Journal of Computer Applications

AR, 2020, 40(2) : 553 - 560

ISSN 1001-9081
CODEN JYIIDU

2020-02-10
http://www. joca. cn

B GS:1001-9081(2020)02-0553-08

DOI:10. 11772/j. issn. 1001-9081. 2019101795

T [6) 45 7€ B #5 B IR AR 2@ BlRE X R R TT X

A =B SR SRS, AR
(1. TRIFPERSE B S ENLERE, T 2% T 5240005 2. WEVTIS S5 Bl B o0, T 4% T 524000)
(= MAFVEH B THRFE 279153621@qq. com)

B B ATAETHERERE P & RERGEENG AR, R ET 5T 8 AR 8RR 6935 LARS &
ik B b, i ad SR AR IR F R IS AR R BCE BE SR AL R 3K ARG i i B ARAY 22 B 45 (CNN) A 3Ll B AR
WA AE AT IR, SF 45 AR 09 @ ALk R (SVM-DT) F ik 5 B A 45 A 3t 47 2 2 09 Fonk, 3308 AR e 45 2
B ARZ B ARIA 2045 F X 24T B 3R A, IR A A8 L 69 AR 5240 B B2 ) 6 R AR K R (LR ) s B,
R AR T A5 Ao ML 5245 BT A BT BB SR AR, KRR A AB K4k F e Ak 3L BARE AR ik,
it ik AR R HNEAE B Efeb Rk,

KBRS AB AR AR ; AR U R 3R AR L F @ E LR AR oK B ARIR A

EASES . TP751 TEERERD:A

Traffic image semantic retrieval method based on specific object self-recognition
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Abstract: In order to retrieve images of traffic violations from a large number of road traffic images, a semantic retrieval
method based on specific object self-recognition was proposed. Firstly, road traffic domain ontology as well as road traffic
rule description were established by experts in traffic domain. Secondly, traffic image features were extracted by
Convolutional Neural Network (CNN), and combined with the strategy for classifying image features which is based on the
proposed improved Support Vector Machine based Decision Tree (SVM-DT) algorithm, the specific objects and the spatial
positional relationship between the objects in the traffic images were automatically recognized and mapped into the
association relationship (rule instance) between the corresponding ontology instance and its objects. Finally, the image
semantic retrieval result was obtained by reasoning based on ontology instances and rule instances. Experimental results
show that the proposed method has higher accuracy, recall and retrieval efficiency compared to keyword and ontology traffic
image semantic retrieval methods.
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SR, O IR A AR A T BUG  AGR I, F2 2R
SR A AHE 2 T 2 7R OC R AT I HESL, n R & H bn 22 1)
FELETE N 2% W10 ORI, An7E o 5 UG B Ar v i 23 (B &
KRBT, FATEERAL T Wi 038 SRS R 1, 0Tk A 3k
RENE ISR EUR S B bR 8] 125 B AL E R o

X ok e [r) R, AR SCHR T — A ek B bR 3RS 2858
EMGIE kR o 107 EL e ARG 23Sl i AT 35K, A1 30
U L 22 30 BG4 2 G H bR B H A ) 14 28 (] 6 8 ¢
F Pk v SCHE RS B3 S0 PR A A g R . A
FE T AR

1) 3 T & 2 W 2% (Convolutional Neural Network ,
CNN) filt BB SRR AE L 88 J5 R TR 0008 k45 4 8 % 3 1k
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Fig. 1 Traffic image semantic retrieval

framework based on domain knowledge
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Tab. 1 Rules in the domain of road traffic
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Fig. 2 Road traffic domain knowledge
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i A PIRRIE
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Alexnet, HARF MU BB BN 520/ RS . Alexnet
FRERBGES -5 T 5N ERZ 2412 EiE 2 R ma
TCNEHR I 4 096 , PRAIEf S5 48 Hh A B EEAHE IR F B4 4 096 4
FRAEI it 1 e e T 48 AT W B I IO 2 B B, 75 31—
LAY ; SR J5 X LA Y JE AT fine-runing YN 25, HE H 09 2 41Xt
R BAE 55 ke i/ NI 2RO B A | LAE i SVMAUIZRRS L 5 e J
BB A T (W A I N 288 K TN SR B 1 CNIN RSS2 11
HJE— BN + IR 20+ 17 RN — A
), HEER NS BN R A T5 ik, HAB I 28 2 1 S50
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1) A BAEAEL: ConvolutionLayer: 2 frop(inpUL, output )

2)  For(inti=0; i<n; i++)

3)  JHE BT A RS o DRI ECE R

4) convolution = Conv(input [ a |, kernel [1]);
5) JOBAGE R A csum [b] + = conwolution s
6) End For

7)  for (i = 0; i <(int)bias.size(); i + +)

8) M EMWASHE sum[i] + = bias[i];

9) Vi Sigmoid PR%X : output = Sigmoid (sum );

10)  BBEEIE T DSigmoid &

11)  sum_dx = DSigmoid (out_dx );

12) A bias coeﬁ"ﬂ{lﬁ?ﬁ //Coeﬁ[% [B15 2250, bias Je 0 B
13)  coeff dx[i]+=sub[j][k]*sum_dx[i][j][k];

14)  bias_dx[i] +=sum_dx[i][j1[k]);

15) AU RE
16) End For
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MR SVM HIE | PISFEA A f Ko 2SI a2«
margin = 2/”111””
Hrp
w' = iaflyixi (5)
=1

ARICHR A 2 T RADIR K AR 5k 2k ) SVM-DT 273
KAWL RA AT

FBA R AT GRS T 288 14 S {20 ) 5 s 3
Fr ot , SRR A B e IR B B o (1, 2, -, V),
N > 3 M JEAE AR YN ZREE 11 2 ) R, e 6 g 5 PR X oy i
WIRAEA LR B IR G5 5 T AEARTY K008 GACKE SR Il 2
AT SR I o i

FH2 HIWAS T R RS — AR R



% 2

M @ A B AR 8 R 6 238 18 U O ok 557

PRa, IR 3,
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MK A EIEA S (a,), 24 (a,)> f (a;) B B2SZBAMA &
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T/ (a,)> F(a), WMTEREBEHLERE—AE BIPEIE T/ (0) BOAMA
Befpe s S, LIBER p = exp ((f - f)/T ) EHRIAHEA

H S EEHIEER, A AT A R e A SR

)i, T R D PR AR Y SVM-DT X3l 4 52 i P 1% ik
AT, P PG b oA O 288 H A, 3 (0] A X o A 45
1 /I
2.5 ETFAREMNHEERNEGESR

AR NG B a0 AT HE— 25U Hh Ag 3 R I 4 s T
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matplotlib J& (http : /matplotlib. org/) %5 i H 5 55 1 1Y i1 5 X
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L UL A4S B00 F rectangle R EUS 2% H 45 5251 A9 76 2h 23
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AL A LT i G A 56 R AR Ak R

4R (1 2 f A T MR AT N 20T v B AR A E B

] 56 2 5 18] 2 I 7S B3 56 52 AT AS AR i e S . 18] 4 A2 Ty
B, “ELKT 017k =" FI“BE L2k 017 S % % R R 51 1 ke i
H AR SE B, 33 28 5 AR 43 50 b 55 5] 1] 4 A7 5 JT 7 Tl A 3 400 4k
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Tab. 2 Mapping of image object instances and ontology-related attributes
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Fig. 4 Mapping of image objects and their

associations with domain ontologies



558 it FAL R

% 40 %

5 RS Z L E R L)

Fig. 5 Example of positional relationship between

cars and double solid lines

3 TEZH

FEF AR B AL B SE T B AR B RS B
B RIEA RS LRGN LR ILA B R (anE 6
7R ) :

1) S0 R b SR B 3 [0 3 403 T % Al i i A R
PRI A AT A AR (A HEABE T L o 5 388 40 A A R 30 ) 2 5
FERL, FEST OW L 53 1) 3 [ A8 38 S A AR SWRL 3 1958
R 2 I TE SPARQL E s 4 Hp

2) MG B BRI R 2R 3 AR K ik £ SVM-
DT £ 43 28 S M U0 G v e 2838 H bR o SRS e 1 iy AR
FEUN 128 38 MG BRI ZRAE 5 it 2 EAR SS9 (A A7
BEDL L S 5T ) O AR A % 5038 M .

3) Hbmia)As a7 B OCHE U e - iZ A HeE i R B
B 7 5 Sl FZ 8 Y E AR R A2 [ B R .

4) Hermit $f HHLAH « 12045 B 3L 40380 U R, 25
PUR 1 S B AR SE B B bRl S e R r iR, ey
N SR [ G 0 AT AR A T s R A 3L R i B AR S
ENSERIPQ SN i P AN A e E o
ATUR A A B

P15 H bx
Wnghe ol _OVLEt |
SPARQL
il %
'
H i) 2 [ fi7 ¥ Hermit Jh R B
RIRIRABR TREFRYLAER BRLR

Ko Hbr UM 2238 B G SOR 2R T HAESE
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framework based on target self-recognition
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