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Abstract- In this paper we present results for an investigation of the use of neural
networks for the compression of digital images. The main objective of this investigation
is the establishment of a ranking of the performance of neural networks with different
architectures and different principles of convergence. The ranking involves back-
propagation networks (BPNS), hierarchical back-propagation network (HBPN), adaptive
back-propagation network (ABPN), a self-organizing maps (KSOM), hierarchically
self-organizing maps (HSOM), radial basis function neural networks (RBF) and a
supervised Morphological neural networks (SMNN). For the SMNN, considering that it
is a neural network recently introduced, an explanation is presented for use in image
compression. Gray scale image of Lena were used as the sample image for all network
covered in this research. The best result is compression rate of 195.54 with PSNR =
22.97.
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1 Introduction

Digital images compression is one of the many problems to which artificial neural
networks (ANN) have been applied. Since there are many types of ANNS, it is important
know their relative performance for specific tasks. In this study we are concerned with
the task of compressing an image. To standardize the results of the study we use the
well-known Lena image, which has been used extensively in studies of image
compression.

Tsai and Ju [1] have compared HSOMs and self-organized maps (SOMs) in terms of
time-cost and quality. Amerijckx and Thissen [2] have introduced a KSOM-based
compression scheme in which discrete cosine transform (DCT) is applied to an image,
previously decomposed into blocks, in order to eliminate some of the information
present in the image, followed by the application of differential coding with a first-
order predictor.

In addition Barbalho et al [3] have proposed an HSOM-based approach, which begins
with the creation of a “codebook” of the image, and ends with the compression of this
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codebook by Huffman’s algorithm. Given that most of the compression is performed by
Huffman’s algorithm, the performance of the approach depends on a complex process in
addition to the ANN's work.

In recent work, Vaddella and Rama [4] have presented and discussed results for various
Ann’s architectures for image compression, and in their considerations they presented
results for HSOM, KSOM, BPN, HBPN and ABPN.

Reddy et al [5] have presented and discussed results concerning RBF-based digital
image compression while Barbalho et al [3] have done the same for HSON-based
compression. Wang and Gou [6] have studied an approach that begins with the
decomposition of the image at different scales using a wavelet transform (WT) in order
to obtain an orthogonal wavelet representation of the image, continues with the
application for each scale of the discrete Karhumen-Loeve transform (KLT), and ends
with vector quantization by means of a self-development neural network. Thus Wang
and Gou’s approach is more a wavelet-based approach than an ANN-based approach to
image compression. It is clear from the literature that many types of ANNSs have been
successfully applied to digital image compression over a period of many years. Despite
this, however, no work providing an extensive comparison of various ANNs for digital
image compression has been published. In this paper we, provide such a comparison,
including results for a supervised morphological neural network (SMNN) [7].

We choose Lena as the target image in order to make the best use of the results available
in the literature. So we focused our efforts on investigating the performance of SMNNN.

The SMNN belongs to a class of neural networks whose theory is based on
mathematical morphology (MM). Banon and Barrera [8] have produced an extensive
work investigating all aspects of the MM, and this work has been complemented by
Banon [9]. In the next section, we present a brief review of the mathematical
formulation of SMNNs regarding their use in image compression.

2 Supervised Morphological Neural Network
In general, the processing at a node in a classical ANN is defined by the equation
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while the processing at a node in a SMNN, is defined by the equation
Ve =¥ o ¢. 2)

Thus, in the definition of a morphological neuron of the SMNN, the additive junction
and its arithmetical operations (multiplication and addition) inside the activation

function f;(.) in equation (1) are replaced in equation (2) by ’Pt' o ¢ which is a
composed threshold operator. An understanding of the definition of lPt' and its
composition ¥, o ¢ is provided in [10].

2.1 SMNN Gray Level Tolerance
In Banon [11] are given complete demonstrations and proofs of all morphological



operators in which the operator ¥, is based on. Banon and Faria [12] gave a brief
presentation of the same definitions, and Silva [10] extended some morphological

operators in order to compose ¥, o ¢. In de Souza et al [7] are given details regarding
all SMNN’s architecture and equations, including online learning process and error
correction for morphological neurons with tolerances of gray level variations. Figure 1
illustrated this gray level tolerance.

origin ~. _

\

r [42]20]38]40[52] 4027 26 | 26]

g |42|49‘ 49|41|52|40|27|2$|26|

() =37 u(g) =3%9eq. (1) du=2

F =4 (parameter) c¢; =0 ¢, =4
.
v EEE
5

Figure 1: Example of gray level tolerance in morphological approach for template
matching, adapted from Banon and Faria [12]

In figure 1 the values of c¢; and ¢, are calculated according to

F F (3)
du=pulg) —u(f) , a=di—5 , c=dut o,

where u(g) and u(f) are gray level average of image g and f , respectively. F is the
length of the interval [c,, ¢, ], centered at du, and f;,; and f,;/ are defined in Banon and
Faria [12].

Observing Figure 1 one can notice that a short tolerance interval may produce great
level of tolerance of variations; in that figure, for a sub-image [40 52 40] and F = 4 the
SMNN accepts all of the following sequences:

Table 1: partial list of valid sequences for sub-image [40 52 40] and F=4.

[40 52 40] , [40 53 40], [40 55 40], [40 56 40], [40 52 41] , [40 53 41], [40 55 41], [40 56 41], [40 52 42] , [40 53 42], [40 55 42], [40 56 42],
[41 52 40], [41 53 40], [41 55 40], [41 56 40], [41 52 41, [41 53 41], [41 55 41], [41 56 41], [41 52 42, [41 53 42], [41 55 42], [41 56 42],
[42 52 40] , [42 53 40], [42 55 40], [42 56 40], [42 52 41] , [42 53 41], [42 55 41], [42 56 41], [42 52 42] , [42 53 42], [42 55 42], [42 56 42],
[43 52 40], [43 53 40], [43 55 40], [43 56 40], [43 52 41] , [43 53 41], [43 55 41], [43 56 41], [43 52 42] , [43 53 42], [43 55 42], [43 56 42],
[44 52 40] , [44 53 40], [44 55 40], [44 56 40], [44 52 41] , [44 53 41], [44 55 41], [44 56 41], [44 52 42] , [44 53 42], [44 55 42], [44 56 42].

Notice that Table 1 does not show all accepted sequences for F=4; a complete table
would contain up to 125 (= (5) = (5) = (5)) possibilities, since the acceptance range is
[40-44 52-56 40-44]. Suppose that sub-image [39 52 40] is under consideration for
compression by an SMNN, which already contains trained neurons for all 125
possibilities mentioned above. Since the range is [40- 44 52-56 40-44], the sub-image
[39 52 40] is out of range. However, the sub-image would match if we accept a
minimum of 2 hits per 3 pixels. Therefore, if we desired this level of quality, a threshold
t = 0.66 would be suitable. This is the role that the threshold ¢ plays in our approach.



2.2 SMNN Compression Process for a Gray Scale Image

During the compression, for each sub-image processed, the SMNN returns the number
of the neuron that compressed the sub-image. This number must be preserved for each
sub-image processed so that the compressed data can later be expanded to recover the
original image. According to de Souza et al [7] the SMNN requires the definition of two
important elements: (a) the level of tolerance for the matching condition, expressed by
the length of the F interval; and (b) the level of the threshold t. The F interval can be
understood as the SMNN constraint for variation of the pixel’s value. The compression
process starts with the splitting of the image into n sub-images. Then, each sub-image is
compressed.

3 Computer Simulations and Discussion

In order to fill the aforementioned gap in the literature regarding the application of
morphological neural networks to digital image compression, we have conducted an
investigation based on the paradigms presented in the previous section. All experiments
reported in this paper use the Lena picture as the standard image sample. Lena is a well-
known, freely available image that has been used in many studies concerning digital
image processing.
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Figure 2 A gray scale Lena image

3.1 Detailed Results for SMNN-based Compression

Figures 3, 4, 5, 6, and 7 show the results for an SMNN-based compression, chart (A)
presents the data sorted by the value of PSNR, and chart (B) presents the data sorted by
the value of CR. The length of the F interval was varied from 5 to 50 (with an increment
of 5), and the threshold ¢ was varied from 0.50 to 0.90 (with an increment of 0.10).We
also varied the size of the windows; we used 4 x 4, 8 x 8 and 16 x 16 pixels. For each
compression experiment, we recorded the peak signal-to-noise ratio (PSNR) value and
the compression rate (CR).

Figure 3 shows results for 40 compressions of the Lena image with a fixed threshold ¢t
and variations of other parameters. Table 3 lists the highlights from the complete results
shown in Figure 3.
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Figure 3 Results for t = 0.50, length of F from 0 to 50, and windows of sizes 4 x 4, 8 x
8 and 16x16 pixels

Table 3: highlights of the compression results with ¢=0.50.

PSNR Compression Size of
Rate window
19.20 3.97 16
19.91 53.54 4
20.71 48.02 8
34.30 2.63 4
40.63 1.42 8
45.91 1.09 16

The results shown in Table 3 include the highest and lowest PSNR values, as well as
some intermediate values, for compressions with t = 0.50.
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Figure 4: results for t = 0.60, length of F from 0 to 50, and windows of sizes 4 x 4, 8 x
8 and 16x16 pixels

Table 4: highlights of the compression results with £=0.60.

PSNR  Compression Size of
Rate window
22.19 21.08 8
23.06 39.88 4
28.27 3.96 16
32.14 12.23 4
45.83 1.18 8
57.30 1.10 16

The results shown in Table 4 include the highest and lowest PSNR values, as well as



some intermediate values, for compressions with t = 0.60.
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Figure 5: results for t = 0.70, length of F from 0 to 50, and windows of sizes 4 x 4, 8 x
8 and 16x16 pixels
Table 5: highlights of the compression results with t=0.70.

PSNR

22.75
24.15
217.26
35.67
37.03
51.10
71.02

Compression Size of
Rate window
3.96 16
25.23 4
10.19 4
2.75 4
1.77 8
1.07 8
1.01 16

The results highlighted in Table 5 include the highest and lowest PSNR values, as well
as some intermediate values, for compressions with t = 0.70.

110

100

20

80

70

60

50

40

30

20

10

o

—+— Lenght of F
—=—PSNR

Compression Rate

i Size of Window

12 345 6 7 8 9 101112131415 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

110

1234586867 9 101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

A B
Figure 6: results for t = 0.80, length of F from 0 to 50, and windows of sizes 4 x 4, 8 x
8 and 16x16 pixels

Table 6: highlights of the compression results with ¢ = 0.80.

PSNR

25.12
25.21
30.54
47.22
59.36
INF

Compression Size of
Rate window
3.43 16
18.96 4
5.68 4
1.31 4
1.01 8
1.00 16




The results highlighted in Table 6 include the highest and lowest PSNR values, as well
as some intermediate values, for compressions with t = 0.80.

Figure 7: results for t = 0.90, and length of F from 0 to 50, and windows of sizes 4 x 4,
8 x 8 and 16x16 pixels.
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Table 7: highlights of the compression results with ¢ = 0.90.

PSNR Compression Size of

Rate window
26.83 10.46 4
27.92 8.39 4
31.13 4.85 4
38.11 2.33 4
40.05 1.54 8
41.54 1.81 4
67.20 1.01 8
INF 1.00 16

The results highlighted in Table 7 include the highest and lowest PSNR values, as well
as some intermediate values, for compressions with t = 0.90. In Tables 6 and 7, the
PSNR value INF indicates that there is no difference between the compressed image
and the original image, which means that the compression did not introduce any
distortion.

3.2 Ranking of the Results from various ANNs

In this section we present the ranking of the results from various ANNSs for compression
of the grayscale Lena image. In Table 14, the KSOM results were obtained by
Amerijckx and Thissen [2], the BPN, HBPN, and ABPN results were obtained by
Vaddella and Rama [4], the RBF results were obtained by Reddy et al [5], and the
HSOM results were obtained by Barbalho et al [3].

According to Vaddella and Rama [4] an advantage of ANN in image compression
resides in the fact of all existing state-of-the-art image compression technique can be
implemented by extending an ANN structure. Samples of those extensions include
wavelets, fractal and predictive coding. This extensibility leads, for example, to
implementation in dedicated hardware. Actually, various ANN’s results described in this
section rely on different extensions.

Investigation of ANN belonging to the class of back-propagation neural network in
image compression, are detailed in [13] and [14], in both works, the image to be



compressed is reorganized in a pool of subimages, and then the method consists in
compressing and restoring one vector after another. In Table 8 we show results for this
kind of ANN according to [4].

Table 8 BPN results for compression of the Lena image

Dimension of Training PSNR Bit Rate
image fragment Schemes
64 Non-Linear 25.06 0.75
64 Linear 26.17 0.75

The ABPN follows the general structure of adaptive schemes, in which new networks
are included in the group, depending on the complexity of the problem, as investigated
in [13]. In [4] the experimental results for ABPN are shown in Table 9.

Table 9 ABPN results for compression of the Lena image

Dimension of image  Training Schemes PSNR Bit Rate
fragment
64 Activity based 27.73 0.68
Linear
64 Activity and 27.93 0.66
direction

The HBPN extends the basic back-propagation network in order to define a hierarchical
network in which, more hidden layers are inserted in the network structure. This
paradigm is investigated in [14] and results reported in [4] are shown in Table 10.

Table 10 HBPN results for compression of the Lena image

Dimension of image Training PSNR Bit Rate
fragment Schemes
4 Linear 14.40 1
64 Linear 19.75 1
64 Linear 25.67 1

Hierarchical Self-organizing Maps belong to the class of vector quantization (VQ)
techniques, and it extends the structure of canonical SOM networks. The HSOM
network usually consists in a structure in tree-levels. Each node of this network is a
complete Self-organizing Map instance. The first level is trained with the entire image
and the other levels are trained sequentially using the output of the previous level. Table
11 presents results for this network [3].

Table 11 HSOM results for compression of the Lena image

Dimension of image Training PSNR Bit Rate
fragment Schemes
3 Non-Linear 26.53 2.285

A relevant aspect of KSOM, applied in image compression, is related to its capacity of
topology preserving. In [15] a compression technique based on this property is
investigated. In [2] the image is split into blocks, usually with 4x4 or 8x8 pixels, and
then DCT is applied in these blocks in order to reduce its high frequencies. Finally a
KSON network, based on Euclidian distance, compresses the image (based on block’s
DCT). Results from this investigation are shown in Table 12.



Table 12 KSOM results for compression of the Lena image

Dimension of image Training PSNR Bit Rate
fragment Schemes
4 DCT/Non- 25.22 0.32
Linear
4 DCT/Non- 24.00 0.33
Linear

RBF is a class of ANN based on multivariable interpolation and feed forward network
structure. Very often used form of RBF is the Gaussian function

®i = (x) = exp(—x2/202). 4)

Where ¢ is a width. The RBFs are suitable for classification and data interpolation, and
in [5] results for RBF are:

Table 13 RBF results for compression of the Lena image

Dimension of image Training PSNR Bit Rate
fragment Schemes
8 RBF/Non- 38.6 4.00
Linear

Table 14 grouped the best results of Tables 8, 9, 10, 11, 12 and 13, and we also show if
any ANN requires additional complex processing.

Table 14 PSNR results for compression of the Lena image by various types of ANNs

ANN Requires any PSNR Bit rate Compression
(alphabetically)  additional complex (bits/pixel) rate
processing?
ABPN None 27.93 0.660 12.00
BPN None 26.17 0.750 10.66
HBPN None 25.67 1.000 8.00
HSOM Yes (Huffman 26.53 2.285 3.50
compression)
KSOM Yes (DCT with first- 24.07 0.317 25.22
order predictor)
RBF Yes (RGB to 38.60 2.000 4.00
YCbCr/Normalization
[0-1])
SMNN* None 32.14 0.654 12.23

* from Table 4

After considering the results presented in Table 14, we conclude that an SMNN can
produce good performance, achieving a high CR and a suitable PSNR level. We
emphasize that an SMNN does not require any additional complex processing, and the
compression is done using only integers. The best CR using SMNN is 53.54 with 19.91
PSNR, and the best PSNR is 70.02 dB with 1.01 CR. According to Table 14 the best
PSNR for RBF is 38.6 dB with a low CR of 4.0. The lowest CR is 3.5 and produced by
HSOM. If we are looking for compression rates RBF and HSOM could not be the best
approaches. If we are looking for quality, then the RBF and SMNN should be
considered, remembering that the CR of SMNN is far superior to RBF. ABPN, BP and
HBPN not compress with enough quality when achieve their best CR. Therefore,




according to the analysis of data from multiple Tables and in especial the Table 14, the
SMNN appears to be the best choice for image compression among the ANNSs
considered in this investigation. Extending the evaluation of SMNN, we also would like
to highlight that, as can be seen in Tables 3, 4, 5, 6, and 7, the best PSNR results, as well
as good compression rates, were obtained with windows of 4 x 4 pixels. For this reason,
we decided to investigate the interval from 1 to 70 for F, with a fixed threshold t = 0.80
and a window of 4 x 4 pixels. We present some considerations about this investigation
in the next section.

3.2 An Open Issue

There is an open issue regarding the performance of an SMNN: How to deal with
(downsize) the indices for the windows? Most vector quantization (VQ) compression
approaches deal with the problem of managing a large number of pieces resulting from
subdivision of the original image. These pieces commonly called “codewords” are
grouped in a “codebook”. The problem is that we need to know how to rebuild the
compressed image, so we need to keep a mapping between each codeword and the
region of the image we can rebuild with it. For the purposes of comparison, the sub-
images resulting from the splitting of the image are a type of codeword. Since the Lena
image has 512x512 pixels, if we use a window with a size of, say, 2x2 pixels, we would
have 65536 windows to process and maintain a mapping for. This means that 65,536
bytes at least are used for mapping, at least of 25% of compression is wasted, and the
processing time is increased. We have already reported a compression of the Lena
image with a value of CR=163.84 obtained with 2x2 window size; but a simulation of
this compression required about 11 h of processing time. In this particular simulation,
we used a simple variable run-length (VRE) coding strategy in which a long sequence
of the same symbol (where a “long” sequence has a length greater than 3) is replaced by
a shorter sequence while the data related with the 65536 window’s indices is saved to
the disk. Since in our approach, and in the results presented in the previous section, we
did not use any kind of compression in storing the mapping, the performance of an
SMNN could be increased through the application of a technique for reducing the
amount of space required to store the mapping. Hu et al [16] have proposed an
improved image coding schema, in which, to reduce the cost of storing compressed
codes, they use a two-stage lossless coding approach based on linear prediction and
Huffman coding. Accordingly, we have decide to investigate the impact of Huffman’s
coding on the CR for a window with a size of 4x4 pixels, a fixed threshold t = 0.80, and
F with a length from 1 to 70. The results of our investigation are presented in Figure 8.
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Figure 8: results for t = 0.80, length of F from 1 to 70 and window of 4x4 pixels size.



By using Huffman’s coding, we can compress the map of windows, and we can achieve
a highest compression rate of CR = 195.542 with PSNR = 22.971, and a lowest
compression rate of CR = 5.734 with PSNR = 56.482. As can be seen from Figure 8,
there are many other intermediate values suitable for practical use. Figure 9 shows three
examples of reconstructed images, after compression by the proposed method.
Regardless of the outstanding improvement in CR which was proportionate by
Huffman’s coding applied to window’s indices, we still looking for a solution less
computational complex than this, in order to keep the SMNN as simple as it could be.

In figure 9 (B) we can see that we can maintain image quality even with a low bit rate
(0.27).

PSNR=056.48 CR=005.73 WS=04x04 NMC T=0.80 F=022.00 PSNR=031.22 CR=029.34 WS=04x04

g & & 8 &8 B 8 3 23 @
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(A)PSNR=56.48CR=5.73 (B) PSNR = 31.22 CR = (C) PSNR = 2297 CR
29.34 =195.54
Figure 9: examples of the Lena picture compressed by an SMNN.

All compression rate estimations were obtained in accordance with the following
equation, in which s; denotes the original image size, in bytes, supplied as input to the
SMNN, and s, denotes the size, in bytes, of the resulting compressed data:

51 5)
S2

The following equation defines the PSNR estimation, the calculation of PSNR for
SMNN results refers to the original image, and the decompressed image after SMNN
compression, and the results for other ANN models were obtained from published
works as indicated.

Cre

PSNR = 10.1 —MAXIZ
S == 0 Oglo MSE (6)

4 Conclusion

The ranking presented in this paper gives us proof that ANNs applied to image
compression can produce high compression rates and suitable PSNR levels. We
observed that simple ANNSs are able to produce outstanding results; in our opinion, this
indicates that it is not very necessary to combine ANNs with complex approach, in
order to achieve god results. We investigated a supervised morphological neural
network, and we gave detailed results for this network, which prove that it is practical
for image compression. We conclude that a canonical SMNN can produce high CR and
a suitable PSNR level. If we combine SMNN and Huffman’s coding, we can achieve
compression rate of CR = 195.542 with PSNR = 22.971 which are outstanding results.
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