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Algorithm 1 Decomposition of the weight vector
w [12].

Require: weight vector w, number of bases, Ny
1. Initialization: Store the weight vector w of the linear
SVM in real vector r.
r=w
2. Analyze w into a real vector {ﬁl}fv:bl and binary code
(b}
for i =1 to N} do
2.1 Quantize real vector r to {-1,1}
and calculate base binary code b;.
b, = sign(r)
2.2 Take the inner product of real vector r» and base

//Np: number of bases

binary code b;.
. _ <r.b;>
Py = 116112
2.3 Substitute the residual from the approximation into

the real vector 7.
1 — ;b
end for
return {Bi}ﬁ\g’l, {bi}iv:bl

K (2) RS L) IR Y PV LA w DI
ThY, WREHEOBWN Y 4~ N 204 2 LI
RET LV MENH L. 2T, KifFETIL Hare
L& o TIRESNZEBPEI D 12] 2R LT, %
By PVEORNEEZ N T 32— FHONRICE
SR DI LT, WK SVM s 7 ik pI LR % 523
T5.
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W23 #$ 5. Algorithm 1 ICEAXNZ MV w D55
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Algorithm 2 Fast discrimination by early judg-

ment.
Require: input image I
1. Raster scan the detection windows for image I
for k = 1 to K do //K: Total number of detection

windows

2. Extract binary coded feature vectors ®j from de-
tection window I(k).
3. Initialize f(xr) <0
4. Obtain the classifier output value with the approx-
imation calculation.

//Nb:

for i =1 to N} do
bases

Maximum number of

4.1 Linear SVM approximation calculation:
bj',mk > 7\mk|)‘

flzr) += B:(2 POPCNT(b:r& x,)—POPCNT(xzy))
4.2 Judge the calculation result.
if f(xr) > th?°° or f(x)) < th"°? then

Bi(2 <

break //End the approximation calculation.
end if
end for //Approximation calculation up to N

5. Judge label y for the target from threshold th.
1 if  f(xr) > th
Yk = { -1 otherwise
end for

return yi,y2, ..., YK

//End raster scanning.
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2 & D REBLOM R 2 MRS 5 7o TR 2 1T
9. HOG fifgm o3l & L Tid, Boosting 7V
T R4 (18] AFA L7z F 1 [14],[15]) & S8R E S
NTWab. RKEFZETIE, EFIUC L 2HHEIOE
AR ERT 572012, FEEHTIFRONX (5)~X
(MIRTEHEICI D RRERIA L, 20k,
F&, M, ZoMEIZ L) HOG fEE % keRkH L
72b D% HOG FE O E N7 P IVICHET 5.

Vil =V -V ()
Vie =Ve + Vg (6)
VZ?};J = ‘ch - ch| (7)
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------ HOG features + linear SVM

Co-occurrence of HOG features ( mul ) + linear SVM

~—— Co-occurrence of HOG features ( sum ) + linear SVM

——  Co-occurrence of HOG features (sub ) + lincar SVM
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Fig.4 DET curve (Co-occurrence of HOG features).
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Block B-HOG features (binary code)
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Co-occurrence representation of B-HOG features
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B-HOG features Code with co-occurrence representation
Binary code with co-occurrence representation added
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Fig.5 Co-occurrence representation of B-HOG fea-
tures.
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Fig.6 DET curve (Effectiveness of proposed method).
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Fig.7 Positive sample that was detected.
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Table 1 Detection rate (DR) [%] and processing time
(PT) [ms] for each classifier.

Classifier DR PT
SVM without appr. comp. 94.16 | 0.034
SVM with appr. comp.(N,=2) 91.07 | 0.002
SVM with appr. comp.(N,=16) 94.08 | 0.013
SVM with appr. comp. and early judg. | 94.08 | 0.002
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Fig.8 Samples for which early judgment was made
in the classification results.

(c) Ni16 or more
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Table 2 Feature memory size, detection rate, and processing time.

Features Dimensionality | Memory [bytes] | Detection rate[%] | Processing time[ms]
HOG features 3360 3360 88.69 1.554
B-HOG features 3360 420 84.89 1.561
Proposed method (XOR) 8400 1050 94.08 1.576
3360 420 86.57 50.989
Random Projection 8400 1050 87.63 128.059
23520 2940 88.69 360.219
IP - I ) 100.0
OthE: clas e egatleclas S L HOG features s Proposed method (XOR)
; e e = | mesee B-HOG features === Random Projection

Examples of detection results

Visualization of early judgment regions

9 MRIARG] & FIPHE S M7z IO AL
Fig.9 Examples of detection results and visualiza-
tion of early judgment regions.
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Fig.10 Random projection classification accuracy.
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