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The three R’s of vision:
Spectrum of Computer Vision Research

Reconstruction Recognition Reorganisation
Scalable Kinect Fusion Deep learning for scalable or Grou ping
(2013) Object class detection (2014)

Contour detection
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Building Rome on a
cloudless day (2010)
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Credit: Zeeshan Zia
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Simultaneous localisation and mapping (SLAM)

Build a coherent world representation and localise the camera in real-time

Video:
Dyson 360 Eye



https://www.youtube.com/watch?v=OadhuICDAjk
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Simultaneous localisation and mapping (SLAM)

SIGGRAPH Talks 2011
KinectFusion:

, Real-Time Dynamic 3D Surface
'Whelan et al. 2012] Reconstruction and Interaction

Shahram lzadi 1, Richard Newcombe 2, David Kim 1.3, Otmar Hilliges 1,
David Molyneaux 1.4, Pushmeet Kohli 1, Jamie Shotton 1,
Steve Hodges 1, Dustin Freeman 5, Andrew Davison 2, Andrew Fitzgibbon 1

1 Microsoft Research Cambridge 2 imperial College London

Video: 3 Newcastie University 4 Lancaster University
[Newcombe et al. ISMAR 2011] S University of Toronto



https://www.youtube.com/watch?v=quGhaggn3cQ#t=102
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Demo: 3D reconstruction of Albert

This slide has been added after the presentation and shows the
live demonstration of the SLAMBench framework performed
(see next slide for explanation)
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SLAMBench GUI
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What is “Performance”?

n several domains performance is execution time

n some domains performance is accuracy

3. What about energy"”’

4. But also memory consumption, temperature, robustness, etc.

A modern system evaluation considers multiple metrics:

' Runtime
Per formance = | Energy
Accuracy

This defines a multi-objective optimisation problem: trade-off

8
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Three “Performance” metrics

Holistic approach to SLAM “performance”:
SLAMBench

’J}v Kernels —9 Architectures —9 Correctness - Performance —p Metrics

R Frame rate @’@/}E

Computer [bilateralFilter ()
halfSampleRobust (..)

Vision renderVolume (..)

i integrate (..) Energy
R ' A /9:
: : e ccurac
Compiler/Runtime Hardware ICL-NUIM Dataset o — = — = —— y <O’

A publicly-available benchmarking framework for quantitative, comparable
and validatable experimental research to investigate trade-offs in
performance, accuracy and energy consumption of a SLAM system
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How to measure SLAM “Performance”?

SLAM computation depends on: Need for reproducibility

and accuracy check

* |mages acquired

. P _
- Way the camera is moved re-recorded scenes

* Numerical approximations Process-every-frame mode

* Processing frame rate

. ICL-NUIM
(depends on hardware capability) CL-NUIM and

TUM RGB-D datasets

"
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21
* ICL-NUIM synthetic dataset °l
[Handa et al. 2014]

_4 1 ! 1 ! 1 ! 1 !
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e 880 RGB-D frames at 30 FPS i)
* Absolute trajectory error (ATE) based on ground truth 11
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SLAMBench framework

SLAM benchmarks

Dense SLAM Semi-dense SLAM Sparse SLAM

Implementation languages

Desktop to embedded platforms

Datasets

Performance evaluation

[Nardi et al., 2015]
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SLAMBench opportunities

Chip design and simulation tools

13
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SLAMBench opportunities

Chip design and simulation tools
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SLAMBench opportunities

Chip design and simulation tools

SLAMBench evolution:

- Point fusion

+ Octrees

- Semi-dense SLAM

- Feature-based SLAM

Kernels can be improved individually

13
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SLAMBench opportunities

SLAMBench evolution:
Point fusion

Chip design and simulation tools ~ * ©ctrees
Semi-dense SLAM
Feature-based SLAM

Kernels can be improved individually
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SLAMBench opportunities

SLAMBench evolution:

Point fusion
Chip design and simulation tools ~ * ©ctrees
Semi-dense SLAM
Feature-based SLAM
Kernels can be improved individually

Domain-specific language (DSL) targeting
high performance, low-power solutions

Design-space exploration, e.g. algorithmic,
compiler and hardware parameters

2
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SLAMBench kernels tuning, e.g.
vectorisation, GPU, auto-tuning
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SLAMBench opportunities

Chip design and simulation tools

Domain-specific language (DSL) targeting
high performance, low-power solutions

Design-space exploration, e.g. algorithmic,
compiler and hardware parameters

SLAMBench kernels tuning, e.g.
vectorisation, GPU, auto-tuning

13

SLAMBench evolution:
Point fusion
Octrees
Semi-dense SLAM
Feature-based SLAM
Kernels can be improved individually

- CPU/GPU mapping/partitioning
- Just-in-time compilation
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SLAMBench |¢|EE € dyson Agpm
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» Compiler/runtime | 5 | ¥ W :
* Architecture 2 -

Web: apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/

- Introducing SLAMBench, a performance and accuracy benchmarking methodology for

SLAM (ICRA 2015) Papers for further reads
- Comparative Design Space Exploration of Dense and Semi-Dense SLAM (ICRA 2016)



http://apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/

Crowdsourcing mobile Android SLAMBench

° SLAMBench OpenMP
° SLAMBench OpenCL

70
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Frames Per Second (FPS)

Get it now, °
And see where
your device is!!

Getiton

V\ Google play

¢ @

SLAMBench

® EPSRC
SLAMBench is a new generation of benchmark
targeting Power, Performance, and Accuracy for
SLAM Applications on mobile devices. In this version
of SLAMBench, the KinectFusion application is going
to be tested several times for several parameter
configurations, and a final mark for your device will be
computed. This is the version 1.0-8(release) of the
benchmark

Be aware that technical information about you device
and about its performance will be anonymously sent
to a remote server. These data will be use, in the
future, to improve SLAM applications.

This phone is rooted, the live mode might be possible,
enjoy it!

imperial College
Londor

RUNIT

o

< Benchmarking

express-kfusion-neon (2 left)

L

Reu
Success] OMP worked

[Warning] OpenCL skipped.

[Info] Start configuration download

[Info] Configuration downloaded

[Info] Used memory:24Mo max app memory:96Mo
available memory:231Mo

[Warning] The following tests has been ignored,
express-kfusion-ocl, standard-kfusion-ocl, fast1-
kfusion-ocl, fast2-kfusion-ocl, fast3-kfusion-ocl, fast4-
kfusion-ocl.

[Success] Download su
[Success] KFusion con
[Info] Start infos

HTC One X
Unknown ATV

Samsung Galaxy Note2 (GT-N7100
Samsung Galaxy S4 Mini (GT-19195

)
)
)

HUAWEI Hol-U19

Samsung Galaxy S3 (GT-19300)

)
)
)

OnePlus One (A0001)

Wiko BIRDY
ASUS Nexus 7 2013

Huawei MediaPad T1 7.0 (T1-701u)
jiayu JY-S3

SONY E2033
Asus Nexus 7 (2013
Google Project Tango Tablet Development Kit

HTC Nexus 9
Sony Xperia Z1 Compact (D5503

HTC One (m7)

LGE Nexus 5
Asus Trans Pad Infinity (KOOC)

LGE Nexus 4
HTC Desire 620G dual sim

Motorola Nexus 6

Samsung Galaxy Core Prime (SM-G361F)
Xiaomi Mi Pad

Xiaomi MI 4LTE-CT

HTC One_M8
Samsung Galaxy S6 Edge (SM-G925F)

Lenovo B8080-F

Samsung Galaxy S4 (GT-19505)
MEIZU m2 Note

LGE LG G3 (LG-D855)

Motorola MotoG3
Samsung Galaxy Note3 (SM-N9005)

Sony Xperia Z3 (D6603)

LGE Nexus 5 (AOSP on HammerHead)
DuneTek VitaminA

KINGZONE N3 LTE
Samsung Galaxy Note3 (SAMSUNG-SM-NS00A)

Nvidia SHIELD tablet

Samsung Galaxy S5 (SM-G900F)

Kobo Arc10 (arc 10HD
Qualcomm MDP 805 Tablet (apg8084)

Gigabyte GSmart Akta A4
HardKernel ODROID-XU3

Samsung Galaxy Note2 (GT-N7105)
Motorola MOTO X (XT1053)

Motorola MOTO X (XT1095)
Samsung Galaxy S6 (SM-G920T)

Sony Xperia Z3 Compact (D5803)
HTC One (M8) (

Samsung Galaxy Note 5 (SM-N920V)
Samsung Galaxy S6 (SM-G9200)
Samsung Galaxy S6 (SM-G920F)

e|t runs a set of configurations on the available
languages on your device
® [hen shows the best achieved result
15



https://play.google.com/store/apps/details?id=project.pamela.slambench&hl=en_GB
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
* Application-specific parameters

* Minimisation methods
e Early exit condition values

16
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
* Application-specific parameters
e Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.
LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.
Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)

16
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
* Application-specific parameters
* Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.

LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.

Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)

3. Architecture:
* GPU frequency: 177/266/350/420/480/543/600/DVFS
 # of active big cores: 0/1/2/3/4
e # of active LITTLE cores: 1/2/3/4
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
* Application-specific parameters
* Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.
LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.
Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)
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3. Architecture:
* GPU frequency: 177/266/350/420/480/543/600/DVFS
« # of active big cores: 0/1/2/3/4
e # of active LITTLE cores: 1/2/3/4

Warning: huge spaces, imgossible to run exhaustively
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EXploration goal
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Algo design-space exploration (DSE)

Samples r, N ‘
,,”'” > Machine < S <
e el ':-.".': e Iearning New samples
< 7 Active learning
Algorithmic i R Time
configuration > Prﬁ]do'gg?’e > Power > Run
parameters Error L )
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Machine learning methods useo
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Max ATE (m)
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DSE on algorithmic parameters error/runtime

CPU CPU name CPU GFLOPS CPU cores GPU GPU name GPU GFLOPS TDP Watts

Machine

ARM
A15 + A7

Hardkernel
ODROID-XU3

0.055

Exynos 5422 ARM | Mali-T628

LI I°I ~o 0T T 1r—rrrrrr—rrtrrr+trrrrrrrrrrtrrrr1rr T Tr-1T 1T T 1T 17T 1T"1TT"] Iol |

X Default configuration
— Active learning
—— Random sampling

%o

0.050

0.045

o O

SRR AGSEBEOTD O O 00 O 00 OO 00

0.040

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45
Mean time per frame (sec)

0.035
0.00
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DSE architecture parameters power/runtime

7 | | | | | | | | | | | | | | | | | | |
: - Configuration
6l . | ¥ Default configuration|
—— Pareto front
_ 5} i
=
(-
O o
o 4r o T
& ° o
-]
n
C
S 3t 2
o
=
g
21 i
1 _
O ] ] ] ] ] ] ] ] ] ] ] ] ] ] ] ] ] ] ]
0.00 0.05 0.10 0.15

Runtime (sec)
21
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DSE final results

Constraint Runtime (FPS) Max ATE (cm)  Power (Watts)
Default 6.03 441 2.77
Best runtime 39.85 4.47 1.47
Best accuracy 1.51 3.30 2.38
Best power 11.92 4.45 0.65
Power < 1W 29.09 4.47 0.98
Power < 2W 39.85 4.47 1.47
FPS > 10 11.92 4.45 0.65
FPS > 20 28.87 4.47 0.91
FPS > 30 32.38 4.47 1.01

- Most of the improvement comes from the algorithmic space
- KinectFusion real-time on a popular embedded device

- Enabling auto-tuning at the domain-specific language (DSL) level

22
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SLAMBench vs other benchmarking

frameworks:

should HPC follow this model?

e Multi-objective optimisation: frame rate/power/accuracy

e Semantic accuracy check is very powerful:

S enables non bit-wise accuracy check

S scope for agg

ressive approx. computing and auto-tuning

e Several datasets:

S& not just 1 "big’

"and 1 "small’

o Multi-kernel benchmark:

Al
S¢ enables benc

nmarking complex frameworks

e Multiple applica
Al 1Q | '
S& this is coming

ions from the same domain (SLAM)

23
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KinectFusion algorithmic features

Features

04x64x64, 128x128x128,
256x256x256, 512x512x512

p distance 0..0.5
Pyramid level iterations (3 levels) 0,1,2,3,4,56,7,8,9, 10, 11

Image resolution (image ratio) 1,2,4,8

Tracking rate 1,2,3,4,5

ICP threshold 106.. 102
Integration rate 1..30

Volume resolution

29
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KinectFusion algorithmic features

Features Ranges

04x64x64, 128x128x128,
256x256x256, 512x512x512

p distance 0..0.5
Pyramid level iterations (3 levels) 0,1,2,3,4,56,7,8,9, 10, 11

Image resolution (image ratio) 1,2,4,8

Tracking rate 1,2,3,4,5

ICP threshold 106.. 102
Integration rate 1..30

Volume resolution

Image resolution (image ratio)

640x480 320x240 160x120 80x60

29
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KinectFusion algorithmic features

Features Ranges

04x64x64, 128x128x128,
256x256x256, 512x512x512

p distance 0..0.5
Pyramid level iterations (3 levels) 0,1,2,3,4,56,7,8,9, 10, 11

Image resolution (image ratio) 1,2,4,8

Tracking rate 1,2,3,4,9

ICP threshold 106.. 102
Integration rate 1..30

Volume resolution

Image resolution (image ratio) Volume resolution

A — 11.,».‘1

640x480 320x240 160x120 80x60 2X2X2 3x3x3 6x6x6

29
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DSE compiler parameters speedup

2.0

30
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"Performance” on SLAMBench |

* Runtime/energy/accuracy measurements
* Accuracy provided via absolute trajectory error (ATE)

: CPU CPU CPU GPU  TDP
Machine G name GFLOPS cores CrU GPUName oo ops watts

H:Drgoil(lfiﬂse' A éRJrMM 4+ 4 |ARM| Mali-T628 | 60 + 30

32
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“Performance” on SLAMBench =

* Runtime/energy/accuracy measurements
* Accuracy provided via absolute trajectory error (ATE)

ATE incm : CPU CPU CPU GPU TDP
Machine CPU name GFLOPS cores A R e GFLOPS Watts
Hardkernel
ODROID-XU3
) QO 303
S 0.8 S
= E 25 T S0%energy e
o) O improvement
Q 0.6 o 2 e A S
B >
i{)/ 0.4 S 15 ---------------------------------------------------------------------
q) | -
£ R
— 0.2 LL
0

C++ OpenMP OpenCL

32 [Nardi et al., 20135]
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Measurement ] Update - Surface
Estimation | Reconstruction 5 Prediction

Compute ICP of Predicted Integrate Surface Ray-cast
Surface Vertex an and Measured Measurement TSDF to Compute
Normal Maps Surface into Global TSDF Surface Prediction

Kinectrusion pipeline

* First dense monocular SLAM algorithm [Newcombe et al. ISMAR 2011]
* Adopted as a major building block in more recent SLAM systems

* Implementation based on [Reitmayr 2011] CUDA implementation

33
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|CP registration

[Rusinkiewicz and Levoy 2001]

e |terative Closest Point (ICP):
6 DoF rigid body transtorm from frame k-1 to frame k

* |terative algorithm computing an energy function minimisation
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Truncated Signed Distance Function
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[Vespa 2015]

 Example of a 2D Truncated Signed Distance Function (TSDF)

* The red line shows the zero isosurface representing the best

estimate of the observed surface a
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SLAMBench kernels

Kernels Pipeline Pattern In Out Y/

acquire Acquire n/a pointer 2D 0.03
mm2meters Preprocess Gather 2D 2D 0.06
bilateralFilter =~ Preprocess Stencil 2D 2D 33.68
halfSample Track Stencil 2D 2D 0.05
depth2vertex Track Map 2D 2D 0.11
vertex2normal Track Stencil 2D 2D 0.27
track Track Map/Gather 2D 2D 4.72
reduce Track Reduction 2D 6x6 2.99
solve Track Sequential 6x6 6x1 0.02
integrate Integrate Map/Gather 2D/3D 3D 12.85
raycast Raycast Search/Stencil ~ 2D/3D 2D 35.87
renderDepth Rendering Map 2D 2D 0.12
renderTrack Rendering Map 2D 2D 0.06

renderVolume  Rendering  Search/Stencil 3D 2D 0.18

T T ey

Parallel patterns: (a) Map, (b) Reduction, (c¢) Stencil, (d) Gather and (e) Search.
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P\atforms

Machine names TITAN GTX870M ODROID (XU3) Arndale
Machine type Desktop Laptop Embedded Embedded Embedded
CPU 17 Haswell 17 Haswell NVIDIA 4-Plus-1 Exynos 5422 Exynos 5250
CPU cores 4 4 4 (Cortex-Al15) + 1 4 (Cortex-Al5) + 4 (Cortex-A7) 2 (Cortex-Al5)
CPU GHz 3.5 24 2.3 1.8 1.7
GPU NVIDIA TITAN NVIDIA GTX 870M  NVIDIA Tegra K1 ARM Mali-T628-MP6 ARM Mali-T604-MP4
GPU architecture Kepler Kepler Kepler Midgard 2nd gen. Midgard 1st gen.
GPU FPU32s 2688 1344 192 60 40
GPU MHz 837 941 852 600 533
GPU GFLOPS (SP) 4500 2520 330 60+30 (72436) 60 (71)
Language CUDA/OpenCL/C++  CUDA/OpenCL/C++ CUDA/C++ OpenCL/C++ OpenCL/C++
OpenCL version 1.1 1.1 n/a 1.1 1.1
Toolkit version CUDA 5.5 CUDA 5.5 CUDA 6.0 Mali SDK1.1. Mali SDK1.1
Ubuntu OS (kernel) 13.04 (3.8.0) 14.04 (3.13.0) 14.04 (3.10.24) 14.04 (3.10.53) 12.04 (3.11.0)
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‘Performance”: accuracy

Absolute trajectory error (ATE) in cm - default algorithmic configuration

ATE incm TITAN GTX870M TK1 ODROID Arndale

C++

OpenMP

OpenCL

CUDA

* ATE easy-to-use tool for non computer vision experts

e Semantic validation instead than bitwise accuracy
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“Performance’”: execution time

Mean time per frame (lower is better)
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Power (W)
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“Performance” power (ODROID-XU3)

On-board voltage/current sensors and split power rails:

power measured individually on big (A15), LITTLE (A7), GPU and DRAM
6 _____________________________________________________________________________________________________________________________________________________________




Luigi Nardi - Imperial College London

Copyrights

Author: unknown. Microsoft Kinect camera. [Image]. Retrieved from http://channel9.msdn.com/Series/Kin DKQuickstar

Understanding-Kinect-Hardware
Author: Dyson Ltd. Dyson 360 Eye. [Video]. Retrieved from https://www.youtube.com/watch?v=0adhulCDAjk

Author: Google Inc. Google Tango project. [Image]. Retrieved from http://blogthinkbig.com/en/project-tango-googles-mobile-kinect/

Author: unknown. Audi autonomous car. [Photograph]. Retrieved from http://www.wired.com/2010/06/audis-robotic-car-looks-hot-in-
old-school-livery/

Author: ExtremeTech. Google Shaft robot. [Photograph]. Retrieved from http://www.extremetech.com/extreme/173318-google-wins-

darpas-robotics-challenge-wonders-if-it-was-a-good-idea-to-turn-down-future-military-contracts

Author: HardKernel. ODROID-XU3 board. [Photograph]. Retrieved from http://www.hardkernel.com/main/products/prdt_info.php?
g_code=G135235611947

Author: PC Specialist Ltd. Vortex series laptop. [Photograph]. Retrieved from https://www.pcspecialist.co.uk/forums/
showthread.php?23366-My-new-beast-15-6-quot-Vortex-Il|

Author: Arndale.org. Arndale board. [Photograph]. Retrieved from http://www.arndaleboard.org/wiki/index.php/Main _Page

Author: Unknown. Chip. [Image]. Retrieved from https://cajalesygalileos.wordpress.com/2013/06/23/un-chip-ultrasensible-
identifica-15-cepas-de-gripe/

Author: Unknown. Eye. [Image]. Retrieved from http://gallery.digitalculture.asu.edu/?/interactive-environments/computer-vision/

Author: Unknown. Compiler. [Image]. Retrieved from http://d3a6ag2zt8nhwv.cloudfront.net/107/large-icon.png




