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Abstract: Objective: Improve the identification accuracy of

banana ripeness. Methods: A novel method was established to

identify banana ripeness based on CNN and XgBoost. Firstly,
convolutional neural network was used to extract banana image
features, and full-connected layer network and linear discriminant
analysis were used to simplify banana image features. Then, the
hyperparameters of the limit gradient lifting algorithm were
optimized by Bayesian optimization algorithm. Finally, the
simplified banana image features were input into the limit
gradient lifting algorithm, and the banana ripeness was judged by
the limit gradient lifting algorithm. Results: The identification

accuracy of the method for banana ripeness was 91. 25%.
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Compared with the existing methods, the proposed method was
more accurate to distinguish the ripeness of bananas with small
data volume. Conclusion: The proposed method can realize the
accurate identification of banana ripeness, which is helpful for
warehouse managers and exporters to monitor banana ripeness in
real time.
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proposed method
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Table 1 The model framework of VGG 16
WE WA
Input it KN, 3, 200, 200)
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Figure 3 The process of banana ripeness identification
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x2 RATEABRERBHSEBIXNEERAEN
HI 3 2R
Table 2 Discrimination effects of classifiers using different
dimensionality reduction strategies on banana
ripeness
e 71?@ H R/ HIE F, 7
/% % /% /%
CNN 85.00 87.30 85.00  86.13
CNN+ FC+ XgBoost 86.25 87.00 86.00 86.00
CNN+ LDA+ XgBoost 82.15 81.50 81.25 81.40
CNN—+FC+ LDA+XgBoost  91.25 92.84 91.25 92.03
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Figure 5 The image features of the training set obtained from the output features of VGG 16 processed by
LDA strategy and FC+ LDA strategy respectively
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Figure 6 The image features of the test set were obtained by processing the output features of VGG 16 with

LDA strategy and FC+LDA respectively
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Table 3 Hyperparameter values of XgBoost
XgBoost #3245 SR XgBoost Y #Z % SHE
Learning rate (0.001, 0.02, “log-uniform”) reg lambda (1, 5, “log-uniform™)
min_child weight 1, 2, 3) reg_alpha (1, 10, “log-uniform”)
max_depth (3, 4) Gamma (1, 8, “log-uniform™)

subsample (0.8, 1, “uniform™

colsample bytree (0.5, 1, “uniform™)

colsample bylevel (0.4, 1, “uniform™)

(5, 100, “uniform”)

(0.1, 0.2)

No. of estimators

Max delta step

(receiver operating characteristic curve, ROC) {1 & 8 fF
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Figure 7 Log loss curve of bayesian
optimization algorithm
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Figure 8 ROC for classification of bananas with different

ripenesses by the proposed method
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Table 4 Performances of different methods on banana

ripeness identification

W%/ K5/ HEE,  F a8/

ok % % % %
GA+SVM 85.00 87.30 85.00 86.13
T4 5 vk 91.25 92.84 91.25 92.03
AlexNet 78.75 80.00 79.00 78.00
GLCM+KNN 78.25 82.00 79.00 79.00
F-CNN-+TSA 82.50 83.00 82.00 82.00

T THAL B Bt AL A% 2 2T B 1 % T A8 AR 1 ) i) e
Bt LR B 2 I B 2% . 255 & 91/ 11 I3k 4 ml 40,
GA+SVM 5 It 42 J7 1 % o 25 2 019 73 RO A Y,
[ERE Sy 9 s SRR 7 b S N | DT 7 4
REUR T GA+SVM K b 247 A5 11 TR At 6 AN R 8 55 Ho At
T3 BE T A R (8 R B (B AR 4 b IX 43 (20 A i B 2K
PR3 4 0 1 Aty 0 5310 (00 5% G il o 28 B 7 0 200 e )
X453,

JBE i H XgBoost & B, # VGG 16 + FC+
LDA 75 3 i) 75 28 UG R R AL 3 25 FU At 3 Aok 2 4%
N2 DL Hr 43 25 4% (gaussian naive bayesian classifier,
GNB) , 37 5 1] & #l (support vector classifier, SVC) , k #
T 4B B ¥ (k-nearest neighbours algorithm , KNN) , 36 fif
P27 1 0 e O BE B R R 5 VGG 16 + FC A+
LDA+ GNB, VGG 16 + FC + LDA + SVC. VGG 16 +
FC+LDA+KNN AT T X, 4 1&] 15 Bros AL VGG 16+
FC+ LDA+ SVC REWS ik B 5 19 70 2 M i 5. SR i
SVC 73 JEHER AL T Bri ik (91.25%0) .

] AR 50 B, SVC ALY XgBoost HH I8 2E , B
9 SVC TE/NEE &5 00 T W H A B4 0 A 7] 80 B2 4

FEOP AR . Y B A MR O, SVC 23 #E 2 K it
%ZBTIETJ i H. 5 XgBoost 7£ I 3& M # [z 17 DL i 47 11 1k
WRMIL S E N 2 —TORE LS. it
FIEB) R ER A YR 5 GNBLSVC.KNN A 1L,
e XgBoost /£ 73 248 T8 & 1
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