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Abstract: The commonly used methods for wheat mildew detection have some problems such as complicated detection
procedures and poor environmental adaptability. Because of this situation, the high-sensitivity gas chromatography-ion
migration spectrum (GC-IMS) was applied to detect early mildew of wheat, and the wheat samples with different mildew
degrees were tested by using the GC-IMS and classified by using a broad learning model (BLN). To improve the classifi-
cation accuracy of the broad learning model, a spatial attention mechanism (SAM) is introduced into the model, and the
feature information and structure information of nodes are used to calculate attention weight and extract more important
feature information. Experimental results show that compared with existing deep learning models, the training time of the
proposed model is greatly reduced. In the case of a small number of samples, the early recognition accuracy (AUC) of
mildew wheat was also improved, which effectively solved the problem of over-fitting. The experiment also proved the
effectiveness of the GC-IMS combined with the BLN-SAM model in the early detection of wheat mildew.
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Fig. 1 The basic network model of broad learning
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Table 1 The types of samples used in experiments
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Fig. 5 Gas chromatographies-ion mobility spectra of the six type of wheat samples
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Fig. 6 Ion migration fingerprint of volatile organic compounds from six type of wheat samples
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T PYJHER 2 (mean average precision, mAP). JIIZRE
[E) R 8] ooF e g SRR3R, A B 27 2
W 2% 1) L L 45 R T LA H, BLN-SAMIF -2 e %
B, IR R S 1] K T BRL-LRF M 2%, {H
tt BLN, CFBRL % 45 Z 4515 £ . BLN [ 25 151 1 1)~
i %2 55 BRL-LRF AHBL, AELE I ZRoAT it 1) 2
BRL-LRF1 7 £, CFBRL 45 B[] - 35 Uk g 22/
FBLN-SAMAIBRL-LRFZ [i], 7EYIZR AR 7] |
K TBLN-SAM.
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% 3 GC-IMSMIXLE 7 £ /7 F b

Table 3 Comparison of classification accuracy of wheat GC-IMS test set

. . . MRETYy . N
i R (1 e i s . S A 11 2 X O N YIZRESA] /s DU 7] /s
: HEIE (MAP)/% g
BLN!® 100 x 10 1000 — — 89.93 30.47 0.81
CFBRL!" 100 x 10 1000 — — 92.71 25.28 0.78
BRL-LRF'?! 10 x 10 100 4x4 3 90.12 15.69 0.39
BLN-SAM(ASCEA) 100 x 10 1000 — — 94.28 16.11 0.43

BLN-SAMZBIEAM NS L3 JE 3 &5 5] By 74,
1M HX) 3% 5 %2 2] 532 (incremental learning algorithm,
ILA)SE A 2% N T IFBIBLN-SAM K 2% 75 1 & = =] rh
(4 50, ¥ BLN-SAM {3 &% >) 575 5 BLN )1
B ) L e BRL-LRF ()36 B ] BT H s,
Bk, AR AR A I sm 1 S, Bk,
P BLN FIRTUGEE R BE B 100 X 104FE T 558110004
TR AL BRI G Y 6K, BRI NS00 1Y 5
R AR INRAPTR.

¥ BRL-LRF [ URLER 5L B 4 X 4 FFIE

# 4 BLNEF ) H A2 %R
Table 4 Results of the ILA of BLN

ML B AN K /N 3, 10 X 1OHFAE 15 25 F1100> 18 58 5
F, S0, BT SR RO, (EEER I 1500/ 5
W5 55, RS AR, CFBRL S A XUBLN-SAM {46 45
Fo R 55 5 5 2 i 7 30 S BLNAH [A], 45 B an& 6707
7N

%} b 2 4—6F1 £ 77] 41, BLN-SAM®EE /R 5h 25 5 5
(IHERZ = T BLNAIBRL-LRF, HARRENASEHTH
(I 1] 5 BRL-LRFAH 24, {H EEBLNGG24% £ 4. 7] A
% 1 5BLN. CFBRLAIBRL-LRFAH tt., BLN-SAM
W )RR B A I U .

% 5 BRL-LRF¥ =53] A4 R
Table 5 Results of the ILA of BRL-LRF

REAEA 4 3 rg%ﬂéi;:%% W s WA AR ﬁéf% DIk als SRS
100 x 10 1500 89.98 31.28 0.82 10 x 10 200 90.83 16.46 0.42
100 x 10 2000 90.07 32.16 0.84 10 x 10 300 91.18 17.51 0.42
100 x 10 2500 90.36 34.07 0.84 10 x 10 400 91.62 18.49 0.46
100 x 10 3000 90.87 36.21 0.86 10 x 10 500 92.53 19.23 0.46
100 x 10 3500 91.42 38.78 0.86 10 x 10 600 93.04 19.78 0.47
100 x 10 4000 92.03 40.21 0.88 10 x 10 700 93.54 20.31 0.47

% 6 CFBRL¥ =5 ) HiA094 R
Table 6 Results of the ILA of CFBRL

% 7 BLN-SAM3#& & 53] ko9 R
Table 7 Results of the ILA of BLN-SAM

BEAEH A B y,gﬁéf% WIS URARAs  HEAET A BT Yg@% . ks AR
100 x 10 1500 93.25 25.98 0.81 100 x 10 1500 94.65 17.28 0.45
100 x 10 2000 93.86 26.15 0.82 100 x 10 2000 95.26 18.23 0.45
100 x 10 2500 94.16 27.06 0.83 100 x 10 2500 95.86 19.02 0.46
100 x 10 3000 94.70 28.20 0.83 100 x 10 3000 96.20 20.11 0.46
100 x 10 3500 95.21 29.42 0.84 100 x 10 3500 96.78 20.88 0.47
100 x 10 4000 95.78 30.27 0.84 100 x 10 4000 97.10 21.37 0.484

4.4.2 AR GURE S IR AR o iy
N7 AT BLN-SAMIFIAT 2k, A0k %M
25RO 5 YT — B R AR T HU AL X ETEE
FEIR B A5 2% (deep belief networks, DBN). V5
/R 25 % 1 (deep Boltzmann machine, DBM). % JZ &0
(multilayer perception, MLP)2 5% %2 45 i) # B 2% >
Hl(multi-layer extreme learning machine, MLELM)?!!

A1 22 JBSTHR PR 2% 2 HL(multi-perception extreme learn-
ing machine, HELM)??!. F|F{ MATLAB2016a 7f &
TG T PR F/NERE T GC-IMSHR S IS IEAT T
Gy, S A RN . AR AR ARl HE
2R, EAREE H BRI 26.(94.28 %) A A2 B
[, B FHELMF95.12%. {EAEYIZRA ] |, ASC
THERII R R A 16.11 s, & BT Sk i . (=



1592 oA R 5 N A

540 3

TR G BLIN-S AMiti 38 & 27 =, DR 50 E Af 2 ) 2
EITHELM, W37, X b 45 S 78 4 28 B A S 5 13211 5
TERRRAR T 24 A ) — S R 2.

% 8 BLN-SAM 5 & AR B 57 3] Hikp KR ILE
Table 8 Comparison of classification results between
BLN-SAM and various Deep Learnings

B MRREEHRER R /% NG/
DBN 91.45 8586.67
DBM 92.34 19788.32
MLP?2! 87.56 2667.22
MLELM?! 91.64 75.49
MPELM??! 95.12 51.20
BLN-SAM(A AR ) 94.28 16.11

443 /NFERIAFREN TR

/N R AR S e W AR N S
F2 X 43 FF /N G2 B AR IR L A TE B (B AR b AL R4,
LN T 5. MLER S AR, N2 RS
AR AS R b — A o A R AR N
358 SUNPEYE, ¥ 1% /N2 52 SCNBITE, IR BLR
Fakrok i B BLN-S AMBLTY (fiH Hi 4 Bt

TP
po TP TP
TP + FP TP + FN
(13)
F1—2XPXR
~ P+R’

o TPRIFP 3 AR 3 TE A R 50 R4 15 R 50 1) ELBH
PEFEAZE, TNAIEN 7 AR IR0 0 AN 1% R
HIEFAYEREAR SR, BT %0 P(Precision) A Tl
FIHERR R, TR TRNBAPEREAS i 7 2 /DA B SE R MR
A; R(Recall)& A 13, FoRFEARA Z /DA IEFEA
B IERA TR F 1525 T PrecisionfiRecall {8 F1-F 15
1B, AR, FUEBCR, IR HLT.

DA bR 2P HR (5 B AL P S 45| 20 F B B A
SIS FAEATH/IN ARSI 5. B 2004 1EH A 5, T
NAEIR R TR A BT B B WS R K IR AR X
NER33 °C, 1HIE80% RH. 3K Ji BUH FEAR, % HLS0
A GRS AR IR AL B — AN i 4, 1 HS04
IR NEFEARL RS — MR P B s SE RN
I3 N N INGRE A AT — NS 4, 70 570
ANVNZFEAFIZ0MNMRFEAR, A I FH PR A
AP ARE A B A [ LAV B AR A AN Y- 5 SR R 5
FHZI 2R84 BLN-SAMBL AL AT IE RS I 45, SR )5
FI 2 500 5 I BLN-S AMAE R ZE I ZR A Ak £
HEAT 3 R TIOIN. EH L L S HITRAT IR B A )
%% A Faster-RCNN (faster-regions with convolutional
neural network features)?*!, BL% 22 &4 28 (single
shot multiBox detector, SSD)**F1YOLOv3(you only

live once-v3)PWE Ry ELE, M IGAF AL R B . HhEs
IR B 27 S AR Y SR FH 72 ImageNet Tl 2k 4 A R 2
WFETRE - JEE R, AN 25 R UK FT .

#% 9 BLN-SAM 5 R AT WY IR B 5 3 7 ik ) % F
BB T AN _Lag b2 R
Table 9 Comparative results of BLN-SAM and popu-
lar deep learning methods in predicting early
mildew for wheat

Train set Test set
i
Precision Recall F1 Precision Recall F1
HL B 0.545 0.514 0.529 0.573 0.533 0.533
Faster-RCNN 0.645 0.571 0.606 0.688 0.733 0.709
SSD 0.655 0.543 0.593 0.667 0.667 0.667
YOLOV3 0.857 0.857 0.857 0.867 0.867 0.867
BLN-S;AM 0917 0943 0.930 0.933 0.933 0.933
(AR SCHERY)

H % 9] LA i, BLN-SAMYE3 M6 b _E 145
B I, H R /&Faster-RCNNAISSD, Electronic Noseff]
T ff 1 A0 FUE B . BLN-SAM F118 1A $0.933,
b B Al B 4F 1 YOLOV3 M 4 FIF L 42 /5 1 6.6%. It
b, BT BLN-SAMMR K f 40 17 9 28 A5 20 PR ) g AT
NZRIAE, PRI R KR8 D 1 B A YIS TR0 A e
Vi), 2 A3 B ML B 5 N — 204 5 1 AR
TR RE. SR B, AR SCH 19 56 B2 2 ) B,
/NG LR AR BRI 8% B N T V2092 1 1 50%~
70%.

N T BB IRAIEA S BLN-SAM AR R xif T .34
BANEI 5 N RE, 5 2] T BLN-SAMAILL I
JURP IR B 22 2] 71 B 32 TAEHSE 1 28 (receiver
operating characteristic curve, ROC), i+ &I 2k~
[H#A (area under curve, AUC)H, WEISFTs.

1.0 T T T L - —
0.8+
s 067
Eul AUC
=
g4l
— PR
— YOLOV3
02r —SSD
— Faster-RCNN
00 1 1 — BLN-§AM
0.0 0.2 0.4 0.6 0.8 1.0
B BH 1%

Kl 8 ROCHHZK
Fig. 8 ROC curves
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AR SCAR AR (1) T 5 SRR AT HE P, 440k
NGRS ANEREAAE A BE P AT TR, A3 V5 H e A
e E B E, 2 B BB ATV AR AR K, A 2
T “ROCHNZL ", G B AL KR 23 59 R« B PH MR 7
(TPR)FI“{BBHEZR” (FPR), & X UWI'F:

TP FP
TP rFN TR = ppron (Y

P8, St A 2t BT BB AT DAY bl -
BIF R, BT DL B 26 285 050K, an S FITzR, AR SCRE Y )
ROCHIZR LT 58 &t T H e FIROCHI R, 1B
AR M REL T H B . AUCHE SCAROC
2R T ITHIAR, AUC R I 15 BAAR R 73 KM g el
FEA AUCIH R 107,

TPR =

& 10 AR 53 AR A6 AUCIE
Table 10 AUC values of this model and corresponding

models
i) AUC
& 0.67
Faster-RCNN 0.73
SSD 0.71
YOLOvV3 0.81

BLN-SAM(AAEAY)  0.86

22107 I, BLN-SAM E. A i K AUCHH,
FLor VR REAE LB LR AL o U (7). [RIFAUC
{RL AU B35 R AR 2R B A5 AR 1) 43 28 P B 5 R ORI 1)
—3. AT, BLN-SAM it AR S A () /N 22 34
BRI, FE TAE/NEAR AT, TR T 58
£ 2 ST I 25 5 40, AR Rz A M REAR LLYR FE 22 2
TR KA.

4.4.4 AEBERIEATZ6)_ERPHERERI

RN TG EIR I A R, A SCR A T
EG.ASA T — AT B ZA1260) %6f STk o 4 FH 1)
WAGC-IMS MG I 7 i3 4T T e RE XS L. 1T H A
R TN E IGC-IMS A T HU £, A STk #%
T G.ASKFATF I 2 EI A KA 8 K KGC-IMS £
PEEE, LA AN [ (0 77 ¥ X A 3K P AP ROK 1 RE 133047
XL, SRR 1R,

FHER 1A I, BT IR PR K B & B4 R )
JR LLI AR, SCHR [27-291 1 75 15 R I 1 ff S AR A IR,
L AR T SCRR [30176 J5 ¥R AUA ST 5 v, B8R STk
(3011 77 V2 R Sl At e s v T A S 7 ¥, (R LAY )|
SRR ENIZ KT ATy vk, AbFEIR RS 708 T AR T k.
CEARE, A SCHEDAEARE AR T B4 TRk HR R HIR
B IGC-IMS EUL 15 1.

5 &
ASCHREHE T — M S AR 3 e RS S S T T

2B N R A TTE. T AR AR
FE N ZRE S B AR RN YL, B 15E K
PE) 5T B A R R AL PR 54, A o PR £ 1 —
BRI BAT AR AIARLE, 25 N T80 K 1 1A
. ARSCHR Y RS 2 TRV S B LR ) 98 P 2 S0 5k
XF IR b R R R A WUAIREA T SE 0, Tk T
RIS ST R R BAE AN SR SR, IR, 52
TRk FEAR IR BE. SEIGUE, FERE A I
DU, N R A AR T AR 1R = 1 50~70%, [F]
i, U )P S HER R (mAP) AT B 1 MM B2 .
Wb, ASSCRE S (/N ZE B AT T3 92, kN 22 AR
PR BTSSR G T —RbH 00A 2T B FI, oy
oAt AP SRR AT | ARAE I SR AR AN T, B
T MR RE D HTIRAR.

& 11 AR 7 &R o mAt kKRG Ae ) ik
Table 11 Comparison of the ability of different methods
to distinguish two kinds of rice

e, ORISR AP/

7Y
T % NHE/Ss  (BEAEL s—h)
AEROIMZE B 91,2 80237 0.5
PR AN 718 ~ -
FERA :
TSI 625 . -
ES vy i
K—MeansmT 69.6 h -
RITTE 89.8 378 9
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