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Abstract

We present a simple and ef£cient scheme for protecting a region of interest (ROI)
in an image sent across lossy communication networks. To increase the probabil-
ity that the ROI is received with high quality, we extend the unequal loss protection
framework of MD-SPIHT [1] by adding more redundancy to the ROI than to other
parts of the image. The ROI is therefore heavily protected at the expense of lower
protection in the background. In addition, the ROI is coded to a higher bit rate than
the rest of the image. This method can be used for packet erasure networks or in the
generalized multiple description coding framework.

1 Introduction

Regions of interest (ROIs) are spatial areas in an image that are more important to the end
user than other areas. For example, small regions of medical images may be suf£cient for
diagnostic purposes. Targets can be identi£ed and tracked using only small sections of
surveillance images. In database browsing, an ROI can be used to recognize and screen out
an image.

Due to increased demand for ROI coding, the emerging image and video compression
standards, such as JPEG-2000, MPEG-4, and MPEG-7 require object-oriented coding and
motion estimation. Most ROI research concentrates on designing methods for coding the
ROI separately from the rest of the image [2]; at a higher spatial resolution such as in
foveated image compression [3]; or at a higher bit rate [4, 5, 6, 7, 8, 9] than the rest of the
image. With the recent popularity of zerotree based coding, some of these methods have
been extended to the Embedded Zerotree Wavelet (EZW) [10] and the Set Partitioning in
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Figure 1: Example of tree selection and their coding rates in one description.

Hierarchical Trees (SPIHT) [11] compression algorithms. However, none of the current
ROI coding methods addresses protection of the ROI in the presence of data loss. Rogers
and Cosman [5] implement two ROI coding schemes in their Packetized Zerotree Wavelet
(PZW) coding method, but they do not provide more loss protection for the ROI than for
any other part of the image. In this paper, we propose a scheme for sending compressed
images with regions of interest across lossy communication networks such that if data loss
occurs, the ROI is received with high quality.

Most of the networks used today are based on an exchange of packets of data. When
congestion occurs because of data moving from a higher to lower capacity link, the net-
work is often forced to erase some of the packets. If retransmitting packets is not desir-
able, the decoder must recover meaningful information from the received packets alone.
Such packet erasure networks are related to generalized multiple description (MD) coding
schemes where the encoder produces multiple descriptions of the source data, each exactly
£lling one packet [12]. Recently, the generalized MD framework has received considerable
attention and many new algorithms have been proposed [12, 13, 14, 15, 1].

We concentrate on networks that do not provide preferential treatment to packets and
instead erase them randomly. Usually, however, data that we transmit vary in importance.
If the network is unable to transmit all of the data, then we would like the discarded packets
to affect the least important data more than the most important data. In [1] we presented an
algorithm for using SPIHT in a generalized multiple description framework (MD-SPIHT).
To combat description loss, redundancy is added to the original data during the compression
process. Unequal loss protection is implemented by varying the amount of redundancy with
the importance of data.

In this work, we extend MD-SPIHT to the protection of ROIs. If severe data loss
occurs, a high quality ROI can still be reconstructed. The next section describes the MD-
SPIHT algorithm originally proposed in [1]. Its extension to ROI coding and protection
is introduced in Section 3. Section 4 presents results. Finally, Section 5 contains future
research directions and conclusions.

2 Multiple Description SPIHT

Our MD-SPIHT algorithm [1] adds controlled amounts of redundancy to the original data
during the compression process. We use SPIHT because it allows for easy determination of
the data importance for the overall quality of an image. By progressively ordering the data,
SPIHT sends the globally most relevant information £rst. To protect data that are more
important to the overall image quality more heavily than less important data, MD-SPIHT
adds more redundancy to the earlier parts of the bit stream than to the later parts.
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Figure 2: Coding example: four original trees (1-4) are sent in four descriptions (D1-D4)
with two sets of redundant trees. If two descriptions are lost (D2 and D3), the second and
third trees are partially recovered from their copies in the received descriptions.

To increase the resilience of SPIHT to data loss, we £rst modify it in a manner similar
to PZW [5]. Spatially dispersed wavelet coef£cient trees are grouped together, coded with
the SPIHT algorithm, and transmitted as one description. We use arithmetic coding within
each description and code each description to the same bit rate.

We add redundancy to the image data before it is compressed. This redundancy simply
consists of repeated wavelet coef£cient trees. Each description has one set of fully coded
original trees and multiple sets of partially coded redundant trees. Trees in any one descrip-
tion correspond to different spatial locations in the image. Each set of redundant trees is
coded to a successively lower bit rate (see Fig. 1). Because coding a tree to a lower bit rate
corresponds to sending only the most important data, the more important parts of each tree
are sent in more descriptions than the less important parts. In this way, we vary the amount
of redundancy according to the importance of data to the overall image quality.

Information about one tree is located in many different descriptions. As shown in the
coding example in Fig. 2, if some descriptions are erased, the most important parts of the
original trees in those descriptions will be recovered because their copies at lower bit rates
will be present in the other descriptions that are received.

To optimize the amounts of redundancy assigned to each wavelet coef£cient tree, we
use an allocation algorithm based on rate-distortion trade-offs. It minimizes the expected
distortion of the received data subject to a description loss model. We assume that the
network behavior can be modeled by an estimator that outputs a probability mass func-
tion indicating the likelihood that a particular number of descriptions is lost. We use the
extended BFOS algorithm [16], which allocates bits among various tree copies such that
all allocations lie on the lower convex hull of the rate-distortion curve. See [1] for more
details.

3 Multiple Description SPIHT with ROI Coding

In this work we extend MD-SPIHT to code images with regions of interest. Our goal is to
protect ROIs more than other parts of the image so that if data loss occurs, a high quality

UWEETR-2002-0007 3
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Figure 3: Coding Example: Six original trees (1-6) are sent in six descriptions (D1-D6).
Two of the original trees (4 and 5) contain ROI coef£cients. (a) All trees are allocated two
levels of redundancy. If only descriptions D2 and D3 are received, the ROI trees can not
be recovered. (b) The second level of redundancy is allocated exclusively to ROI trees. If
only descriptions D2 and D3 are received, both ROI trees are partially recovered from their
redundant copies in the received descriptions.

UWEETR-2002-0007 4



ROI can still be reconstructed. For this reason, we increase the amount of redundancy
allocated to the ROI. Redundant trees corresponding to the ROI are copied more often
and are assigned higher bit rates than the non-ROI redundant trees. As a result, the ROI
trees have higher probability of being received because they are present in many more
descriptions than the non-ROI trees.

A simple coding example illustrating our approach is shown in Fig. 3. A total of 6 trees
are sent in 6 descriptions. Two of these trees (4 and 5) belong to an ROI and are shown in
black. The non-ROI trees are shown in light gray. In the £rst case (Fig. 3(a)), two levels
of redundancy are allocated to all trees as is done in the original MD-SPIHT algorithm.
As a result, when 4 descriptions are lost, the ROI trees may be unrecoverable. In the next
case (Fig. 3(b)), corresponding to the proposed algorithm, the second level of redundancy
is allocated only to the ROI trees. If 4 descriptions are again lost, the two ROI trees are
recovered.

Similar to other ROI coding methods, we code the ROI to a higher bit rate than the rest
of the image. Using the schemes proposed by Shapiro [6], Rogers and Cosman [5], and
Atsumi and Farvardin [4], the wavelet coef£cients corresponding to the ROI are scaled by a
large factor. As a result, these coef£cients are coded much earlier than the rest of the image
in the SPIHT algorithm. This method requires sending the ROI position and the scaling
factor as a side information. The value of the scaling factor corresponds to the level of ROI
prioritization over the rest of the image.

The original SPIHT algorithm orders the data progressively and sends the globally im-
portant information £rst. By adding more redundancy to the earlier parts of the bit stream
than to the later parts, MD-SPIHT in [1] protects data that are globally important to the
image quality more than less important data. In this work, scaling the ROI causes it to be
coded in the earlier parts of the bit stream. This way, locally important information is sent
£rst. Again MD-SPIHT adds more redundancy to the earlier parts of the bit stream but this
time it results in assigning more redundancy to the localized ROI than to the background.
Therefore, the ROI has higher probability of being received intact and its quality will be
higher than the quality of the background, which is consistent with the existing ROI coding
methods.

4 Results

As in [4], we demonstrate our results on a 512 × 512 gray scale image of a little girl where
the girl’s face is an 80 × 80 region of interest. We use a 5-level DWT decomposition
to obtain a total of 64 wavelet coef£cient trees. As seen in Fig. 4, there are 9 wavelet
coef£cient trees that correspond to the ROI. We set the number of descriptions to 8 and the
total bit rate to 1.0 bpp.

First, we investigate the trade-off between the quality of the ROI and the background
for different ROI scaling factors. As Fig. 5 shows, for every 5 dB increase in ROI quality,
the overall image PSNR drops only by about 0.5 dB. Therefore, for this image, we can
achieve a signi£cant improvement in the ROI quality with only a slight degradation of the
background. For the presentation of our results, we choose ROI scaling factors of 16 and
1, corresponding to medium and no prioritization of the ROI.

Following [1], we add 35% redundancy for the case of the ROI scaled by 16. Fig. 6
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Figure 4: The original little girl image with
the region of interest and location of the 64
wavelet coef£cient trees.
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Figure 5: PSNR results for the ROI and the
whole image for different ROI scaling fac-
tors and the image in Fig. 4.

shows the quality of the little girl image as 1, 2, 3, and 4 out of 8 descriptions are received.
Note that the ROI is the £rst section of the image to appear.

A further justi£cation of our method can be seen in Fig. 7. We show 4 cases in which
5 out of 8 descriptions are received. For no ROI scaling and 0% redundancy, the ROI is
still not fully received (Fig. 7(a)). Scaling the ROI without adding any redundancy causes
the received parts of the ROI to be of higher quality than in the previous case, but its
missing sections render the ROI almost unusable (Fig. 7(b)). With no ROI scaling, the 35%
redundancy is spread to all parts of the image. The ROI is visible but its quality is low
(Fig. 7(c)). Finally, the ROI is scaled and redundancy is added. Because of the scaling,
the redundancy is highly concentrated in the ROI area. Therefore, the ROI is fully received
and of high quality (Fig. 7(d)).

Fig. 8 plots the PSNR in the ROI for the four scenarios described here. If all 8 descrip-
tions are received, the ROI will be best for the case of ROI scaling and 0% redundancy, as
expected. However, if any descriptions are lost, the ROI will have the highest quality when
it is scaled and redundancy is added.

As can be seen in Fig. 9, most of the 35% redundancy allocated to the image when the
ROI is scaled by 16 is concentrated in the ROI area. The concentration of redundancy in
the ROI ensures that it will be received even when high loss occurs. When the ROI is not
scaled, the redundancy is spread evenly throughout the image. Note that even within the
ROI, the redundancy is allocated unequally; the upper three trees, which contain the lowest
number of ROI wavelet coef£cients, are assigned less redundancy than the other six ROI
trees.

UWEETR-2002-0007 6



(a) Image: 20.93 dB, ROI: 28.25 dB (b) Image: 24.38 dB, ROI: 34.79 dB

(c) Image: 26.36 dB, ROI: 38.54 dB (d) Image: 27.57 dB, ROI: 40.47 dB

Figure 6: Image and ROI quality at 35% redundancy, 1.0 bpp total bit rate, and ROI scaling
factor of 16. Images show 1, 2, 3, and 4 descriptions received out of 8.

5 Conclusions and Future Work

We have shown a simple and effective algorithm for protecting regions of interest from data
loss. Varied amounts of redundancy are added to packetized SPIHT in the generalized mul-
tiple description framework. To increase the probability that the ROI is received, most of
the redundancy is concentrated in the region of interest. The ROI is therefore heavily pro-
tected at the expense of lower protection in other areas of the image. The results presented
show that high ROI quality is achieved even when only a few descriptions are received.

Future work will focus on incorporating the results of Goyal et al. [17] on quantization
effects in overcomplete frame expansions. When multiple wavelet coef£cient trees from
the same spatial location are received, MD-SPIHT uses only the tree with the highest bit
rate for image reconstruction. When using an appropriate frame expansion and consistent
reconstruction techniques [17, 14], the additional trees will contribute useful information

UWEETR-2002-0007 7



(a) Image: 20.89 dB, ROI: 23.49 dB (b) Image: 20.90 dB, ROI: 21.27 dB

(c) Image: 34.14 dB, ROI: 35.06 dB (d) Image: 30.18 dB, ROI: 42.67 dB

Figure 7: Image and ROI quality for 5 out of 8 descriptions received. The total bit rate is
1.0 bpp. (a) ROI scaling factor: 1, redundancy: 0%, (b) ROI scaling factor: 16, redundancy:
0%, (c) ROI scaling factor: 1, redundancy: 35%, (d) ROI scaling factor: 16, redundancy:
35%.

and improve the PSNR when many descriptions are received.
The ROI protection scheme proposed here is not limited to a single ROI per image. In

fact, multiple ROIs can be created in one image and assigned different levels of importance.
When redundancy is added, it will be concentrated in these regions in an unequal manner.

Finally, the ROI protection algorithm shown here can be extended beyond MD-SPIHT.
The basic principles of this method can be used for protecting ROIs in images transmitted
through any lossy packet network and in any generalized MD framework.
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Figure 8: PSNR curves for (a) ROI and (b) image quality for 5 out of 8 descriptions re-
ceived.
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Figure 9: Redundancy allocation throughout the little girl image for the case of (a) the ROI
scaled by 16 and (b) no scaling.
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