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Abstract 

Locations of tobacco leaves are critical to quality grading. In Korea, the state of the leaf locations is 
divided into four categories such as high, middle, low and inside ones. Grades of tobacco leaves are 
mainly classified into 5 grades manually according to the attached locations, visu떠 appearances includ­
ing color and texture. Leaves taken from 비gh and low locations receive a low grade, under grade 3 
Generally, leaves from the inside and medium locations get a high grade. In this paper, recog피tion of 
leaf location and grading using the color machine vision was performed aiming to develop a real time 
tobacco leave grading system combined with a portable NIR spectrum analysis system. The RGB color 
information was converted into HSI image format and all the samples were investigated using the bundle 
of tobacco leaves. A well-known general eπor back propagation neural network was utilized for the 
quality grading and location recognition. 

Key words: automatic recognition, leaf location, BP neural network, quality evaluation, color com-
puter V1Slon 

Introduction 

Quality evaluation of tobacco has been done mainly 

based On chemical composition as an off-line basis. 

Quality measurement based On chemical compositions 

such as moisture content, nicotine, nitrogen, and so on 

requires cautious sample preparation and several com­

plex and time consuming process. Because of the lack of 

real time processing in quality grading, grading of 

tobacco leaves, the grading has been done manually via 

visu떠 inspection as a sample basis by human experts. 

Moreover, a bundle of tobacco leaves is randomly 

selected from a box and graded manually. In order to 

automate the human grading process while realizing 

real-time performance, nondestructive automatic mea­

surement methods such as computer vision and NIR are 

known ‘o be good approaches. 

Corresponding author: Heon Hwang, Faculty of Life Science 
and Technology, D맹t. of Bio-Mechatronic Eng. , Sungkyunk­
wan University, Suwon, 440-746 Korea 

180 

Cho (1994a) investigated feasible wavelengths in the 

range of NIR for a concise quality grading. Sets of effi­

cient wavelengths were recommended to evaluate a cer­

tain chemical composi디on. However, it still required a 

cautious preparation of s없nple tobacco leaves. Cho 

(1994b) tried to evaluate tobacco leaf grades using a 

computer vision and neural network. Texture descriptor 

and RGB color information were utilized as network 

input variables. However, grading test was performed 

with an individual leaf and leaf should have been pre­

pared good enough for the proper data acquisition. A 

portable color measurement device using RGB photo­

diode (color sensor) was developed and grading perfor­

mance was tested by inputting output sensor signals to a 

back propagation neural network (Lee et al., 1995). 

Main goal of this research was to develop a real time 

robust tobacco 망ading system via sensory fusion of 

computer vision and NIR spectrum. In grading tobacco 

leaves, size and location of tobacco leaves should be rec­

ognized first via computer vision, and then the informa-
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tion obtained from spectrum 때alysis and co1or com­

puter vision was used for final grading. πllS paper was 

focused on measurement and evaluation of the 1ocation 

recogni디on 때d pre파ninary grading experiment of 

tobacco 1eaves using a co1or computer vision. 

Materials and Methods 

Materials 

Samp1e tobacco 1eaves were collected from the Chun­

gbuk province of Korea. In Korea, categories of tobacco 

1eaf grades are divided into 5. As shown in Tab1e 1, pri­

mari1y 4 different 1eaf 1ocations are major factor for 

grading. Leaf positions in grading are divided into 4 cat­

egories such as U(upper), I(inside), M(mid), and L 

(lower). In genera1, 1eaves 10cated at the upper and 10wer 

P따t of p1ant have mid and 10w qu때ty 1eve1s of 03, 04, 
G5 and 1eaves 10cated at the inside and midd1e of p1ant 

have good and mid qu뼈ty 1eve1s of G1, 02, and G3. 

Here, Gi represents grade category and as value i 

increases, quality of 1eaves degrades. In this paper, qua1-

Table 1. Tobacco leaf 밍힐de accor펴ng to leaf locations of 
thep떠nt 

Index 
Tbbacco Orade 

G2 03 04 

• • • • • • • • • 

01 G5 

i 
Leaf 

Locati 
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Upper 
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Lower 
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Light LongAxl‘ 
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Compensation 

Mask ι
/隨\\* .. 

CCD Color 
Cemera 

Fig. 1 Structure of the network for leaf position recogr피.tion. 

ity evaluation of tobacco 1eaves was performed as a bun­

d1e basis considering practical application using co1or 

computer vision system. Frame grabber (Bandit, Coreco 

Co. ， C때ada) and co1or CCD 때nera (TM-7, Pulnix Co.) 

were used to capture the image. Chamber was bui1t to 

b10ck the ambient light and high frequency 3-wave-

1ength fluorescent 1amp was used. All measurements 

were done with a bund1e of tobacco 1eaves. 

Rec(패nition of Leaf Position 

The size of a unit pixe1 and average intensity value of 

an image captured from a white paper w히'e measured 

for compensation, shape property and size were com­

puted using real variab1e chain coding algorithm (Lee, 
1995). Cx and Cγ C∞ifdinates of the centroid of 1eaf 

image were computed using following formu1a. 

Cx = i힐xL Cy = i될yi 

Acqωred image format was 24 bit σue RGB co1or 

information. RGB Co1or information was conv하ted to 

hue (H), saturation (S) and intensity (Y) to imitate 

humans co1or recogni디on using following formu1a. 

Y =ü.3R+O.59G+O.ll B 

C,=R-Y=Ü.7R--O.59G--O.1 1B 

C2=B-Y=--O.3R--O.590+O.89B 

H=tan -'(C/C
2
) , S=(C,2 +C

2
2
)O.5 



’Thble. 2 Defu피tion of v;뼈ous texture descriptor αIar빼idι 
1979) 

ture analysis were shown in Fig. 2 and information 

according to 않ch mask was obtain때 to select the best 

result. Texture descriptor was defined as shown in Table 

2 and detailed algorithm should refer to the reference 

(H따떠ick， 1979). Here, MP m않ns maximum color dis­

tribution state over the surface and EDM has a character­

istics such that total values decrease in proportion to the 

increase of each element and Inverse EDM has an oppo­

site result. If the difference for the element of C maσix is 

sm따1， entropy will be 1따ge and uniformity value reveals 

with opposite result. The basic “'A" rnaσix consist of 

(0,0), (0,1), (1 ,0), and 0 ,0). Covariance rnatrix C was 

calculated from ‘ 'A" matrix divided by the total scanning 

number of interest regions. 

(d) mask4 

Color and Texture 

Color inforrnation of tobacco leaves was measured 

with ROB values and transformed to HSI(hue, satura­

tion, and intensity) values. HSI values are known to be 

sirnilar to human vision rather than ROB. According to 

@•@ 

• 

@ 

、
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-LL(C j / 

LL(i -jlC jj 

@ 

Definition 
Max(Cij) 

(a) mask 1 (b) mask 2 (c) mask 3 
F핑 .• 2 빼sk descriptor for texture 밍뻐Iysis. 
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Uniformity 

@•@ 

Entropy 

@ 

Threshold was done with boundary Y value obtained 

from the window extension method (Lee, 1995). In 

뼈피ng， geometric and color inforrnation of a bundle of 

leaves was input to the network. Color information was 

converted to hue, saturation 뻐din않nsity values prior to 

input to the network. Variation of illurnination was 

investigated by avemging 10 measured intensity values. 

It showed that maximum error was not over the range 

:t2.4%. And while capturing each image of samples, the 

intensity of the previously specified small reference 

mask (7x7) was measured for compensation with an 

assumption of linearity over the irnage according to the 

input light 얘riation. 

Recognition of leaf location was done with back prop­

agation (BP) neural network and clustering was done 

based on the Euclidean distance metric between pattems 

and cluster centers. BP network req뻐-es desimble 떠rget 

values (supeπisory learning) but clustering self organi­

zation method doesnt need it. The maximum number of 

cluster could be created as many as number of input pat­

tems. Input pattem and leamed weights are stored in 

memory. For the recognition of leaf location, input data 

was prepared as 4 categories according to the harvested 

leaf location. 

Quality Evaluation 

Quality evaluation procedure was also done with BP 

network and a clustering method. All p떠rs of tI밍띠ng 

data wcre selected according to their gmdes instead of 

leaf locations. The category of gmde 3(03) contains all 

locations of leaves. Target grades were determined from 

the human grading expert. In the case of BP network 

σaining， raw information of image was used as input 

data such as average color values of specified small 

square area. However, feature inforrnation such as tex­

ture descriptors, size, color and shape criteria was 

extracted for clustering method. 

Texulfe descriptors were adopted to analyze the rela­

tionship between grade and texture state. These values 

were only used for clustering method and were not 

adopted into the BP network model. In the case of BP 

network model, raw image information was directly 

used to the network input sirnilar to the process of the 

previous leaf location recognition. Masks used for tex-
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Thble 3. Correlation αIefficient， ave뻐ge le맴th 뻐d color 00 the saturation v메ue 

U3 U4 U5 11 n 
u3’ 

U4’ -0.02 

u5’ -0.01 0.14 
Il’ -0.23 0.29 0.21 1 
12 ’ -0.48 0.17 0.46 0.08 
I3’ 0.13 0.35 -0.06 -0.48 -0.15 
Ml ’ 0.01 -0.06 -0.33 -0.40 -0.30 
M2’ 0.00 0.10 0.45 0.38 -0.28 
M3 ’ -0.낀 -0.14 -0.06 -0.44 0.04 
Lγ -0.53 -0.09 -0.01 0.40 0.61 
L4’ -0.30 0.12 0.41 0.65 0.33 
L5 ’ 0.47 -0.55 0.03 -0.14 -0.46 

Len야1(mm) 430.9 409.6 436.4 528.7 534.8 
Saturation 82.1 94.3 114.5 81.7 97.4 
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Fi양 3 Average RGB color and ma피mum len망h of leaves 
at v양ious locations. 

the leaf location, RGB values had a different intensity 

range and color of each leaf also revealed s없ne ch따ac­

teristics as shown in Fig. 3 In Fig. 3(a), values of RGB 

showed different r없1ges with respect to leaf locations 

and each average value was different according to leaf 

I3 Ml M2 M3 L3 L4 L5 

-0.13 
-0.01 -0.09 

0.18 0.10 -0.02 
-0.16 -0.69 -0.23 -0.13 
-0.15 -0.59 0.17 0.08 0.50 
-0.26 -0.08 -0.01 0.32 -0.32 0.07 
507.3 488.0 471.1 384.1 345.8 332.0 330.3 

89.5 77.9 82.3 88 .1 77.1 66.9 79.2 

Thble. 4 Correla히on co뼈cient for attached leaves 
posi피on on the saturation value 

U I M L 
(Upper) (Inner) (Mid) (Lower) 

U(Upper) 1 
I(lnne앉r) 0.26 
M(Mid) -0.02 -0.28 

L(Lower) 0.07 0.30 -0.1 2 
Length(mm) 425.7 523.6 447.7 336.0 

Saturation 97.0 89.5 82.8 72.4 

locations. From Fig. 3(b) maximum length of leaves are 

relatively different from various leaf locations. 

πle correlation 때alysis was performed with satura­

tion value for 않ch location and grade. 12 had some cor­

relation with L3 and lA and I2 with L3. However, 13 had 

independent relation. Table 3 shows an average length 

along the maximum 없is and saturation values with cor­

relation coefficient values. From this result, it could be 

seen that clustering leaves to different 망ades by color 

information only is almost impossible. However, aver­

age saturation values obtained from various leaf loca­

tions without considering leaf grades gave possibility of 

differentiating location relationship as shown in Table 4. 

All texture v;외ues from mask operation were obtained. 

Len방lS of tobacco 1eaves were measured for each grade 

and average values were computed for the attached 1oca­

디ons of 1eaves. Inlage processing was done by previ­

ous1y mentioned method and the searching region of 

texture analysis (Haralick, 1979) was determined by 
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-
톨D 갑흐Z=놓 

(a) origin떠 (b) binary image (이 detected edge (d) m없Imin 없is length 
Fig. 4 Image processing overview for feature and te상ure an떠y피S. 

Table. 5. Texture va1ue from descriptors 

Position & Mask Cll C12 C21 C22 MaxC EDM Entropy U띠formity 

Mkl 0.73 0.014 0.018 0.246 0.73 0.033 0.393 0.604 
Mk2 0.662 0.044 0.052 0.241 0.662 0.097 0.313 0.522 

U(Upperl 
Mk3 0.675 0.036 0.035 0.253 0.675 0.074 0.307 0.538 
Mk4 0.74 0.014 0.017 0.249 0.74 0.031 0.257 0.616 
Mkl 0.65 0.03 0.037 0.283 0.65 0.063 0.451 0.545 
Mk2 0.63 0.074 0.076 0.224 0.63 0.149 0.35 0.511 

I(Inner) 
Mk3 0.638 0.071 0.067 0.231 0.635 0.138 0.334 0.491 
Mk4 0.713 0.025 0.043 0.219 、 0.713 0.058 0.265 0.603 
Mkl 0.681 0.021 0.019 0.279 0.681 0.041 0.432 0.568 
Mk2 0.62 0.049 0.055 0.277 0.62 0.101 0.335 0.488 

M(Mid 
Mk3 0.631 0.044 0.044 0.28 0.631 0.088 0.332 0.498 
Mk4 0.699 0.019 0.018 0.268 0.699 0.037 0.279 0.584 
Mkl 0.827 0.02 0.015 0.137 0.827 0.031 0.278 0.732 
Mk2 0.758 0.054 0.048 0.141 0.758 0.097 0.259 0.629 

L(Lower) 
Mk3 0.781 0.035 0.034 0.15 0.781 0.068 0.242 0.667 
Mk4 0.857 0.01 0.012 0.1 2 0.857 0.028 0.1 86 0.745 

Note: Þ，꺼<i represents the ith mask used to obtain the texture descriptor. 

central and boun때ry coordinates as Fig. 4(d). Texture 

descriptors were computed using formula of Table 2 for 

each path mask. Values of texture descriptors were 

denoted in Table 5. 

Location Recognition 

Samples were collected 50 each per grade for total12 

grades and total number of samples was 600. Experi­

ment for recognizing 1않f location was performed first 

using the BP neural network with 10 samples per grade. 

Each location had 30 training data set. Input data set was 

composed of 122 nodes consisting of 121 average values 

and the length of maximum 없is. Each node was deter­

rnined by previous texture scanning methods and qu따ter 

region consisted of 40 sequential average saturation 

value blocks. Before measuring the saturation value, 
total pixel number of each quarter region was computed 

from the previous textur，ε analysis. Therefore, small 

quarter region was scanned in a manner that 1/4 region 

divided by number 40. 

Initial input condition of BP was set such that learning 

rate was 0.6, momentum coefficient was 0.4, and num­

ber of units for hidden layer and ouφut layer were 10 

and 2 respec디vely as shown in Fig. 1. Total iteration 

epoch was set to 10,000 뻐d norma1ized system error 

was set to be 0.005. Training was not converged to pre­

defined values such as 0.0141 , but it showed successful 

results for the trained sample data set. To verify general­

ization effect of the BP network, untrained samples were 

tested with previously σained weight values of network. 

For each leaflocation, 45 untrained samples (15 samples 

per grade) were used to verify the learning effect. Results 

of verification were shown in Table 6. Total recognition 

rate was around 68.3%, and recog띠tion rates for upper, 
inner, medium and lower cases were 64.4%, 75.6%, 

73.3% and 60.0%, respectively. 
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Iable 6. Verification re잉파S of 15 잃mples per each grade 

Upper lnner 
U2 U3 11 12 
11 8 3 2 
4 5 11 11 

2 

2 

m 
m 
3 

Input 
Output 

Upper 
Inner 
Mid 
Lower 

Iable 7. Quality evaluation res버ts from the BP network. 

Input Upper lnner Mid 
Output U3 U4 U5 Il 12 I3 MI M2 

01 -(-) 3(2) -(-) 15(1 6) 1(2) 1(2) 14(15) 5(3) 
G2 1(3) -(1) 4(2) -(-) 14(1 6) -(-) 4(4) 12(14) 
03 14(14) 1(2) 1(2) 1(2) -(-) 14(14) 2(1) -(3) 
04 1 (3) 16(1 5) 3(2) 4(2) -(1) 4(4) -(-) 3(-) 
05 4(-) -(-) 12(1 4) -(-) 5(1) 1(-) -(-) -(-) 

(#): number of s따nples which should belong to the grade c따egory， (-): no samples 

8 9 2 2 

L5 
1(-) 
-(-) 

4(2) 
-(2) 

15(16) 

Lower 
lA 

1(-) 

5(1) 
3(4) 

11(14) 
-(-) 

L3 
4(-) 
4(4) 

12(1 6) 

-(1) 
-(-) 

M3 
-(-) 

4(4) 

15(1 5) 
1(1) 

-(-) 

Conclusions 

Leaf location of tobacco plant in harvesting is impor­

tant to decide its grade. Color computer vision showed a 

feasibility of the system integration with NIR s야ctrum 

analysis by recognizing leaf location and qu떠ity. The 

proposed algorithm was developed via Microsoft visual 

c++6.0. Performance of leaf location with a bundle of 

dried tobacco leaves showed as around 68.3% of success 

rate.ln q없lity evaluation, raw image and feature vectors 

were used as input variables of BP neural network. Test 

results with unσained samples showed recognition rates 

of 68.3% and 74.5%, respectively. 

Though results did not show good performance of rec­

ognizing leaf location, the proposed scheme showed a 

feasibility of system integration with another additive 

sensor such as specσophotometer for automatic grading. 

Further research will be done with portable IIO bus type 

spectrum analyzer and verify the network performance 

for more sample tobacco leaves. 
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