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Rapid identification of coffee bean variety by near
infrared hyperspectral imaging technology
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Abstract: Four different Chinese domestic coffee beans were identified rapidly by combining near infra-
red hyperspectral imaging technique and five kinds of discriminant models . A near-infrared hyper-
spectral imaging system covering the spectral range of 874—1 734 nm was set up to capture hyperspec-
tral images of coffee bean samples. The head and end of the spectra with obvious noises were re-
moved, and the spectral data in the range of 925—1 680 nm were extracted to establish discriminant
models in the experiment. The sensitive wavelengths were selected from the full spectra by Successive
Projections Algorithm (SPA). Five discriminant methods, including Partial Least Square-discriminant
Analysis (PLS-DA), Random Forest (RF), K-nearest Neighbor algorithm (KNN), Support Vector
Machine (SVM) and Extreme Learning Machine (ELLM) were applied to the establishment of discrim-
inant models based on the full spectra and the selected sensitive wavelength variables. The properties

of the models were compared and valuated by three parameters, sensitivity, precision and specificity.
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Among all discriminant models, the ELM models based on the full spectra and the selected sensitive

wavelength variables show the best identification results, respectively. For each coffee bean cultivar,

the sensitivity, precision and specificity of ELLM models based on full spectra and the sensitive wave-

lengths are all over 93.5% in both the calibration set and the prediction set. It concludes that Chinese

domestic coffee beans could be identified by near-infrared hyperspectral imaging combined with dis-

criminant models rapidly. Selecting the sensitive wavelengths reduces variables, but the identification

effect is the same as that of the full spectra.

Key words: near-infrared hyperspectral imaging; coffee bean; non-destructive identification; discrimi-

nant analysis model; extreme learning machine
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Fig.1 Hyper-spectral imaging system
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Division of coffee bean samples and sample coding

T
LESTES %E Eg AR g
B R B AR /R T 1 600 400 200
g R SRR 2 600 400 200
18 T A L1 R o 52 3 600 400 200
T T 2 I TR i 4 600 400 200
0.60
0.55¢
0.50f
. 045+
= 040}
3 o35t
£ 030}
— R
025 5
020F
o15—i" L
1 000 1200 1 400 1 600 1 800
Wavelength/nm
e 2 o AR RO
Fig. 2 Reflectance spectra of coffee bean modeling

set samples



T TR

5 23 &

3.2 ET&iSHUBMEES & iR 50 R

Shy S ST AN TR] gt o) i e 3 4R e
TR el 1 N1 S o 1| B = VAR I~ S R o . 3 1<
PLS-DA.KNN,RF,SVM #1 ELM #i %!, 31z [
WERGR S, & P, MG ER S, 3 S50
F 45 BAREAE SR 2 FR .

F2 ETF2EHEERAMNERMAFLER

Tab. 2 Indentified results of different classification models

using raw full spectra preprocessed %
A SUES
Sa P, S Sa P, S,
PLSDA1 88.5 97.79 96.83 92 98.92 98.33
2 86.5 71.93 86.08 84 71.49 87.50
3 76.25 79.02 90.50 74 77.89 91.67
4 83.75 99.11 99.42 90 99.45 99.83
KNN 1 94  97.79 84.42 95.5 60.98 87.83
2 56 71.93 94.17 61.5 82 95.5
3 68.25 79.02 94 83 89.25 96.67
4 97.25 99.11 99.42 99.5 99.5 99.83
RF 1 100 100 100 97 89.40 96.17
2 100 100 100 75 91.46 97.67
3 100 100 100 93 85.32 94.5
4 100 100 100 100 100 100
SVM 1 99.25 99.25 99.75 100 89. 40 100
2 94.5 95.70 98.58 92 97.35 99.17
3 96.25 95.06 98.33 97.5 92.42 97.33
4 100 100 100 100 100 100
ELM 1 94 100 100 99 100 100
2 99.75 99.25 99.75 97 99.49 99.83
3 99.25 99.75 99.92 99.5 97.07 99.33
4 100 100 100 100 100 100
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Fig. 3 Reflectance spectra of coffee beans after SPA

characteristics of wavelength selection

BEF RRAE DA ST 1 ) 550 o B A AR 1) A )
ROR N 3 k., PLS-DA [ a5 A8 1 50k
7,SVM 28N =256, g=1,ELM KBl a2 2
AR 421, 5 Fp ) IR R ELM R AR
SVM H7Y fy R 1) 850 R e 4o 4 A i Bl 1 9 A o
S.. P AU S, #7E 90% LA I, RF A5 A (1) 7 I %4
S 22 AR B X R 2 A TR R 2%, LA A
() S., P, A1 S, Mt 87%. PLS-DA & A il
KININ AL 5§14 i) 20 SR A8 25
3.4 ET£iE5HERENARSTERLLE

BT Al 53 T RHAE B B ELM H) 50 55 7



2

] B8, 4 T 2L A1 e I IR AR PR i S ) ] i e 353

DO S T A I R AG L B 3 5 S s RPN L
2 MR AR 3 AR BI . AE 5 R of, Sk T 4 A
S ELM B AHE ) AR 8  ,  E T R AR D B
() ELM A5 70 1 F 4 435 I B 1 i 501 28R A0 oL
W, F RO B 0 0% SVM BLAY 3T 4%
5T AR I BE ) SVM B B Rb 4 A9 3R ) Ak
F A W] b, T S T RRAE U B ) SVML RS 78 250 S
a1 AR E B 3 A Dk BRI T RRAE
W B i) RE BERLXE 4 o 52 0% 40 51 2 SR A 3k
X b 1,4 B T A0 B A, X Rl 2, 3 T
SR AL EAT BRI B SRR 2 R AR 3. 3T Ay
TIE 5 BE B KININ 3R A 780 56 o b 4 ) 140 310 20 SR e
W EE SRR 1, 8RR 2 AR RR 3 TR RO
BT A i B R N OR AR T B RE RN . B X
A3 IR LB R AE B BE Y PLS-DA A A
BIRCR A T2 T 2 0% 09 PLS-DA B, XF i Ff
Lodhf 2 s A 4 59300, 2 T 49 ) PLS-DA
A R 3 RCR A T 2 TR AR I B9 PLS-DA
B 5l i A ELM BRI T S5 6 9 1R 4L
T 3T A PR AE % B, ELM L 78 X o Mk 58
Fifl S, P, F1 S, $97E 93.5% LA I, =2 W1 R] &
T UG B A G5 5 0 590 43 A B 750 i 4 531wl e 2 A
J&. WP HERTAED A SO 5 R I A0 A ok R
F1R) S ) 48 SR AR

BT Al 55 5 R AR D B 0 50 3 B AR AR 1Y)
S 530 285 SR AR 26 T A AE 3 B 10 1B % BB AL b AR
TR FEARBME B D T 04 AE = BRAR T A
R A . ELM BiRl S SVM &Y
(R F M ROR B 3 BT 3 X2k 5 AR Lk
B 0 LA 5 g 1 Ak B SR RN A5 1Y 3 Ak R

FE T A FUEE T RRAE D B ST AR TR, X
e 2 F0 AR 3 AN SR LU SR 1R S AR 4 Y
2L A e S LI RE AR A DG, T ARl 1 AL
G O D RS T 07 [ T L i e DA A
a4 SRV R RORL A, FE N A i BT A 25 L IR
AT BB A, fFP 1 AR 2 )8 T
KA P AR AL R, A HEME R . SRR 2
ey O 2 S e I S R S o L W || =)
AL A, DR e B R 1,2 )X DA 8. R AR 3 i
A LW 4 Y 2 A O S S T POk
ME, FiAE 20 858 AR DL, L P A0 A — 2 1 A A
PE . R R OGS AR BT XA — s MERE

®3 ETSPASERREZFERMNRBENARER

Tab. 3 Results of different classification models

using SPA spectra preprocessed %
AR fiRIUES
S, P, S, S. P, Sp

PLSDA1 86.75 94.29 98.25 86  97.18 99.17

2 84.75 70.48 88.17 80  71.43 89.33
3 76. 5 84.53 95.33 80  80.81 93.67
4 90.5 98.91 99.67 86  97.97 99.33
KNN 1 71.29 71.29 87.42 95 74.8 89.33
2 82.53 82.53 95.17 67  79.76 94.33
3 85.17 85.17 95.75 79  88.76 96.67
4 99.5 99.5 99.83 100 100 100
RF 1 100 100 100 97  87.39 95.33
2 100 100 100 76.5 87.43 96.33
3 100 100 100 88.5 87.19 95.67
4 100 100 100 100 100 100
SVM 1 98.75 98.01 99.33 100 99 99.67
2 92.5 95.61 98.58 94 96.91 99
3 96.75 94.39 98.08 97 90.65 96.67
4 100 100 100 100 100 100
ELM 1 100 99.75 99.92 99 99.5 99.83
2 98 98.99 99.67 93.5 96. 89 99
3 99 98.26 99.42 96.5 93.69 97.83
4 100 100 100 100 100 100
4 % #
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