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Automatic Recognition of Handprinted
Characters—The State of the Art

CHING Y. SUEN, sextor semper, eee, MARC BERTHOD, axo SHUNJI MORI
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Neural Networks and Deep Learning

By Michael Nielsen / Aug 2015



Neural Networks and Deep Learning is a free online
book. The book will teach you about:

1. Neural networks, a beautiful biologically-inspired programming paradigm
which enables a computer to learn from observational data

2. Deep learning, a powerful set of techniques for learning in neural networks

Neural networks and deep learning currently provide excellent solutions to many
problems in image recognition, speech recognition, and natural language processing.



Neural Networks and Deep Learning

by Michael Nielsen - Determination Press, Aug. 2015

- Using neural nets to recognize handwritten digits

- How the backpropagation algorithm works

- Improving the way neural networks learn

- A visual proof that neural nets can compute any function
- Why are deep neural networks hard to train?

- Deep learning

- Appendix: Is there a simple algorithm for intelligence?



CHAPTER 1

Using neural nets to recognize handwritten digits

The human visual system is one of the wonders of the world. Consider the
following sequence of handwritten digits:

S0H/q9&

Most people effortlessly recognize those digits as 504192. That ease is deceptive.
In each hemisphere of our brain, humans have a primary visual cortex, also
known as V1, containing 140 million neurons, with tens of billions of connections
between them.



Using Neural Nets to Recognize Handwritten Digits
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MATLAB for Machine Learning

Explore and share user-generated examples or toolboxes,
and view MATLAB Answers for solutions to your questions.

From File Exchange:
MatConvNet: CNNs for MATLAB

Deep Learning Toolbox by Rasmus Berg Palm

Deep Neural Network by Masayuki Tanaka
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A trainable feature extractor for handwritten digit recgg‘gition
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A Hybrid Multiple Classifier System of Unconstrained
Handwritten Numeral Recognition

(. L Heand C. Y, Suen

Centre for Pattern Recognirlon and Machine Intlligence, Concordia University, Montreal, Ouebec, Canada H3G: M8
e-mail: (cl_fe, suen) @ cenpami concordiaca

Abstract=0 raise the reliabilty,  hybeid multple classifer system is proposed by integrating the cooperation
and combination of thre classtfiers: SVM (1], MQDF (3), and eNetS (2], In combination, we apply the tota
probability theorem to the classifiers at the rank level, Mesnwhile, differential measurement and probabiliy
measurement are defined for the rejection aption on different types of classifiers, Considerable improvement
has been observed, and the fina recognition rate of ths system ranges from 95,54 10 99,1 1% wath a reability
of 99,5410 99.11%



Many psychological experiments have been
performed, e.g.

1.

2.

Studied the handwriting of 1,500 students,

Studied the characteristics of characters written by right-handed and
left-handed people,

. Finding the legibility of all alphanumeric characters, using the

tachistoscope,

. Finding the relative importance of different portions of the characters,

. Asked both OCR experts and naive subjects to write down their criteria

in determining the identity of confusing characters,

. Finding the differences between naive subjects and accountants in

recognizing handwritten numbers,

. Determining the boundaries between confusing pairs of characters,

eg.4-9, 2-7.



3. source: Lis CL., Nakashima K. Sako H., Pujisawa H., "Handwritten digit recognition:
benchmarking of state-of-the-art techniques”, Pattern Recognition, Vol.36, pp.2271-2285, 2003

w>{ This Papsc s Resognion Race : for CENPARM 1 DB = 99.05% -by SVC-rbf

for CEDAR DS » 99.46% -by SVC.otf
for MNIST DB = 9939% by SVC.

Table | Previous results on CENPARMI database

Mecthod Correct (%) Error (%) Reject (%)
*Suen et al, [26] 0308 0 695
*Franke ot al. [32] 9850 1.50 0
Leoe [33] 9780 220 0

* Gader ot al. [34) 9830 1L.70 0
Liu et al. [9] 98.00 200 0
Hwang et al. [35] 9790 210 0
Franke [36) 97.60 240 0
*Suen ot al. [37) 9888 115 0
Oy ¢t al. [38) 97 8§ 218 0
Liu ot al. [39] 984S 155 0

* Multiple classifiers.

Table 2 Previous results on CEDAR database

Method Correct (%) Error (%) Reject (%)
Lee et al. [8) o887 LI 0
*Ha et al. [40) 99.09 091 0
*Suen et al. [37) «.77 023 0
*Filmtovetal [41] 99.54 0.46 0
Cai ot o), [42] 08.40 1.60 0
Ob et al [38] 98.73 127 o

* Multiple classifiers.

Table 3 Provious rosults on MNIST database

Method Correct (%)  Error (%) Reject (%)
LeNet-d [1) 9890 1.10 0
LeNet-S 1] 9.05 095 0
*Boosted LeNet4 [1] 9930 0.7 0
SVC-poly [43) 9%.60 140 0
Vietual SV [43) 99.00 1.00 0
Parwise SVC [44) 9% AR 1.52 0
Dong et al, [45) 99.01 0.9 0
Maymz et ol [48] 9830 1.70 0
Belongic ¢t al, [47) 9937 0.63 0
Teow et al. [46) 99.41 059 0

* Mubtiple ¢lssifiers.



2. source: C.Y. Sven, J. Kim, K. Kim, Q. Xu, L. Lam, "Handwriting recognition-the last frontiers”,
Proceedings of the Fificenth International Conference on Pattern Recognition, Vol. 4, Barcelona, Spain,
pp. 1-10, 2000.

Table 1. Recognition rates of isolated handwritten
“) Database %Mr%
%ﬁ, [121 ARMI (290 97.10 10
0.91] 9909 99.09
sel el agS 2D
97 TM.Ha[11 NIST 200] 9710 1 9710
Be""c's_i‘%“i‘]’np Mi[14] INIST 093 9907 | 99.07

Table 2. Recognition rates of isolated handwritten
numerais by combined classification methods.

[ CENPARMI
1.50] 98.50 9850
63 CENPARMI [46] |CENPARMI | 0.00] 100.00 | 9305 |
97 S.B.Cho 1 |CENPARMI 1305 9605 | 9605
G5 CENPARMI [34] |CENPARMI | 1.15] 8885 | "'ﬁfs-
93 DSleeld CEDAR | 1.13] 98.87 9887
P o46] 9950 9984 —
] 023 99.77 | 99.77




Table 2

Comparison of the recognition rate on the test set between a full neural network
(NN) and SVM classifiers using the outputs of the last convolutional layer of the
same network as input features.

Classifier training set size | test rec. rate
NN 15000 98.45
SVM poly5 15000 98.57
NN 30000 98.63
SVM poly5s 30000 98.86
NN 60000 98.70
SVM linear 60000 98.94
SVM poly5 60000 98.96
SVM rbf 60000 99.17




Table 3

Comparison between the elastic distortions and the affine transformations (trans-
lations) for the expansion of the training set. The lines “none” correspond to the
original training set before the generation of new samples.

distortion | training set size | test rec. rate
none 15000 98.45
elastic 150000 98.99
affine 135000 98.95
none 30000 98.63
elastic 300000 99.22
affine 270000 99.15
none 60000 98.70
elastic 600000 99.28
affine 540000 99.32




Comparison of the Performance in Different Classifiers with
Different Strategies

: Recognition | Rejection | Reliability
Classifiers Rate, % Rate, % | Rate, %
SVM 99.23 0 99.23
MQDF 98.44 0 98.44
leNetS 98.02 0 98.02
Cooperation 94.86 5.12 99.93
Combination 99.00 0 99.00
Hybrid | High 95.54 4.39 99.93
System | reliability
High 99.11 0 99.11
accuracy
High 98.34 1.21 99.54
reliability
and high
accuracy




Table 4

Published results of other methods on the MNIST database. The distortion column

indicates the type of distortion used to exp

and the training set.

Classifier distortion | reference | test error (%)
SVM 18] 1.4
LeNet5 2] 0.95
TFE-SVM this paper 0.83
VSVM affine (18] 0.8
LeNet5 affine (2] 0.8
LeNet5 elastic | this paper 0.72
boosted-LeNet4 affine [2] 0.7
LeNet5 affine | this paper 0.68
VSVM2 affine (18] 0.68
K-NN 19] 0.63
VSVM2+deskewing | affine (18] 0.56
TFE-SVM elastic | this paper 0.56
TFE-SVM affine | this paper 0.54
convolutional NN elastic (7] 0.4
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Fig. 4. The 54 patterns of the test set misclassified by the TFE-SVM trained on the
training set extended by affine transformations. The labels appear above the image
(target->output) and the sample index below.



10.4 Courtesy Amount Processing 223
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Fig. 10.6. Few samples of Arabic courtesy amounts.
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Fig. 10.7. A sample of Indian digits.



Figure 4. A sample of the features. a: outer profiles,
b: crossing counts, c: projection histogram.
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Analysis of errors of handwritten digits made by a
multitude of classifiers

Ching Y. Suen *, Jinna Tan
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Abstract

lnthispapamdm&mindcpthsmdyonsomedaumindwi&dbyaoollecﬁonofchssiﬁcrsproducedbydif-
ferent authors, Fimofnll.mdisidetbcmonmwmmhsedonmehqumymdmﬂ)u their distribu-
tions according to category. Common errors made by three or more classifiers out of five have been identified and
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Recognition, misrecognition and rejection tradeoff
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Fig. 7 Trade-off among the recognition, error and rejection rates in the sum voting scheme



Substitution rate % Tradeoff curve of substitution and rejection
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Fig. 8 Trade-off curve between the rejection rate and substitution rate
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Fig. 5 Schematic diagram of one layer of classification in a cascade classification structure



Fig. 6 shows the schematic diagram of an MANNGN ensemble classifier.

Gi={gw, G11,.... G} O2={@x. @ G} G3%{gsa Ov.-... Oa)

c10

............

Character Image

Recognition Results with
Confidence Values

Fig. 6 Schematic diagram of an MANNGN ensemble classifier
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Selected
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Classification —l Classification
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Three Hybrid
Feature Sets
(C, D, F)

\ 4 Rejected

Chars

Third Layer of
Classification

Recognized
Chars

Fig. 4 Cascade recognition structure with rejection strategy
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Fig. 1S, Crossover: pairs of chromosomes are seloctod hasod on their relasive fmess in coder 10 perfonm crossover 3¢ & random position. In this example,
crosaover happens between Bie Lealions of the sovonth and cighth goses i B¢ two parent chromosomes, 3ad I prodeces two new offspeings.
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mutation happens on the second comng path (second gene in the paront choomosome), and it produces one new offpring.



J. Sodei et al, / Patvern Recoguliion 40 (2007) RO% .- 919 91?
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Fig. 26. Suecosdul examples of sepmermationfrecognition prodeced by our system. Numscra) strngs are taken from the NSTRING SDI9 Dagsbase
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Figure 4 Examples of touching numeral pair images.



But don’t count on it.
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conrect (%)
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RECOGNITION RATES

L - o 0 AT oo 99.427%
25 N=TUPLEST *  ta sien nnin e aonya ey ax n s 97.68%
SN POMEN TS e v v ara o A e wia e 95.16%
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6. EDGES AND STROKE DETECTION .44, 99.5 %
Y5 CONTOUR TRAGING '3 \isis-slsivit ainislv: Ais b's 97.75%
8. CENTRE-LINE (SKELETON) +uvusnvsss Q7 %



Experiment

Performance of the GPR with the verifier

Performance of the GFR with the Verifier
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Fast SVM Training Algorithm with
Decomposition on Very Large Data Sets

Jian-xiong Dong, Adam Krzyzak, Senior Member, IEEE, and Ching Y. Suen, Fellow, IEEE

m—r@:mmmﬁmamwdmmmmmam“wmm

paper proposes an efficient aigerithm to solve this probiem. The key idea is to infroduce a parallel optimization step to quickly remove
mauwmmmmmmwnwhmmm»mum
mmuﬂdew&mMmumMm.mmmMMMs
WWNMMdWMmewwMMMWMdNM
aigorthm shows tha s Sme complexdty grows inearly wth the number of ciasses and size of he data set.In the experiments, many
Mmdmmmmmwwmmmmumwmm
vetter scaling capabity than Libsvm, SVM™, and SVMTorch. Moreover, the good generalization pedormances on severaltarge
databases have also been achieved,



There are 3036 classes for ETLOB. In order to reduce the computational cost and
speed up the classification, a pre-classifier is required. The goal of a pre-classifier
is to obtain a high cumulative recognition rate so that a small number of selected
candidates include the true class label.

For a gray-scale image, we calculate directional histograms based on image gradients.
The procedure for feature extraction is given as follows:

e The gray-scale normalized image is standardized such that its mean and maxi-
mum values are 0 and 1.0, respectively [65].

e Center a 64 x 64 normalized image into an 80 x 80 box in order to efficiently
utilize the information in the four peripheral areas!

* Robert edge operator [117] is applied to calculate gradient strengths and direc-
tions.

Table 13: Training time and recognition accuracy of SVM on ETLIB

classifiers _size of training set[Total training time (hours)[substitution error (%)

SVM® 485760 9.3 1.1%
SVM® 2,428,000 54.0 1.0%
Nearest neighbor 485760 - 2.9%
MQDF[21] — — 0.95%
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Recognition performance (Classifiers)
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Gamepad, desktop microphone and IBM keyboard

/7

... Eye-tracker
Calibration

and
monitoring

Researcher




(a) (b) (c)

(d)

Four duration-based heat maps showing gaze
density during 1-second period preceding verbal
identification of 7-digit no. 9506 as 2 and 7. Heat
maps were generated based on: (a) 25 fixations in
10 trials, (b) 26 fixations in 10 trials, (c) 6 fixations
in 3 trials, and (d) 7 fixations in 3 trials.

52
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Influence of Training Data

100% Good Data (| PR System [====={ 100% Good Results

0
X% Good Data P> PR System |_> Z% Confusing Results

Y% Confusing Data

Add Classes for
Confusing Data

X% Good Data

PR System |mmp| R€SUlts Showing
Influence of N + L

Y% Mixture of

Confusing Data™
(quantity N + quality L)

“== Controlbox ———-

*1 type of data has shapes that are similar to the good data,
1 type of data has shapes that are dissimilar to the good data.



Data

Error-Reduction in Training Mode
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