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VIO: Visual-Inertial Odometry

VIO is a special instance of Simultaneous Localization and Mapping (SLAM)

Virtual and augmented reality
on energy-constrained devices
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Drone’s state

Vision Frontend (VFE)

Feature Detection (ldentify features)

e Extract Harris corners (up to 200 per frame)

* Search and distribute across the whole frame
* Compute for every keyframe

3D Stereo (Estimate depth of
features — a.k.a. landmarks)

* Sparse block matching

* Compute for every keyframe

Feature Tracking (Estimate movement of features)
Lucas-Kanade pyramidal optical flow
Supports up to 3 pyramid levels
Compute for all frames (measure movement
between keyframes)

IMU Frontend (IFE)

Gyroscope: Estimate Rotation
Accelerometer: Estimate Translation

Pre-integration: Integrate IMU measurements
into one per keyframe 1]

Visit navion.mit.edu
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Gyro & Accelerometer

Measurements

Backend (BE)

measurements across time

Update state estimates (x’)

Minimize inconsistencies between

Fuses vision and IMU estimates to

refine the final state estimates (x’)
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IMU Factors

Solve with state-of-the-art factor graph algorithm
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Vision Factors

Over
4000+ factors
in optimization

Navion Chip Architecture
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Navion Results
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Key Challenges

e Large frame memories for feature
tracking and stereo computation

e Large graph memory with irregular
memory access

* Slow linear solver

Our Approach

* |Image compression
* 4.4x smaller frame memory
* 4.9x less power

* Sparse feature tracks data structure
* 5.4x smaller graph memory

e Sparse linear solver

* 5.2x smaller linear solver memory
e 7.2x speed up

Technology | 65nm CMOS | [P0 17" T
1.5x 2.6x 4.1x

Chiparea [4.0x5.0mm?|g
Logic gates | 2,043 kgates | £
SRAM 854 KB %%
Frame size 480x752
Camera 28 — 171 fps
Baseline Image Two-stage  Sparse LS
Keyframe 16 — 90 fps Compression Storage Memory
Power 27 -43.2 mW | O - - -
Frame Graph Linear Misc.
Solver
Platform Xeon ARM FPGA ASIC
[2] [2] [2] (This work)
Accuracy* 0.20% | 0.20% 0.24% 0.28%
Camera max fps 21 5 20 171
Keyframe max fps 13 3 5 90
Power (W) 26.10 2.33 1.46 0.024

*Measured on EuRoc MAYV dataset
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