 dataset, acquired from ply_data_test.h5, 
index 1.

Figure 1: The evaluation metrics 
utilised for RPMNet and PREDATOR.
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