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Hybrid Deep Learning Model C-RF and Its Application in Handwritten Numeral Recog-

nition
Hou Yanlu, Ding Shifei, Sun Tongfeng

(School of Computer Science and Technology. China University of Mining and Technology, Xuzhou, 221116, China)

Abstract: Convolutional neural network (CNN) is a kind of common architecture of deep learning, which
is inspired by the biological visual cognition mechanism. CNN can obtain the effective feature expression
from the original image. In recent years, CNN has made breakthroughs in the field of image recognition,
but it takes a lot of time in the training process. As a new machine learning algorithm proposed by Leo
Breiman in 2001, random forest (RF) has high accuracy in classification and regression, fast training
speed and is not prone to over-fitting. The existing RF based classifiers rely on hand-selected features.
Aiming at the above problems, a new C-RF model based on CNN is proposed in this paper, which puts
the features extracted by CNN into RF to complete the classification. Since the network using random
weights can also obtain effective results, gradient algorithm is not used to adjust the network parameters
for avoiding a lot of time consumption. Experimental results on the MNIST and the Rotated MNIST
datasets show that the classification accuracy of C-RF model is better than that of RF, and the generaliza-
tion ability is also improved at the same time.

Key words: convolutional neural network; random forest; handwritten numeral recognition
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&1 MNIST ##E4 7 RF f1 C-RF EWXIWLER
Tab.1 Results of RF and C-RF on MINST dataset

Ntree RF C-RF
100 3.03 2.17

200 3.04 2.13

300 2.93 2. 04

400 2.93 1.99

500 2.91 2.00

600 2.87 2.01

B3 MNIST il 4 o i 43 I % 700 2.87 2.06
Fig. 3 Some images of MNIST dataset 800 2.89 2.10

3.2 Rotated MNIST #{15 &

T A IR T Y A SR AR R T A S 9 MINIST $odls 46 9 — 4> Rotated MNIST ¥ 4ig
A T XTI » Rotated MNIST i 4845 MNIST s 46 i 9407 B R AE 0~ 2 22 8] 24 2] Hu e %

. DADHE

B 4 Rotated MNIST %4 4 #6543 B 4
Fig. 4 Some images of Rotated MNIST dataset

M Rotated MNIST %5 4% 4 b B HL 26 L T 50 000 4> % 45 Jy Yl 25 B4l . 10 000 A O P il £ 4 . 5
MNIST #4558 —FE, 23 5 T HEATR] Ntree 28 H N RF 1 C-RF fJsE%:, & 2 /& Rotated MNIST % %
&N RF Ff1 CRF (AR 3. K 2 dal DU BB C-RFE 78K [7] Ntree BUE F S8R #RZ 47 T
RE, FER B E 784 B 1 A RO - [R)  iZ AL g )t T RE,

% 2 Rotated MNIST #(#E &7 RF #1 C-RF L YR E R
Tab.2 Results of RF and C-RF on rotated MNIST dataset

Ntree RF C-RF
100 11. 15 10. 44
200 10. 44 9. 87
300 10. 28 9. 65
400 10. 14 9.45
500 10. 14 9.21
600 10. 07 9.21
700 10. 06 9.19

800 10. 08 9.19




EHB F . RASRESIHEA CRFARLEFEHF RN T LA 349

4 HRIE

ARTCHEH T —Fh BT CNN iR 5 BEAL C-RF 3% 88 FI] I B HLAME /) CNN [ 2l $2 B A B R
fiE SR 5 I RF 8 8 B CNN (4 5 )2 . i J5 B CNN HR BRI A9 55 1E 45 A RF Pk 4740 28, A SCFE
MNIST # Rotated MNIST ¥4 4E b #F 4T 7 ARG SL 50, SE B 45 R L W), fl RE A 1L, 815 C-RF W] g $2 /&
THRKE. XTIRARA CRF WU 0 A R 2 ] BT 2 R 00T b Qe 8 45 44 (4 05 4k o i 4 )
L BRI (DX F CNN g — 2386 U AN B L K B R /N I 150 1A 58 B8 I 3R ok 48 5 5101
A LA — 5 R AL S AT B 5 (2) FH At IR B2 2% 2 530 40 A 3l 4 75 4% (Auto encoder, AE) | 32 FR IR 2% &
HL(Restrict Boltzmann machine, RBM) 453 42 BURFAIE J& 75 43 B S0 47 (1 OR 7 B — B4R 1 (3 A X
HAEFEHCF B4 P T 5050, R 538 1 — 2 0 R B & (B0 S A 4R .

SE 3Lk

[1] Lecun Y, Bottou L, Bengio Y. et al. Gradient-based learning applied to document recognition[ J]. Proceedings of the IEEE,
1998, 86(11). 2278-2324.

[2] Amit Y., Geman D, Wilder K. Joint induction of shape features and tree classifiers[J]. Pattern Analysis and Machine Intelli-
gence, IEEE Transactions on, 1997, 19(11). 1300-1305.

(3] ARsKHE, RIEE. — B SORF 2 g S5 AU L L], B RAE S AR B, 2015.30(2) :434-440.

Zou Yongxiang, Wu Zongliang. Generalized C-support vector machine algorithm[J]. Journal of Data Acquisition and Pro-
cessing, 2015, 30(2):434-440.

(4] 2. By, k. 26T ook 280 2 1E S IR kL) ). SRR S5, 2014, 29(5):730-734.

Xi Ji, Zhao Li, Zuo Jiakuo. Speech emotion recognition based on modified multiple kernel learning algorithm[J]. Journal of
Data Acquisition and Processing, 2014, 29(5).:730-734.

[5] Niu X X, Suen C Y. A novel hybrid CNN-SVM classifier for recognizing handwritten digits[ J]. Pattern Recognition, 2012,
45(4) . 1318-1325.

[6] Luo M, Zhang K. A hybrid approach combining extreme learning machine and sparse representation for image classification
[J]. Engineering Applications of Artificial Intelligence, 2014, 27, 228-235.

[7] Rousseeuw P J, Leroy A M. Robust regression and outlier detection[ ]J]. Journal of the American Statistical Association,
1987, 31(2):260-261.

[8] Neubauer C. Shape position and size invariant visual pattern recognition based on principles of neocognitron and perception in
artificial neural networks [ M]. Amsterdam, the Netherlands: North-Holland, 1992 833-837.

[9] Breiman L. Random forests[J]. Machine Learning, 2001, 45(1);:5-32.

[10] Saxe A M, Pang W, Koh Z, et al. On random weights and unsupervised feature learning[ C]// Proc of the 28th International
Conference on Machine Learning. New York: ACM Press, 2010:1089-1096.

[11] He K, Wang Y, Hopcroft J. A powerful generative model using random weights for the deep image representation[ C]//
30th Annual Conference on Neural Information Processing Systems. Barcelona, Spain: Neural Information Processing Sys-
tems Foundation, 2016 631-639.

[12] Maji D, Santara A, Ghosh S, et al. Deep neural network and random forest hybrid architecture for learning to detect retinal
vessels in fundus images[ C]//37th Annual International Conference of the IEEE. Milan, Italy:Engineering in Medicine and
Biology Society, 2015:3029-3032.

[13] Lecun Y, Kavukcuoglu K, Farabet C. Convolutional networks and applications in vision[ C]// IEEE International Symposi-
um on Circuits and Systems. [S. l. J:IEEE, 2010:253-256.

[14] Friedl M A, Brodley C E. Decision tree classification of land cover from remotely sensed data[ J]. Remote Sensing of Environ-
ment, 1997, 61(3):399-409.

[15] Quinlan J R. Induction of decision trees[J]. Machine Learning, 1986, 1(1):81-106.

[16] Breiman L, Friedman ] H, Olshen R, et al. Classification and regression trees[ J]. Biometrics, 2015, 40(3):17-23.



350 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 2, 2018

[17] Efron B. Bootstrap methods: Another look at the Jackknife[J]. The Annals of Statistics, 1979, 7(1) ;1-26.

[18] Ying W, Li X, Xie Y, et al. Preventing customer churn by using random forests modeling[ C]// IEEE International Confer-
ence on Information Reuse and Integration. Las Vegas, USA: IEEE Computer Society, 2008:429-434.

(197 skAfE, EHISC, HMH. H T RIS SCA 3 SRR FELT ], IR R 2 i B4 R, 2006, 41(3) :5-9.
Zhang Huawei, Wang Mingwen, Gan Lixin. Automatic text classification model based on random forest[ ]J]. Journal of
Shandong University, 2006, 41(3):5-9.

[20] Pang H, Datta D, Zhao H. Pathway analysis using random forests with bivariate node-split for survival outcomes[J]. Bioin-
formatics, 2009, 26(26):250-258.

[21] Ding S, Xu X, Nie R. Extreme learning machine and its applications[ J]. Neural Computing and Applications, 2014, 25(3) ;
549-556.

EEEIT:

g R (1977, B, @ #
W5 D5 1) 2 AefE B A
BN TR g 5 AU
BLAR % 2 5 B 42 90 % E-

mail : suntf@ cumt. edu. cn,

THT®C1963-), B, H#R, 0F
FET7 I R A B AL FE N T
BRE G AR B HLES 2
580 2 I HLURS 4R 5 B0t
S0 KL BE I 5 %, E-mail:

dings{@ cumt. edu. cn,

16 45 8% (1993-) , 55, 1 -1 F
Gek: BRIE T 1< R 50
E-mail : houyanlu@126. com,

(% .3 F AR



EHB F . RASRESIHEA CRFARLEFEHF RN T LA 351



