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Motivation: Autonomous Navigation
UAVs: Unmanned Aerial Vehicles

elf Driving Cars
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How Does Autonomous Navigation Work?

Perception

Motion Planning
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How Does Autonomous Navigation Work?

Perception

Perception is the
computation bottleneck




Challenges: High Dimensionality

« Large amount of data

— Sensors data: High resolution & frame rates

— Data expansion: Image pyramid




Challenges: High Dimensionality

« Large amount of data

— Sensors data: High resolution & frame rates

— Data expansion: Image pyramid

« Growing map size

[T. Pire et al., 2017]




Challenges: Low Power Budget

Big battery

=8, . Mobile CPU, GPU




Challenges: Low Power Budget

Big battery

B o cru, GPU

Insect-scale UAV (100mg)

Lifting Cameras CPU, GPU
100 mW 100mW  10-100 W |




Navion: Energy-Efficient Visual-Inertial Odometry

\

« Energy-efficient & real-time

|| Tracking | |ues= Graph localization and mapping

I

* Process stereo images at up to 171 fps

« 24 mW average power consumption

/
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Localization & Mapping: Visual-Inertial Odometry (VIO)
Chip Architecture

Main Contributions

Chip Specifications and Comparisons

Summary




Localization and Mapping Using VIO
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Localization and Mapping Using VIO
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VIO: Frontend

Stereo
Images
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KF: Keyframe

Process mono/stereo Images
- Detect & track features (L,)




VIO: Frontend
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Feature Tracks ‘

»

Process mono/stereo Images
- Detect & track features (L,)
- Generate Feature Tracks -> (keyframe IDs & feature coordinates)
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VIO: Backend
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VIO: Backend
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* Chip Architecture
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Navion Chip Architecture

Vision Frontend (VFE)
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VFE: All Image Processing
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BE: Fusing Sensors Data
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VIO Full Integration Challenges

* Vision Frontend (VFE)

— Heterogeneous computation modules
« Feature detection
» Feature tracking
« Stereo matching
 Qutliers rejection using RANSAC




VIO Full Integration Challenges

* Vision Frontend (VFE)

— Heterogeneous computation modules
« Feature detection

Feature tracking

Stereo matching

Outliers rejection using RANSAC

« Backend (BE)
— High dimensional and complex data structures
 Large optimization problem (more than 4000 factors)
« Dynamically changing factor graph
« High computation precision (64-bit floating point)
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Enabling Full Integration
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Frame buffers
1,410 kB «:

Enabling Full Integration
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Method 1
Data Compression




Frame Buffer: Image Compression

* Block-wise Lossy Image Compression
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Frame Buffer: Image Compression

* Block-wise Lossy Image Compression
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Frame Buffer: Image Compression

- —
Lossy Image Compression:
4.4x Memory size reduction

\_ Used only in Feature tracking & Sparse stereo y
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1.625 bit/
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Method 2
Exploit Sparsity
(Structured & Unstructured)




Linear Solver memory: Structured Sparsity
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Linear Solver memory: Structured Sparsity
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Linear Solver memory: Structured Sparsity
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Linear Solver memory: Structured Sparsity
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Feature Tracks: Unstructured Sparsity

» Feature Tracks accounts for 88% of the Graph memory
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Feature Tracks: Unstructured Sparsity

 Feature Tracks accounts for 88%

of the Graph memory

---------- 1 /\'\
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Feature Tracks: Unstructured Sparsity

» Feature Tracks accounts for 88% of the Graph memory
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Feature Tracks: Unstructured Sparsity

eature tracks two-stage storage: Rl [a—
5.4x Memory size reduction

e

One Memory
(962 kB)
|

Overhead: !
\_ 1 extra cycle access latency Y !
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» Chip Specifications and Comparisons




Navion Chip
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 EuRoC dataset

Navion Evaluation

— A very challenging, and widely used UAV dataset
— 11 sequences with three categories: easy, medium & difficult

Examples of easy Sequences

J

\_ Dark scenes

Motion blur

~

Examples of difficult Sequences

_J




Navion Evaluation

» Average numbers over the 11 EuRoC dataset sequences

Platform Xeon ARM Navion
(E5-2667) |(Cortex A15)
Trajectory Error (%) 0.22% 0.28%
Camera rate (fps) 63 19 71
Keyframe rate (fps) 12 2 19
Average Power (W) 27.9 2.4 0.024
Energy (nJ/pixel) 2,531 1,094 1.6




Navion Evaluation

* Average numbers over the 11 EuRoC dataset sequences

Platform Xeon ARM Navion
(E5-2667) | (Cortex A15)
Trajectory Error (%) 0.22% 0.28%
Camera rate (fps) 63 19 71
Keyframe rate (fps) 12 2 19
Average Power (W) 27.9 2.4 0.024
Energy (nJ/pixel) 2,531 1,094 1.6
"Navion Energy: A
684x less than embedded ARM CPU
\_ 1,582x less than server Xeon CPU Yy
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Summary

 First full integration of VIO pipeline on chip for robot
perception
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Summary

 First full integration of VIO pipeline on chip for robot

perception
* Leverage compression and sparsity to reduce memory size
N image compression
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—5.2Xx rec

— 5.4x rec
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n structured sparsity in linear solver
N unstructured sparsity in feature tracks

* Navion is 2 to 3 orders of magnitude more energy efficient

than CPU




Summary

 First full integration of VIO pipeline on chip for robot
perception

* Leverage compression and sparsity to reduce memory size
— 4.4x reduction with image compression
— 5.2x reduction with structured sparsity in linear solver
— 5.4x reduction with unstructured sparsity in feature tracks

* Navion is 2 to 3 orders of magnitude more energy efficient
than CPU
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