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Gaussian Convolution Angle: Shape Description Invariant for Leaf Image Retrieval
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Abstract: Plant leaf image recognition is one of important applications of computer vision and image processing technology to biology
and modern agriculture. It is a challenging problem due to the large size of the plant species community and great inter-class similarity,
which makes it very difficult to describe the variants between classes of leaf images. In this study, a novel shape description method,
Gaussian convolution angle, is proposed for identifying leaf image. For each contour point, its left and right neighborhood vectors are
convolved with a Gaussian function respectively to form Gaussian convolution angle. By changing the scale parameter of the Gaussian
function, multiscale Gaussian convolution angles are derived to form a feature vector. Combing the feature vectors of all the contour
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points, a set of feature vectors is built for describing leaf shape. The similarity of the two leaf images can be simply measured by
calculating the Hausdorff distance between their feature vector sets. The proposed Gaussian convolution angle descriptor is inherently
invariant to translation, rotation, scaling, and mirror transformation which have been theoretically proved in this study. The descriptor also
has the excellent characteristics of describing the leaf shape from coarse to fine, which makes it have a strong ability to identify the leaf.
Two publicly available leaf image datasets are used to test the performance of the proposed method. The experimental results show that
the proposed method outperforms the state-of-the-art methods on leaf image recognition, which indicates the effectiveness of the proposed
method.

Key words: leaf image recognition; shape description; Gaussian convolution angle; multiscale description; image retrieval
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Middle: Left and right neighborhood vectors of the contour point z(t); Right: Resulting Gaussian convolution angle
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Fig.2 An example of showing the proposed Gaussian convolution angles at various scales
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B C(n)«¢(n)+1;

(3) WHALTIAEMMEKRT 0 KT HEM LS 7a.

K E W A g AR VG A 0 ) T—1 A3 24 =0 I A5 & WA P HIITH TCEILIE 2] T 44 W T HIA T
JGEE R P A R — X — e, 1 B AR A DE B B0 T pa=T-L RN S PaT T A LR AL ] T A WP
Bl — A0 3T 0<pa<T-1 NIRRT RS P PR CH LR R T £ 4 e PRI — 0 FE N IE N,

LAAR TR 5 ST SR & W RIS P HUBE S D(We, W), I AR A FITEAR B 2 I 10 2 5 P i Lk

Diff(A,B)=max(D( ¥a, ¥e).D(¥s, ¥a)) (24)

F7 Diff(A,B) I A, R R TEIR A TR B 2 Sl K s 2, Ul e/

3 BEiZEMBEERESH

AR SCHE IR T3 305 K v S T 52 2% J5E 23 DA A A 38 - — A S S A Al AR o S TR, 5y — A R AR UL R Y o 5
I TR) AR AL il BT B, AR 45 S BORRE R 6 T AR 3 Rl o L A A S AR ) AR B S AR A TS
B ) 52 2% B kg O(T ), BRI, VST AT T A6 58 At 10 v 20T 85 B A9 100 B2 NF 1) 52 2% 86 A O(T %), DT A 66 6 A5 K A
JURE B e ST 25 A A U R 2% 3 D O(KT ), B A A A B BB A 0 i 2 2

FERF AL DG C Y BE 0 L V55 A TR () 05 0 2 AUA A 1) 4R 5 (0 1 5l Hawsdorrff #1124 2k B AN T AR 19
ZE 5 0, VST AS G B R AIE 1) R AR R R A TR R (2 N 2) it SR O(k), tH 5

& P TG T03 n(te) A4 A P TR BN IR HE VLI, TAE TN T 5T min d (@, (6,), @5 (t,)) 1 45 51, XL, 0

=1,...,T

SN i R 60 g OCT ). WA T 788 366 A5 DC LB B 1 B2 1 52 278 O(KT 24T)=0(KT ).
4 KWERMSH

h T VPG A ST 1 i s B A AR D vk 0 1k e BRATTH  TF RE A B B S iR 1E CVIP100 %K
35 4 TR e A A48 40 (MEW) 2500 SV R A% SC 42 Hh 1 5 0 1 1 P Ry R A i, A T £ Kimiia IR 04
HE BV TR A 2 52 50 VA5 A SCHR HH 10 7 95 0300 A T G 300 AR ST A H 0 7 5 (A R R A 13
T4 Bl LA B v R B IR 2 ST S0 b R, AT PO B B TR B R SC(IDSC+DP)EY, % R i g i
[ (MDM)ICT, 2 5 b5 % (height function)OUR1 43 2 3% 003 (HSC) L AR 76 S5 vy FRATT3E 4 A S 388 Hh 1) v 3 35
TR 3R 1 15 00 A7 SR A H AR 4 P R 0 AT A 2R PR A ke B, RT3 Y 17 0 4 ok Bl A 56 1 15 AT A TN 5 I 4% A
7 VGGNet-19C 51 RESNet-1521 525651 & /2 — & CPU A Intel(R) Core(TM) i5,#1F % ¢ 4 Windows 10, 4 7
3 8GB A NS, LALLM wFE T H o MATLAB R2014a. 1M 47 PN FE 2 X LR 4 & CPU
Intel(R) Core(TM) i9-9900k, 1447 4 32GB, & NVIDIA RTX 2080 {13+ 8 ML A S (0 = I S50 B N :
H 4 JB 450 0 SRR 1R a5 (AN BN 256, BT A (10 R3S % k BEE 8.
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FRATHEAT T UG R4 1 L9256 R0 f IR 4R & CVIP100 I )5 BIG FE AZ 184G P8 vp g i SR
A E N, M 100 P4 H A ) 1200 sk A EHR, BRI 12 ANFEEASJE 3 45 HE T CVIPL00 [ BT 100 it
B s, W 82 1% B 0] LA H R 22 BEAS L AR K A AR ARRURE, G 170 S A [ B B A, 5 N FD A0 B 00 52, 1R el X 4

efl.

AT T AR SEEE B 55 2 4192 S 7 h RROR AR 40 (MEW) B 4227 1 64T 19 3% B P8 mh f i R
B o R DX R A B2 PR ) 153 SR FIRE R, B8 2 /b A7 50 MR, ILT 9 745 ANFEA HLH Hedera_helix
55 R RAE JE 3 Maclura_pomifera 43 Ay 24 FdE 24, BR G, 150 RO A A F= 22 7 163 Fal iR K201 il 4
T MEW i 82 b T 153 Rk 1 (R 7s 9. A I mT LA s bl TR AR i SR AR A A, A R R R 1K £

By R TR 22 5 A A e N IR EEAR A R,

XL X NENE EFX &AM
"TRAVALZ XNERRZ X
A ANNRAYNEFLAREE B X,
¥ AN NENEE LA 222N
oW/ 76 05 OA2 |\

QL v s 2t y¥ |l

Fig.3 Example leaf images of 100 plant species form the CVIP100 dataset”!
'3 CVIPL100 %e#a sk ity 100 FfiH: Fi RE A B (5o i) 7

Seg Yk ¥ kg )90 01100000000
170000500000 80000410000000000°
100024 /% 00000840/ (0/ =000 (atble
100008 P00 00 b 240 |500000)
19002 0000000a00000 00051108004

Fig.4 Image examples of 153 types of leaf samples in MEW dataset!?”]
4 MEW $ciis s ) 153 Fii Fikf Ak [ 4577 il 27

g T B AR AR SCHR H 10 0 3045 B TR DR T 1 e FRATTIR 5 3 41 S 50 2 1 KimiaPP AR K s 4 13k

AT AZER 0 H AT AL IR E AR T 5% e i 9 A3k

A ETEAR, BEAN AT 10 ASFEA, W&l 5 i

B TR R REAR SRR, . A R . Gl 28 T AR AR S R 1 TR AR Ak, AT A A5 R 1) B

HHkd k.
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IR Badl B §
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Fig.5 99 shape images included in the Kimia shape dataset!?®!
5 Kimia JEREE i) 99 ANTEAR Bl (5129

4.2 EEEIEEAE

XL TR AR A SR R I AR UE YL e PRAS 7 h———F Xk 2 2 {1 (mean average precision, fiiFx MAP)P25k
DA S0 AR R Mk B B P8 b A7 NS BV R A — AN FEAS o 1E b A v FEI, 55 500 P8 o 1) P A7 UG AT DL IRC
FET1 N K UCHC Ke UG e &5 S 4 20 X (24) a2 X 22 5 B o fi, e /N B K HE) 7 459 31004 A v R A R &5 R B i A iy
B o R A QAN RBEA IR e TIAE R R HE P AR T AL B B Py, Py (IRAEFIR I BLIN S )5
Ny ey 0 3 o B0 B P, ZEVHHEIF AR T Py ANFEAS Hh 55 25340 R ) 2R (R R A T2 S, JU3R [ 1R TP
P AN FEAR IS 2R 1 58 52 SLA S Py, WU 2 1 RS @ 1A T3 KG BAE W0R apy 52 LA

1wa S,
M=o Loy (25)

) MAP o S8 e ok

MM:%ZLm (26)

4.3 BEAMRELEER

(1) CVIP100 M- % di 4

FER 1 AT LUE AR ST 4 0 773K 45 T 89.27% 11 MAP 434,53 il bt IDSC+DP . MDM. Height Function.
HSC. VGGNet-19 fl RESNet-152 777 H T 8.74%,17.77%,5.02%,3.19%,8.73%,6.16%. 75 *F- 24 k5 2 W) 1] 77 11
KSR T s 4T B R T IDSC+DP. MDM. Height Function 753,18 T HSC P BloE B 2% =1 7 12
VGGNet-195H1 RESNet-1520 13 HL 15 (4% 18 2% 3 J7 ¥k A U0 B i) A5 0 4% )1 25 I ) T LR P32 465 i
[ H BABAT 78 1k BB T 1 6 R 2 SRR ORGSR R R AR SR H 1 ik e e A

AT TR A EE IS HC— AR RPEAEK,— AN 50 B8 5 0 RARAN B T W0 e A0 S ok
RESL IR, B AT 1E CVIPL00 $rdli 4 LHEAT 7 S Ah P AL SE 6. — 4L Se B R WF T N BEANEL K AOAS ] BB AR 2R 45 SR i)
R FRATTHE RUBEAN B k AN L (B 3] 10,45 200 B 1A 2R 45 B s 56 45 TR 20 T 26 T61, 1 1 6 BT ot i B AT vy
DA 2234 S AN R I, B EORJE 22 H v 1) 8 K R 0=273 MAP B R AT 27.43%.3 J2: [A] Ay I I ik 1 32 24
TR BE AR AIE, 1% i BRI AE A5 R B ) AN I BN RBEAN B K SR BE R AIE (¥ 4 3 R ) R A3 3
nsi, B i P A5RS ZORS B 1 MAP (AR R 2238 A4 k IR 8 1, MAP {1 ) d5 =i {H 4 89.27%. 11 24 k 4k 2L KT
8 ML IR, AT R I MAP AT it BAR. 12 IR A K Ik K 08 14525 51N T 22 B A0 kL FE AR5 AiE A 45 45 048 1 wp A i
R AIE BT o 4D b T AR A HELASE P88 A P 1 P 2 4 0 T 220 g, L 3R 1 2 i B SR A 41 1 U2, i 228 1 1 A
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PRI AR AL 53— T3 1, — RO OHL AR I 0 e P LS R T ok K, A 2 9 99 0 38 PRI JE2 AR a0 e 7 ) s
TR T DAy PR AR 8 3 3 X R A0 4 SRS A 4 3 f1 - 2, B AT 22 36 R A2 B k=8
Table 1 Comparison of MAP scores of various methods on CVIP100 dataset
F 1 AMINELE CVIPL0O M G £ F 11 MAP i (110 EL

Algorithm MAP score (%) Average retrieval time (s)
IDSC+DP™ 80.53 9.09
MDMLe! 71.50 7.20
Height Function!®! 84.25 21.87
Hsc!M! 86.08 0.12
VGGNet-191%% 80.54 0.06
RESNet-15213% 83.11 0.09
RSB AR 89.27 2.41
20 T T i T —
/”—
B0 /
[
i};:
o B0
g s0
40
0
4
20 .
1 2 3 4 - ] g 8 ] 10 "

0
Fig.6 MAP scores of the leaf shape description method of Gaussian convolution angles obtained
by taking different values of the scale levels k on the CVIP100 dataset
Kl 6 & CVIP100 ki 4 b, i i B it i TR 3 3R U7 v RUBE A2 K BUAS [F) L INF 3145 1K) MAP 43 %50

T — 4 SE G 2 B FUA IR R R A 5 AN BN 2R P BE 00 52 e B AT OB AN K B e Dy 8RB i AN T 1 [64,
512]X 1) LA 64 125 KA H 8 AN B B 64,128,192,256,320,384,448,512, 75 2| %) B ] MAP {8 %4 92 5 45 B 42 Bt
ekl i 7 proR.

e =0
AA
o
B2
5 B
=
o gz
<
-
B0
-]
i
n 100 200 ann 400 a0 GO0
i o R B

Fig.7 MAP scores of the leaf shape description method of Gaussian convolution angles obtained
by taking different number of the sampling points on the CVIP100 dataset
7 £ CVIP100 #u#s 5 b, e G UM I P TR 348 5 048 SRAE kS BUDAS TR I 3R A5 (K MAP 73 4

HHZ B AT AT DAFR 2 SRR AN 64,128,192 15, %6 B 1 MAP {8 43 1) g 77.67%,85.29%,87.93%; 111 24K
FEAA SR T TF 256 W ,MAP {H7F 89%~90% X )3 5. 1% S K A 24 KA s AN B0 /I SR B B8 B 2 4 35
K A5 B F IR T 5 TN (B RURL BERRAE, BT LASRAZ ) MAP BRI, 24 SR A A0k e K I $2 I
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JEER 24 ok A 50, A SR AR A 5 RF 58 8 o TS TR 180 4 550 5 AL T AR 838 1l R B A R R A ) T
7 HCRCBURE, T AL A3 MAP AF 71 [89,900 X 1) 7 41l 3k 1Y gk 8. 1T ELRAE st AN B0 T 3k K, e 2 9 K v S50 1) I 4. DR it
SRS ZORE BE AN E HLACR T L 256 P A id

(2) PERARAHEA) (MEW) H 4 42

ACGH SE (12 H0ve BT 2 S50 AH [R], ) T SEA v g BB A T VA S BT 4L SEBAH R R 2 A T AR
M T HAR 2 5 LU 6 RO VEAE MEW IR LIRS 2R 45 1) MAP (B A1 24 22 I i) )i 38 T B
A A SCER T VESRAT T 62.10% 1 f £ MAP {81, ELHEA4 55 1775 VGGNet-19 & 2.99%, 3 H. Et HAth ) EE
T3 v 6%. 1% SE K 45 RAE— D IRAE T A SR 7 AR R MR R P A RO, DL T AR R
P 1B A R 75 i R DR A A R e 77 T B 2L I 56— 38, 0 £ B P RS A FRORS 1 SR M ARG R AR A SR T K T
2Nk RE SR AL

Table 2 Comparison of MAP scores of various methods on MEW dataset

R 2 AMITIEAE MEW M RN EE ER) MAP i #4 E

Algorithm MAP score (%) Average retrieval time (s)
IDSC+DP™ 45.36 74.63
MDMLe! 39.14 58.35
Height Function® 49.76 192.41
Hscl! 54.98 0.23
VGGNet-191% 59.11 0.19
RESNet-152!3" 56.10 0.18
RFERARRT 62.10 10.88

(3) Kimia JE R B

AL S B B E AR AR SR HH ) 5 9 T T8 P R A S v 1) S O B R R R B R K A U i S
TP AL IR AR [R].38 3 4 T AU ) 756 5 Holh 2 5 A ) 6 Fh 5 LA Kimia TR B & e & 45 L
MAP {f. %R AT LLE A SCER HI I 7773545 T 93.73% 1% MAP 18, 5 T-B Height Function 2 4 HoAth 77 2%
{H T Height Function ¥ 25T 34BN ¥ 25 21 2100 VT TC, A5 45 2 01 590 53 2% J8 B2 iy T AR SCHR HH 1K) U 925 i 41 5
96 25 AR W AR SR H T VRS T — R R E B R AT S

Table 3 Comparison of MAP scores of various methods on Kimia dataset
F 3 KMOTEAE Kimia BGEHE S L1 MAP {H ¥ E

Algorithm MAP score (%)
IDSC+DP™ 88.98
MDMUe! 91.93
Height Function?* 97.79
Hscl 91.95
VGGNet-191% 84.19
RESNet-152!3 93.43
RS RARRT 93.73

ARSI T — PO (K 0 Jy AR AR T3 5 —— G B, DL Tl o EAT Pk e i BB A R AT 55
T 1 R A 2 A A0 1 5 AN [ P K v 0 R A A, 7 A i e R S R 1 2 RUBE A TR AL,
FEFH 22 AN RUBE B0 v $4 A7, K S vt 39 #1001 B i 20145 BT A 0 3R SR R o 3O A9 A A ) 2, 2 R — A vt A7
AL S A5 R TR 1 oL LA A it TR 1 i 207 A e A i) AR S R 39 55 71 Hausdorff #1125 oK
PR WA 7 TR 2 8] 1) 22 5 A SCHIT R A () i 6 AR A g 5 BAT DU A R AR (L) il X1 A8 g
AR TR BEAR AR H R AN, A SCNER 8 EAEW] 73X 0 R PE;(2) e —Fh 2 RO IR 1, Bt 21 40 4 ot
J (TR AIE XA A €0 i B A AT 9K R U BE 0 5(3) Sk ST R, 2 T S B BATAE A 2 TT IR
S BB IASE——CVIP100 M B & AT MEW I % % AR AT T B I Al [7) R 07 3k ST v A0S 3 R 7 (4
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CVIP100 Al MEW 437l i Y 3.19%FH 2.99% LA 1), 1% 5256 45 JUGAE T A SCHE i 7 et A R A
B0 AR A T HE Al 7] 288 7 925 PR 0 B P B AR 4 1 1R o A SC IR 7 0% BLAR 2 0t it PR B R I AR A R A 3
TR R AL S 7% 0 AT A TFR Kimia AR E s S R T H R T — R H A 55 (1038 07 .k
S5 MOATT TR 1% 5 v, DAY 1 LA R T PRAR BT 45 02 A g 1t — 0 5 % H A

References:

[1] Pimm SL, Joppa LN. How many plant species are there, where are they, and at what rate are they going extinct? Annals of the
Missouri Botanical Garden, 2015,100(3):170-176.

[2] Horaisova K, Kukal J. Leaf classification from binary image via artificial intelligence. Biosystems Engineering, 2016,142:83-100.

[3] LeeCL, Chen SY. Classification of leaf images. International Journal of Imaging Systems and Technology, 2006,16:15-23.

[4] Chaki J, Parekh R, Bhattacharya S. Plant leaf recognition using texture and shape features with neural classifiers. Pattern
Recognition Letters, 2015,58:61-68.

[5] Wang B, Gao Y. Structure integral transform versus Radon transform: A 2D mathematical tool for invariant shape recognition.
IEEE Trans. on Image Processing, 2016,25(12):5635-5648.

[6] Zhao C, Chan SSF, Cham WK, Chu LM. Plant identification using leaf shapes—A pattern counting approach. Pattern Recognition,
2015,48(10):3203-3215.

[71 Wang B. Shape recognition using unordered point-set description and matching of object contour. Ruan Jian Xue Bao/Journal of
Software, 2016,27(12):3131-3142 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5101.htm [doi: 10.13328/j.
cnki.jos.005101]

[8] Belongie S, Malik J, Puzicha J. Shape matching and object recognition using shape contexts. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2002,24(4):509-522.

[9] Ling HB, Jacobs DW. Shape classification using the inner-distance. IEEE Trans. on Pattern Analysis and Machine Intelligence,
2007,29(2):286-299.

[10] Belhumeur PN, Chen D, Feiner S, Jacobs DW, Kress WJ, Ling H, Lopez I, Ramamoorthi R, Sheorey S, White S, Zhang L.
Searching the world's herbaria: A system for visual identification of plant species. In: Proc. of the European Conf. on Computer
Vision. 2008. 116-129.

[11] Backes AR, Casanova D, Bruno OM. A complex network-based approach for boundary shape analysis. Pattern Recognition, 2009,
42(1):54-67.

[12] Mokhtarian F, Mackworth AK. A theory of multi-scale, curvature-based shape representation for planar curves. IEEE Trans. on
Pattern Analysis and Machine Intelligence, 1992,14(8):789-805.

[13] Mokhtarian F, Abbasi S. Matching shapes with self-intersections: Application to leaf classification. IEEE Trans. on Image
Processing, 2004,13(5):653-661.

[14] Manay S, Cremers D, Hong BW, Yezzi AJ, Soatto S. Integral invariants for shape matching. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2006,28(10):1602-1618.

[15] Kumar N, Belhumeur PN, Biswas A, Jacobs DW, Kress WJ, Lopez IC, Soares JVB. Leafsnap: A computer vision system for
automatic plant species identification. In: Proc. of the European Conf. on Computer Vision. 2012. 502-516.

[16] Hu R, Jia W, Ling H, Huang D. Multiscale distance matrix for fast plant leaf recognition. IEEE Trans. on Image Processing, 2012,
21(11):4667-4672.

[17] Wang B, Gao Y. Hierarchical string cuts: A translation, rotation, scale and mirror invariant descriptor for fast shape retrieval. IEEE
Trans. on Image Processing, 2014,23(9):4101-4111.

[18] Sivic J, Zisserman A. Video google: A text retrieval approach to object matching in videos. In: Proc. of the 9th IEEE Int’l Conf. on
Computer Vision. 2003. 1470-1477.

[19] Csurka G, Dance C, Fan L, Willamowski J, Bray C. Visual categorization with bags of keypoints. In: Proc. of the Workshop on
Statistical Learning in Computer Vision (ECCV 2004). 2004. 59-74.

[20] Wang X, Feng B, Bai X, Liu W, Latecki LJ. Bag of contour fragments for robust shape classification. Pattern Recognition, 2014,
47(6):2116-2125.

© TEBREEEEIEDT  htp/ www. jos. org. cn



1578 Journal of Software #i#F%4% Vol.32, No.5, May 2021

[21] Wright J, Ma Y, Mairal J, Sapiro G, Huang TS, Yan S. Sparse representation for computer vision and pattern recognition. Proc. of
the IEEE, 2010,98(6):1031-1044.

[22] Zeng S, Zhang B, Du Y. Joint distances by sparse representation and locality-constrained dictionary learning for robust leaf
recognition. Computers and Electronics in Agriculture, 2017,142:563-571.

[23] Li Z, Tang J. Unsupervised feature selection via nonnegative spectral analysis and redundancy control. IEEE Trans. on Image
Processing, 2015,24(12):5343-5355.

[24] Lee SH, Chan CS, Mayo SJ, Remagnino P. How deep learning extracts and learns leaf features for plant classification. Pattern
Recognition, 2017,71:1-13.

[25] Xu C, Liu J, Tang X. 2D shape matching by contour flexibility. IEEE Trans. on Pattern Analysis and Machine Intelligence, 2009,
31(1):180-186.

[26] Gope C, Kehtarnavaz N. Affine invariant comparison of point-sets using convex hulls and Hausdorff distances. Pattern Recognition,
2007,40(1):309-320.

[27] Novotny P, Suk T. Leaf recognition of woody species in Central Europe. Biosystems Engineering, 2013,115(4):444-452.

[28] Sebastian TB, Klein PN, Kimia BB. Recognition of shapes by editing their shock graphs. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2004,26(5):550-571.

[29] Wang J, Bai X, You X, Liu W, Latecki LJ. Shape matching and classification using height functions. Pattern Recognition Letters,
2012,33(2):134-143.

[30] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. In: Proc. of the Int’l Conf. on
Learning Representations (ICLR 2015). 2015. 1-14.

[31] Zagoruyko S, Komodakis N. Wide residual networks. In: Proc. of the British Machine Vision Conf. 2016. 87.1-87.12.

[32] Manning CD, Raghavan P, Schuetze H. Introduction to Information Retrieval. Cambridge University Press, 2008.

M Fp 32525 Sk
[71  ExCH TR H AR5 58 0 B SR 4 I 5 UCC . 3R 2% 4], 2016,27(12):3131-3142. http://www.jos.org.cn/1000-9825/5101.
htm [doi: 10.13328/j.cnki.j0s.005101]

FR 2% (1994 —), L il e, 32 WP FT sl A o
SN BE, R R AL L

8 F18(1996 —), 5 i - 2, S L 5T 4K
NSNS RS 2 5.

T3 (1969 —), I 1 -, ##% ,CCF &4
B, 3 B T AT N LR B R
Lb

© TEBREEEEIEDT  htp/ www. jos. org. cn



