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Abstract—Learning representations from massive unlabelled
data is a topic for high-level tasks in many applications. The
recent great improvements on benchmark data sets are achieved
by increasingly complex unsupervised learning methods and deep
learning models with many parameters, which usually require
many tedious tricks and much expertise to tune. Additionally, the
filters learned by these complex architectures are quite similar to
standard hand-crafted visual features, and training to fine-tune
the weights of deep architectures requires a long time. In this
paper, the Extreme Learning Machine-Auto Encoder (ELM-AE)
is employed as the learning unit to learn local receptive fields
at each layer, and the lower layer responses are transferred to
the last layer (trans-layer) to form a more complete represen-
tation to retain more information. In addition, some beneficial
methods in deep learning architectures such as local contrast
normalization and whitening are added to the implemented hi-
erarchical Extreme Learning Machine networks to further boost
the performance. The resulting trans-layer representations are
processed into block histograms with binary hashing to produce
translation and rotation invariant representations, which are
utilized to do high-level tasks such as recognition and detection.
The proposed trans-layer representation method with ELM-AE
based learning of local receptive filters was tested on the MNIST
digit recognition data set, including MNIST variations, and on the
Caltech 101 object recognition database. Compared to traditional
deep learning methods, the proposed ELM-AE based system has
a much faster learning speed and attains 65.97% accuracy on
the Caltech 101 task (15 samples per class) and 99.45% on the
standard MNIST data set.

I. INTRODUCTION

Almost all tasks such as classification, and recognition
require us to design fine representations for their specific aims.
For classification of images taken in natural settings, numer-
ous factors in the environment, such as lighting conditions,
occlusions, corruptions and deformations, lead to large amount
of intra-class variability. Good representations should reduce
such non-informative intra-class variability, whilst preserving
discriminative information across classes. However, designing
good feature representations is a quite tough and difficult
procedure for pattern recognition tasks [37].
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Two basic approaches to research on feature representations
are hand-crafted design and automated machine learning. For
decades, enormous numbers of researchers and engineers have
devised robust feature representations in their own domains.
Many hand-crafted features are successfully proposed such as
SIFT [1] and HoG [2] features in computer vision domain.
However, these hand-crafted features have poor transferabil-
ity across domains. Novel features need to be redesigned
elaborately when the domain of application is changed. The
other way is machine learning of representations, which is a
quite prevalent topic following the recent successes of deep
learning [3]. Nevertheless, these fully learned representations
by multilayer unsupervised learning followed by a fine-tuning
procedure have too many parameters to be tuned, and require
much expertise knowledge and sophisticated hardware.

In this paper, we implement a novel hierarchical neural
network using the Extreme Learning Machine Auto Encoder
(ELM-AE) [4] to very quickly learn local receptive filters and
trans-layer representations. The hierarchical ELM trains the
local receptive filters using ELM-AE without trivial BP fine-
tuning, and the responses of the previous layer of our model
are concatenated to that of the last layer to form a more
complete representation. These trans-layer connections effec-
tively reduce the rapid information loss afflicting multi-layer
unsupervised learning as commonly suffered by conventional
NN architectures. In addition, local contrast normalization [5]
and whitening are added in our hierarchical ELM network
to boost its learning ability. The major difference between
our hierarchical ELM network and conventional deep learning
networks is that the hierarchical ELM network requires no
back propagation information to fine-tune the feature banks
with a trans-layer representation.

Experimental results indicate that the hierarchical ELM
network boosts the ELM based methods effectively. The
hierarchical ELM network is validated on digit recognition,
object recognition tasks. Experimental results show that, the
hierarchical ELM representations achieve accuracy of 65.97%
on Caltech 101 [7] 15 samples per class task and 99.45% on
MNIST data set [8].

We will start by reviewing related work on representation
learning in Section II. Then the idea of the hierarchical ELM



network, including the pre-processing, ELM-AE learning local
receptive filters, and trans-layer learning, is illustrated detailed-
ly in Section III. How to use the hierarchical ELM network
to extract features and tackle applications is also described in
Section III. The experimental results and comparative analysis
on MNIST, MNIST variations, Caltech 101 data sets are
presented on Section IV. Finally, discussion and conclusion
are summarized in Section V.

II. RELATED WORKS

Much research has been conducted to pursuit a good
representation by manually designing elaborative low-level
features, such as SIFT feature [1], HOG feature [2] in computer
vision field. However, these hand-crafted features cannot be
easily adapted to new conditions and tasks, and redesigning
them usually requires novel expertise knowledge and tough
studies.

Learning representations is probably a promising way to
handle the required elaborative expertise problem in devising
hand-crafted features. Much recent work in machine learning
has focused on how to learn good representations from massive
unlabelled data, and great progresses have been made by deep
neural networks [11]–[13]. The main idea of deep models is to
learn multi-level features at different layers. High-level features
generated in the upper-layer are expected to extract more
complex and abstract semantics of data, and more invariance
to intra-class variability, which is quite useful to high-level
tasks. These deep learning methods typically learn multi-level
features by greedily “pre-training” each layer using the specific
unsupervised learning, and then fine-tuning the pre-trained
features by stochastic gradient descent method with supervised
information [3], [5]. However, these deep architectures have
numerous parameters such as the number of features to learn,
and parameters of unsupervised learning in each layer. Besides,
the stochastic gradient descent also has various parameters
such as momentum, weight decay rate, learning rate, and
extra parameters including the Dropout rate or DropConnet
rate in recently proposed convolutional deep neural networks
(ConvNets) [11], [12].

There are also some works on conventional unsupervised
learning methods with only single layer [10], [13]. The main
idea of these methods is to learn over-complete representa-
tions with dense features. Although these methods have made
progresses on benchmark data sets with almost no hyper
parameters, these single layer unsupervised representational
learning methods require over-complete features of dimensions
as high as possible and the parameters need to be elaborately
chosen in order to obtain satisfactory results [13].

A major drawback of deep learning methods with fine-
tuning for learning representations is the big consumption
of expensive computational resources and high complexity
of the models. One intuition is that, since the elaborately
learned features are quite similar to some conventional un-
supervised features, such as wavelets and PCA, why not jump
over the tough and time-consuming fine-tuning procedure and
take those features stacked directly. Furthermore, more robust
invariant features can be better devised other than various
pooling strategies. Wavelet scattering networks (ScatNet) are
such networks with pre-fixed wavelet filter banks in the deep

convolutional architectures [14]. The ScatNets have quite
solid mathematical analysis of their rotation and translation
invariants at any scale. More surprisingly, superior perfor-
mance over ConvNet and deep neural networks is obtained
by the ScatNets’ pre-fixed feature bank networks with no
fine-tuning phase. However, the ScatNet is shown to have
inferior performance in large intra-class variability including
great illumination changing and corruption [15].

The other non-propagation deep network with pre-fixed
feature banks is PCANet [15]. The PCANet uses two layer
cascaded linear networks with naı̈ve PCA filter banks to
extract more complex features. The PCANet also utilizes the
histogram operator popular in computer vision domain to
retain translation and rotation invariance [1], [2]. The output
of the two layer cascaded PCA network is processed by the
quantized histogram units. The PCANet presents a superior or
highly comparable performance over other methods such as
ScatNet [14], ConvNet [11] and HSC [16], especially in face
recognition tasks with large occlusion, illumination, expression
and pose changes. However, the cascaded PCA structure in
PCANet will face great information loss and corruption after
multilayer transformation. Besides, the learning ability of naı̈ve
PCA unsupervised learning is much weaker than other learning
units.

On the other hand, Extreme Learning Machine (ELM)
is a popular method famous for its fast learning speed and
good generalization ability [17], and has been used in many
applications [18], [19]. Many methods have been proposed to
further boost its performance [20]–[22]. Also, ELM has been
extended to multilayer neural networks [4], [23]. However, the
accuracies of these methods are lower than the current deep
learning methods.

This paper demonstrates a novel method, the hierarchical
ELM network, using the Extreme Learning Machine (ELM)
to learn the local receptive fields fast without trivial BP fine-
tuning. Moreover, the hierarchical ELM network combines the
first layer representation with the second layer representation.
Furthermore, the local contrast normalization and whitening
operators are applied to ameliorate the ELM filter learning in
the hierarchical ELM network. Thus the implemented network
can form a more complete and efficient representation, whilst
retaining the advantages such as faster learning speed and more
reliable performance. Also, the successfully used histogram
operator in computer vision domain is adopted to preserve
translation and rotation invariance after binary hashing quanti-
zation. Experimental results confirm that the hierarchical ELM
network learns effective feature representations that contribute
to object recognition and digital recognition tasks.

III. HIERARCHICAL EXTREME LEARNING MACHINE

In this section, we present a novel framework, the hierar-
chical ELM network, for unsupervised representation learning,
illustrated in Fig. 1. The procedures of the hierarchical ELM
network is similar to other commonly used frameworks in
computer vision [15], [24] and other feature learning work
[13] as well. Different from the traditional methods, the
hierarchical ELM network utilizes the unsupervised Extreme
Learning Machine-Auto Encoder (ELM-AE) to learn the local
receptive features, and needs no fine-tuning procedure to adjust



those local filters. Besides, the previous layer’s unsupervised
features transformed by ELM-AE local receptive features are
concatenated to the last layer to form a much more completed
representation, which is shown quite effective for the following
tasks.
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Fig. 1: The framework of the hierarchical ELM network. The
hierarchical ELM includes three layer, the first layer of ELM-
AE local receptive mapping, the second layer of ELM-AE
local receptive mapping, and the output layer with previous
responses inputs from previous layers.

In the beginning of each layer (the first and second layer),
the system extracts large numbers of random sub-patches from
unlabelled input images. Each patch has dimension k1-by-k2,
called receptive field size. (Suppose the images used here are
all gray images. Actually, if the images are colored images with
d channels, the patch dimension is k1-by-k2-by-d. Just process
the other d − 1 channels the same as following procedures
step by step independently.) Then a data set of m patches
is constructed, X = {x(1), · · · , x(m)}, where x(i) ∈ Rk1×k2
stands for the ith patch extracted from the input images in the
first layer or the input feature maps in the second layer. Given
the data set before the processing of the first and second layer,
we apply the preprocessing of local contrast normalization
(LCN) and whitening, and Extreme Learning Machine-Auto
Encoder (ELM-AE) unsupervised learning of each layer to
learn local receptive fields in the first and second layer.

A. Pre-processing-Local Contrast Normalization and Whiten-
ing

The first pre-processing method of each ELM-AE layer is
local contrast normalization (LCN) [5]. For each local patch
x(i) in the extracted patch data set X, we normalize the patch
x(i) by subtracting its mean and dividing by its standard
deviation as,

y(i)j,k = (x(i)j,k − 1
k1k2

k1∑
j=1

k2∑
k=1

x(i)j,k)/

(

√
1

k1k2

k1∑
j=1

k2∑
k=1

(x(i)
j,k − 1

k1k2

k1∑
j=1

k2∑
k=1

x(i)
j,k)2 + C),

j = 1, · · · , k1; k = 1, · · · , k2; i = 1, · · · ,m,

(1)

where C is a constant integer to make the model more robust
commonly set in practice. In the work, we set C as 10.
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Fig. 2: The framework of ELM-AE. The ELM-AE is a network
using ELM to reconstruct the input.

The LCN has explicit explanations both in physics and
physiology. The mean of local patch stands for local bright-
ness, and the standard deviation represents contrast normaliza-
tion. By LCN, the illumination and material optimal property
effects of the processed patches are removed. On the other
hand, the LCN has an effect similar to lateral inhibition found
in real neurons. The LCN operator inhibits the responses
within each local patch, whilst activating responses in the same
location of these patches.

Following LCN, whitening is the second preprocessing
method for each ELM-AE unsupervised layer. Whitening is
commonly used in various applications and a decorrelation
operation, which reduces redundant representation of images.
Whitening is commonly used in various applications and we



do not describe it in details. The whitening operator transforms
the patches as,

[D,U] = Eig(cov(Y))
z(i) = U(D + diag(ε))−1/2UT y(i), i = 1, · · · ,m, (2)

where Y is formed by m patches y(i), cov() stands for
covariance function and the size of output data is k1 ∗ k2,
Eig() is the eigenvalue decomposition function, D and U are
eigenvalues and eigenvectors respectively, ε is set as 0.1 here.
The Zeros Component Analysis (ZCA) whitening also has
biological explanation and has been proved its effectiveness
by a lot of work.

B. Extreme Learning Machine-Auto Encoder to Learn Local
Receptive Filters in Each Layer

In the hierarchical ELM network, we use a novel approach,
Extreme Learning Machine-Auto Encoder (ELM-AE), to learn
local receptive filters in each layer, illustrated in Fig. 2.

Assuming that the number of first layer feature banks is
L1, flatten each pre-processed patch z(i) extracted from input
images, and put the flattened vectors together. The matrix
formed by the extracted m patches will be obtained as

Z1 =
[
z1

(1), z1
(2), · · · , z1

(m)
]
∈ Rk1k2×m. (3)

The objective function of ELM-AE is

min
W,b

C‖Z1 − α2βσ (α1(WZ1 + bi))‖2L2
+ ‖β‖2L2

s.t. WWT = IL1
,bTb = 1,

(4)

where W is the orthogonally random weights with size of L1×
k1k2, L1 is the number of local receptive filters in the first
layer, IL1

is the identity matrix of size L1, b is the normalized
random vector of dimensions L1, i is the column vector of
size m and full of the element 1 to make b a matrix, σ() is
the element wise sigmoid function, α1 and α2 are the factors
changing the hidden nodes and output nodes distribution of
ELM-AE based on intrinsic plasticity property respectively, β
is the output layer weight, C is the trade-off between errors
and model complexity. Then the output weight β is calculated
as [4]

H = σ (α1(WZ1 + bi)) ,

β = (β1, · · · , βL1
) = 1

α2
Z1H

T
(

I
C +HHT

)−1 . (5)

The first layer local receptive filters are β1, · · · , βL1
. For

each input image, the first layer L1 feature maps can be
obtained by

I1
(i) = I ∗ βi, i = 1, · · · , L1 , (6)

where I stands for an input image with zero padded to make
I1

(i) has the same size as the input image, and ∗ stands for
two dimensional convolution operator.

Patches should be extracted from feature maps I1
(i) ob-

tained from the first ELM-AE layer. These patches are also
transformed by the pre-processing LCN and whitening op-
erators. Then applying the same process as the first layer,
we obtain the second layer feature map for each first layer
feature map, I2

(i), i = 1, · · · , L2 , where L2 is the number
of filters in the second layer.

For an input image, we get L1 × (L2 + 1) feature maps
after the two ELM convolution layers by concatenating the
first layer maps to the second layer. That is{

I1
(1), I1

(2), · · · , I1(L1), I2
(1)
1 , I2

(2)
1 , · · · ,

I2
(L2)
1 , · · · , I2(1)L1

, I2
(2)
L1
, · · · , I2(L2)

L1

}
, (7)

where I1
(i) stands for the ith feature map in the first layer,

and I2
(j)
i stands for the jth feature map of the ith first layer

feature map in the second layer.

C. Block-wise Histogram
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Fig. 3: The output layer of the hierarchical ELM network.
Firstly, quantize the responses from previous layers into binary
values. Secondly, compress these responses. Thirdly, use the
histogram to retain the invariance.

The output layer of the hierarchical ELM network is
illustrated in Fig. 3. For an input training image, the first step
is to use binary hashing to make the constructed real valued
L1 × (L2 + 1) feature maps have only two values, 0 and 1.
The second step is to compress these binary feature maps by
quantizing each L1 binary feature maps. The number of second
layer filters L1 is set as 8, and the number of first layer filters
L2 is set the same as L1. That is, we compress each L1 binary
feature maps into one feature map, and the compressed feature
maps have pixel values from 0 to 255 [15]. Then we get L2+1
compressed feature maps for each training image as{

Ic
(1), Ic

(2), · · · , Ic(L2), Ic
(L2+1)

}
. (8)

The third step is to construct block-wise histogram il-
lustrated as the third procedure in Fig. 3. First, we should
partition each encoded feature map. Assuming that the size of



compressed map is x × y, and the size of block is w1 × w2

with strides s1×s2, each compressed feature map is partitioned
into b(x− w1)/s1 + 1c × b(y − w2)/s2 + 1c blocks. For all
the L2 + 1 compressed feature maps of each input image, we
get blocks as{

B1,B2, · · · ,B(L2+1)×b(x−w1)/s1+1c×b(y−w2)/s2+1c
}
, (9)

where Bi stands for the ith blocks constructed from the
compressed feature maps. Next step is to build histograms in
each of the blocks. In the hierarchical ELM network, we set
the number of bins in the histogram as 2L1 . It means that each
integer of the pixel values is set as a bin and a sparse vector
representing the histogram is constructed. Then concatenate
these NB histograms to form the completed representation of
the input image as

f(Image) = [hist(B1)
T , hist(B2)

T ,

· · · , hist(BNB
)T ]T ∈ RNB(2L1 ),

(10)

where hist() stands for histogram operator, and NB = (L2 +
1) × b(x− w1)/s1 + 1c × b(y − w2)/s2 + 1c. Then we use
the hierarchical ELM network representation of each training
images to learn a dimension reduction weight, or to train a
classifier to tackle the next applications directly.

IV. PERFORMANCE EVALUATION

In this section, we will introduce how to train the hierar-
chical ELM network, including how to select the parameters.
The hierarchical ELM networks are validated on MNIST [8],
MNIST variations [9] and Caltech 101 [7] data sets. MNIST
and MNIST variation data sets are grey hand-written digits
of ten classes and size 28 × 28. Other description of the
data sets are illustrated as the Table I. Caltech 101 data set
contains color images belonging to 102 categories including a
background class. The number of each class’s images varies
from 31 to 800.

TABLE I: Data Set Description about the Size of Training,
Validation and Testing.

Data Sets Training Validation Testing
MNIST 50,000 10,000 10,000

MNIST basic 10,000 2,000 50,000

MNIST Rotation 10,000 2,000 50,000

MNIST back-rand 10,000 2,000 50,000

MNIST back-image 10,000 2,000 50,000

MNIST back-image-rotation 10,000 2,000 50,000

Convex vs. non-convex 6,000 2,000 50,000

A. How to Train

In the hierarchical ELM network, there are mainly two
kinds of parameters, local receptive fields related parameters
and ELM-AEs related parameters.

For the local receptive fields related parameters such as the
block size, the stride size and the patch size are determined
through cross-validation. On all the tasks, the filter size is set
to 7 × 7 pixels, the number of filters is set to L1 = L2 =
8 and the size of strides is the half size of the block. For
MNIST, MNIST basic, and mnist-rotation data sets, the block

size is 7 × 7 pixels. For mnist-back-rand, mnist-back-image
and mnist-rot-back-image data sets, the block size is 4 × 4
pixels. For convex data set, the block size is 28 × 28. For
Caltech-101 data set, the block size is set to a quarter of the
image size, and the whitening PCA (WPCA) is used to reduce
the dimension of each block representation from 256 to 64. A
simple linear SVM with default parameters C = 1 is connected
to the hierarchical ELM representation to do recognition with
much fast learning speed [26].

For the ELM-AEs related parameters such as C, α1, α2 in
each layer, we selected these parameters by layer-wise greedy
validation on the validation set. We first selected the parameter
C, then fixed it and selected α1, α2. α1, α2 were selected in a
decreasing order 1, 0.9, 0.8, · · · , 0.5. For MNIST data set, we
used the parameters the same as the MNIST basic data set.
The training set of Caltech 101 was constructed as randomly
selected 15 samples for each class, and the validation set of
Caltech 101 was constructed the same as training set. The
parameters of each data set are listed in the Table II.

TABLE II: Parameters of ELM-AEs on Each Data Set

Data Sets
The first layer The second layer
α1 α2 C α1 α2 C

Basic 0.9 0.7 106 1 0.6 10−6

Rot. 1 0.7 105 0.8 1 105

Back-rand 0.7 0.9 102 0.7 1 10−7

Back-im. 0.8 0.5 108 0.7 0.7 108

Back-im.-rot. 1 0.7 103 1 1 107

Conv. 1 1 104 1 0.9 106

Caltech-101 0.5 1 10−2 0.6 0.9 107

B. Effect of Whitening

We validated the whitening effect of ELM-AE filter learn-
ing. Whitening is an effective and helpful pre-processing
procedure for many methods such as PCA and conventional
deep models. However, the effect of combining whitening
with ELM-AE has not been validated. The parameters of
the hierarchical ELM network without whitening or with
whitening are both selected as the same procedure as the above
description respectively. The performances of the hierarchical
ELM network with whitening pre-processing and without pre-
processing on MNIST and MNIST variation data sets are listed
in Table III.

From Table III, we observe that whitening pre-processing
boosts the hierarchical ELM networks. That is to say, whiten-
ing is also an effective pre-processing method in ELM-AE
filter learning. We also printed the filter maps of the hierarchi-
cal ELM networks on the seven data sets. The ELM-AE filters
with whitening and without whitening are illustrated from Fig.
4. to Fig. 9.

From these figures, whitening seems to alter the crispness
of the images. However, from the performance view, ELM-
AEs with whitening have better performance. The seeming
ironical results bring two possible causes. The first is whether
the seeming better filters are the true better filters in the
hierarchical models, at least in the hierarchical ELM networks.
The second is the ELM-AEs cannot learn the representation



of small patches robustly since the compressive representation
loses lots of information in ELM-AE. We will further investi-
gate the problem in the future and it seems a quite promising
question.

C. Digital Recognition on MNIST and MNIST Variations Data
Sets

We tested our implemented hierarchical ELM network on
the MNIST, MNIST variations data sets as the protocols of
these data sets. The results are listed in Table IV and Table V.

TABLE III: The Error Rates on MNIST Data Set. The Perfor-
mance of Hierarchical ELM Is 99.45% at A Fast Speed. Note
That The Performances Are Only Those of Methods without
Using Augmented Samples.

Method Error Rate (%) Training Time
SDAE [35] 1.28 >17 hours

SAE [35] 1.4 >17 hours

DBM [36] 0.95 19 hours

DBN [36] 1.13 5.7 hours

ML-ELM [4] 0.97 <7.5 mins

HSC [16] 0.77 -

ConvNet [5] 0.53 -

Conv. Maxout + Dropout [27] 0.45 -

ScatNet (SVMrbf ) [14] 0.43 -

PCANet [15] 0.66 -

Hierarchical ELM 0.55 1.5 hours

From Table IV, the results show that the hierarchical
ELM network is only inferior to ScatNet-2 and Convolution
Network related methods with enhanced tricks. It is worthy
to mention that the performance of ScatNet-2 is achieved by
being connected with a non-linear SVM with RBF kernels
with tuned parameters, but our model is connected with linear
SVM with all default parameters (C = 1). Our model’s
performance (0.55) is highly close to that of ConvNet (0.53) on
MNIST dataset [5]. Also, the learning speed of the hierarchical
ELM network is fast, 1.5 hours to get the representations of
all training samples on Intel(R) Core(TM) i7-3770 CPU @
3.4GHz 32GB RAM, and it boosts the performances of ELM
based learning methods greatly.

TABLE IV: The Error Rates (%) of Hierarchical ELM Network
with Whitening and without Whitening. The Performances
using Whitening Are Better than Those without Whitening
Consistently.

Data Sets Without whitening With whitening
MNIST 0.78 0.55

MNIST basic 1.05 1
MNIST Rotatation 7.09 7.02
MNIST back-rand 6.17 6.13

MNIST back-image 11.54 9.89
MNIST back-image-rotation 39.03 34.45

Convex vs. non-covex 5.88 3.81

From Table V, we observe that the hierarchical ELM
network achieves the best performance on four of six data

The matlab code can be downloaded from https://github.com/wentaozhu/
Hierarchical-ELM-Network.git

TABLE V: The Error Rates (%) on MNIST Variations Data
Sets. The Performance of Hierarchical ELM Is The Best on
Average.

Method basic rot bk-rand bk-im bk-im-rot conv
CAE-2 [28] 2.48 9.66 10.9 15.5 45.23 -

TIRBM [29] - 4.2 - - 35.5 -

PGBM+DN-1 [30] - - 6.08 12.25 36.76 -

ScatNet [14] 1.27 7.48 18.4 12.3 50.48 6.5

PCANet [15] 1.06 7.37 6.19 10.95 35.48 4.36

Hierarchical ELM 1 7.02 6.13 9.89 34.45 3.81

sets with a simple linear SVM classifier. It is sufficient to
indicate that the hierarchical ELM network works well in the
convolutional structure with ELM-AE local receptive filters
and trans-layer structure.

D. Object Recognition on Caltech 101 Data Set

The pre-processing of the data set is to convert the images
into grey scale, and adjust the longer side of the image to
300 with preserved aspect ratio. Two tasks are conducted.
One is with a training set of 15 samples per class. The other
is with a training set of 30 samples per class. The training
sets are randomly sampled from Caltech 101, and the rest are
testing set. Five rounds of experiments are recorded, and the
performance is recorded as the average of the five rounds of
results. The results are listed in Table VI.

TABLE VI: The testing Accuracy Rates (%) on Grey Level
Images of Caltech 101 Data Set. The Hierarchical ELM
Achieves 65.97% and 73.74% on 15 Samples Per Class and
30 Samples Per Class Respectively.

Methods 15 samples per class 30 samples per class
CDBN [25] 57.70 ± 1.50 65.40 0.50

ConvNet [31] 57.60 ± 0.40 66.30 1.50

DeconvNet [32] 58.60 ± 0.70 66.90 1.10

Chen et al. [33] 58.20 ± 1.20 65.80 0.60

Zou et al. [34] - 66.5

HSC [16] - 74.0
PCANet [15] 61.46 ± 0.76 68.56± 1.01

Hierarchical ELM 65.97 ± 0.69 73.74 ± 0.37

The Table VI shows that the hierarchical ELM network
gets the accuracy of 65.97% trained by 15 samples per class
and 73.74 on 30 samples per class tasks respectively. The
demonstrated network with ELM local receptive filters really
makes a high progress for the data set and ELM based learning.

V. CONCLUSION AND DISCUSSION

In this paper, a novel unsupervised representation model,
the hierarchical ELM network, is implemented. The method
learns the local receptive filters by ELM-AE without trivial BP
fine-tuning. Several key elements, such as LCN, whitening and
trans-layer representation are combined together to boost the
performance. We also provide a training procedure of ELM-
AE in the hierarchical network. The hierarchical ELM network
achieves accuracy of 65.97% on Caltech 101 15 samples per



class task and 99.45% on MNIST data set with relatively fast
learning speed.

However, as presented in the experiment section, the hier-
archical ELM network cannot robustly learn the visually fine
local receptive filters. There seems a promising research topic
in the future to boost the ELM-AE learning ability on filters.
Also, learning filters by ELM-AE on other convolutional
architectures is a promising topic. And the hierarchical ELM
is just a start. There is a lot of room for great improvements
to come from further extensions of the hierarchical ELM.

 

 

 

Fig. 4: Local receptive filters of 2 layers’ ELM-AE on MNIST
basic data set with whitening (up 16) vs. without whitening
(bottom 16)

 

 

Fig. 5: Local receptive filters of 2 layers’ ELM-AE on MNIST
rotation data set with whitening (up 16) vs. without whitening
(bottom 16)

 

 

Fig. 6: Local receptive filters of 2 layers’ ELM-AE on M-
NIST back-rand data set with whitening (up 16) vs. without
whitening (bottom 16)
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