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Purpose
• Basalt
• Visual-Inertial Odometry
• Motion Estimation

• FAST / Optical Flow
• Rejected Keypoints
• ATE / RTE
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Overview

Model

• Frame T
• Frame T + 1
• Rejected Keypoints

Additional Keypoints

Trajectory

• FAST
• Optical Flow

Basalt VIO
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Basalt

Credit: Mateo de Mayo
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• Monado SLAM Dataset
• Camera / IMU

• ATE
• Evaluates global accuracy of 

trajectory w.r.t ground truth

• RTE
• Evaluates local accuracy of 

trajectory w.r.t ground truth

ATE / RTE
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Keypoint Estimates

• Feature Tracking
• Optical Flow
• Adjacent Frames T and T + 1

• Requires Good Keypoint Estimates 
in Frame T + 1
• Uses IMU data after Frame T
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Using the Estimates as Predictions 
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Dataset Generation
• Monado SLAM Datasets
• Images
• IMU Data

• Basalt
• Feature Detection Component
• FAST
• Cells / Grid
• Store corners
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Dataset Generation

Reference Patch

• Reference keypoint from 
Basalt

Target Patch

• Keypoint Estimate from 
Basalt

• True Keypoint Match from 
RoMa
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Dataset Generation

• RoMa
• Dense Matching

• Warp 
• Tensor H x W x 4
• 2 x-y coordinates

• Confidence Map
• Tensor H x W x 1
• Confidence of each match



11

FAST + RoMa

• DeDoDe vs FAST
• Keypoint Distribution
• Cell Level Confidence Unreliable
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Feature Matchers

Few or Many Matches?

• Sparse Matching
• Dense Matching 
• Semi-Dense Matching

Is there a Detector?

• Detector-Based
• Detect then Describe
• Describe then Detect
• Joint

• Detector Free

Source - Local Feature Matching Using Deep Learning: 
A Survey
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Model
• Frame T
• Frame T + 1
• Rejected Keypoints

Additional Keypoints

Trajectory

• FAST
• Optical Flow

• Patch Embedding
• Positional Encoding
• ResNet

ModelBasalt VIO



14

Model
• Outputs
• Coordinate Offsets - (Δx, Δy)  ∈[−1, 1] after tanh
• Patch Level Confidence - c  ∈[0, 1] after sigmoid
• Point Level Confidence - c  ∈[0, 1] after sigmoid

• ResNet
• Basic Blocks
• Pre Activation
• Depth Separable Convolutions

• Patch Embedding using Convolution
• Positional Encoding
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Training
• Coordinate Offsets
• x, y directions 
• Predicted and True Target patch keypoints

• Patch Level Confidence
• BCE 
• Negative Samples

• Point Level Confidence
• Use RoMa Confidence values ?

• Image Context
• Unreliable

• Gaussian
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Data Augmentation
• Blur
• Add Noise 
• Perturb Target Patch

Reference Patch Target Patch
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Loss Function
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Sample Predictions
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Thresholds 
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Confidence Outputs
• Patch Level
• Point Level
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ATE Graph
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RTE Graph
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Parameter Count
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Positional Encoding
• None
• Sinusoidal 
• Split PE vector into 2 for height & width 
• Addition / Multiplication

• RoPE
• Split image tensor into 2 for height & width 
• Apply rotations 
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Positional Encoding
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Mixed Effect of Deblurring
• NAFNet
• Artifacts

• Datasets
• EuRoC
• Monado SLAM
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Test Metrics
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Future Work
• Feature Matching Component

Credit: Mateo de Mayo
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Future Work
• Dataset Generation
• RoMa
• MemFlow
• ATE / RTE

• Model Size
• Offload to NPU
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Conclusion
• Trained a CNN that uses depth-separable convolutions
• Operates on patches using Basalt’s keypoint estimates
• Effect of positional encoding, deblurring and different confidence 

outputs
• Future Work – RoMa, Feature Matching Component 
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