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Cameras Everywhere!

Tracking, Vehicle Navigation, Augmented Reality




SmartView Digital Display



Vlsual Cortex Insplratlon

. Can we bwld vision systems that
detect and recognize objects as
efficiently as mammals ?

* Accuracy — Complex scenes with
clutter

« Speed — Mammals require
~150milliseconds

e Power — less than 20 Watts?




Smart Cameras & Accelerators

Arithmetic
(add, sub, mult, div,...)

Difference of Gaussians Image Pyramid

Network connectivity Convolution/Correlation Saliency (AIM and Itti) Retina Preprocessing
allows advanced video el
analytics tasks to be Color Space Conversion Skintone Detection SURF
distributed across many Bounding Box Extraction Face Detection Brute Force Matcher
low-cost nodes obviating (Connected Component)

the need for prohibitively Histogram Support Vector Machine Density Estimation
expensive backend o -
. . Image Statistics (mean and std) HMAX Classifier Gabor Edge Feature Extractor
computing infrastructure
2D and 3D FFT Function Approximation Image Subsampling and

(log, tanh, sigmoid) Interpolation

Integrated camera and
computation platform
allows processing to
be performed directly
on video stream
reducing network load
to backend cloud

Library of optimized

infrastructure software and hardware High-level analytics are
modules support dispatched to a scalable
advanced video analytics cloud infrastructure

on a small-footprint low-
cost platform




Smart Camera Architecture Platform

|

C —Compute
S - Stream

Accelerator IP

Configurable Network of

3C’s: Compose, Compute, and Communicate?
Accelerator Specific ISAs & pArchitecture

Accelerator Requirements

e Allows for Hardware Re-Use and Run-time Configurability
* Scalable Accelerator Sub-System Composed of Multiple IP
* Programming Model




Automation Tools: From Specs to System

Communication
Files

Platform
Files

Software
SAP PEs

Tool Options

Design Specification

Project Options

FPGA 1 FPGA 2

Component Mapping
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Mapping Bitfile
Specification
2 (FPGA 1)

FPGA 1

XPS Platform
Builder

Mapping
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Component
Synthesis
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System
Synthesis

<Software>

<DesignDisplay>

Xilinx Back-End Tools

A4
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Extracted Flows I
I
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RAM

Bl

Generation

Codelets

BitFile Update

Codelet Compilation

<Category Name="Nallatech Interface"
<Ports>
</Ports>
</DesignDisplay>
</Software>

<Hardware>

:

<Interface Type=" " PE="TRUE"> nal rx
<PCores>
<PCore Type="nal rx"

</PCores>

<Clocks>
<"100MHz Oscillator" ... Fregquency="
</Clocks>

</Hardware>

ICCAD 2011

/>

</>

Version="1.0l1l.a" ... />




Automation Tools: From Specs to System

*  Built for neuroscientists and researchers
e Abstracts HDL/RTL and Multi-FPGA partitioning complexities Accelerator Properties

Copy (Ctrl+C)

*  Provides a smart mapping algorithm across Multi-FPGA system = =

Paste (Ctrl+V)
Rotate 90 deg. Clockwise (Ctrl+R)

*  Provides a library of various cortical vision accelerators N et -l ot S

’ Assign/Edit PE Code » sap_nal_ingress 0

’
, %
, Manage Clock Signals sap_nal_egress
.
’
, Properties
i v 1
% ; ’
Desicn | Mapping | Synthess | Summary ya 1
o ’ 1
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9o ViewAl K @O\ ’ H
.
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) HMAX Cares | ‘
X Fointer , 1
.
’
’
e PE Source Editor (compute0 fpga_nal sys edge 0 sap nalingress 0) =
iz 1
= , =
it , NEHIX 00
.
’ #define SAP EGRESS_AS ]
#define EGRESS SAP_TDA 1
- #define EGRESS_SAP MEG_ID 0
S .2 T
L@ #define SAP_S2_CONFIG_ADD_U oxC
E L% #define SAP_S2_CONFIG_ADDR_L_LOW  0x0
oD #define SAP_S2_CONFIG_ADDR L HIGH  0x400
s
int main()
o pe_uint128 data; 3
ﬂfj§ unsigned int cc_local addr_u, cc_local_addr_1, cc_length u, cc_length_l, cc_as, ¢
3 wnile (1)
i % {
L vach Mowcry Ush (v 050 // Read from Custom Core to Determine Cperation
) Vortex Interface Cores. = ] hs_cc_xd(1§, 0, data):

Library of cortical e L S oo,
{

accelerators T
Drag-n-Drop v R —

_ = cc_length_1 = data.ul;

A Messages (3) ) ifommaton (8) | 4. Wamngs @) | €3 Evom (3) | B8 Console

e D cc_as = (data.lu >> 30) & 0x00000003;
- cortical accelerators i
CoreLoaded c:iflnw = (data.lu >> 4) & OxO000003FF:
’:T‘L:: cc_remote_addr_u = (data.lu & 0x0000000F);
Gonelziaded cc_remote_addr_1 = data.ll;
Coreloaded hs_direct_rw(cc_length u, cc_length 1, cc_as, cc_tda, cc_flow, cc_remote_

« i r

M al n I n te rface Loaded file: C:\Users\Michael\Desktop\test_3\pe_source\computel_fpga0_nal_sys_edge_0_sap_nal_ingress 0.c

Accelerator Codelet




Models for Mammalian Vision
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System Overview

Left: 635 Top: 214 Wickh : 1261 Height : 697)

Emulation System flowchart

( Camera |

Y
Image Pre-
processing

Visualization

Classifier

Focus of
Attention




System Implementation Results

Implemented neuromorphic systems to detect and classify ten object classes

Tower
(2 MP at 30 fps)

TAILWIND
(10 MP at 5 fps)

Higher Energy Efficiency
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Better Object Recognition

Neuromorphic approaches detect and classify well,
and use 4 orders of magnitude less energy

Still 2-3 orders less energy-efficient than brain !!
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Bottom-up Saliency Model [1]

- input from

(1) raster files, input
movies, cameras

decode input,
(2) extract luminance |chroma 1 | |chmma 2| luminance || .
and chrominance |' o Ret| na
— Pre-rocessing

Visual Cortex

3 pre-process
before filtering

B e == Pyramid
Generation
dditional oy p . : : _
®  fiering ‘
Iti- | RIS —
(6) dy::.lc:;f:;ds ®0| 0 @O =S| 22| DO | SO ] e - - 1} Center-
RG ] BY _ | ] oo . 045_ D!}ﬂ_ 0135_ H—Iﬂf! M—rigr!‘t H—up_ M—dnw_n
pyramid || pyramid pyramid (8§ pyramid | pyramid || pyramid || pyramid pyramid || pyramid || pyramid | pyramid Surround
center minus
@ Suound ‘

Across-scale
combinations

g dynamic weighting
(8) and summation

waight & waight & waight & waight & waight & B waight & waight & waignt & Waight & waight & waight & waight &
sum sum um sum sum =um um sum sum =um sum sSum

waight & waight &
) channol outputs ‘

ity map
Total of 12 channels x 6 scales = 72 feature vectors.

(10 overall output

[1] Peters, Itti, ACM Tran. Appl. Perct, 2008 Saliency map



Attention Pipeline

New Instruction fetched from Instruction Queue.

— Configures pipeline registers, data flow, selection logic.

— Repeat all instructions, per frame.

-

4| Retina I

Gauss/

Laplace

Pyramid

Intensity and Color

Steerable filter

Reichardt filter

Center

Surround
Diff

bank bank
(wrapper for (wrapper for
core2) core3d)
|
Orientation
Motion

Pipe0 (Visual Attention System)

AcCross
Scale
Adder/Nor
m

Sal
o/p

/

Config
port

Pipe_id=0, config_data= 32'hO0000A /32'h00000B /32'h00000C
32'h00000A-> bypass steerable bypass reichardt and use Gaussian pyramid
32'h00000B-> use steerable bypass reichardt along with Laplacian pyramid
32'h00000C-> bypass steerable use reichardt and use Gaussian pyramid




Attention: Object Detectlon

Performance Comparlson in Frames per sec (FPS) for 640x480

Intel Xeon dual- Nvidia GeForce 1 x Virtex6 SX475T
core CPU (2.8 8800 (GTX) FPGAs
GHz) (1.35 GHz) (100 MHz)

ClO 19.48 94.25 169.55

CIOFM 14.99 NA 100.06

e Spatial Saliency (CIO) - Speedups of 8.7X over CPU, 1.8X over GPU and 1.89X
over FPGA implementations.

* Full Saliency (CIOFM) Speedups of 6.6X over CPU impl.

* Power Efﬁcienc'}' {FPS!“’att): 11.2X over GPU




Video Analytlcs Accelerator Platform

AY
v R
Input Image Streom Output Imoge Stream

AIM (Attention bs Inoommmn Moximization)
by Teom Mid

Microsustems Desion Lob
Computer Science and Engineer in9
The Pennsylvonio State Univers

Embedded CPU
(Microblaze, ARM, PPC)

Interfaces
(Ethernet, PCle, GigE)

Saliency Map

Custom Hardware Accelerator

Tute eiodway

Accelerated Application
(Image Saliency AIM)



Classification Model: HMAX

 Riesenhuber & Poggio, 1999

* A cortical model for object classification, that models the
ventral path in the visual cortex.

Oriented-Gabor Filtering
Kernel: 11x11xm

Template Matching

) B .
% 17 .
N B N ey AL
A0 o SO IO T SN

Input Image Downscaled Images
[256x256] { [256x256] ... [38x38]} { [246x246xm] ... [28x28xm] } { [47x47xm] ... [5x5xm] } { [44x44xp] ... [2x2xp] } [px1]

RGB2Gray + Normalization + Local Maximum Global Maximum
Pyramid Generation Pooling Pooling




Enhanced HMAX Recognition System

Scale-Space Pyramid _
/ celeropace T Face Processing HMAX Baseline HMAX
_________ |
/e N | | |
Object | |
| | |
| | |
Human i > | |
Tracking | | |st Cl | S2 = C2 [—p| S3 | C3 | Classifiers
|
|
| | |
| | | HMAX-AR
Nt !
: | Prototypes 1 Prototypes 2 |
|
| |
| I

Pre-Processing HMAX Classification




Experimental Setup
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HMAX Accelerator

mCPU mGPU FPGA ECPU EGPU FPGA

SpeedUp
o N IS
® L
Power Efficiency

\Y oY o% . .
e g e e N © o o
o e o N s 9 N
0 — i o W™
Speedup: up to 7.6X (4.3) compared to CPU (GPU) Power-Efficiency: up to 12.8X (9.7X) compared to CPU
(GPU)

CPU: 12-Core Xeon CPU @ 2.4 GHz, GPU: Nvidia Tesla M2090 board (T20A GPU @ 1.3 GHz)
FPGA: 4 Virtex-5 SX240 FPGAs

Compared to a single threaded 2.4GHz CPU, the accelerator
delivers 73X speedup and 25.8X more power efficiency
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Action Recognition

Shift Invariance

bending

Template Matching




System Overview

Visualization

Y
Image Pre-
processing

Classifier

Acceleraton

Object Recognition
(HMAX)
under “Industry” category

Focus of
Attention

Object Classification




# of scene

# of object classes

HMA X-only

Gist + HMAX

categories per category Accuracy New Accuracy
1 3 69.17 % 77.92 %
2 T7.50 % 84.38 %
3 :: 72.22 % 82.22 %

9250 %

Scene Category

Object Class

highways

cadr

stop sign

motorbikes

beaches

ketch

ferry

crab

forests

panda

leopards

beaver

buildings

cup

laptop

chair




Algorithmic Choices

Couple walking on a beach

Dynamic
"Visual scene




Social Impact

Florales Handwerk
T

Rec ntion
) !




Hardware Architect

Vision
Algorithms
\ e B .
0

ThirdEye-V

< N

3 e - (;A‘N‘- N . A."
ThirdEye-AR Personal Data/ =
Social Networking Sites X Analytics Database
Web Crawling




Thank you

QUESTIONS ?




