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Background ςLocal Feature Extraction

ωMain Goal:

ςFind representative regions of a image

ςFind robust expression for each of them

ω²Ƙŀǘ ƛǎ άǊƻōǳǎǘέ ŦŜŀǘǳǊŜΥ 

ςInvariant to affine transformations, environment light, etc.

ωAlgorithms:

ςSIFT (Scale Invariant Feature Transform) [IJCV04]

ςPCA-SIFT (Principle Component Analysis SIFT) [CVPR04]

ςGLOH (Gradient Location-Orientation Histogram) [PAMI05]

ςSURF (Speed-Up Robust Feature) [ECCV06]
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Background - Applications

ωImage mosaic[ICISE09]

ωObject recognition[SMC09]

ω3D reconstruction[ICIP12]

ωCrowd counting[TCEC14]

ωRequirements

ςReal-time processing

ςHigh matching precision at high 
resolution
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Background - Performance Evaluation

ωFrames Per Second (FPS)

ωFeature Points Per Frame (PPF)

ςRelated to image resolution and texture complexity

ωFeature Points Per Second (PPS)

ςMAX-PPS: represents the calculation capacityof the 
system

ςACT-PPS: represents the requirements of the 
application
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Parallel platformSerial platform

Related Work ςSURF Acceleration

p. 7

CPU
OpenSURF[2009]

Easy to 
realize 

Low 
performance

GPU
clSURF[GPGPU2011]

Good 
portability 
from CPU

Low energy 
efficiency

ASIC
SURFEX[CICC2013]

Best energy 
efficiency

Low flexibility

FPGA
SURF[FPT2013]

Good energy 
efficiency

Long develop 
cycle



Related Work ςSURF Acceleration

ωEarly work on GPU: high performance by powerful chip

ωWorks on FPGA: performance was still insufficient
ςSimplification -> precision problem

ςLow computation capacity

ςHigh resource occupation

ωWork on ASIC: high performance by specific devicep. 8

Version Clock Resolution FPS PPF PPS Octave Chip Function

[GPGPU11] 1.4GHz 791x704 40 800 32K NA GTX480 FD+OG+DG

[ReConFig11] 100MHz 640x480 ~2 ~49 0.1K 8 Virtex5+PowerPC FD+OG+DG

[BEC12] 25MHz 640x480 60 100 6.0K 6 3xVirtex4 FD+OG+DG

[TENCON13] 200MHz 300x300 42 250 10.5K 4 Zynq7 FD+OG+DG

[FPT13] 156MHz 640x480 356 100 35K 6 Virtex6 FD+OG+DG

[ReConfig14] 25MHz 640x480 131 1614 211K 6 Zynq7 FD+OG

[CICC13] 200MHz 1920x1080 57 5000 285K 12 ASIC FD+OG+DG

FD̔ Feature Detection
OG̔ Orientation Generation
DG̔ Descriptor Generation



Introduction to SURF- Algorithm

ωFeature Detection
ςCalculate integral image ττbase data

ςCalculate ÄÅÔֿכ ττlocate in each interval

ςFind local-maximum ττlocate among neighbor interval

ςUp-sampling interpolation ττsub-pixel correction

ωOrientation Generation
ςCalculate Haarwavelet ττbase data

ςAdd-up Slide-Window ττlocate orientation

ωDescriptor Generation
ςCalculate Haarwavelet ττbase data

ςSum-up Sub-Neighbor-Region  ττgenerate 4x4x4 descriptors
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Introduction to SURF- Algorithm
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image
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Introduction to SURF - Complexity
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Op.

Determinant
Find localMax
UpSamp-Intp

Orientation Descriptor

Total
Resolution

Candidate 
Point

Feature
Point

Feature
Point

640x480 520 520 500

Read RAM 9,059,904 453,440 2,304,000 11,817,344 

Plus 7,361,172 6,480 1,152,320 4,864,000 13,383,972 

Minus 3,963,708 4,860 340,080 1,728,000 6,036,648 

Multiply 566,244 165,360 1,296,000 2,027,604 

Square 283,122 37,440 320,562 

Divide 283,122 283,122 

Compare 14,040 18,720 32,760 

EquationSet 540 540 

Rotate 56,680 576,000 632,680 

ATAN 520 520 

High 
computation 
complexity

Bottleneck of serial processing
Good parallelism

Points are computed serially,
Bottleneck is single point processing



Introduction to SURF - approximation

ωFeature points are from different scales

ωNon-integer coordinate feature points

ωHow to use integral image?

ωIn OpenSURF, all the integral image data 
are from integer coordinates

ωHow about interpolation
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ɗ

ɗrFP(x,y,s)

FPr(xr,yr,sr)
FP(x,y,s)

R=6s

FPr(xr,yr,sr)

Rr=6sr

Orientation Descriptor

The index deviation caused by rounding error

FP: original feature point 

FPr: rounded-coordinates-and-scale feature point



Contribution

ωInterpolation of Integral Image (I3) 

ςFor better matching precision

ωCompromise of Interpolation of Integral Image (CI3) 

ςHalve the memory access, by decreasing a bit accuracy

ςFor higher processing speed

ωMulti-Scaled RAM (MSR) 

ςFor lower storage occupation
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4x 0.5

Quantization Error of Image System

Continuous image-> Acquisition-> Pixels

Loss of image detail

Decimal coordinates-> Truncation-> Integer

Index deviation

Cumulative error is enlarged step by step

ɗ

ɗrFP(x,y,s)

FPr(xr,yr,sr)
FP(x,y,s)

R=6s

FPr(xr,yr,sr)

Rr=6sr

Orientation Descriptor

The index deviation caused by rounding error

FP: original feature point 

FPr: rounded-coordinates-and-scale feature point

Interpolation of Integral Image



ωHaarwavelet - math
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Interpolation of Integral Image

decimal

coordinate

decimal

distance

integer

coordinate

integer

distance

ωOpenSURF

Theoretical situation

Approximate by interpolation
Directly read from integral image
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Compromise of Interpolation of Integral Image (CI3)

decimal

coordinate

decimal

distance

decimal

coordinate

integer

distance

ωA trade-off version

Need 32 number from integral image

Different interpolation parameter

Need 32 number from integral image

Same interpolation parameter

ωHaar wavelet - math
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Compromise of Interpolation of Integral Image (CI3)

decimal

coordinate

decimal

distance

integer

coordinate

integer

distance

ωProposed

Need 32 number from integral image

Hard to fetch in parallel

Pre-compute the Haar wavelets on integer 

coordinates

Need 4 pre-computed number 

ωHaarwavelet - math



Compromise of Interpolation of Integral Image (CI3)
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Version
Point 
Type

Coord.Type Index Level
Coords. 

Deviation

Trad. All
Rounded
Integer

Pixel Large

Propose
d

FP FixedDecimal Sub-Pixel Small

NP FixedDecimal Sub-Pixel Small

IP As Trad. As Trad. As Trad.

ωAdvantage:

ςUse interpolation to improve accuracy

ςRemains the data access pattern predictable

ωWeakness:

ςRAM occupation is doubled for pre-computed Harr wavelets.

ςNot exactly as the mathematical solution



RAM Occupation Problem
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ί
Distribution of 
Extracted FPs

Rows 
Needed

Row-Width

320 640 1280 1920

2 54% 71 20.28% 10.14% 5.07% 3.38%

3 29% 105 13.71% 6.86% 3.43% 2.29%

4 11% 140 10.29% 5.14% 2.57% 1.71%

5 5% 175 8.23% 4.11% 2.06% 1.37%

Comparison of FP Distribution and Buffer Utilization

Å A large number of rows are required:

ίὴὥὲȟ ςςσί ρ ςί

Å Only a few of the data are used:

24x24x8=4608



Multi-Scaled RAM (MSR)

ωScaled Integral Image -> Multi-Scaled RAM

ωHaarresults of NP are processed on the 
corresponding scaled RAM

ωNormalized scale -> uniform RAM access 
pattern

ωAdjust utilization:
ς39%, 26%, 19.5%, 15.5%

ωReject redundant data -> save RAM

ɀ ρφ στς ρπψ

ς RAM saved: ρ ϳρπψρχυσψϷ
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Hardware Implementation

ω16-bit fractional part

ωDual clock domain: I/O and calculation

ωTwo closed-loop feedbacks: 
ςStall the process of reading image if needed

ςReduce the number of feature points in a framep. 22
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ςPrecision evaluation: Better than OpenSURF, ARMSESW,HW<3x10-6

ςPerformance evaluation: MAX-PPS=241KPPS, avg-ACT-PPS=212KPPS

ςResource evaluation: 22% logic, 43% RAM (@1080P)

ωConclusion

p. 23



Test Dataset

ωLocal Feature Evaluation Dataset
[http://www.robots.ox.ac.uk/~vgg/research/affine/]

ω5 different changes, 8 scenes, 6 images each, around 800x640
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