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Abstract: This study presents the utilisation of neural-network for bi-level image compression. In the proposed lossy compression
method, the locations of pixels of image are applied to the inputs of a multilayer perceptron neural-network. The output of the
network denotes the pixel intensity (0 or 1). The ﬁnal weights of the trained neural-network are quantised, represented by a few
bits, Huffman encoded and then stored as the compressed image. In the decompression phase, by applying the pixels locations to
the trained network, the output determines the intensity. The results of experiments on more than 4000 different images indicate
higher compression rate of the proposed structure compared with the commonly used methods such as Comité Consultatif
International Téléphonique of Télégraphique (CCITT) G4 and joint bi-level image experts group (JBIG2) standards.
Moreover, quantisation issue in neural-network deployment is addressed and a solution is proposed. Further, an adaptive
technique based on binary image characteristics is applied to achieve more compression rates.

1

Introduction

Data compression is an active ﬁeld of research and has received
great attention in the business and academic research. Although
demands are always rising for higher data rates and better
deployment of data processing, the efforts for compressing
data seem endless. Image, as an information source, can be
transmitted via different representations. The fewer bits
required for representation, the more compression ratio (CR)
could be achieved. There are two different paradigms for
image compression: lossy and lossless [1]. In the lossless
approach, no information loss would be tolerated. However
in the lossy scheme, some less relevant information is
sacriﬁced in order to obtain higher compression rates.
Shannon [2] derived a bound on information representation
which determines the minimum possible number of bits for
representation of a set of symbols. Compression ratios in
lossless approaches are limited by Shannon bound, whereas
their lossy counterparts can achieve higher rates. Since
image information is judged by psychovisual aspect of
human perception, Jayant [3] proposed a bound for image
compression subjectively. This bound is looser than that of
Shannon.
So far, different approaches for image compression have
been proposed. These methods can be categorised into
signal processing and artiﬁcial intelligent-based methods,
for example fractal [4, 5], vector quantisation [6],
dimension reduction [7] and domain transform [8].
Several artiﬁcial intelligence methods for image
compression have been investigated. Among them, genetic
algorithms (GA) and neural networks (NN) have been
widely used [4, 9 – 13]. GA-based methods are usually used
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as an optimisation technique for fractal image compression
[4, 9, 10] or as clustering approaches such as vector
quantisation [11]. GA has also been used for binary image
compression [12]. However, GA-based approaches are
limited in many aspects and have not received considerable
attention as neural networks. In fact, compression
techniques based on GA need much more computational
time and complexity in comparison with the neuralnetwork-based methods and do not result in high-quality
reconstructed images [12].
Neural-network approach has been used for grey scale and
colour image compression in [7] and [13 – 15]. In the methods
applied on grey-level images, each image is divided into
sub-blocks and each sub-block is applied to a multilayer
perceptron (MLP) neural-network. MLP is used to ﬁnd a
mapping that represents the sub-blocks with a lower number
of outputs. However, the network cannot ﬁnd the mapping
for all sub-blocks of image correctly. Therefore sub-blocks
are ﬁrst mapped to higher dimensions, and then the network
is trained in order to ﬁnd a mapping for lower representing
neurons. To train the neural-network, the decoder is
cascaded directly after the encoder. Then, the network is
trained in a way that the output estimates the input image.
The encoder output layer represents the encoded sub-block.
One sub-block is fed to network for training and this will
be repeated for other sub-blocks as well. The compressed
image should provide two categories for the decoder: ﬁrst,
the output of encoding part for each sub-block should be
included in the compressed ﬁle. Second, the weights of
decoding part of network must be also sent in the
compressed image since the receiver needs a speciﬁc
network for each image to reconstruct the original one.
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However, these methods are not capable of achieving high
data compression ratios [13].
Binary images can be divided into three regions: text,
halftone and generic (such as shape). There are different
methods for compression of distinct parts of a bi-level
image [16 – 26]. For example, the recent studies [16, 17] use
chain codes and achieve slightly more compression ratio
than the JBIG2 standard which is the best lossless standard
in this ﬁeld [18 – 21]. In [26], binary compression has been
performed by applying a context-weighting algorithm where
the performance is slightly better than JBIG1 [1]. Some
other techniques have been also suggested for binary image
compression such as logic spectra or automata-based
methods [27, 28].
In this paper, we deal with the generic part of binary
document. Generic elements usually can be considered as
a collection of several shape elements. Shape coding
techniques can be categorised into two main types: bitmap
and contour-based techniques. In bitmap scheme, a pixel-topixel approach is considered, whereas in the second one,
the emphasis is on the coded representation of shapes
borders [16, 17].
In this study, we present another paradigm of neuralnetwork deployment for binary image compression. In our
approach, a neural-network is trained to classify the inputs
(which are the locations of pixels) into two classes 0 or
1. Zero and one indicate that the given address belongs to
background and foreground, respectively. We use multilayer
perceptron with one hidden layer for this purpose. The
desired output (target) of the network represents the pixel
intensity which is 1 for white and 0 for black. After the
network is trained, the ﬁnal weights are used instead of
original binary image (compressed image). At the
reconstruction phase, the pixels addresses are fed to the
network inputs and the network output is obtained.
Comparing the output with the threshold 0.5, the intensity
value 0 or 1 for that pixel is assigned. We evaluate the
proposed method on two databases which include more
than 4000 different images with diverse type from simple to
complex shapes. The experimental results indicate that our
technique achieves high compression rate as well as high
peak signal to noise ratio (PSNR). Moreover, we discuss
about the quantisation issue in the neural-network
deployment. We also apply Huffman encoding to the
weights to achieve more compression ratios. Further,
activity, pattern-based criteria and some other binary image
features are used in an adaptive algorithm for better
utilisation of the network.
This paper is organised as follows. In Section 2, the proposed
method is explained. Section 3 provides experimental results
and compares them with several common methods. Finally,
conclusion is presented in Section 4.

2
2.1

Fig. 1 Block diagram of the proposed method (compression
phase)

minimised, that is, the output will be as close as possible to
the intensity of the pixel. Levenberg – Marquardt (LM) back
propagation algorithm is used for training. After training,
the ﬁnal weights of the network are quantised and then
represented by binary numbers. In order to achieve higher
compression rates, we use an efﬁcient coding technique
such as Huffman coding [29]. The outputs of Huffman
encoder are stored instead of intensities. Since, the number
of weights (which depends on the number of neurons) and
consequently their encoded binary representations are much
less than the number of pixels; hence we achieve high
compression rates.
Image characteristics such as activity, pattern-based
complexity and several other features are used to determine
the number of neurons adaptively.
The neural-network classiﬁes the input address into two
different classes. One class denotes pixels with zero intensity
(black) and the other one represents white pixels. The binary
characteristic of image provides the opportunity to apply the
new method effectively in image compression. We just use
the weights of the network as the compressed image,
whereas as mentioned, the previously presented neuralnetwork-based methods need an additional set of inputs for
decompression. Since in the new method, the inputs are the
pixels locations which are the same for all images; hence it
is not necessary to consider any further information.
Therefore the new scheme can reach the lower level of
information rate per pixel in contrast to the previous methods
which do not achieve such compression rates.
Fig. 2 demonstrates the reconstruction steps of the new
method. As observed, the binary coded weights are decoded
using Huffman decoder and then by applying the pixels
locations to the inputs of the trained network, the output is
computed. Comparing the network output with the
threshold value 0.5, the binary output (pixel intensity) is
determined, that is, the image is reconstructed. In order to
enhance the image, some post-processing techniques such
as morphological approaches can be applied. However, we
did not use these operations in this work.
Here, each image has its own speciﬁc neural-network
which differs from those of the other images. Each speciﬁc
neural-network represents only one image. So in the

Proposed method
Architecture

Fig. 1 demonstrates block diagram of the proposed method in
the compression phase. As shown, a multi-layer perception
neural network with one hidden layer is employed. The
neural network has two inputs: pixel locations (x, y). The
desired output (target) of the network is the intensity of that
pixel. The performance measure criterion in the network
training is the mean square error (MSE). That is, the
network is trained in a way that the MSE between the target
(desired output; pixel intensity) and the network output is
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Fig. 2 Block diagram of the proposed method (decompression
phase)
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compression phase, we train one network with one image and
in the decompression phase, we use the trained network to
reconstruct the corresponding image. In this study, we
consider the neural-network classiﬁer as a decoder which
decodes the image pixel intensities based on the weights
obtained during the training process. Encoder and decoder
are the same in our application.
2.2

zq = fout ((W q2 ) × fhid ((W q1 ) × P))

Quantisation

Noting Fig. 1, after training the network the ﬁnal weights
are achieved. The weights are real numbers and should be
represented by binary digits. Therefore quantisation is
necessary which affects the performance of trained neuralnetwork in the reconstruction phase. On the one hand, the
weights should be represented by sufﬁciently large number
of bits in order to decompress high-quality image. On the
other hand, large number of bits decreases the compression
ratio. Therefore there is a compromise between the quality
and compression ratio which is the bottleneck of the
technique. Consequently, an efﬁcient solution should be
applied for weights quantisation. In the subsequent
paragraphs, we analyse the effects of quantisation and
number of assigned bits on the neural network performance.
In Fig. 3, the distribution of the weights of 4173 different
trained networks corresponding to 4173 images has been
shown. It is observed that the interval [232 32] spans most
of the weights. Our experimental investigation shows that
the out of band weights mostly belong to the nonconverged networks (near 1.06% of trained network).
Further, about 90% of the weights lie in the interval [220 20].
Noting weights distribution, we use non-uniform
quantisation which shows better results than the uniform
quantisation. Let B be the number of bits assigned to each
weight, then the number of different levels will be 2B. Each
weight lying in a speciﬁc interval is quantised to the nearest
lower or upper limit of that interval.
The distribution of the quantisation error which is also called
round-off noise has been depicted in Fig. 4 for different
number of representing bits (B). It is observed that the error
is proportional to B [30]; that is, the more representing bits,
the less rounding error would impact the network.
To analyse the effect of round-off noise on the
performance, we note that the network output (z) without
weight quantisation is computed as
z = fout (W 2 × fhid (W 1 × P))

where W 1 = [w1,ij ]H×2 is the ﬁrst layer weight matrix, H is
the number of hidden layer neurons, W 2 = [w2,i ]1×H is an
H element vector
 thatTrepresents the weights of the second
layer and P = x y is the input vector. fout and fhid are
the output and hidden layer activation functions,
respectively. After weight quantisation (W qi ), the output, zq,
can be written as

(1)

= fout ((W 2 + V 2 ) × fhid ((W 1 + V 1 ) × P))

(2)

where V i is the quantisation noise matrix (vector). Each
element of Vi is a sample of the distribution depicted
in Fig. 4. The difference between the network outputs owing
to the quantised and non-quantised weights will be as
1 = z i − zq

(3)

The activation function used in this study is tangent sigmoid
function f (x) = [2/(1 + e−2x ) 2 1]. It can be approximated
x |x| ≤ 1
as: f (x)  {
. Therefore zq can be written as
1 |x| . 1
(see (4))

T
is an H element vector. The
where I = 1 1 · · · 1
above statement can be also applied to z.
In the ﬁrst case of (4), we have z ≃ 1 and zq ≃ 1; hence
1 ¼ 0 which means quantisation does not affect
the output.
In the second case, we obtain 1 = V 2 × I = H
i=1 n2,i . As
can be seen from Fig. 4, each element of quantisation vector is
very small. Further, our experiments show that the number of
hidden layer neurons to achieve good performance is less than
50. Therefore it can be concluded that 1 cannot be larger than
the noise margin and change the output (note that we consider
the network output as ‘1’ when the actual output is more than
0.5 and ‘0’ otherwise).
In the third case which is crucial, we have
z=x
zq = x

H


i=1
H


w2,i w1,i1 + y

H


w2,i w1,i2

(5)

i=1

(w2,i + v2,i )(w1,i1 + v1,i1 )

i=1

+y

H


(w2,i + v2,i )(w1,i2 + v1,i2 )

(6)

i=1

The error 1, neglecting the second-order noise terms in zq
(which are very small), will be obtained as
1 = z − zq
=x

H


(w2,i n1,i1 + w1,i1 n2,i )

i=1

+y
Fig. 3 Distribution of weights of 4173 trained neural networks

zq

H


(w2,i n1,i2 + w1,i2 n2,i )

⎧
{(W 2 + V 2 ) × I ≥ 1 & (W 1 + V 1 ) × P ≥ 1} OR {(W 2 + V 2 ) × (W 1 + V 1 ) × P ≥ 1}
⎨1
≃ (W 2 + V 2 ) × I
{(W 2 + V 2 ) × I ≤ 1} &
{(W 1 + V 1 ) × P ≥ 1}
⎩
(W 2 + V 2 ) × (W 1 + V 1 ) × P
{(W 2 + V 2 ) ≤ 1} & {(W 2 + V 2 ) × (W 1 + V 1 ) × P ≤ 1}
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(7)

i=1

(4)
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Fig. 4 Round-off (quantisation) noise distribution for different number of bits

Fig. 5 Distribution of output error 1 owing to weight quantisation

The distribution of the weights w2,i and w1,ij is shown in
Fig. 3. In addition, the inputs applied to the network (pixels
addresses) are normalised, hence x and y have uniform
distribution in the interval [0, 1]. We observe from (7) that
the round-off noise (which depends on the number of
assigned bits B), number of hidden layer neurons (H ) and
the weights (W ) have key roles in 1 distribution. Fig. 5
demostrates the distribution of 1 for B ¼ 11 and B ¼ 12
bits obtained by experiments.
The error 1, which is the output error owing to
quantisation, is added to the network error (difference
between the target value and network value). When the
total error becomes more than 0.5, it will change the ﬁnal
result from ‘1’ to ‘0’ or vice versa. As observed from
Fig. 5, B ¼ 11 bits is more likely to cause this condition.
For B ≥ 12 bits, the quantisation error is not large enough
to affect the ﬁnal network decision. Therefore the number
of bits assigned to the weights is chosen as B ¼ 12.
Further, our experiments show that 6 bits are enough to
represent the mantis.
In Fig. 6, we have shown the PSNRs of some reconstructed
sample images (shown in Fig. 7) against the number of bits
assigned to the weights. The PSNR is deﬁned as follows
PSNR (dB) = 10 log10

1
MSE
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where MSE is computed as
MSE =

MN
1 
(z − ti )2
MN i=1 i

(9)

In the above, zi and ti are the network actual output and the
desired output (target; 0 or 1) of the ith input, respectively,
and M × N is the size of image.
It is observed from Fig. 6 that the number of bits impacts on
PSNR which is also related to image quality. However, this
effect is not vital for 12 bits and more. By decreasing the
number of representing bits from 16 to 12, the PSNR
reduces slightly. As shown in Fig. 6, 12 bit representation
is the breaking point of the curves. Thus, in consistence
with the analysis and experiments, 12 bit representation is
an optimum choice for our compression method.
2.3

Adaptive approach

The compression rate varies from one image to another, based
on the number of weights that itself depends on the number of
hidden layer neurons. The number of appropriate neurons that
yields the best performance from the subjective and objective
viewpoints can be obtained experimentally. It is obvious that
the number of neurons for a complex image is more than that
of a simple one.
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Fig. 6 PSNRs of some reconstructed images against the number of
bits assigned to NN weights

In this study, the objective criterion is to achieve MSE , 0.006.
It is evident that less MSE results in more PSNR and less
classiﬁcation error (CE) which is deﬁned as the number of
pixels wrongly detected to the total number of pixels. MSEs
less than 0.006 achieve PSNRs more than 22 dB (8) and CEs
less than 1%. The experiments show that PSNR . 22 dB
results in high-quality image from the subjective viewpoint.

It will be useful to apply an adaptive approach to
exploit the number of neurons automatically. For this
purpose, we need to extract several features from image to
apply to the adaptive algorithm so that the algorithm output
will be the number of neurons. The features should measure
the complexity of image which will be explained later.
In order to ﬁnd the adaptive algorithm, we experimentally ﬁnd
the appropriate number of neurons for compression of 57
different images (18 images from [31] and 39 images from
[32]) based on the criteria mentioned above. We also compute
the features of each image. Then, the feature matrix and
number of neurons are used for training the regression
function. After training, the obtained regression function is
applied to ﬁnd the number of neurons of the other images
(.4000) based on their calculated features. Here, we used
non-linear regression model that shows better performance
than the linear one. To train the regression function, we used
an LM-based ﬁtting neural-network as the non-linear
regression method. Note that owing to the highly non-linear
characteristics of the problem, our adaptive method does not
necessarily achieve the optimum results. However, the results
show good match between the number of neurons obtained
from the experiments and the one computed from the regression.

Fig. 7 Experimental results of the proposed method evaluated on SIID [31]
Images name from left to right and top to bottom: Butterﬂy, Bird, Elephant - Camel, Penny, Circle square - Fountain, U Shape, Face - Boy Girl, Man, Turtle Glass, Child, Bone - Whistler, Jack o’ Lantern, and Penguin
500
& The Institution of Engineering and Technology 2012

IET Image Process., 2012, Vol. 6, Iss. 5, pp. 496 –506
doi: 10.1049/iet-ipr.2011.0079

www.ietdl.org

Fig. 8 Number of neurons in the hidden layer (H) of NN for different sample images from SIID [31] obtained experimentally and PSNRs
of the reconstructed images

Fig. 9 Some proposed complexity measures for binary images
IET Image Process., 2012, Vol. 6, Iss. 5, pp. 496–506
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Fig. 8 demonstrates the number of hidden layer neurons (H )
for different images obtained experimentally as well as the
PSNRs of corresponding reconstructed images. We observe
that the number of neurons is proportional to image complexity.

2.4

Feature selection

We propose 25 features to represent binary image complexity.
Fig. 9 depicts several features.

Fig. 10 Experimental results of the proposed method evaluated on LBID [32]
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Activity [7] is the subjective assessment of an image given by

Activity =

M /2 
N /2 
1 
1

x=1 y=1

(f (2x, 2y) − f (2x − k, 2y − l))

2

k=−1 l=−1

(10)
where f (x,y) speciﬁes the intensity of the (x,y)th pixel.
The above feature measures the difference between the centre
pixel intensity with its neighbours in a 3 × 3 block. Images
with high activity values seem more complex and their
compression rates will be less than the images with low
activity. The experimental results verify the above statement.
Pattern-based template matching is another complexity
measure criterion. Our experiments reveal that images with
straight borders, 908 corners and geometrical shapes are
capable of compression with less number of hidden layer
neurons. Thus, we use some speciﬁc patterns for this
purpose. These patterns and their rotations and complements
are matched with the image using a hit-or-miss transform.
An image containing more number of a speciﬁc pattern can
be represented with lower number of neurons. In our
adaptive approach, we used three patterns that measure the
908 corners where one of them is shown in Fig. 9.
There are other complexity measures proposed in Fig. 9.
These criteria show different aspects of binary image. For
example, an image with a lot of small protrusions, narrow
isthmuses, complex structure or different objects in a
background are much more complicated than a generic
geometrical shape such as square or circle. Hence, we
suggested some criteria to measure these characteristics of
image.
Further, to evaluate the effectiveness of these features,
a correlation criterion has been used (which is shown in
Fig. 9). This index shows the linearity of relation between
the features and the number of neurons obtained
experimentally. High correlation value means that the
selected feature can better predict the number of neurons in
the adaptive algorithm.
Table 1

3

Experimental results

In this section, the performance of the proposed method is
assessed. We used two databases. Eighteen images shown
in Fig. 7 are selected from SIID (shape indexing of image
databases) available in [31]. The second database is LBID
(large binary image database) available in [32] which
contains 4155 images. Thirty-six images selected from this
database are also shown in Fig. 10 where most of them
have complex shapes (to evaluate the capability of our
algorithm for complex images).
Eighteen images of SIID (Fig. 7) and 39 images from
LBID (not shown in the paper) were used to train the
adaptive algorithm. The number of assigned bits for
weights was set to 12 according to the discussion of the
section 2.2.
In the experiments, we have used 18 images of SSID and
all images of LBID (totally 4173 images) to evaluate the
performance of the proposed compression method.
Fig. 7 demonstrates SIID images and their reconstructed
counterparts using the proposed method. We observe that
the decompressed images have high quality. The PSNRs are
shown in Fig. 8. Further, the compression rates are
provided in Table 1. From this Table, we observe that the
new method gives compression ratios in the range of 43.8 –
171.8 which are high values.
Generally, the compression rate before Huffman coding is
computed as
CR =

M ×N
L

(11)

where L is total number of bits assigned to the weights
computed as
L = (4H + 1) × B

(12)

In the above, four denotes the number of weight sets; two sets
for inputs to hidden layer, one for hidden layer bias, one for

Compression ratios of several methods evaluated on SIID [31]

Image

butterfly
bird
elephant
camel
penny
circle-square
fountain
u shape
face
boy girl
man
turtle
glass
child
bone
whistler
jack-o’-lantern
penguin
average

Quad tree

2.09
1.92
3.48
1.47
4.72
1.63
2.72
3.6
2.55
2.37
2.13
2.98
3.07
2.59
2.16
3.01
2.89
2.25
2.65

TIFF

PDF

LZW

Pack Bit

Deflate

CCITT G3

CCITT G4

JBIG2

4.76
5.72
6.25
6.18
6.06
5.1
6.39
6.43
5.93
4.8
5.9
5.5
6.1
6.6
6.6
6.4
5.5
5.9
5.9

2.37
3
3.39
3.45
3.12
2.5
3.32
2.71
3.1
2.4
3.2
2.7
3.0
3.2
3.3
3.7
2.9
3.2
3.0

6.27
7.24
8.66
9.14
8.03
6.5
7.85
17.14
8.8
7.0
8.3
7.9
9.2
9.7
8.8
7.8
7.2
8.3
8.5

3.4
3.52
3.68
3.63
3.67
4.0
3.61
3.68
4.3
3.8
4.4
4.1
4.4
4.3
4.7
4.6
4.2
4.4
4.0

12.01
11.67
13.65
12.85
13.43
12.6
13.3
16.45
14.4
12.6
14.08
13.2
13.7
15.8
15.3
14.4
14.1
14.8
13.8

20.7
21.7
25.9
15.9
26.4
22.4
21.4
56.5
28.3
22.2
29.2
22.1
23.3
30.9
28.2
29.4
24
25.7
26.3
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Proposed

50.0
82.9
46.0
50.0
58.2
96.5
64.6
171.8
82.9
60.2
115.5
72.6
108.4
67.1
82.9
143.8
43.8
62.3
81.1
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hidden layer to output neuron; and one denotes the bias of
output neuron.
We note that it is not necessary to send the number of
neurons obtained from the adaptive algorithm, since it is
simply computed from (12) at the decompression phase.
As an example of compression rate computation, we
consider U shape image. The number of neurons in the
hidden layer was set to 10 (Fig. 8). Hence, the total number
of weights is 41 Assigning 12 bits for each weight results
in totally 492 bits for weights representation. Consequently,
without Huffman coding the compression rate is obtained
as 256 × 256/492 ¼ 133.2. However, after Huffman coding
the compression ratio will increase to 171.8.
For comparison, the compression ratios of some common
methods are also presented in Table 1. There are some
standards for bi-level compression such as CCITT G3,
CCITT G4, JBIG1 and JBIG2 [18 – 21]. It should be noted
that these methods are lossless. However, we could not ﬁnd
any related and available lossy works in the ﬁeld of binary
image compression.
The JBIG2 standard discusses about the decoding part
while it does not provide any comments on the image
encoding. Therefore different implementations of JBIG2
can be developed. We have used all available tools.
The compression ratios of different TIFF compression
schemes have been computed using GNU Gimp software
and those of JBIG2 are obtained from JBIG2 encoder in
AGL software. JBIG-KIT has been used as the JBIG1
encoder on Linux platform, however there was not much
difference between JBIG1 and JBIG2 results which is also
reported in [17]. JBIG2 as the state-of-the-art technique in
this ﬁeld, segments the input image into three different
regions: text, halftone and generic area and uses different
technologies for each region type. JBIG2 supports both
lossy and lossless approaches and it is possible to use it in
both cases.
We have also examined quad-tree method [33, 34]. The
authors in [33] reported near to Lempel– Ziv –Welch
(LZW) performance for their hybrid technique evaluated on
grey scale images. However, the lower performance for
binary images owing to much higher overhead of the quadtree can be predicted. On the other hand, having 1 bit/pixel
of information for binary images makes quad-tree technique
less successful in this case.
In the experiments presented in Fig. 7 and Table 1, the size
of images was 256 × 256 pixels. We have also tried images
with different sizes. The results show that if the
reconstructed image quality does not change, then the
compression rate increases linearly by increasing the image
size. Note that, as the image size grows, the nominator of
the compression rate in (11) increases with power of 2,
whereas the denominator increases linearly with the size
because of increase in the implemented neural-network
complexity (number of neurons). The result will be the
linear increase of compression ratio with respect to image size.
Furthermore, we examined the proposed method on 4155
images of LBID [32] which have different shapes from
simple to complex. Several (36) of them and their
corresponding reconstructed counterparts are shown in
Fig. 10. The images shown in this ﬁgure are of size
128 × 128 pixels. Moreover, Fig. 11 depicts the PSNR,
classiﬁcation rate, compression ratio and number of hidden
layer neurons computed from adaptive algorithm for these
images. We observe that for complex images, the number
of neurons is high which leads to less compression ratio
and vice versa. Also, in Table 2, we have compared the
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Fig. 11 Experimental results of the proposed method evaluated on
LBID [32] CE, H and CR denote classiﬁcation error, number of
hidden layer neurons and compression ratio respectively

compression ratios of several methods evaluated on the
mentioned LBID images. It is observed that the proposed
method achieves higher compression ratios than the other
methods. Note that the higher average CR of Table 1 (SIID
images) compared to that of Table 2 (LBID images) is
because of two reasons: higher size of SIID images
(256 × 256) than that of Table 2 (128 × 128) and simpler
shapes of SIID compared to the LBID images of Table 2.
In Fig. 12, the results of experiments on the two databases
(totally 4173 images) are classiﬁed based on the PSNRs
and our observations. It should be noted that the subjective
classiﬁcation of reconstructed images is related to the
subjective evaluation of quality and the PSNR of image.
Based on the results obtained from the experiments on 4173
images and our observations, we divided the reconstructed
images into ﬁve categories according to the PSNR value
and subjective quality as follows: As can be seen from the
table, 8.8% of decompressed images are ‘lossless’, 63% of
them are considered as ‘near-to-lossless’ and 22.3% as
‘good’, which constitute 94.1% of total images. We
considered the images with no reconstruction error as
‘lossless’ where the PSNR is inﬁnite. Those images that are
visually lossless and the error in the reconstructed image
cannot be detected easily are labelled as ‘near-to-lossless’.
These images have PSNR values more than 27 dB, where
the classiﬁcation error for a 256 × 256 image is less than
0.2% hard to be detected by human eye. ‘Good’ quality
refers to those reconstructed images that have PSNRs in the
range 22– 27 dB. These images show very good quality
since the errors cannot be easily seen or can be neglected in
the reconstructed image. Moreover, ‘fair’ quality refers to
the images that some errors can be detected by human eye
but the quality of reconstructed image is still acceptable.
Our investigations show that the PSNRs between 18 and
22 dB show ‘fair’ quality. The images with some missed
details, which cannot be neglected, are considered as
‘poor’. The PSNRs of such images are in the interval [14 –
18] dB. Those images that have PSNRs less than 14 dB are
considered as ‘defaced’. These images usually do not
convey any relevant information about the original images.
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Table 2

Compression ratios of several methods evaluated on LBID [32]

Image

202122
dec069ee
15b_starburst
anmo8
dec065h
ofl007e
anm01
msl050c
ofl028k
msl080c
family
ots026h
sit078n
sposk079
msl046b
anchor
smr021d
201872
leaf
osp009e
moon
1245play
karate_1
g0180443
cat_1
ofl006g
ots022p
ai01042a
anm03
202137
duck_2
spades
tool2
29b_starburst
circle
apple
average

TIFF

PDF

LZW

Pack Bit

Deflate

CCITT G3

CCITT G4

JBIG2

2.5
2.5
2.7
2.5
2.2
1.8
2.4
1.9
2
2.4
2.2
1.9
2.3
2.2
1.8
2.3
2
2.6
2.7
1.7
2.3
2.4
2.5
2.5
2
2.6
2.5
2.9
2.2
2.7
2.8
2.4
2.4
2.8
2
2.7
2.3

1.3
1.3
1.5
1.3
1.2
1.1
1.3
1.1
1.1
1.4
1.1
1.1
1.3
1.2
0.9
1.2
1.1
1.4
1.6
0.9
1.3
1.2
1.4
1.4
1.1
1.5
1.3
1.7
1.3
1.6
1.7
1.4
1.4
1.6
1.2
1.6
1.3

3.6
3.2
3.2
3.3
2.8
2
2.9
2.5
2.3
3
3.1
2.6
2.9
2.7
2.2
3
2.4
3.3
3.2
2.2
2.7
3.6
3
3.1
2.5
2.9
3.5
3.3
2.6
3.6
3.2
2.8
2.8
3.4
2.4
3.4
2.9

1.7
2.1
2.3
2.1
2
1.6
2
1.7
1.7
2.1
1.9
1.7
2
2
1.5
1.9
1.6
2.2
2.2
1.4
1.9
2
2.2
2.2
1.7
2.2
2
2.4
2
2.3
2.3
2
2
2.2
1.7
2.1
2.0

4.4
5
5.2
5.3
4.4
3
4.7
3.8
3.7
4.6
4.9
3.6
4.5
4.4
3.3
4.3
3.6
4.9
4.8
3.2
4.1
5.1
4.9
4.9
3.7
4.2
5.3
5.3
3.8
5.4
4.5
4.5
4.5
5.2
3.4
5.2
4.4

9.8
10.6
10.4
10.9
10.8
11.2
10.7
9.7
10.6
7.7
10.1
11.9
8.3
8.0
10.2
10.0
10.2
10.2
9.9
10.0
9.5
7.4
7.9
9.5
9.4
5.4
7.4
6.3
10.3
7.0
8.2
7.6
9.8
9.5
6.8
11.6
9.3

Proposed

10.3
21.9
25.1
18.5
10.7
7.5
28.4
8.8
8.6
12.8
14.8
9.3
11.4
19.2
7.4
25.1
8.1
20.2
11.4
16.7
16.6
21.8
35.1
14.8
27.8
30.4
22.9
23.6
13.6
22.6
16.1
32.8
79.8
26.1
48.6
34
21.2

Names correspond to the images of Fig. 11 from top to bottom and left to right order

The last two categories constitute near 1% of total images.
These images are usually the result of early stopping of the
training algorithm (0.65%) (which is inevitable for large-

scale experiments) or under estimation of number of
neurons in the adaptive algorithm (0.55%). Early stopping
is usually owing to mal-initialisation of the network that
causes zero gradient coefﬁcients in the ﬁrst iterations.
3.1

Fig. 12 Subjevtive quality of experiment results on whole LBID
(4155 images)
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Computational complexity

We used Intelw CoreTM 2Due processor E8400 (3.0 GHz)
with 2 GB of memory on a Windows XP operating system.
We also utilised MATLAB 2009 software for simulations.
Neural-network toolbox was also applied for neuralnetwork part of our approach.
Training time for different images varied from 10 to 30
seconds depending on the images structures. In the
decompression phase, the reconstruction time was about
15– 40 ms.
Utilisation of a fast and reliable training algorithm is crucial
in our approach. We used LM algorithm for training the
network which constitutes the most time consuming part of
our technique. LM belongs to those back propagation
algorithms which deploy the second derivative of error in
505
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the network with respect to the weights and biases, that is, the
calculation of Hessian matrix is needed. However, in LM
algorithm, the Hessian matrix is estimated, without direct
calculation. LM uses Jacobian matrix for this purpose
which has been previously computed during the calculation
of the ﬁrst derivative of the network weights. Therefore LM
algorithm is considered as one of the best back propagation
algorithms from the computational complexity view point.
In summary, the characteristics of LM algorithm which
makes it appropriate for our problem can be listed as follows:
1. LM yields the best MSE performance, which is related to
PSNR.
2. It ﬁts very well in small to medium problems with usually
less than 50 neurons and one hidden layer like as our case.
3. It is usually considered as the fastest training algorithm.

4

Conclusions

In this paper, binary image compression using a new scheme
of neural-network was investigated. In our method, the
weights of trained neural-network are used instead of image
intensities. High compression ratios as well as high PSNRs
were obtained using the proposed method. We have also
analysed the effect of quantisation noise in neural-network
deployment of image compression. Further, we used
activity, pattern based criteria and some complexity
measures to adaptively obtain high compression rate. It was
mentioned that the compression ratio increases linearly with
the image size. The proposed structure of neural-network
utilisation has the capability to compress binary image in
efﬁcient way.
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