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Abstract

We have been developing edge relaxation and binary
image enhancement systems using parameters derived  from
an ensemble of training images [25, 22, 23, 26, 27]. We
tabulate the frequencies of local structures in the training
ensemble and reconstruct noisy images so that they best
match the local characteristics of the set of training images.
This paper investigates how many such training images are
required to generate a useful and consistent set of local
neighborhood probabilities.

1 Introduction

We have been developing edge relaxation and binary im-
age enhancement systems using parameters derived from
an ensemble of training images and ground truth images
[25, 22, 23, 26, 27]. Our scheme is based on Markov ran-
dom fields, but also allows for arbitrary, correlated noise in
the images. We tabulate the frequencies of local structures
in the training ensemble (pairs from the noisy and ground
truth images) and reconstruct noisy images so that they best
match the local characteristics of the set of training images.
See figure 1.

The distributions resulting from sampling, even from
many images, are sparse (improbable configurations often
do not occur in the sample) and inaccurate for improbable
configurations, so we use a technique developed by Han-
cock and Kittler [13] to “smooth” the distribution. We have
previously shown that their technique improves binary im-
age reconstructions [27].

This paper investigates how many pairs of training im-
ages are required to generate a useful and consistent set of
local neighborhood probabilities.

2 Background

This approach of using local neighborhood character-
istics is essentially that of Markov random fields (MRF),
originally developed and applied to image domains by J.
Besag and D. and S. Geman [2, 3, 10]. Many researchers
have followed up on this research, and have developed
various techniques for “solving” images when the local
neighborhood characteristics are specified as an MRF, for
example [14, 15,9, 11, 30, 1, 18, 21, 20, 28, 8, 4, 17, 5, 29].
However, not much attention has been paid to the methods
of deriving the probability density functions of the MRFs.
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Figure 1: Example of a double neighborhood probabil-
ity. The uncorrupted image is shown above, and the noisy,
corrupted image is shown below. Enlarged is one neighbor-
hood pair. The existence of this particular neighborhood
pair would be recorded in the probability density function
in position 010010100010011100, (reading the corrupted
image as the high bits) which is decimal 75932.
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Gray, Kay and Titterington [12] follows up on work by
Derin and Elliott [6] on the estimation of MRF parameters
using a method called the “logit” method, and a “histogram
count”, which is very similar to the sampling ideas of our
technique. However, their methods do not make use of sets
of training images and place many more restrictions on the
form of the MRF than we do.

Lakshmanan and Derin [17] and Manjunath and Chel-
lappa [19] also try to estimate the MRF parameters from
a single image, but they use either a simulated annealing
or nearest neighbor approach to do so. They also do not
employ a training set of images, and also restrict the form
of the local neighborhood interactions.

Kim and Yang [16] use the error backpropagation tech-
nique from neural networks to estimate the MRF parame-
ters.
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Figure 2: Sample runs of single field case with Optimal HK.
Training no HK HK=.010 HK=.036 HK=.050

setsize || Mean | Stddev || Mean | Stddev || Mean | Stddev || Mean | Stddev

2 11350347 B08T [[272.64 | 358.58 || I31.70 | 3533 || 14995 | 14,
4 |1 282.63 | 65.94 || 243.58 | 52.80 || 134.52 | 26.66 || 148.81 14.84
8 || 22837 | 4999 || 24122 | 5599 || 13340 | 26.17 || 14893 | 14.82
16 || 214.19 | 4585 || 238.32 | 52.18 || 123.99 | 17.57 || 148.83 14.85
32 11200.83 | 42.32 |1 242.83 | 51.68 || 124.03 | 17.59 || 14890 | 14.82
64 || 196.80 | 41.11 || 241.23 | 53.15 || 124.11 17.62 || 148.85 | 14.78
128 |1 19325 | 4228 || 243.72 | 53.11 || 123.94 | 17.59 || 148.79 14.82
256 || 194.89 | 40.71 || 240.66 | 52.93 || 124.07 | 17.59 || 148.84 14.80

Table 1: Numerical results of the single field study using the bits of error as the metric. Each row contains the results
generated with a set training pairs of one size, but the results are the average over 4 different sets of training pairs of that
size. All reconstructions were performed on the same set of 128 test images.

Training no HK HK=.006 HK=.010 HK=.025 HK=.050
setsize || Mean [ Stddev || Mean [ Stddev || Mean | Stddev || Mean | Stddev || Mean | Stddev

2 1276.16 | 66.83 [ 25291 [ 67.74 || 253.88 | 66.02 || 25258 | 67.60 253.04 [ 68.64

4 1127228 | 74.84 || 247.99 | 64.16 || 244.48 | 66.55 || 243.90 | 67.35 || 241 A7 | 64.12

8 || 26548 | 66.45 || 241.57 | 66.85 || 244.07 | 65.13 || 24096 | 65.87 241.19 | 67.50
16 || 271.57 | 67.43 || 24244 | 66.63 || 236.16 | 67.58 || 241.50 | 66.98 24346 | 68.53
32 || 266.98 | 68.50 || 240.20 | 66.56 || 242.04 | 65.29 || 240.09 | 66.47 235.72 | 67.00
64 || 274.31 | 70.17 || 24346 | 6331 || 24024 | 66.81 || 237.85 | 65.47 236.20 | 63.26
128 || 272.10 | 68.76 || 244.65 | 69.12 || 240.54 | 69.24 || 238.78 | 64.28 235.06 | 65.75
256 || 275.34 | 71.50 || 242.08 | 70.41 || 240.01 | 65.51 || 235.60 | 63.61 232.89 | 64.30

Table 2: Numerical results of the double field study using the bits of error as the metric. Each row contains the results
generated with a set training pairs of one size, but the results are the average over 4 different sets of training pairs of that
size. All reconstructions were performed on a random set of 256 test images.
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3 Algorithm

We are doing binary image reconstruction using MRF
methods. We use a method very similar to Besag’s ICM
method [3] to solve our fields.

In the single field case, we store the marginal proba-
bilities of each of the 3 x 3 neighborhoods, and iterate
through the image, changing the center pixel of neighbor-
hoods as random positions, based on whether the changed
or unchanged neighborhood is more probable to occur.

In the double field case, we use the same method, except
that now we keep a set of 512 marginal probability distri-
butions, one for each of the 512 existing neighborhoods.
Thus, at each stage, we decide whether to change a pixel,
based on the distributionassociated with the particular 3 x 3
neighborhood in the noisy image at the pixel.

4 Results

We have performed two main sets of tests: in [24] with
regular (“single field”) MRFs (which are summarized be-
low) and in this paper with our double neighborhood MRFs
(“double field”).

4.1 Single field MRFs

Our test data generator for the single field study creates
64 x 64 binary images with 50 randomly placed, overlap-
ping ellipses and randomly rotated rectangles all of random
size. Our training set contains 2048 such images; our test
set contains 16 such images, but with 6% of their bits ran-
domly flipped.

In order to gauge the performance of our method we
used the metric of the number of bits that differ between
the reconstructed image and the true image.

Table 1 shows the numerical results we achieved. The
amount of training data required can be summarized as
follows: For no HK, there is no statistically significant im-
provement after 32 images. For the case of HK = 0.010,
there is no statistically significant improvement after 4 im-
ages. For the case of HK = 0.050 it does not matter how
many training images were used.

For the most interesting case, when HK is optimal at

0.036, we find that there is no statistically significant im-
provement after 16 training images were used. Figure 2
shows some sample runs of this case, and figure 3 shows
the plot of the results with 99% confidence interval error
bars.

42 Double neighborhood MRFs

Our test data generator for the double field study creates
pairs of gray scale images together with the corresponding
ground truth edge images. Each pair consists of randomly
placed, randomly sized, circles of random solid color, and
an edge map representing those pixels through which an
edge passes. Some examples of these images are shown
in figure 4. Our training set contains 2048 such pairs of
gray scale images. For our test set we generated random
pairs of images, as they were needed during the test runs.
Each image was corrupted with additive Gaussian noise
of standard deviation 16 and then corrupted with JPEG
compression down to 1.5 bits per pixel (bpp). We then
ran a thresholded, thinned Sobel [7] edge detector on the
set of doubly corrupted images. We trained the double
neighborhood MRF on the pairs of true edge images and
edge images of the corrupted images. An example image
can be found in figure 5.
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Figure 3: Single field results using optimum Hancock-
Kittler noiselevel. The 99% confidence intervals of the
means are plotted.

Figure 4: Some instances of generated gray scale random
images.

An ICM [3] algorithm was applied to the test set at a va-
riety of Hancock-Kittler smoothing levels. Figure 6 shows
the results with HK=0.010 using distributions sampled from
training sets of 3 different sizes.

In order to gauge the performance of our method we
used the metric of the number of bits that differ between
the reconstructed image and the true image.

Using this measure, we previously found that our tech-
nique of reconstruction shows an improvement over the
thinned Sobel [22, 26]. Those results were generated by
training on an ensemble of 128 images of size 64 x 64.

Table 2 shows the numerical results we achieved. For
double fields, the amount of training data required can
be summarized as follows: For no HK and HK = 0.06,
there is no statistically significant difference regardless of
the number of training images used. For the cases where
HK =0.010-0.050 there are no pairwise significant differ-
ences, however there is a statistically significant difference
between the very low and very high number of sampled
images. The HK = 0.050 results are displayed in figure 7.
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Figure 5: Noisy images. From left to right: a noiseless image; an image with standard deviation 16 G.aussian noise added

and then compressed using JPEG to 1.5 bpp; the true edge in this image
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Figure 6: Sample run of double field case. Showing, in left to right order: the true edge image; the thinned Sobel; the
reconstruction based on training on 2 images; on 4 images and on 256 images.

5 Conclusions [6]
We have investigated how much training data is required

to form a useful distribution for the reconstruction of images

using our double neighborhood MRF method. Surprisingly

we have found that only a few images are needed to obtain

results as good as those which used as many as 256 training

images. (7]
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