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Abstract

SVM is a machine learning method used for image processing. It is well known for its high classification
performance. We have to perform multiple MAC operations in order to use SVM for image classification. However,
if the resolution of the target image or the number of classification cases increases, the execution time of SVM
also increases, which makes it difficult to be performed in real-time applications. In this paper, we propose an
hardware architecture which enables real-time applications using SVM classification. We used parallel architecture
to simultaneously calculate MAC operations, and also designed the system for several feature extractors for
compatibility. RBF kernel was used for hardware implemenation, and the exponent calculation formular included in
the kernel was modified to enable fixed point modelling. Experimental results for the system, when implemented in
Xilinx ZC-706 evaluation board, show that it can process 60.46 fps for 1360x800 resolution at 100MHz clock

frequency.
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o Aol BE AFHE AHESE AZEdC 3 B =EHY v
de vzsivte s % 5 9k 2 o=EoA AAG stEdolst g Fx2E
E 3 AZE0f, S0 3 Az M= =ws Z2E Fogle] Agkske ksl
Table 3. Execution time of SW and HW 9} GA S ARE VA E =EE3 ASS Hn
SW (ms) | SW + HW (ms) 9th ¥ 5= B =Ei g =FEile] AiH|a
Data Input 32114 | 32114 E“E oz T b °°
Segmentation 3378.35 3378.35 = =
HOG 491.88 491.88 ¥ 5 Et =21ief dH|luw
Mapping 45.76 45.76 Table 5. Comparison to other papers
Classification | 422000 21.34 (HW part) [3] (8] [14] proposed
Output 18.11 18.11 Device Vertexb GPU Vertex6 Zynq
e
Total . 426255.24 | 4280.34 Operating SOMHz | 63MHz | AOMEz | 100MI
% 32 A¥AelA TSR 4iglss AZE frequency
dojutor FaFe vop B =EoA Aokshs fUied any Kind
Fedo] 7H471E olgste] FAUL we =3 ea,‘“te SIFT | HOG | LBP of
1n
Nre A8 H& Aolth. Classification %ol po descriptor
extractor
AZEY S o8P S u= 422,000ms(422sec) # of input - 1980 400 -
7} 22 F5AY F=go] JEVE o]L3d dimensions
2134ms7} 209g A% £ Yk A ol Fof5Vs | 10 L - : o0
Parallel
sanzeE smgolrt & xeel dolE = A arate SVU | SsvU | svU CL
architecture
Zohs Bk 2TEdoE g Zel HolHE Gotmn | X | © © (100
FHstE AlZEo] X EFH oI o] AA AlHE Processing
o] A2QANZH = 93-S H XA L= Al7kolt) speed 4.44fps 11fps 60fps 60.46fps
ol BAM3 7] 93 st=glo] 7k a3 A zH (# of (900) (900) (19200) (900)
o 7 39 7 masks)
% &0 Used kemel | RBF | RBF | Linear RBF
E 4 StESO T2 3 Az

Table 4. Execution time for each HW section

Excution time for
one frame(ms)

MMAP 4.8

Data Write 0.4

SVM Classification 15.94

Data Read 0.2

Total 21.34
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ol 4 wgl At AEHA g AlZtolt;
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