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A Study on Implementation of the High Speed Feature
Extraction System Based on Block Type Classification

Juseong Lee* and Ho-Myoung An**
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Abstract In this paper, we propose a implementation approach of the high-speed feature
extraction algorithm. The proposed method is based on the block type classification algorithm
which reduces the computation time when target macro block is divided to smooth block type
that has no image features. It is quantitatively identified that occurs at 29.5% of the total
image using 200 standard test images with 64x64 macro block size. This means that within a
standard test image containing various image information, 29.5% can reduce the complexity of
the operation. When the proposed approach is applied to the Canny edge detection, the
required latency of the edge detection can be completely eliminated, such as 2D derivative
filter, gradient magnitude/direction computation, non-maximal suppression, adaptive threshold
calculation, hysteresis thresholding. Also, it is expected that operation time of the feature
detection can be reduced by applying block type classification algorithm to various feature
extraction algorithms in this way.

Key Words : Block type classification, Canny edge detection, feature detection, high performance
signal processing, low-power image processing
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Fig. 2. Process of Canny edge detection based on block
type classification algorithm.

A. Pixel classification
if (Var(x,y) £ T,)
Pixel type: uniform
else if (T, < Var(x,y) £ T,)
Pixel type: texture
else if (T, < Var(x,y))
Pixel type: edge

B. Block classification

No. of pixel type
Block type N Now
Smooth 2 0.3xTP 0
Texture <0.3%TP 0
Edge/texture | <0.65%(TP-Negge) | (>0) & (<0.3xTP)
Medium edge | 2 0.65%(TP-Negge) | (>0) & (<0.3%TP)
Strong edge < 0.7xTP 2 0.3xTP

Var(x,y): the local 3%3 variance at pixel (x,y);

T, and T.: two thresholds as in [7];

TP: the total number of pixels in the block;

Nuniform: the total number of uniform pixels in the block;
Nedee: the total number of edge pixels in the block;

I3 3. 25 /¥ 72 du2iEe 94t e [8].
Fig. 3. Pseudo-codes of the block type classification
algorithm [8].
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Let P; be the percentage of pixels, in a block, that would be
classified as strong edges.

Step 1: If smooth block type

P,;=0, /* No edges*/
else if texture block type

P;=0.03; /* Few edges*/
else if texture/edge block type

P;=0.1; /* Some edges*/
else if medium edge block type

P;=0.2; /* Medium edges*/
else

P,=04; /* Many edges*/

Step 2: Compute the 8-bin non-uniform gradient magnitude
histogram and the corresponding cumulative distribution
function F(G).

Step 3: Compute High_threshold as F(High_threshold) = 1-P,

Step 4: Compute Low_threshold = 0.4*High threshold

O3, 5. 22 ¥ F£ 7|8t Canny edge detection2| High
level threshold (P1) %t &% b [8].

Fig. 5. Process of high level threshold value (P;) for
Canny edge detection based on block type
classification [8].
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Fig. 7. Proposed high speed feature extraction system
based on block type classification algorithm.
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