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Image Quality Evaluation Based on Recognition
Times for Fast Image Browsing Applications

Dirck Schilling and Pamela C. Cosmadenior Member, IEEE

Abstract—Mean squared error (mse) and peak signal-to- image can be displayed to the viewer. With a progressive
noise-ratio (PSNR) are the most common methods for measuring image compression algorithm, however, the encoder transmits
the quality of compressed images, despite the fact that their wq pits in an order which allows the decoder to reconstruct

inadequacies have long been recognized. Quality for compressedth . ith i . lit bit . In th
still images is sometimes evaluated using human observers € Image with increasing quality as more bits arrive. In the

who provide subjective ratings of the images. Both SNR and Past, this progressivity was a property that one paid for dearly,
subjective quality judgments, however, may be inappropriate as the total encoded bit stream would require a substantially
for evaluating progressive compression methods which are to be |arger number of bits in order to allow initial portions of the
used for fast browsing applications. In this paper, we present gyeam to be decodable. Such is the case, for example, with the

a novel experimental and statistical framework for comparing - . :
progressive coders. The comparisons use response time studie®'09reSSIVe and hierarchical modes of the JPEG standard (the

in which human observers view a series of progressive trans- hierarChi(_33| mode can be useq to proyide prOQFQSSiVitV) [1]_-
missions, and respond to questions about the images as theyProgressive compression algorithms enjoyed a renaissance with

become recognizable. We describe the framework and use it to the advent of the wavelet zerotree coders (embedded zerotree
compare several well-known algorithms [JPEG, set partitioning wavelet (EZW) coding due to Shapiro [2] and set partitioning

in hierarchical trees (SPIHT), and embedded zerotree wavelet . . . : ;
(EZW)], and to show that a multiresolution decoding is recognized M hierarchical trees (SPIHT) due to Said and Pearlman [3]) in

faster than a single large-scale decoding. Our experiments also Which the progressivity came with little penalty in the overall
show that, for the particular algorithms used, at the same PSNR, distortion-rate performance. Fig. 1 shows an example of the

global blurriness slows down recognition more than do localized progressively improving image quality provided by SPIHT as
“splotch” artifacts. the bit stream is decoded.
_ Index Terms—Human image recognition, image quality evalua-  Wijth many different progressive compression algorithms
tion, multlr_esolutlon coding, progressive image coding, wavelet ze- from which to choose, application designers are in need of ap-
fotree coding. propriate methods for evaluating the comparative performance
of various coders. The use of peak signal-to-noise (PSNR)
|. INTRODUCTION as a performance criterion is problematic. In many cases, it

T HE number of images available on the World Wide WeBaiIs to accurately reflect the subtleties of human perception.

(WWW) continues to grow, and users are often frustratéﬂ addition, for several types of algorithms, including those

by the length of time required to download an image. Fag{ﬂ'th spatially scalable decoders, PSNR might not even be
there are applications for which it is not

browsing of image databases is of increasing importance ir?%mputab_le.dFinallly, he decoded | hat i ;
number of application areas, including stock photo agenciélgfa perceived quality of the ecoded image t”at Is of primary
ortance, but rather the basic recognizability of objects in

geographical information systems, medical databases, | image

enforcement, and real estate. Often, the image obtained is
the one the user wanted. If the image arriving is recognized” NUMber of methods have been used to evaluate the per-

as being of no interest, the user can save time by aborting fPtua! distortion caused by lossy compression. One class of
transmission and jumping to the next item. It is important thgt€thods employs models of human psychovisual response de-

the user be able to identify the contents of an image early in ¥§/0P€d by testing specific visual effects [4]-{7]. These models
transmission. can explain a number of effects such as contrast and orientation

With many compression algorithms, the entire compressBiSking, but are not yet general enough to predict human un-
bit stream must arrive and be decoded before the decompresd@gtanding of complex real-world images. Other methods rely
on subjective opinions, where subjects are asked, for example,
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Fig. 1. Example image progression for SPIHT: (a) 0.01 bpp; (b) 0.05 bpp; and (c) 0.10 bpp.

their clinical use by radiologists. In [16], compressed video clips [I. EVALUATION FRAMEWORK
of American Sign Language were compared by deaf subjects for
intelligibility. This section describes our experimental and statistical frame-

In our study of recognition times for progressive compressid¥ork for simulating fast browsing tasks and comparing any two
algorithms, we analyze the correctness of the answers as iéfgressive compression algorithms.
as the response times. In the first evaluation experiment, comA collection of images is selected for which a multiple choice
paring JPEG, EZW, and SPIHT, we show that this approach cawestion can be asked. We have primarily used questions with
provide a reliable comparison between progressive algorithiigary answers, for example, “Do you see males or females in
[17]. We then apply our evaluation methodology in a second efhe image?” We also used some artificial images showing a low-
periment to demonstrate that images are recognized faster wRegase letter set against a textured background and asked a mul-
displayed by a multiresolution decoder than by a decoder thgle-choice question: “What letter do you see in the image?”
presents images at a single, full-size resolution [18]. In a thifhe images are chosen such that the question can be reliably
experiment, we compare SPIHT with the packetized zerotragswered when the image is shown at full quality. Several such
wavelet (PZW) coder [19], [20] under lossy channel conditiongnage collections, each with its own associated question, are
and show for these algorithms that, ata given PSNR, global blgembined into an experiment collection. Each image is com-
riness slows recognition more than do localized blurring artiressed both by algorithmd and by algorithmB. The method
facts. for displaying the images to observers varies slightly depending

Two factors contribute to the performance of a compression the specific experiment. In the method used for our first eval-
algorithm as measured by our experiments: the efficiency witigtion, each observer views every image, half in each of two
which the algorithm compresses a given item of informatiojewing sessions. For each observer, one compressed version of
and the psychophysical advantage or disadvantage conferre¢agh image is randomly assigned to the first viewing session,
displaying that information in a given form. An algorithm fo-and the other version is assigned to the second viewing session.
cusing on the first factor seeks to present the same visual pfés, no observer sees the same image twice on the same day.
gression as its competitor, but at a lower bit rate. An algorithihe images within a given session are presented in a different
focusing on the second factor might draw upon studies of th@hdom order to each observer. The two sessions are seen one
human visual system [21]-[23] to prioritize certain spatial freveek (or more) apart to minimize inter-session learning effects.
quencies over others, in an effort to provide a more recognizaliethe method used for our second and third evaluations, an ob-
image at a given bit rate. Our experiments measure the ovefslfver participates in a single viewing session. Each observer
comparative performance of algorithms, but do not attempt $€€s a given image only once. The images compressed by each
identify the contribution of specific psychophysical effects inalgorithm are randomly assigned to observers, under certain re-
volved in recognition. strictions, such that both algorithms are viewed an equal number

This paper is organized as follows. In Section Il, we discugs times in the aggregate of all observers.
the experimental setup and statistical analysis for these responde our experiments, the observers were untrained persons
time studies. In Section Il we present the results of comparimyer age 18 drawn from the general university population.
JPEG, EZW, and SPIHT (Experiments 1a and 1b). In Section [Vhey signed informed consent forms, and were paid for their
we describe a spatially scalable version of the SPIHT coder, avticipation. The only requirement was that they have normal
well as our experimental evaluation of its usefulness for fagt corrected-to-normal vision.
recognition (Experiments 2a and 2b). Section V discusses théThe images selected for our experiments varied in com-
evaluation of algorithms under lossy channel conditions (Epiexity, quality, composition and size, and placement of the
periment 3), and we present our conclusions in Section VI. object or feature to be recognized. The image sizes varied for
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some of the experiments, as described in each experimeriis constraints of the total memory usage, this provided greater
discussion. The variation in image size and content is intendexsolution in bit rate at the very low bit rates, and coarser reso-
to represent to a reasonable degree the variation to be expett&dn at the higher rates where fewer response occurred, while
in the fast browsing applications addressed by our methagtil allowing the progression to continue to a sufficiently high
ology. All images used in our experiments are 8-bit greyscalimal quality if needed. The display rate for this and all later ex-
While we expect the evaluation methodology to be applicabperiments was 2 frames/s.

to color images as well, several of the compression algorithms

tested were available only in greyscale versions, and for this statistical Analysis

reason color was excluded. Color can provide important cues ] ) .
for recognition, and would be useful to include in future 1he algorithms are compared both on the basis of the bit rate

recognition studies. at which observers answer the posed question for each algo-

All of our experiments were carried out at the same workstd{m and on the frequency of error in the answer. We describe
tion under indirect fluorescent lighting typical of an office envilere the statistical methods used in our first evaluation. The
ronment. Observers were allowed to position themselves coR@Me general approach was used in the later evaluations, with
fortably with respect to the viewing monitor; the typical viewing?®Me differences which are discussed in the corresponding sec-
distance was about 20 in. Observers in real-life applications efns- Denote the bit rate at which observanswers a question
ploy a variety of conscious and unconscious strategies for imed§g image; compressed by algorithzd asr.4;; and the corre-
recognition, and it was our intent to create as natural a simufROnding bit rate for algorithn? asrp;;, and lett = 1,..., I
tion of a fast-browsing application as possible. andj =1,. s J beindexes forobseryers and images. For com-

For each image to be viewed, the corresponding questiorPRing algorithmsi and 3, we would like to know mean values
first displayed on the screen. After reading it, the observer hitg @nd7s, and whether any difference in these values should
a key to begin the progressive display. While watching the pr@-e deemed statistically significant. Examln_at|on of probability
gressive display, as soon as the observer is reasonably confidpis Of the data showed that they approximate the lognormal
that she can correctly answer the question, she hits a key to [d#tribution, which suggests thaf andr 3 be geometric means
the progression. The image disappears from the screen, and@é that normal theory statistical methods (such as ANOVA)
enters the answer and goes on to the nextimage. The time an@git/Sed to analyze the log-transformed valggr 4,;) and
rate required for each response are recorded, as well as whelfigl 5i;)- Three analyses are carried out: one uses the bit rates
the correct answer was given. Observers are instructed noi'®n @lgorithmA, one uses the bit rates from algorittf and
rush, but to answer the question as soon as they are reason@BfyyUSes their ratios, i.es; = rai;/7sij. _
sure of the answer. We can expect an overall shift of the responsa hese analyses are carried out by fitting the data to the mixed
times to larger or smaller values depending on how this issue€fects linear model [25]

“reasonably sure” is expressed to the observer. For a medical

diagnostic task, the observer could be told that correctness is of

the utmost importance, and the observers would tend to wait far- Y=Xa+ZB+e

ther into the progression to answer. In some other application,

some incorrect decisions may matter little, and the respondmsthis model, Y is an ¥V x 1 vector containing either
would be faster. However the question is worded, consistenlog(r 1:;),log(rgi;), or log(s;;), whereN = I.J is the total
throughout the experiment should ensure a fair comparisonmfmber of observations( is the design matrix for fixed effects
algorithms within a particular bit rate regime. and in this case is just a' x 1 vector of ones withx(1 x 1)

The progressive transmissions are simulated by displayibging the mean of . Note thatexp(«) is the geometric mean
image frames at selected bit rates in sequence. For each imaf#e bit rate or ratioZ is the design matrix for random effects
the elapsed time when a given bit rate (in bits per pixel) is dignd can be partitioned & = (Z | Z,), where Z;(N x I)
played for algorithmA is the same as that for algorith@. contains a one in columi for each row involving observer
For Experiment 1a, comparing JPEG with SPIHT, frames weieand zeroes elsewhere, and wheéfg{N x J) contains a
spaced 0.02 bits per pixel (bpp) apart in bit rate and displayedoste in column; for every row involving imagej and zeroes
arate of 1.33 frames/s. As we will discuss later in this paper, tlétsewhere. Thd.J x 1 vector of random effects can be par-
relatively slow speed helped to ensure that image recognitititioned asg = (8{|3;)" and it is assumed that the random
time, rather than underlying human reaction time, was beieffects are independently distributed/as ~ N(0,52,.) and
measured [24]. Since both the time and the bit rate spacing/fi ~ N(0,07,,,). Finally, (N x 1) is the residual vector for
frames were constant, an analogy could be made with the trawdich it is assumed that; ~ N (0, 02.,).
mission of image data over a fixed-rate channel. Fifty framesUsing restricted maximum likelihood (REML), estimates are
were pre-stored for each image, so that the progression cooldained for the coefficient and for the variance components
continue out to 1 bpp, ensuring that observers would event; .. aing ando2 . An estimate of the standard error@fses
ally be able to answer the question with confidence. Howevés,obtained from the variance components and this can be used
the vast majority of responses were found to occur near the beperform significance tests or to form the 95% confidence in-
ginning of the progression. Accordingly, for Experiment 1b, iterval for «, i.e., & £ 1.96 ses, and for its antilogexp(& +
which EZW was compared with SPIHT, the bit rates selected fdr96 se; ). Model fitting is performed using th8plusfunction
each frame were spaced evenly on a logarithmic scale. Withiarcomp [26].
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The geometric mean bit rates for responsgsandrp give performed for the image pairs seen first by SPIHT and second by
an indication of what compressed bit rates tend to be of iBZW. The reason for examining the data separately by algorithm
terest for recognition responses. The geometric mean of the ragithat it is possible that seeing a SPIHT image first conveys an
si; = ra4i;/7Bi; Can summarize the comparison. If the 95%dvantage in a subsequent viewing of the image compressed by
confidence interval fos;; includes the value one, then neitheEZW, but that the reverse is not true. The reason for examining
algorithm can be said to be significantly better than the other Bye data also in aggregate is that a subtle effect may be found
this experiment. in a larger data set. In no case was a statistically significant dif-

1) Analysis of Observer Mistakebserver responses weregerence found. Therefore, we conclude that observers were not
also examined for correctness. We wish to examine the possiaking more correct answers on the second session.
bility that more errors occur with one algorithm than with an- In Experiments 2a, 2b, and 3, the observers saw a given image
other. It would be possible, in theory, that one algorithm miglainly once, so these learning effects based on image content are
lead people to make rapid yet incorrect decisions. We use tha an issue.
paired data in which, for a given reader and image, the correct-
ness result for algorithm is paired with that for algorithni.

For each image in the pair, the observer is either correct or not.
There are thus four types of pairs:

IIl. EXPERIMENTS 1A AND 1B: COMPARING JPEG,
SPIHT,AND EZW

First, we compared JPEG with SPIHT (Experiment 1a); next
we compared EZW with SPIHT (Experiment 1b). Although the
JPEG standard includes a progressive mode for JPEG [1], we
did not use this, but rather created a sequence of frames at pro-
gressively higher bit rates using baseline sequential JPEG. JPEG
In the McNemar analysis [27], we concern ourselves with twerogressive mode uses more bits than baseline sequential does
of the four types: those pairs in which the members differ. If ame achieve a given level of precision on the transform coeffi-
swers are equally likely to be correct whether animage was segints, therefore using a sequence of baseline sequential JPEG
with algorithm A or B, then conditional on the numbers of theframes to simulate a progressive JPEG display will give a some-
other two types, these would have a binomial distribution witiyhat optimistic estimate of the actual recognition times. The
parametet /2. For example, one observer saw 118 pairs of intlemonstrated superiority of the SPIHT algorithm is therefore a
ages. Ofthese, bothimages in the pair were recognized correeyiservative conclusion. The following experiment parameters
110 times; for three pairs both versions were recognized ince¥ere used:

rectly. Of the remaining five pairs, four times the EZW image 1) Image collections for two different questions were in-
was recognized correctly while SPIHT was not, and onetime the ~ ¢|,ded:

1) those with both members correct;

2) those with algorithmA correct andB not;
3) those with algorithnB correct and4 not;
4) those with neither one correct.

SPIHT image was recognized correctly while the EZW image « “Do you see males or females in the image?” These
was not. The probability that a fair coin flipped five times will images contained one or more clearly visible per-
produce a heads/tails split at least as great as 4:1 is 0.375, thus sons of various ages and races involved in a variety
this result is not significant. of activities. All persons in the image were of the
2) Analysis of Learning Effectstn Experiments 1a and 1b, same sex.

images were seen twice, once per session. Itis thus possible that « “Do you see a single animal or multiple animals in
an observer could remember what was seen in the first session the image?” These images contained a wide range of
and use this information to answer more quickly, or to answer animals in a variety of natural settings, e.g., forest,
more correctly, in the second session. field, underwater.

The issue of answering more correctly was addressed by in-2) Each session consisted of 118 images (59 corresponding
corporating into the mixed-effects linear model a fixed effect for to each of the two questions), which required approxi-
which algorithm was seen first. The fitted model’s coefficient mately 45 min per session.
for this session effect provides insight into the session effect’s 3) Images were displayed on a SG} @orkstation with a
impact. For Experiment 1a (JPEG versus SPIHT), the effect of 207 monitor, in a single window against a black back-
which algorithm was seen first was not significant. For Exper- ground.
iment 1b (EZW versus SPIHT) the learning effect was small 4) All images were 256-level greyscale. Their sizes
but statistically significant, indicating that observers responded  ranged from 16 160 to 640x 640 pixels, averaging
slightly faster in the second session. However, the magnitude of  420x 420.
the effect was the same for the two algorithms, and each algo-5) Images were presented in groups of 12 in a row for a given
rithm was seen first on half of the images, so learning effects  question, but were randomly mixed within each group
did not favor one algorithm over the other. from session to session.

The issue of answering more quickly was addressed by a Mc-6) For the comparison of JPEG with SPIHT, there were five
Nemar analysis in which the correctness result for Session 1was observers, a small but adequate number, given the large
paired with the correctness for the same image in Session 2. The difference in recognition bit rates for these algorithms.
comparison was also done broken down by algorithm type. For ~ For the comparison of EZW with SPIHT, there were 20
example, the McNemar analysis was performed for the image observers, because we expected the difference in recog-
pairs seen first by EZW and second by SPIHT, and it was also  nition bit rates between these algorithms to be small.
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Fig. 4. Mean bit rate ratios and their 95% confidence intervals.

When examined quantitatively, SPIHT was found to lead to
faster image recognition than either JPEG or EZW. In Fig. 3, the
mean bit rates for recognition and their confidence intervals are
shown for each of the algorithms. These values indicate for each
algorithm the approximate range at which recognition occurred
sufficient to allow the posed questions to be answered. These
bit rates can be helpful to designers of new progressive algo-
rithms for fast recognition. When such an algorithm encounters
image features judged to be important for recognition, it should
attempt to concentrate information about them below these bit
rates. The bit rate at which observers answer depends not only
on the complexity of the images and of the observation task, but
also on the parameters of the experiment. We note in Fig. 3 that
the same SPIHT-compressed images required more bits on the
average in Experiment la, where they were compared against
JPEG, than in the Experiment 1b, where they were compared
against EZW. Recall that in Experiment 1a, the increase in bit
rate from frame-to-frame was proportional to time, whereas in
Experiment 1b the bit rate increased logarithmically with time.
The difference in SPIHT response rates between the two exper-
iments may be explained by the fact that, in the lower bit rate
ranges, the logarithmic spacing allowed observers more time to
respond.

Fig. 4 shows the mean recognition bit rate ratios and their

Fig. 2. (a) Scatter plot of JPEG versus SPIHT data. (b) Scatter plot of EZ_V\pnf'dence mtervals_. These values can summarize the compar-
versus SPIHT data. The plots show the log of the bit rate at which recognititgon. In each experiment, SPIHT was found to perform better,
occurred. Visual inspection reveals that SPIHT clearly outperforms JPEfp, terms of observer recognition than the algorithm with which

whereas SPIHT and EZW are more evenly matched.

it was compared.
Next, the influence of observer errors is examined. The

Fig. 2(a) shows the log of bit rates for the JPEG-SPIHT comsmallest number of incorrect answers given by an observer
parison. Baseline and progressive mode JPEG must transmiit & session was zero; the largest number was 16, and the
minimum number of bits (a dc value for each block) before anyrean value was 4.84 (out of 118 images). Analyzing the
thing at all can be displayed, which results in the visible skepaired data with the McNemar statistic showed no difference
of the data toward the left of the diagonal at low bit rates. lim correctness at the 5% significance level between algorithms
Fig. 2(b), the data for the EZW versus SPIHT comparison afer any of the 25 observers individually, or for the observers in
shown. Visual examination of this plot indicates that these twaach experiment pooled together. In Fig. 5, only the bit rates

algorithms are more evenly matched.

for erroneous responses in the EZW-SPIHT comparison are
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. only SPIHT correct
S only EZW correct
2 1 + both incorrect A

EZwW

Fig. 6. Coefficient bitplanes. SPIHT describes all coefficents with magnitudes
exceeding threshold’;. MSPIHT describes only coefficients abo%¢ and
l within scale boundany ;, deferring remaining coefficients until later.

SPIHT coefficients in the lowest frequency band have been encoded.
Therefore, according to the more stringent view of spatial scal-
oJﬁility, the conventional zerotree coders are not scalable, and
even with the less stringent view, these higher frequency coeffi-
cients are not used in reconstructing the coarse-scale thumbnail,

plotted. The symmetry of these errors supports our conclusigfq therefore represent wasted bits (added cost) when decoding
from the McNemar analysis that errors did not significantly, the coarse-scale version of the image.

Fig. 5. Bit rates of erroneous responses only, for EZW versus SPIHT. Err
appear evenly distributed between the algorithms.

influence our results. In addition to the basic advantage that spatial scalability can
lead to bandwidth savings, one might also ask whether an ad-
IV. MULTIRESOLUTION CODERS vantage in recognition performance can be gained by displaying

Bandwidth limitations often lead to inconvenient delaydn@9es atsuccessive scales. Thatis, can objects ina small, clear
while accessing images on the Internet. As a result, thumbrig#mbnail image be recognized more readily than in the larger,
images have gained wide acceptance as a means of provicphgrierfull—scale version costing the same number of bits? If so,
viewers with a rapidly available initial preview of a large imag&iS would lend an embedded, spatially scalable image coder an
[28]. The advantages of thumbnails and of progressive codiﬁad't'onal advantage over traditional full-scale coders for pro-

can be combined in a spatially scalable progressive algorith#€SSIVE Image transmission.

such that versions of the image at successively increasiﬂritfy reordering the transmitted bit stream, the SPIHT algo-
scales can be extracted from the bit stream as more bits arrfW&'M can be made spatially scalable [18], [29]. Compared

That is, whenb, bits have been received, the decoder Caq,gé\instSPlHT withogt arithmetic coding, the spatially ;calable
reconstruct an image of a small size, and when a larger numB&HT has no loss in performance (PSNR versus bit rate at
b, of bits have arrived, the decoder can reconstruct an ima§ fina! full size) and retains some progressivity. We refer to
that is either of larger size, or of higher quality at the santBiS multiscale SPIHT algorithm as MSPIHT. We show that
size, or perhaps of both higher quality and increased size. {{§Wers are able to recognize MSPIHT-compressed images
this way, no information need be sent or stored twice. Nofybstantially earlier than images compressed by SPIHT.

that, by this definition, any progressive algorithm can be made .
spatially scalable simply by downsampling the output image fo Multiscale SPIHT (MSPIHT)
the desired scale. That is, the and b, bits might both allow We now describe the mechanics of MSPIHT. Wavelet sub-
reconstruction at a large size, but theimage could simply bands are each associated with a representation of the image
be downsampled and shown at smaller scale. SPIHT and othem given scale. We define lgn-scale image as one where
zerotree coders based on wavelet decompositions would hoth dimensions are/n the original dimensions. With a single-
even require a separate downsampling step, as the decdeesl decomposition, the encoder could efficiently describe a
could simply stop the wavelet inverse transform at some level2-scale image to the decoder by transmitting information only
before the final one, and the resulting low-frequency band about coefficients in the LL band. The remaining bands contain
essentially a coarse-scale version of the original image. information about frequencies visible in the full-scale image.
However, spatial scalability is usually taken to mean that if-he SPIHT bit stream has coefficients ordered primarily by
formation about detail scales is not transmitted initially. In zenagnitude, so some coefficients associated with a fine scale may
rotree wavelet coders such as SPIHT and EZW, information be transmitted before all coefficients from coarser scales have
some coefficients in higher frequency bands is sent before lalen described (see Fig. 6). In MSPIHT, information about any
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Fig. 7. MSPIHT-compressed image at 0.02, 0.09, and 0.30 bpp.

such finer scale coefficients is deferred until after all coefficientsed from a scale larger thar/4 (that is, from any of the outer
for the coarser scales have been described. six subbands), it is declared out-of-scale and placed in a de-
A scale schedule specifies the bit rates at which jumps to tfegred list. No bits are transmitted about it at this time, and
next larger scale occur. Since both encoder and decoder krmwcessing continues as before. When the bit rate reaches 0.04
the schedule, no extra bits are required to manage the sdade (jump tol /2-scale), the coefficients accumulated in the de-
jumps. (If the schedule were unknown to the decoder, it coulldrred list are reexamined; those that are now in-scale are re-
be transmitted with a negligible few bytes). For example, thaoved from the deferred list, and sorted and refined until their
schedule might specify the initial scale &54. The jump to significance threshold catches up with the current significance
1/2-scale might be scheduled to occur at 0.04 bpp, and the jutineshold for the nondeferred coefficients. At this point, pro-
to full scale at 0.1 bpp. An example of an MSPIHT progressessing resumes where it left off when the scale jump occurred.
sive display is shown in Fig. 7. Following this scale schedul@hese steps repeat for each scale jump, until the desired final bit
MSPIHT begins by performing sorting and refinement passeste is reached.
in the same manner as SPIHT, comparing each coefficient withNote that at any given point in the progression, no bits are
a significance threshold. However, when a coefficient is exarspent to describe coefficients from scales finer than the current
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TABLE | TABLE I
SCALE SCHEDULESUSED FORTESTING MSPIHT ARITHMETIC MEAN OF RECOGNITION BIT RATES FOREACH ALGORITHM, IN
bpp. BEST PERFORMANCE FOREACH IMAGE TYPE IS SHADED

MSPIHT-A MSPIHT-B MSPIHT-C
MSPIHT-A | MSPIHT-B | MSPIHT-C [ SPIHT
Starting scale 1/4 scale 1/2 scale 1/4 scale
All images 0.0671 0.0751 0.0628 0.0852
Jump to 1/2 scale 0.04 bpp 0 bpp skipped Animals/Vehicles 0.0603 0.0607 0.0530 0.0735
Jumptofull scale | 0.10 bpp 0.10 bpp 0.06 bpp Letiers 0.0740 | 0.0896 | 0.0724 | 0.0969

one. When the full scale is reached and the coefficients on 1
deferred list are processed, the distortion and bit rate at that pc I ¥ wspmrc™ T snr
are precisely the same as for regular SPIHT without arithme N e
coding.

B. Experiments 2a and 2b: Comparison of
MSPIHT and SPIHT

We first wished to compare SPIHT with MSPIHT, and to de
termine a scale schedule for MSPIHT which performed we
For Experiment 2a, three MSPIHT scale schedules (A, B, ¢
were prepared (see Table I). A series of 120 images were ‘ ‘ ‘ ‘
played progressively to each of 20 observers. Two recogniti 94 03 02 -01 0 01 02 03 04
tasks were included in the experiment. In the first, the obsen _. Difference of Mean log(bpp)
was asked, “Do you see animals or vehicles in the image?”
These images contained a wide range of animals and vehicles in
various settings, e.g., forests, underwater, and urban surround-
ings. The task was intended to represent natural image rectige image? If a combination of both effects was responsible,
nition tasks, particularly those answerable in the lower bit ragehich effect predominated? Experiment 2b was performed to
ranges. The image widths ranged from 320 to 699 pixels, avéwvestigate these questions. The image sequences processed
aging 510, and the heights ranged from 250 to 576, averaging SPIHT were downsampled by block averaging to match
391. In the second task, each image contained a single lovleg image sizes produced by the MSPIHT-C scale schedule.
case letter in a common font, partially concealed in a variety 8ince the transmitted bit stream for these downsampled SPIHT
noisy and smooth artificial backgrounds. These images wereiatlages was not reordered to defer high frequency information,
512 x 512 pixels. The letters themselves were in three sizes. Téigy advantage the images might yield in recognition bit rate
observer was asked to identify the letter. This simplified stinwas likely to be due primarily to psychophysical effects related
ulus set was intended to limit the recognition cues available tw the size of the objects displayed.
the observer, and allow comparison of recognition bit rates forTo compare SPIHT, MSPIHT-C, and downsampled SPIHT,
stimuli of different sizes. the same 120 images were displayed progressively to 21 new ob-

Response bit rates averaged over all observers are preseatgders. As shown in Fig. 8, both MSPIHT-C and downsampled
in Table Il. Averages were computed for each algorithm ov&PIHT outperformed SPIHT with 5% statistical significance in
the sets o: 1) all images; 2) animal/vehicle images; and 3) letterms of mean response bit rates. The difference in mean bit
images. In all cases, SPIHT averaged the slowest recognitiates of MSPIHT-C and downsampled SPIHT, however, was not
(highest bit rates). For the animal/vehicle set, MSPIHT-Eignificant.
yielded an average recognition bit rate 27.9% lower thanIn analyzing observer mistakes, two questions were of in-
SPIHT. For the letter set, MSPIHT-C yielded an averagerest: whether incorrect responses could have influenced the
recognition bit rate 25.3% lower than SPIHT. For both setserall performance conclusion, and whether any algorithms led
together, MSPIHT-C performed 26.3% better than SPIHT. observers to make more incorrect responses than the others. To

This experiment indicates that MSPIHT can allow earlieanswer the first question, the difference of means test was re-
recognition than SPIHT for several types of images. Waeated after removing from consideration all images for which
now focus on the potential causes for this improvement. Dahy observer had provided anincorrect response (52 of the 120).
observers recognize objects earlier using MSPIHT becaus{litis shifted the difference-of-means statistics slightly for each
defers visually unusable fine-scale information until later, aklgorithm pair, but did not alter the overall conclusions as to rel-
lowing more precise coarse-scale information to be transmittative performance of the algorithms. The error rate for SPIHT
first? Or is it instead because, with a small image that can b&s 4.5%; it was 6.8% for MSPIHT-C, and 8.5% for downsam-
mostly or entirely viewed in the foveal field [30], the observer'pled SPIHT. A two-tailed Wilcoxon signed rank test on paired
eyes do not have to jump around as much in order to scamor counts revealed that both MSPIHT-C and downsampled

Algorithm Pair

T
|

Fig. 8. Difference of mean log bit rate for each pair of algorithms.
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Fig. 9. Example images of PZW (left) and SPIHT (rightPENR = 23.97.

SPIHT yielded significantly more errors than SPIHT, but the difmage at successively increasing PSNRs, rather than at succes-
ference in error counts between MSPIHT-C and downsampleidely increasing bit rates.
SPIHT was not significant. Finally, by including a fixed effect A database of 68 greyscale images was collected. Half of the
for response correctness in the difference-of-means analysisideages showed men, and half showed women. All images were
scribed above, it was seen that both MSPIHT-C and downsaai-size 512x 512 pixels. Each of the 68 test images were com-
pled SPIHT remained significantly faster than SPIHT in termaressed using the PZW algorithm to a target bit rate of 0.23
of recognition performance, even when their greater error rateper pixel. The actual bit rate might depart slightly from the
were taken into account. target bit rate because of the way PZW fits information into
fixed length packets. The target rate of 0.23 bpp led to a high
quality decoded image (typically about 40 dB) and required
V. BLURRINESS VERSUS SPLOTCHINESS PSNRAND about 180 packets. The channel-degraded versions of these im-
RECOGNITION TIMES ages were produced by dropping some packets and decoding the
remainder. Some packets cause more damage than others to the
Thus far, we have considered the problem of recognition BSNR when dropped. By trying many different random com-
progressively transmitted images, where we have assumedbarations of dropped packets, we created a sequence of (typi-
ideal channel. A related problem is that of recognition of imageslly) 20 degraded versions of each test image. The sequence of
which have been distorted by channel errors. For this probledegraded versions had PSNRs ranging between 10 dB and 40
rather than the recognition bit rate, we are interested in the maB, with increments of at least 1 dB between successive images
imum quality at which images subject to channel-error distoin the sequence. Each image was also compressed by SPIHT at
tion can be recognized [31]. Image coders, such as EZW apitirates logarithmically increasing from 0.001 bpp to 0.5 bpp.
SPIHT, are vulnerable to channel errors, since a single bit Twenty versions of the image were saved for each image, and
error can potentially cause the decoder and encoder to lose §8NRs for these images also corresponded to a range from 10
chronization for the remainder of the bit stream. This sensitiviyB to 40 dB.
to errors has been addressed in a number of different waysThere were 15 observers, each of whom saw each of the 68
which produce distortions with very different visual appeaimages in exactly one sequence, either with the PZW compres-
ances. In [32], forward error correction (FEC) is added to thson or with the SPIHT compression. The selection of PZW or
SPIHT bit stream. When an uncorrectable error occurs in tH8®IHT was randomized, as was the order in which the images
stream, the stream is truncated and a globally blurry image weere displayed. Fig. 10(a) shows the number of recognitions
sults. In the PZW coder [19], [20], the bit stream consists of ifebserver responses) that occurred at each PSNR, versus the
dependently decodable packets representing spatial patcheBSIMR, for both SPIHT and PZW. The data look approximately
the image. This algorithm produces local distortion (splotchesprmal. Fig. 10(b) shows the cumulative distribution for these
when errors occur. Fig. 9 shows an example of a testimage camsponses as a function of PSNR.
pressed by PZW (and subjected to packet loss) and compressédebr a given image, the 20 frames compressed by SPIHT were
by SPIHT. The two images have the same PSNR of 23.97. not matched in PSNR, frame-by-frame, to the frames generated
1) Experiment 3: PZW and FEC-Protected SPIHHor Ex- by PZW. The SPIHT sequences tended to run at slightly higher
periment 3, we evaluate PZW and FEC-protected SPIHT BSNRs, as shown in Fig. 11(a) for one particular image in the
showing an observer a sequence of degraded versions oftest set. For all test images, the SPIHT sequence started out
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Fig. 10. (a) Percentage of observer responses as a function of PSNR for SPﬁTE' 11. (a) PSNR versus time for SPIHT and PZW for one particular image.

and PZW. (b) Cumulative distribution plot of observer responses as a functigfj cumuilative distribution plot of observer responses as a function of time for
of PSNR for SPIHT and PZW. SPIHT and PZW.

initially at a higher PSNR. Because of this, one could wonder
whether the results displayed in Fig. 10 might merely be réie question for the PZW images is significantly less than that
flecting a situation in which observers take a certain more cequired for SPIHT images at the 95% confidence level. When
less fixed amount of time to recognize a given image, or to rapplied to time, the 4;; values were taken to be frame num-
spond to its display by clicking a mouse button, and that theers, where frames were shown 500 ms apart. The mean time
PZW sequences allow recognition at a lower PSNR simply brame number) for PZW was 10.72, and was 11.59 for SPIHT.
cause those sequences have lower PSNRs initially. That thig fe 95% confidence interval for the difference of mean time ex-
not the case is shown by Fig. 11(b), in which the cumulatitended from-1.17 to—0.58, and again does not include zero.
distribution plot of observer responses is shown as a functidherefore, we can conclude that observers answered the ques-
of time. It shows that people respondsabnerin time for the tions at significantly faster time with PZW, despite the fact that
PZW sequences, despite the fact that they were obsdiwivey  they were answering them at significantly lower PSNR.
PSNR values during that time. The overall error rates for each algorithm were 5.3% for PZW
2) Statistical Analysis:As before, we used a mixed effectsand 5.1% for SPIHT. The Wilcoxon two-sided signed-rank test
linear model (in which the compression algorithm is treated &sd ap-value of 0.749 for the comparison of the observer er-
a fixed effect, and observers and images are treated as randgors, showing that the error rates for the two different algorithms
effects) to compare the mean recognition time and PSNR for thvere not significantly different. Observers were also asked for
two algorithms. The mean PSNR for PZW responses was 25<ibjective ratings; these results showed similar but not identical
dB, whereas it was 28.97 dB for SPIHT. The 95% confidendeends to the recognition time results [31]. In other work on com-
interval for the difference of means extended fref3.83 to pressed medical images, large discrepancies between subjective
—3.24. Since the confidence interval does not include zero, watings and objective recognition performance have been found
can conclude that the PSNR required for observers to ansWik2], [13].
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VI. CONCLUSION tions. The emphasis in these applications is on simple recogni-
With the proliferation of images on the WWW, and théion tasks, where a decision on whether to continue viewing the

growing need for fast browsing of remote image databasés29¢ can bzmzalde blased Ol.n atfew feart]ures davqllgble earlym(tjhe
increased interest has focussed on progressive compres pfRaressive dispiay. In applications where decisions are made

Many algorithms explicitly target fast browsing application .ased on finer details n the images, other compression algo-
[33], [34], [35]; however, performance is still measured usink thms than those described here may be more appropriate. For

PSNR or subjective ratings, not by simulating fast browsin xample, the reduced-scale images employed by MSPIHT allow

In this paper, we have laid out an experimental and statisti éF‘ef recognition when the image content is suited for display
framework f(;r such simulations. and we have described t &smallerscales, but this strategy may be unsuitable for written
results of a series of such experiments. There are a numbe B?Qme_nts. In fagt, at the bit rates studied _here, t_extual mfgr-
conclusions that we make from this work. mation is poorly displayed by all of the algorithms discussed in

For coders operating with very different principles, such c,JELJls paper. Itis in the nature of progressive transmission that pri-

PZW and SPIHT, there can be a substantial difference in t gues must be set about what information to transmit first, and

performance measured by PSNR, subjective ratings and rec -S€ priorities _Wi” differ depending on the _target application.
nition times. Progressive compression algorithms which are ih- lle the algorithms to be evaluated may differ, we expect the

tended to be used in a progressive display for fast browsing task erimental methodology presented here to be useful in higher

should be evaluated by simulating a fast browsing task, not rate regimes as well, where recognition of finer details or
PSNR or subjective ratings ’ comprehension of textual content becomes important.

In a simulation of a fast browsing task, the SPIHT algorithm
outpgrforms JPEG by a substantial margin and EZW by a small ACKNOWLEDGMENT
margin.

For fast browsing tasks, significantly faster recognition times The authors would like to thank Prof. C. Berry for advice on
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The average bit rate required for a user to recognize an image
and make a decision on it can be quite low, e.g., on the order of
0.05-0.07 bpp for many of the algorithms and image tasks well] W. B. Pennebaker and J. L. MitchelPEG Still Image Data Compres-

; ; i : sion Standard New York: Van Nostrand, 1993.
used. This should be considered when deS|gn|ng algomhms f0{2] J. Shapiro, “Embedded image coding using zerotrees of wavelet coef-

fast browsing. For example, in [36], detected edges are trans-  ficients,” IEEE Trans. Signal Processingol. 41, pp. 3445-3462, Dec.
mitted first in the image header, and then a progressive wavelet = 1993.

. - . . . 3] A. Said and W. A. Pearlman, “A new, fast, and efficient image codec
coder is used. Decoding combines the edge information and thé based on set partitioning in hierarchical treesEE Trans. Circuits

progressive data in a subjectively pleasing way. At 0.4 bpp and  syst. Video Technohvol. 6, pp. 243-250, June 1996.
0.1 bpp, the decoded example image is subjectively superioi“] P. C. Teo and D. J. Heeger, “Perceptual image distortior?rac. ICIP,

to the i d d by th . let cod | vol. Il. Austin, TX, Nov. 1994, pp. 982-986.
0 the Image produced Dy the progressive wavelet coder alongg) N jayant, J. Johnston, and R. Safranek, “Signal compression based on

However, for the example image provided, the image header = models of human perceptiorffoc. IEEE vol. 81, pp. 1385-1422, Oct.

i 1993.
(edge map) by itself takes up 0.052 bpp, and the decoder Car[16] V. R. Algazi, V. Kato, M. Miyahara, and K. Kotani, “Comparison of

display nothing during thi§ time. It_is.possib_le that, for a fast ™ inage coding techniques with a picture quality scale, Pinc. SPIE
browsing task, the subjective superiority of this coder at 0.1-0.4  Applications of Digital Image Processing X¥l. 1771, San Diego, CA,

; ; ite initi ; ; . July 1992, pp. 396—405.
bpp might be outweighed by its initial handicap in the 0.0-0.05 [7] H. Barrett, “Evaluation of image quality through linear discriminant

bpp range where 50% of recognitions may take place. models,” inSID'92 Dig. Tech. Papersiol. 23, 1992, pp. 871-873.
We examined two particular algorithms that produce global [8] T. Eude and A. Mayache, “An evaluation of quality metrics for com-

; ; ; ; pressed images based on human visual sensitivityProt. 4th Int.
blurriness and localized distortions, and found that, at the same 2 = Signal Processingol. 1, Beiing, China. Oct, 1998, pp. 779-782.

PSNR and for the particular recognition tasks we used, localizedg) . Furusho, K. Kotani, Y. Horita, Y. Kenmochi, and V.-R. Algazi, “Pic-
distortions allowed faster recognition. ture quality evaluation model for color coded images: Considering ob-

PSNR has found widespread use as an evaluation tool largely 32;2?19 Op‘c’{“tlsgggd rl)%ca,o! ;gfg“ﬁ of image,"fnoc. ICIP, vol. 4, Kobe,

because it is easily and cheaply computed. The evaluatiofio] c. Charrier, K. Knoblauch, and H. Cherifi, “Perceptual distortion anal-
methodology described here requires a greater investment in Ysis of color image VQ-based coding,” Rroc. SPIE Very High Reso-

time and expense. It is also most useful when tailored to the 'f?t,f_”ligd Quality Imaging livol. 3025, San Jose, CA, Feb. 1997, pp.

specific application for which the compression algorithms arg11] M. G. Ramos and S. S. Hemami, “Robust image coding with perceptual-
to be evaluated. It is this tailoring, however, which may justify based scalability,Proc. IEEE DCC pp. 466-487, Mar. 1997.

. . . P 12] P.C.Cosman, H. C. Davidson, C. J. Bergin, C. Tseng, L. E. Moses, E. A.
its use for evaluation of algorithms for fast browsing: as ou Riskin, R. A. Olshen, and R. M. Gray, “Thoracic CT images: Effect of

experiments have shown, results obtained from PSNR may be lossy image compression on diagnostic accuraRgdiology vol. 190,
misleading for these applications. pp. 517-524, 1994. ) , _
In thi h d rselves with evaluati HS] P. C. Cosman, R. M. Gray, and R. A. Olshen, “Evaluating quality of
n this paper, we have concerned ourseives with evaluatio compressed medical images: SNR, subjective rating, and diagnostic ac-
of compression algorithms directed at fast browsing applica-  curacy,”Proc. IEEE vol. 82, pp. 919-932, June 1994.
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