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TRAINING DATA EXPANSION AND BOOSTING OF CONVOLUTIONAL NEURAL            
NETWORKS FOR REDUCING THE MNIST DATASET ERROR RATE 

Background. Due to that the preceding approaches for improving the MNIST image dataset error rate do not have a 
clear structure which could let repeat it in a strengthened manner, the formalization of the performance improvement 
is considered. 
Objective. The goal is to strictly formalize a strategy of reducing the MNIST dataset error rate. 
Methods. An algorithm for achieving the better performance by expanding the training data and boosting with en-
sembles is suggested. The algorithm uses the designed concept of the training data expansion. Coordination of the 
concept and the algorithm defines a strategy of the error rate reduction. 
Results. In relative comparison, the single convolutional neural network performance on the MNIST dataset has 
been bettered almost by 30 %. With boosting, the performance is 0.21 % error rate meaning that only 21 handwritten 
digits from 10,000 are not recognized. 
Conclusions. The training data expansion is crucial for reducing the MNIST dataset error rate. The boosting is inef-
fective without it. Application of the stated approach has an impressive impact for reducing the MNIST dataset error 
rate, using only 5 or 6 convolutional neural networks against those 35 ones in the benchmark work. 
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Introduction 

The MNIST (Mixed National Institute of Stan-
dards and Technology) database is widely used for 
training and testing in the field of machine lear-
ning [1, 2]. It consists of 70,000 images of handwrit-
ten digits along with the sets of the corresponding 
labels. There are only 10 image classes labeled as 1 to 
10 implying digits “0” to “9”. All the MNIST gray-

scale 2828 images are represented as 282870000 
array. The markers of data destined either for 
training or testing are gathered into a separate set. 
The first 60,000 images are for training, and the 
rest is used in testing. 

The MNIST image dataset is a widespread 
benchmark dataset. A number of scientific papers 
have been published attempting to achieve the 
lowest error rate [2—4]. As of November 2016, the 
lowest error rate is 0.23 % [3, 5, 6]. It is achieved  
using a committee of 35 convolutional neural net-
works (CNNs) having the same architecture of     
6 layers [5]. The lowest error rate achieved with a 
single neural network classifier is 0.35 %, where the 
6-layer deep neural network (5-layer perceptron) 
was used [7]. Those are about a “near-human per-
formance” on the MNIST database [5]. However, it 
is still aimed at to be improved for the purpose of 
raising standards for the modern machine vision. 

Problem statement 

Any of the preceding approaches for improv-

ing the MNIST image dataset error rate does not 

 
have a clear structure which could let repeat it in a 
strengthened manner. Each attempt is an indepen-
dent description of the results, rather than a method 
to achieve them. The only common idea is to apply 
CNN classifiers bringing the best performance and 
an expansion of training data. Therefore, an appro-
ach to reduce the MNIST dataset error rate further 
should be stated. The goal is to strictly formalize a 
strategy of the reduction. This goal is going to be 
reached after fulfilling the following tasks: 

1. Construction of a single CNN whose per-
formance on the MNIST dataset shall be better 
than 0.35 % error rate. 

2. Construction of a series of additional CNNs 
having performance approximately close to the best 
one for a single CNN classifier. 

3. Making a CNNs’ ensemble whose perform-
ance shall be better than 0.23 % error rate. 

4. Formalization of how to achieve the better 
performance by expanding the training data [5] and 
boosting [8, 9]. 

Training data expansion for a single CNN 

CNNs are excellent for image classification, 

whatever the image size is. Construction of a CNN 

begins from its architecture depending on the image 

size. One of the known CNN architectures for the 

MNIST dataset consists of four convolutional layers 

(ConvLs), two maximum pooling layers (MPLs), a 

rectified linear unit layer (ReLU), and a softmax 

layer (SML). Denote these layers by 4 2
1 1{ } , { }i i k kC P  , 
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R and S, respectively. Then the primal architecture 

spoken about is 

     1 1 2 2 3 4 .C P C P C R C S         (1) 

A great deal of experiments proves that nei-

ther increasing number of filters in ConvLs, nor 

the training data expansion helps to reliably achieve 

the 0.4 % error rate by the architecture (1). Never-

theless, it still can be made more robust even by 

the same number of ConvLs and MPLs. For in-

stance, two additional ReLUs can be inserted fol-

lowing the starting two ConvLs: 

            
1 1 1 2 2

2 3 3 4 .

C R P C R

P C R C S

   

    
        

(2)
 

Nevertheless, the architecture (2) cannot break the 

0.35 % error rate. Inserting DropOut layers (DOLs) 
3

1{ }j jD   as 

        
1 1 1 1 2 2 2

2 3 3 3 4

C D R P C D R

P C D R C S

     

     
     

(3)
 

makes it much better [10], but it is not sufficient. 

Obviously, a deeper CNN is needed to break 

the existing top performance. This is done with ad-

ding one more ConvL followed with a DOL and a 

ReLU before the two ending layers: 

    

3
1 4

4 4 5

{ }

.

j j j j jC D R P C

D R C S

   

   
        

(4)
 

This 17-layer CNN itself requires the training data 

expansion because it contains four DOLs and three 

MPLs, whereas the CNN (3) containing those three 

and two ones cannot be sufficiently trained on 

60,000 images. 

The initial training data are in the set 
60000

1{ } ,i iF  where iF  is a 2828 matrix representing 

an image. Each matrix is processed in order to scale, 

rotate, and shift the corresponding image. Firstly, 

the image is scaled with a scale related factor scale  

via a scaling procedure s [11]: 

                    Sc
scale( , ).i is   F F                  (5) 

The scaled image Sc
i
 F  by (5) is then rotated with 

a rotation related factor rotate  via a procedure r [11]: 

        ScRt Sc
rotate( , ).i ir    F F            (6) 

Finally, the image ScRt
i
 F  by (6) is shifted horizon-

tally and vertically by numbers of pixels which are 

defined with a shift related factor shift  via a pro-

cedure h [9, 11]: 

         ScRtSf ScRt
shift( , ).i ih    F F           (7) 

Although the factors 

                     scale rotate, shift,                     (8) 

are varied simultaneously, the procedures (5), (6), 
and (7) are repeated for a few times by increasing 
the values (8). This allows to expand the MNIST 
training set more than twice. If the values (8) are 

increased for Q  times then, instead of just the im-

age (7), it gives Q  distorted images ScRtSf
1{ }Qiq q

 
F . 

Thus the initial training data set is 1Q   times ex-

panded: now it is the set 

                 ScRtSf 60000
11{ , { } } .Q

i iq iq
 

F F                 (9) 

A useful form of training data is the average 

image subtraction. The set 60000
1{ }i iF  is already for-

med so. The average image 

            
ScRtSf

0

2

 


F F
F

                   (10) 

by 

            
60000

0
1

1

60000
i

i
 F F                (11) 

and 

         
60000

ScRtSf ScRtSf

1 1

1

60000

Q

iq
i qQ

   

 


  F F    (12) 

is subtracted from the newly distorted images (Fig. 1) 
and from the initial dataset as well, and the ready 
expanded training data set (ETDS) is 

    ScRtSf 60000
11{ , { } } .Q

i iq iq
 

 F F F F           (13) 

Fig. 1. A mini-subset of the initial training data images (upper 
line series) and the newly distorted images by the pro-
cedures (5)—(7), after the average (10) subtraction 
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Every time the set (13) can be produced different 

by changing Q  or changing the maximal values of 

the factors (8). 

Just with ETDS (13) by 5,Q   giving 360,000 

training images, four CNNs (4) whose performance 
is better than 0.35 % are obtained. Their ConvLs 
have the same numbers of filters (50, 100, 500, 1000, 
and 10 before its SML), except the CNN whose 
ConvLs have 40, 80, 500, 1000, 2000 (before 
SML, although 10 filters here is theoretically suffi-
cient) filters, respectively. The performance of this 
2000-before-SML CNN achieved in 18 epochs is 
0.31 % error rate. The other three CNNs with 50 
filters in the starting ConvL have the following error 
rate: 0.33 % (in 28 epochs), 0.32 % (in 34 epochs), 
and 0.30 % (in 67 epochs). 

Three of those four CNNs in their uniform 

combination (the uniform ensemble) produce 0.26 % 

error rate. The same holds when the combination is 

of all the four CNNs. Any other ensembles of those 

four classifiers do not perform better than at that 

rate. So, the training data must be expanded further. 

The further expansion is fulfilled by another 

eight independent distortion types (Fig. 2): 

1) linear conformal distortion (similar to the 

distortions described above but much severer); 

2) affine distortion; 

3) projective distortion; 

4) polynomial distortion; 

5) piecewise linear distortion; 

6) sinusoid distortion; 

7) barrel distortion; 

8) radial pin cushion distortion. 

Let the transformation mt  execute the corres-

ponding m-th distortion type in the list above,     

m 1,8.  This transformation can be applied by vary-

ing 1 to 12 its parameters gathered in the set T. If 

it is executed for N times then, at the n-th version 

nT  of this set, a new image is 

   ( , ) by 1, and 1,8. imn m i nt T n N m   F F  (14) 

The average image 

              0

2




F F
F

                      (15) 

by (11) and 

           
60000 8

1 1 1

1

480000

N

imn
i m nN

 

  


  F F        (16) 

is subtracted from every image (14). Thus an alter-

native ETDS is 

    8 60000
1 1 1{ , {{ } } } .N

i imn n m i


   F F F F          (17) 

Even if the eight transformations are executed 

once, i. e. N  1 the ETDS (17) has 540,000 images.  

Before trying the set (17), a resuming-training 

technique can be applied [12]. This implies to con-

tinue training a CNN on a differently produced 

ETDS (13) or ETDS (17). With ETDS (13), three 

additional CNNs perform at the following error 

rate: 0.29 % (in 68 epochs), 0.30 % (in 69 epochs), 

and 0.27 % (in 74 epochs). Their uniform ensemble 

performs at 0.24 % error rate. Any other ensembles 

included the four previously obtained CNNs do not 

perform better. Hence, we need the set (17), any-

way (Fig. 3). 

Fig. 2. A mini-subset of the initial training data images (upper
line series) and the eight independent distortion types
applied to them 

Initial 
training

data 

Scaling 
by (5) 

Rotating 
by (6) 

Shifting 
by (7) 

Averaging 
to (10) by 

(11) and (12)

ETDS
(13) 

ETDS 
(17) 

Averaging 
to (15) by  

(11) and (16)  

Transformations 
by (14) 

Fig. 3. A concept of the training data expansion 
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It is not necessary to involve the whole         
set (17) into training. Just involving only 180,000 
entries, another two promising CNNs are obtained 
performing at the following error rate: 0.29 % (in 77 
epochs) and 0.27 % (in 82 epochs). Thus, the trai-
ning data expansion allows as to get a better error 
rate, as well as to train more good-performing CNNs 
by switching between different ETDSs and the sub-
sequent resuming-training. 

Ensembles of CNNs 

The uniform ensemble of those nine CNNs 
(see their tags in Table 1) performs at 0.26 % error 
rate. Amazingly enough, but such an ensemble per-
forms even worse than the mini-ensemble of just 
three CNNs [13]. A solution is to try any uniform 
ensembles of those nine CNNs. That is, to search 
through all possible ensembles of 2, 3, ..., 9 CNNs. 
Eventually, the best uniform ensemble of CNNs #1, 
#7, and #9 gives 0.22 % error rate. 

Table 1. Tags of CNNs and their performance on the 

MNIST testing dataset 

CNN              

(epochs of training) 
# Error rate, %

74 1 0.27 

82 2 0.27 

77 3 0.29 

68 4 0.29 

67 5 0.30 

69 6 0.30 

18 7 0.31 

34 8 0.32 

28 9 0.33 

 
When trying non-uniform ensembles, their 

weights are searched with the step 0.1, which is ac-
ceptable. Finally, four ensembles are found per-
forming at 0.21 % error rate (Table 2). The ensem-
bles #2, #3, and #4 include the same CNNs, al-
though with slightly different weights. 

It is not guaranteed that this error rate can be 

improved further just by adding new CNNs. This is 

because properties of the used ETDSs bettering the 

generalization may be exhausted at the stage. 

The better performance by ETDS and boosting 

Fig. 4 explains an algorithmic way for achiev-

ing the better performance by expanding the trai-

ning data and boosting with ensembles. The perfor-

mance of a single CNN shall always be worse than 

that of an ensemble. Similarly, the performance of 

a uniform ensemble is expected to be improved by 

boosting with non-uniform weights. 

The algorithm in Fig. 4 fits any 

image classification problem. Ac-

cording to Fig. 3, the training data 

expansion can be fulfilled as many 

times as needed. So the subsequent 

efficient boosting is realizable. 

Discussion 

In relative comparison, the 

single CNN performance on the 

Table 2. Tags and weights of CNNs whose ensemble performs at 0.21 % error 
rate on the MNIST testing dataset 

Ensemble #1 Ensemble #2 Ensemble #3 Ensemble #4 

CNN # Weight CNN # Weight CNN # Weight CNN # Weight

1 0.3 1 0.3 1 0.2 1 0.2 

2 0.3 4 0.1 4 0.2 4 0.1 

5 0.2 5 0.2 5 0.2 5 0.2 

6 0.1 6 0.1 6 0.1 6 0.1 

9 0.1 7 0.1 7 0.1 7 0.2 

  9 0.2 9 0.2 9 0.2 

Start 

An EDTS 

Train a CNN 

Performance 
is satisfactory 

True False

Add this CNN

Number of CNNs 
is sufficient

Try another EDTS
Search through all 
possible uniform 

ensembles

Performance 
is satisfactory 

Performance 
is satisfactory 

Try searching 
through           

non-uniform  
ensembles 

True False 

True False 

Return

Return

Fig. 4. Boosting an ensemble of CNNs trained on the expanded 
training data 
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MNIST dataset has been bettered almost by 30 %. 

Nevertheless, the improvement is just 0.08 % by 

the absolute reckoning. The absolute improvement 
on the ensembles from Table 2 is even smaller — 

just 0.02 %, although it is about 9.5 % by the ratio 

of 0.23 % to 0.21 % error rate. However, the per-

formance at 0.21 % error rate means that only 21 

handwritten digits from 10,000 are not recognized. 

Practically, this is really the human performance. 

Conclusions 

The stated approach for reducing the MNIST 

dataset error rate relies on two principal compo-

nents. The first is the crucial one — the training 

data expansion. Without it, the boosting which is 

the second component, is ineffective. Coordination 

of these components formalized in Figs. 3 and 4 is 

a strategy of the error rate reduction. Application of 

the stated approach has a pretty impressive impact 

for reducing the MNIST dataset error rate. Besides, 

the efficient boosting ensemble includes only 5 or 6 

CNNs (Table 2) against those 35 CNNs in the 

work [5]. This also shortens the time of classifica-

tion. In this way, further work is going to be fo-

cused on acceleration of larger image classification. 
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В.В. Романюк 

ЗБІЛЬШЕННЯ ОБСЯГУ ДАНИХ НАВЧАННЯ ТА БУСТИНГ ЗГОРТКОВИХ НЕЙРОННИХ МЕРЕЖ ДЛЯ ЗНИЖЕННЯ РІВНЯ 

ПОМИЛОК БАНКУ ДАНИХ MNIST 

Проблематика. Оскільки попередні підходи до покращення рівня помилок банку зображень MNIST не мають чіткої струк-
тури, яка могла би бути чітко відтворена, розглядається формалізація покращення продуктивності. 

Мета дослідження. Метою роботи є строга формалізація стратегії зниження рівня помилок банку даних MNIST. 
Методика реалізації. Пропонується алгоритм досягнення кращої продуктивності за допомогою збільшення обсягу даних 

навчання та бустингу. Алгоритм використовує розроблену концепцію збільшення обсягу даних навчання. Координація цієї кон-
цепції та алгоритму визначає стратегію зниження рівня помилок. 

Результати дослідження. У відносному порівнянні продуктивність однієї згорткової нейронної мережі на банку даних 
MNIST покращена майже на 30 %. За допомогою бустингу продуктивність становить 0,21 % – не розпізнається лише 21 рукопис-
на цифра з 10000. 

Висновки. Збільшення обсягу даних навчання є визначальним для зниження рівня помилок банку даних MNIST. Без цьо-
го бустинг неефективний. Застосування викладеного підходу має виразний вплив на зниження рівня помилок банку даних 
MNIST при використанні лише 5 або 6 згорткових нейронних мереж проти 35 в еталонній роботі. 

Ключові слова: MNIST; згорткова нейронна мережа; рівень помилок; збільшення обсягу даних навчання; бустинг. 

В.В. Романюк 

УВЕЛИЧЕНИЕ ОБЪЕМА ДАННЫХ ОБУЧЕНИЯ И БУСТИНГ СВЕРТОЧНЫХ НЕЙРОННЫХ СЕТЕЙ ДЛЯ СНИЖЕНИЯ 

УРОВНЯ ОШИБОК НАБОРА ДАННЫХ MNIST 

Проблематика. Поскольку предыдущие подходы к улучшению уровня ошибок набора данных MNIST не имеют четкой 
структуры, которая могла бы быть четко воссоздана, рассматривается формализация улучшения производительности. 

Цель исследования. Целью работы является строгая формализация стратегии снижения уровня ошибок набора данных 
MNIST. 

Методика реализации. Предлагается алгоритм достижения лучшей производительности с помощью увеличения объема 
данных обучения и бустинга. Алгоритм использует разработанную концепцию увеличения объема данных обучения. Координа-
ция этой концепции и алгоритма определяет стратегию снижения уровня ошибок. 

Результаты исследования. В относительном сравнении производительность одной сверточной нейронной сети на на-
боре данных MNIST улучшена почти на 30 %. С помощью бустинга производительность составляет 0,21 % – не распознается 
лишь 21 рукописная цифра из 10000. 

Выводы. Увеличение объема данных обучения является определяющим для снижения уровня ошибок. Без этого бус-
тинг неэффективен. Применение изложенного подхода оказывает выразительное влияние на снижение уровня ошибок набора 
данных MNIST при использовании лишь 5 или 6 сверточных нейронных сетей против 35 в эталонной работе. 
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