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Combining improved CBAM and MobileNetV2 algorithms for
classifying diseased wheat kernels

REN Zhizhou , LIANG Kun" , WANG Zeyu,ZHANG Qun,GUO Yaxin,GUO Jiaqi
(College of Artificial Intelligence ,Nanjing Agricultural University , Nanjing 210031, China)

Abstract ; [ Objectives ] Intelligent detection of diseased wheat kernels is important for the efficient,rapid, and accurate evaluation of
wheat kernel quality. Existing deep neural network models for the classification of diseased wheat kernels have disadvantages such as
large numbers of parameters and complexity of operations,which make it unsuitable for the deployment of the model on edge computing
devices, thus affecting the efficiency of on-site classification of diseased wheat kernels. In this paper, a lightweight neural network
algorithm for diseased wheat kernel classification was proposed. [ Methods] In this study, the model was developed based on the
lightweight network MobileNetV2 and added an improved CBAM ( convolutional block attention module ) attention mechanism. The
improved model was fully integer quantized and deployed to mobile devices. Moreover,the proposed model was applied to classify four
types of wheat kernels (fusarium-damaged kernels, common bunt of wheat kernels, broken kernels, and normal kernels). [ Results ]
Compared to the previous MobileNetV2 network ,the model combining the improved attention mechanism and MobileNetV2 network was
improved ,and the accuracy,precision,and recall rates for the model were improved by 3.15% ,3% and 3% ,respectively. The improved
model after full integer quantization achieved 99% ,94% ,99% and 96% recognition accuracy for fusarium-damaged kernels, common
bunt of wheat kernels,broken kernels,and normal kernels,respectively. In addition,the size of the model was 2.36 MB,and the single
inference time of this model at the edge computing device was 96.95 ms. [ Conclusions ] The improved algorithm of this paper has
increased the model accuracy, reduced the size of the model, and accelerated the model inference speed. This study can provide
guidance for the de-redundancy of fusarium-damaged kernel classification models.

Keywords : diseased wheat kernels ; attention mechanism ; lightweight neural networks ;full integer quantization

INERREM = REEREZ —, ZR I EMWEERNXRELFRERMEN e EAEEE
SCU Sl JRRE R N A A R DR 3R 22—, /UM TR R R A R S B ) BRI FE B, /N 2
BEk L35 RS PR . H AT, e SR 0 Ay = 32 SR N A I AN G I, Herh N T 22 Rk

%5 B #A.2023-08-02

BEE&TA T HRPLAIES T H (BK20221518)  ITIRE AV RHE A 013 %430 H [ €X(23)1002]
EEEE RIR BB WS 10 AR T S TR, E-mail ; kliang@ njau.edu.cn,




584 [EZI S S A NI S 841

AR FRAR BRI BAR 155 5 LGRS Ty 1T, W98 N 53 R R TSR LA 00 5 TR B 2 2T AR 45 G I B HE 2k
TS IRBERIAG I AT TR ST W I SSE B N S B RS sl A A F R

12 X 24 B3 o FH T /INZZ IR BRI A B R 2SR B 98 A, LR 2 R R B A 22 R 4% AlexNet
SEEL T INAE R G G , LA 3K 96.67 %, 14k v 450 il RRAE SRR ST 6 SR INEE AT
25325 IUHER R IK 94.26% , (HIETIREE M2 45 19 22 R U 5 B A7 EAR 2 R S B Ty, N 465 J2 5
R SHE R B TUAR R S S S EOE IR RS s i #5308 . T I, 50 o A 48 D) 24 S gl o FH T
PN TEFAGI , FRAB S Pk T R AR A Y ShuffleNet FH T30 5 35005 532 W | 20455 150 SP- 14 4 BRI ) 4%
W 87.94% , 257 A AED R AT WO 5 kHE MobileNetV2 555l 45 4 /N2 A0 BB 1% 07 2 inble T K5 780 11
HEPRSRFE . Zhang 25155 10 T W13 25 SIHLEI A ResNet 45 T /N2 AN g8 3t R, 120865 60§10 500 o g %
ik 97.5% , XEERFFER IR IR R 2 2% 255 1 B I ALHI 5 2 AT LA R m s AU i 2 [
AR R 28 S0 DRSS 250 i 33U ] ) E R SR 4 s 2 b 0 45 6 I T /0N 22 9 B R B 2 i G 0 A 4 O

MobileNet [¥ 282 H Ai7 4 b IG5 K6 I 450 dsk £ FH B 22 AR R R 0 44517 2 I 28 SR R I T 0 B 5 ALK
B AR A S5 i B A S B . MobileNetV2 BSR4k AR T IR BE 1] 43 55 AR 07 v I 3, 70 S Al
NGB AR 2 SERMIEIIZE . H AT MobileNetV2 23k F T /N2 W BE R 2 43 K 0 WF 55 86 /0 | i1 T
BERIAN RS L | HARIE A Sy SR, I F A2 i 28 0 45 £ Z W A5 R A P2 AR RUIR 22 BRI e i Ak
2% MobileNetV2 ALl I, 51X X 48 2549 47T BCH , In ARG CBAM V= LI, I X6 e B 7T ™
25 IR, AR R /N 22 SR A% S A U RE 0 o TR T A0S 55 Grad-CAM 1 28 19 2% W 4 Ak 1k
YU UEBIE A R . KR B MobileNetV2 A5 3 5o 4 4% A0 Ak I 130 B 0 ST R & LT LUSE R
LR B B3 SRS | Ay S B/ IN A it JB PRt RS it i R A A5 f e

1 ST

1.1 REHEBRESHH

111 BU3ERE S VIR R BT s A DU P R ) R 22 A SR BR A R, R B[R] S 2023 41
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Table 1 Classification standards of wheat kernel

ZEH Types $F1E Feature

TSR B B, Wi~ RIS 5 IR 0 G B0 O, EFPR R DG [

The shape of the kernels is oval or oblong, slightly flat, the color of the kernels is usually light yellow or light

IEHRL
Normal kernels .
brown, and the surface of the kernels is smooth and rounded

TREAHRL PRI R R R 0, SO TR AR B
Fusarium-damaged kernels The kernels are wrinkled ,and dull-white, the surface of the kernels is purple,or has an obvious pink mold

FPRLECIE FORCAE, (AT SR, MR A I A (UM BRI P R S0 AR (OB , LB R vk B0 £ JY SRR

The kernels are shorter and thicker than normal, with a grayish-white outer membrane , and when crushed, the

i R

Common bunt of wheat kemels interior is filled with black powder and emits a strong fishy odor

E T He ki R, 1 B 5 L B R

Broken kernels The kernels are crushed,and broken,and the embryo and endosperm of the kernels are injured

1.1.2 HI\BEHESKIS X T ABPLIAHE 0 I b Ecds S 617 K BE AL . —AE Ak, X (B Ak J5 B9 54~ 22 h0
G R R /INMERETE AL b, R AR b DD 5 E5 05 2 v 381 HE BRAS /N2 R PR MR ITORAE K BRAS N2 F AL
EUZIA—1b ik 224224 142 1) RGB EMEAVERI ISR, XFIH—1bJ5 1Y 6 800 M2z hr KI5, #ie 8 :1:1 [
Bk 43 P I ZR4E 5 440 MREAR  BESE 680 MEEAS, MR EE 680 MHEA, BG4 E1)5 B BE £ REA
mE 1 s,
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Fig.1 Image segmentation of dataset sample

1.2 MobileNetV2 #&E! 41

TR LI 22 I 28 A0 A R 2 ey BRI R4, T A 1 22 R 2% MlobileNet V2 A S0/ S22 FEAIR
HEFRLH MR, MobileNetV2 BRI SR HIVR BE VT 43 B B 15K 22 S ERMM B H . BI5R 22450 5 ResNet
R 22 ZE R TR AE B2, B8 1Y 3% 3 R FRE N Ix1 & 4R ( pointwise convolution, PW) /E N )2,
3x3 TR (depthwise convolution, DW ) /A RHIEAR BUZ A 1x 1 A2 518 R N FELEJZ | - TR 30
8 Ay ) JHLE T K, 3 o R B R A IR GRHE S B 9 R R R 25 R E T R E AR R R
BRI Z AP G AU RelU 380 , LADSUDHAE Bk . 15k 22 5 ARV i n i 2 fros
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Expansion convolution Depthwise convolution Projection convolution
~

1x1PW 3% 3DW Ix1PW VRN
BN \A/ BN
ReLU6

2 MobileNetV2 {85 & 5 £ M 3 4540 B
Fig.2 MobileNetV2 inverted residual and linear bottleneck structure diagram
PW . 1% 15 4 Pointwise convolution; DW ; R % Depthwise convolution ; BN ; 4tt & )5 —4k Batch normalization.
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1 17 [Rl— A~ 2 )2 AL ( multilayer perceptron, MLP ) F1 Sigmoid J3i6 PREL , 2% > 18 8 AL H ; fie 5 5 H 4 1 F
YA A R AL f5 A — A~ 3x3 A9 2 T BURT Sigmoid G PREL , 2% 2] 25 8] 45 JSALE | fe 84 WA ARG
SRS
1.4 PNERBERORFIRE

B XRS5 IO % S 0 O T SR v ) TR R, AR 9 R PR 2 e o 2 D) 246 A 1 2 A TR
P25 I 25 RS TR 5 il N2 9 BREARE 1 0 AN, D S 8 HL 78 0 SR U/ N2 I BRERL RS RRAIE , ACE i )
MobileNetV2 A S /N | R AR SRR, DRI A 58 %F MobileNetV2 #E47 2 E | 75 31 Bie ke fif) 5 51
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SR A\ B REAE AR D £ 4328 T 4 RN i 4 43, HUARFIE BRI 8 152 T MobileNetV2 2K =2 1)
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CBAM , iz B0 T A FRAE S5l i — AN L2 i ek 2 2 A HL S Hard-Sigmoid (I bR 4K, 27 > 3 18 AL
1 Bl 3x3 BEFZ S Hard-Sigmoid PREL, 3R15 25 (8] 4% 55 AL | il i Hard-Sigmoid pREF AU AE RS
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Fig. 4 Combining improved CBAM and MobileNetV2 network structure diagram
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Input 1

Requantization
FP32 INT32 INT32
W1,W2,W3 . —»{ Y1 ]—»[ Y1 Output
Quantization Activation INTS FP32
Quantization
Input 2
Es5 «BNSUFREER
Fig. 5 Schematic diagram of full integer quantization
PRFMEI M » FERIYN L > ki > & e
Preparation of representative data sets Model training Preparation for quantification Quantification of weights

AT < JR VIR < TR A < TG (A

Post-quantitative model evaluation Post-training fine-tuning Model reconstruction Quantification of activation values

!

6 SEINBUREE
Fig. 6 Full integer quantization flowchart

1.6 REFESHERE

AHEFE A Windows 10(64 3) 4/ 24, 44T & : Intel (R) Xeon (R) Platinum 8338C CPU“ 2.60 GHz 4t
YR ,42 GB P47, NVIDIA RTX3090,24 GB K, #{FIREEN Pycharm 2020. 1, Python 3.8 Tensorflow
2.5.0,CUDAI1.2, AWFFEELE Ubuntul8.04 #EAER G b, th & 1154 K 1 NVIDIA Jetson Nano, %1%
FREVERCE . CPU K PU4% ARM Cortex-AS57 MPCore AL FE %%, 4 GB NTF, GPU il % i 128 #% NVIDIA
Maxwell 2244 #4243 & Python3.8  Tensorflow2.5.0,
1.7 WEHEN ISR

R T B UE ARG AR R ) A 5 R RV A A DT A TR SR R R S TRB R R A T AR A R
7N TR A B S 2031, bR Fn A RS 1], FE X A 2 D BB | AR o B (AL, DA A PR 1 5 R
ALY ARG AR S8 ( parameters ) | 77 2538 5 &L i (floating point operations per second , FLOPs) (1%
TR A PR A A i FE B R A2 2 B I HE A 5 SR FHVE T % (accuary , A) RS HE 2R (precision, P) | A [0 % (recall,
R) M PP B B 4 b 5 il IS U 2K (cross entropy ) AR TR 0 it 5 LSRRG 228
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o TP R BTN o 1E B TEREASKS ; TV SR BRI TN S 2 1) SAREAR K FP 3R B T oy 171 1) TE A
AH FN F BRI T0 A 1E A SAREAS KL

2 HBRESH

2.1 USRI HEBIERATLL

Skt H A 1 B I ALE] CBAM 5 MobileNetV2 B SCHE A5 85CH , HEATTH Al a0 6] HE AR AR R /N (2
Hog PSR R RO NS 2 BR . AR 2 TE DA CBAM 4 MobileNetV2 R4
FERI K/ 26.48 MB #2715 28.32 MB, YERA R M 94.37% 2T+ 5 97.35% , AT WRk ik CBAM 2348 ik
FIHKN AB AT DR e AR MR R BIERT )5 AY MobileNetV2 Bk HERG R M 94.37% 42T+ % 96.47% , H.
FERIFT /NN 26.48 MB IB/D 2 14.15 MB, ] UWLECHE ) MobileNetV2 B3 AT LR 5 iR 1A B L 2 485 78 K
/N IRAHESE Y CBAM ¥ J1HLHI A9 MobileNetV2 #1581 K /NN 26.48 MB Uil /> % 14.80 MB, 17 s ia 55 &
M 312.38 M U/ 5 261.01 M, ABEIERR R 94.37%H2 T+ 2 98.449% , ] WLHCik i AR s i A g 42 T, A58
RIS /N TOAS BERRAR R R T MY I A 5 P HERR R A IR Q&1 7 BT, 3 RS AR I 254K 50
W AR B, 7] WL cHE CBAM F1 MobileNetV2 #5551 6 48 25 T ek T B9 MobileNetV2 %% | HE#f
RMMZANA BB, BRSO AT

2 HERBER

Table 2 Results of ablation experiment

SR IA g R B A Influencing factors o
Fbﬂﬁ?ﬁﬁ P— e BORJONMB  BER/M  JRAGEER/M  HEIR/%
“Xperimen RE {E%jjm%J . Model size Parameters FLOPs Accuracy
number Network Attention mechanism
1 MobileNetV2 26.48 2.26x10° 312.38 94.37
2 MobileNetV2 CBAM 28.32 2.41x10° 317.48 95.74
3 MobileNetV2 B#ER CBAM  Improved CBAM 28.32 2.41x10° 317.48 97.35
4 S-MobileNetV2 14.15 1.19x10° 260.93 96.47
5 S-MobileNetV2 CBAM 14.80 1.24x10° 261.01 97.68
6 S-MobileNetV2 2tk CBAM  Improved CBAM 14.80 1.24x10° 261.01 98.44
Xif FEJ MobileNetV2 #8 FIk ot Ji AOAS RN 4 Fl/N 22 100 1
FPRCE B E %) th 22 3 T LR el AR X ol
R SRR | o B L L B IO L TE SRR R 0y
=1 g N NN 3 -
100% .86% 93% 91% , Mk L) (OB BT e JRAE R RE o 2 60 MobileNetV2
N ---- MobileNe
BEORL AABURL | 1 R A TN 5351 R 99% . 94% 96% | ﬁ wlf MobileNetV2+CBAM
99% . Z,—“E??E "Jlj ’ Xﬂl%@iﬂ %K ﬁj\jlﬁ %ﬁ*} *j_ E/‘J # ﬁE j‘JF Z: = E — S-MobileNetV2+improved CBAM
¥ X FEUR IR ) MobileNetV2 #5517 e 25 ¥k AR 51 | 20
pea =TS S RO O it B Bl i ) = K= 5y 0 . ‘ ‘ . .
H TR ERR R LS 86 %P2 T 2 94% , SR, Xof i A Fill 0 10 20 30 40 30

ARUAEL Epochs
7 BUHBI/E MobileNetV2 By AR R IV £

Fig. 7 Accuracy variation curve of MobileNetV2

S L AR P ME AR SR U A 100% W& 180T B 22 999% , 16 B i ik
LR of o BT 45 Ry AR F) i SR R R ATS SR AT — E Y
PR . RN, B JE R TR A M R Y T

before and after improvement

ks
F3 BUHETEEETN AR
Table 3 Comparison of model prediction accuracy before and after improvement %
JEie =N R Pre-improved model Bt R Improved model
Real samples JEREESRL CK ARERRRL FK BEHURL BK  IERRL NK - RSB R CK AREWAL FK A0 BK IE# KL NK
Je AR CK 100 0 0 0 99 0 0 1
TREFTHRL FK 1 86 0 13 0 94 0 6
WKL BK 9 0 91 0 1 0 99 0
IEH AL NK 2 4 1 93 0 4 0 96

Note : CK : Common bunt of wheat kernels ; FK; Fusarium-damaged kernels ; BK : Broken kernels ; NK : Normal kernels.
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2.2 Grad-CAM WA LKL

N T #E—AARIT CBAM TEEE ST ML I A SO AR R 5 14 O A AR P02 4 190 246 RRAF A R A 4 v X
Jak, BEHGER 43 /N R PR BAEEE L A, >R Grad-CAM ( class activation mapping ) J5 72X 2l 1 Rij Jo A 8 iR 47 ]
WAL BT B R IE BRI 28 B 5 — )2 B AR Z PR R T AL, o] DA EDULE AR EA R AR P IX 8, &) 8 el
0 X BRI DO 3 R 5 B R K, R HACE AR b TR X, 18] 8—A SRR IDRF R 5L 5]
18 T8 8—B g BSCHE TR AL A B #4711 SR T A T A A v 8 R PN S 1 A R A, (G T
FHR BB R 5 18] 8—C Sy el S5 A AL s FA T I ekt 5 BB T A B D LRI, 46 B i
AAFRAR I AFE, B 8-C 25 3 21 AT DLEL A5 $A X Ay N FE AR s P €0 68 4 T g IX S R (s 0 X
) 3 51 ] D2 A XOR TR FE R I RE B X MO 2L A 55 Sk X A 3 4 AT DAL 8 R X R 400K BT 2 X, %
FeEl 8-B 518l 8-C., Bl JE A0 /N R R AN R R SE N DG, £L B im s X B A vh . R WY Gtk Js i A
RIPE—E BT e T BB H R AE SR B e

8 Grad-CAM A #LAL R4
Fig. 8 Visualization example of Grad-CAM
A B C EIFTFRL R MG RS R B BOE R [B] O R R RO B AR 3 51 R R IR P ) 3 51 R
kL, B4 3 B AL,

Figures A,B and C represent the original image of the grain, the activation heatmap of the pre-improved model, and the activation

heatmap of the post-improved model. The three columns on the left of the figure show the diseased grains with black spikes, the three columns

in the middle show the diseased grains with Fusarium oxysporum ,and the three columns on the right show the damaged grains.

2.3 SHMERART KK

N T A B F B i R R A TR RS o BT 4 R 3R R KL B 0 5 B G SR MobileNetV3
ShuffleNetV 1> FIfE5i5k 22 4% ResNet50>*! 152 SR (4R 70 58032 XoF L, 5038 45 2 R FEAH [m) 0 A7 45 3
A6 IR PERCE AR, 2B S B EAH R, 4R 50 W, 1B T FLAS SR ane 4 iR, th3& 4 w1, ShuffleNetV1 A5
RUE/IMUAT 9.97 MB; AR SCHGHfE SRR BRI K /INA 14.35 MB; ResNetS0 5 K, BRI K /N 225.38 MB,
Bt ) MobileNetV2 #5712 it /N3 A 52 38 KR K000 42 (0 TR ME R 2R 1K 98.44% , #H1%E T ShuffleNetV1
MobileNetV3 ResNet50 435l 485 T 3.15% .3.23% 1 1.38%,

R4 FEBEXLER

Table 4 Comparison results of different models

[ BARIKAN/MB - SHE/M FAERE/M R/ % KiEE/% HARR/ %  HEEE T/ ms

Model Model size Parameters FLOPs Accuracy Precision Recall Inference time
ShuffleNetV1 9.97 1.21x10° 124.89 95.29 95 95 57.4
MobileNetV2 26.48 2.26x10° 317.48 94.37 94 94 59.8
MobileNetV3 35.58 3.05x10° 299.61 95.21 96 95 66.3
ResNet50 225.38 2.53%10% 1 404.69 97.06 96 97 165.5
S-MobileNetV2-Improved CBAM 14.35 1.24x10° 261.01 98.44 98 98 84.2

24 RBSNHMREIERE

T R AR R R A ROR O X S AR R R AT R AR I8, X AN [ B T T T R R 1 R A
S, PP ZE RN S FroR . B3 5 v UL FEAR AR /Ny T, i At I AR AT 5, Float16 #Yf2:fk m {ff
FERI M 14.80 MB I8/ ZE 4.56 MB, 238U AL AT B M 14.80 MB 98/N 2 2.36 MB ; 7E4ERRAS [i] 7 1T, 4=
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AN AT AUHE S T N B, X86 PRI T HfEFRINT[A] 294 52.01 ms, ARM P55 FHERRI ] 2924 96.95 ms, 4>
AL JF B 2 (] 5 N SRR (), A5 5] 4t R A AR ) R SR, ) A ] B S ke
#E[%) MobileNet V2 J A R4k 5 B GEA T I TTAL , Lk 2 ARG AL 4 B/ 2k iR 5 o %
SEAAHIA], Hh AT WA R A A B TN R 00A M TR AR RN B A St R s 2 b

5 HEEBELITHR

Table 5 Quantitative evaluation table of model after improvement

LRk LRI /N MB X86 CPU #EHI ] /ms ARM CPU fEHRIN ]/ ms
Quantization algorithm Model size Inference time on X86 CPU Inference time on ARM CPU
JofEAk Without quantification 14.80 84.21 970.16
Float16 Fl & fk Floatl6 quantization 4.65 55.53 97.72
AFEF AL Full integer quantization 2.36 52.01 96.95

3 it

1) ASOK 5 B MobileNetV2 A HI 5| A Bl ath (1) 5 54k 7 B ML CBAM, BB I 4% B N4 v F /1
FE IR BEATRE R AE A B, B AR AR TUAY RS el BB S R0 AR SCRGlE S5 19 CBAM 34 2 1ML, 38 i 1
DR 285 A 1, DAk T AR A R Sk, R T T R 4 B R A R

20) AHASE IR B P 22 I 4% 5 R e 2 R 8%, et s (A R A VA R RS SR A IR TR (E 1 433
Tt 3.15% 3% 3% RIS H AR 1.24x10° ALK/ MUA 14.35 MB,W8/0 T BRI 24 B, X/
2299 BERFREUHLELA S0 R BE, R TR st il T B 1R

3) B X AR SCCHE Y 0 4 A T A B A s AL T 7R I 2B £ NVIDIA Jetson Nano [ #B2E IR, 424 Y
HALJE BB R K MU 2.36 MB, iZA5RILE Jetson Nano [ R BAYHEFR IS ]/ A 96.95 ms , B4 B i
B3R 150 55 e AL R TR AH (], XoF /)N 22 205 B o e, R S R Ao Al i R 5 8 R 19 30 1 A 38 43 il i 999%
94% .99% 1 96% |,

4) AR SC R (R AR TR N6 /N2 g B (B R B 5 R SRR AT ) TR B4 S SR R R 96.5% , - MER
R/NFEERETE, BRI /NA 14.35 MB, FHASAE Y ResNet (1) 225.38 MB, #5581 K /N KRBT %
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