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Abstract Aiming at the known deficiencies with complex training, strict parameter-tuning skills and experiences,
difficult theoretical analysis of deep neural networks, an improved image classification algorithm with high training
efficiency, strong interpretability and simple theoretical analysis is proposed, in which the principal component
analysis network (PCANet) is used for feature extraction and the flat neural network (FNN) is for classification. In
addition, the model parameters can be obtained by direct calculation and the flat neural network adaptively
determines the number of nodes according to the training dataset. When the nodes increase, it is not necessary to
retrain the model and only the parameters need to be adjusted locally to update the model. The experimental results
show that the proposed model can acquire rapid training. Moreover, it possesses more competition in recognition
accuracy compared with other unsupervised classification algorithms and traditional deep neural networks.
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Fig. 8 Examples in MNIST dataset
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Table 1 Recognition accuracies of numbers in MNIST dataset
) . . Stochastic pooling Conv. Maxout+  ScatNet-2
Method HSCE K-NN-SCM!™)  CDBN ConvNet ‘ N ‘
ConvNetl?? Dropout"®*] (SVMrbf )B4
Accuracy /% 77.00 63.00 82.00 53.00 47.00 45.00 43.00
. DNN PCANet+  PCANet+ PCANet+ PCANet+
Method PCANet- . o Proposed
(Le-Net5)) AdaBoost RandomForest DecisionTree SVM
Accuracy /% 94.00 95.05 88.24 72.68 70.18 98.48 99.27

4.2.2 Cifar-10 #¥% % = %
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Fig. 9 Examples in Cifar-10 dataset

# 2 Cifar-10 Bl 5 W HGH I R

Table 2 Predictionaccuracies of targets in Cifar-10 dataset

Tiled Improved KDES- Stochastic pooling CNN-+ Conv. Maxout+
Method ) ) ) N NINE
CNNL#! Lcek Al ConvNetH* Spearmintt” Dropout-*
Accuracy /% 73.10 74.50 76.00 84.87 85.02 88.32 89.59
DNN PCANet+ PCANet+ PCANet+ PCANet
Method o Proposed
(Le-Net5) AdaBoost RandomForest DecisionTree +SVM
Accuracy /% 83.39 79.67 75.20 74.01 87.50 99.01
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AR Bdn e B AR BG4 48 126 A (70 B A
56 %) Mk 4000 I E @B L B A RN K
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Table 3 Recognition accuracies of faces in AR dataset

. . DNN PCANet+  PCANet+  PCANet+  PCANet+
Method LBPMY  P-LBP“* PCANetb Ours
(Le-Net5) AdaBoost RandomForest DecisionTree SVM
Accuracy /% 81.33 80.33 85.00 80.06 73.59 62.59 57.20 75.59 85.21

11 FERET 4 8 i
Fig. 11 Examples in FERET dataset

# 4 FERET %d 8 i AR T

Table 4 Recognition accuracies of faces in

FERET dataset %
Dataset Fb Fe Dupl Dup2
LBPH! 93.00  51.00  61.00  50.00
P-LBPM 98.00  98.00  90.00  85.00
DMMAM 98.10  98.50  81.60  83.20
POEMM 99.60  99.50  88.80  85.00

PCANet+SVM 99.00 98.93 90.76 90.27
DNN (Le-Net5) 99.05  98.79  91.27  90.52
Proposed 99.40 99.90 93.29 89.90
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Table 5 Training efficiency comparison in MNIST dataset
Training Training  Training
Accuracy / ] ]
Method y time / time of time of
0
s PCANet /s FNN /s
PCANet—+
70.18 2219 1804 415
DecisionTree
PCANet+
72.68 2054 1726 328
RandomForest
PCANet+
88.24 2940 2143 797
AdaBoost
PCANet+
98.48 3605 2976 729
SVM
DNN
99.05 3195
(Le-Net5)
Proposed 99.78 1739 1682 57
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