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Abstract. Experiments with human observers is considered as the most
precise way for the assessment of image quality. Although widely used,
such experiments have its pitfalls and hazards. In this work we investigate
if the quality rating of previously viewed images influence the rating given
to the current image, which we refer to as the rating memory effect. A
subjective experiment with a group of observers rating x-ray images of
different radiation dose was used for the basis of the analysis. The results
indicate a memory effect, meaning that the rating of an image can be
influenced by the ratings given in previously judged images.
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1 Introduction

Assessment of image quality is very important in many applications, such as
medical imaging, printing, image enhancement, etc. Assessment of image qual-
ity can be done objectively, through image quality metrics [1], or subjectively, by
consulting human observers [2]. Subjective assessment of image quality is con-
sidered as the most precise way of assessing quality, and is seen as the ground
truth [3].

Various methods are used when assessing quality with human observers. In
psychophysics there are traditional methods for measuring thresholds such as
method of adjustment, method of limits, and method of constant stimuli [4].
These methods are used in detection or discrimination experiments. Psychome-
tric scaling methods [2] have been proposed to obtain the relationship between
physical changes and perceived changes. Common experimental methods include
paired comparison, rank order and category judgement [2].
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In most, if not all, psychometric experiments the observers are shown a set of
images that are rated. In this work we focus on category judgement experiment,
in which the observer is shown an image and is instructed to rate it according to
a scale. Then a new image is shown, and the observer is asked to rate it according
to the same scale. This is repeated until all images in the set have been rated.
We investigate if the rating given to one image is influenced by the ratings of
the previously rated images. We refer to this as the memory effect.

Most, if not all, statistical analysis of the results from subjective experiments
are based on the assumption that the ratings are independent. If there is a mem-
ory effect, then this assumption does not hold, making the standard statistical
analysis 7useless” [5,6]. In quality control testing it is common to include vi-
sual assessment [7], and if memory effects are present, this might influence the
outcome of such tests.

The paper is organized as follows: first relevant background, then we present
the experimental setup, before results, and conclusion.

2 Background

We start by introducing work related to still images, then work related to videos,
and at last work on decision making.

2.1 Still images

Hoffeld et al. [8] carried out an experiment with observers to study the impact
of quality changes in web browsing. They found that the memory effect is a
relevant quality of experience factor.

Short-term memory plays an important role in for example pair comparison
experiments, where two images are shown at the time. An observer cannot scru-
tinise both images at the same time, since viewing one image will automatically
place the other in the peripheral field making it substantially less detailed [9].
Because of this, one needs to rely on short-term memory when judging the qual-
ity the images, resulting in that a limited quantity of information from the two
images can be compared at a time [10].

There has also been work related to long-term memory effects and its influ-
ence on image quality [11-13]. However, in this paper we focus on the short-term
memory effects. Work has also shown that there is a difference between expert
and non-expert observers in psychometric experiments [14,15]. Le Moan et al.
[16] compared two different setups for paired comparison experiments, showing
that the results between the two setups were significantly different.

2.2 Video

For video the working memory, or recency, and its impact on video quality has
been studied by several researchers [17,18]. Alridge et al. [17] evaluate this effect
on video quality on subjective experiment. Their experimental method consists
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of showing 30 seconds of a video with increasing or decreasing the quality. They
asked the observers to rate the overall quality judgement on a 5 point scale at
the end of the video. They evaluated the data using a Mean Difference Score
between the ratings and the reference video. The results of this work showed
that subjects tended to forgive the bad section by averaging the quality over all
the period of the test, and were strongly influenced by what they see in the last
section of 10 seconds. In their study they found that the prior information 20 or
30 seconds to the end seem to not influencing the weighting of the final rating.

Seferidis et al. [19] tried to quantify the ”forgiveness effect”, like the recency
memory they evaluated it using videos. The authors introduced a forgiveness
factor that adjusted the results obtained from short sessions 10-30 seconds to
real-world viewing condition.

Hands and Avons [18] showed 30 seconds sequence films with poor-quality at
the beginning or at the end ; and asked the observers to rate continuously the
quality during the observation. They found that the ratings changed more slowly
following an improvement in quality than following a sudden impairment. They
also investigated the duration of the impairment and its effect on observers, and
they found that the duration is not cared by the participants, this effect is call
”duration neglect”.

A study from Pinson and Wolf [20] using videos showed that perception can
be affected by the time spending looking the sample. They showed evidence
that the human memory effect for quality estimation is limited to about 15
seconds. No significant memory effect occurred after 8 to 9 seconds, there is a
low correlation between 1 and 3 sec, and that the correlation were high between
7 and 9 seconds.

Huynh-Thu et al. [21] investigated the difference between discrete and con-
tinuous scales. According to their results based on videos they found that most
observers tend to align their ratings with the labels, but some observers ap-
pear to distribute their ratings more evenly across the scale. This indicates the
existence of individual response styles. In conclusion the authors assume that
the absolute category rating method, with careful design and proper instruction
produce very repeatable subjective results even across different scales.

Ickin et al. [22] studied the challenges in assessing the perceived quality of
mobile-phone based video. They found that the extremely good quality videos are
remembered better, even if there are intermediate parts with varying qualities.

There is some evidence that viewers have non-symmetrical memory in that
they are quick to criticize degradations in video quality but slow to reward
improvements [23].

2.3 Decision making

Quality evaluation is a decision making process. Klapproth [24] reviewed the
principal literature related to duration of the expected delay for realizing the
options, and the time available to reach a decision. They show the relationship
between decision making and time in different aspects. They show that physical
(objective) time matters and has been related to decision making often and
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extensively. Also that psychological (subjective) time affect decision. Moreover,
they show that anticipating delays in realizing an option not only reduces the
value of that option, but also alters its mental representation. The time available
for making choices has an impact on the amount of information that is processed
and the quality of the final decision.

3 Experimental setup

Double stimulus continuous quality scale (pair comparison) method is claimed
to be less sensitive to context (i.e., subjective ratings are less influenced by the
severity and ordering of the impairments within the test session). Single stimulus
continuous quality evaluation (category judgement) method is claimed to yield
more representative quality estimates. In this work we will use the single stimulus
continuous quality evaluation method [25].

3.1 Viewing conditions

The experiment was done in a controlled environment and with a medium ambi-
ent illumination at around 60 Lux. We used a single monitor, an Eizo ColorEdge
CG246 display (24.1” - 61cm), with a resolution of 1920 x 1080, calibrated with
the ColorNavigator 6 software for a color temperature of 6500K, a gamma of
2.20, a luminous intensity of 100cd/m?, and a black level of 0.15¢cd/m?. We did
not set any restrictions for participants regarding the proximity of the screen
to the user during the experiments. The users were allowed to take flexible and
comfortable position; the position they are accustomed to take while doing this
observation in daily work life. The viewing distance was around 50-60cm from
the monitor.

Fig. 1. Experimental X-ray images; image 1 on the left, image 2 in the center, and
image 3 on the right.
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3.2 Data

The images used for the experiment were three X-ray images of a lamb femur
phantom (Figure 1), image set 1 and image set 2 from Precht et al. [26] and
image set 3 from Precht et al. [27]. The images in a set are different according
to the variation of the X-ray dose and software optimization (Table 1). This
resulted in three versions of image 1, three version of image 2, and four versions
of image 3.

Table 1. Details of the images used in the experiment. The table shows the version
of the images, x-ray dose in milliampere-seconds (mAs), and software optimization for
the three different set of images.

Image set|Version|Dose (mAs)|Software optimization
1 1 16 Canon MLT(M)
1 2 6.3 Canon MLT(S)
1 3 2 Canon MLT(S)
2 1 16 Canon MLT (M)
2 2 6.3 Canon MLT(S)
2 3 2 Canon MLT(S)
3 1 8 Canon MLT(S)
3 2 3.2 Canon MLT(S)
3 3 0.5 Canon MLT(S)
3 4 8 Canon MLT(M)

3.3 Observers and task

A total of 20 radiography students were used as observers. All of observers were
familiar with medical images, and especially with x-ray images. Ages ranged
between 19 and 25, and all observers were Norwegian.

The visual grading assessment was implemented using the ” QuickEval” soft-
ware [28]. Identical instructions were given to all users prior to the experiments
with a special training session where we calibrated the observers with examples
of best quality image and worst quality image. The scale used was a 5 point
scale as recommended by ITU [29]: -2 (Bad), -1 (Poor), 0 (Fair), +1 (Good), +2
(Excellent). For the experiment one image was shown at a time and the instruc-
tions was ”"Rate the images on a 5 points scale according to the sharpness of
the trabeculae”, the trabeculae are small small elements in the form of beams,
struts or rods, that appear in the interior of the bone [30]. Image set 1 was shown
first (three versions), then image set 2 (three versions), and at last image set 3
(4 versions). Within each set the images were shown in a random order to the
observers. Each version of the image was shown twice to the observers, resulting
in a total of 20 images shown to each of the 20 observers, which in total gave
400 ratings for all images.
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4 Results and discussion

4.1 Memory effect

Figure 2 shows a histogram of the ratings given by the observers, and we can
notice that all categories have been used, but that observers have mostly used
categories -1, 0 and 1. To study and evaluate the data and the memory effect,
the autocorrelation function [31] is an often used mathematical tool for finding
repeating patterns. We define the autocorrelation function by the division of the
covariance by the variance [32]:
Ck
T = — 1
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where k is the lag, ¢g is the sample variance and
=
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Fig. 2. Histogram of ratings given by the observers.

For the further analysis, we subtracted the average rating given to an image
by all observers to the ratings given an observer to this image, and divided it by
the standard deviation for all observers for that image:

N
Rij — § 221 Rij
N
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where RC' is the standard score rating for image ¢ given by observer j, N the
total number of observers, and R the raw rating given by an observer.

The autocorrelation function was calculated for all observers for 20 lags, since
the observers each gave 20 ratings. To reduce the impact of the order in which

RCij =

2’
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in the observers carried out the experiment 1000 permutations of the observer
order were carried out, and the average of the autocorrelation for these 1000
permutations were taken. In a theoretical case, where there is no presence of a
memory effect, i.e. that the current rating given by an observer is influenced by
the previous rating(s), the autocorrelation function should be close to zero all
lags except 0 (which should be 1). The sample distribution can also influence
the autocorrelation, for example if most ratings were identical, but as shown in
Figure 2 there is more or less an even distribution between category —1, 0 and
1, and some ratings in categories —2 and 2.

| Autocorrelation for all observers
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Fig. 3. Autocorrelation for all observers for 20 lags. The horizontal blue lines represents
the 95% confidence bounds.

The autocorrelation function is shown in Figure 3. We can notice that there
is a drop from 1 to just below 0.4 at lag 1, then there is a steady decrease in
the following lags. The blue lines indicate a 95% confidence bounds. There is a
fairly high correlation between lag 0 and lag 1, which indicates that the rating
given for the current image is influenced by previous ratings when analyzing the
results for all observers.

Figure 4 shows the difference in score (raw score) between the duplicates of
images (since each version of the image was shown twice). We notice that for
most images the original version and its duplicate is rated with the same score.
However, there are cases with a difference between the original version and its
duplicate. If there are memory effects there would differences in the ratings given
by the observers between the original version and its duplicate.

We also analyze the results also for individual observers, as there might be
individual differences. Figure 5 shows the results for every single observer in the
experiment. The confidence bounds are of course larger as the number of data
points are fewer. However, we can notice that there is a large variation between
the observers, but that the autocorrelation is reduced with increasing lag and
that it is converging.

The content of an image can also influence the ratings given by observers, and
therefore we also analyzed the autocorrelation per image set. We also carried out
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Fig. 4. Difference in score between original version and duplicate for all observers.
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Fig. 5. Autocorrelation for individual observers. Each curve indicate a single observer.
The horizontal blue lines represents the 95% confidence bounds.
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1000 permutations as described above. Figure 6 shows the results for the three
different images, and we can notice that for image 2 there seems to be a higher
autocorrelation than for the two others. Given the reduced number of images
and number of observers, it is clear that further investigation with regards to
the content of images should be done.
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Fig. 6. Autocorrelation per image in the experiment.

One aspect that was not investigated in this work was whether the observers
recognized that the same image was shown twice and tried to remember what
they scored earlier. If this occurred it might influence the results. This aspect
should be investigated in the future.

4.2 Time

Time is also an interesting parameter in psychometric experiments. Figure 7
shows a boxplot of the time the observers spent on the three image sets. We can
notice that the average and median time spent is reduced as the observers rated
the different image sets.

Furthermore, we also analyze the time spent by the observers when giving
the different ratings for each category (-2,-1,0,1, and 2). Figure 8 shows the
average time in seconds for each category in the experiment. We can notice that
the observers used less time when they gave a high score compared to giving a
low score. The effect is not very dominant though: on average the observers use
approximately 20% less time than average to assign a top score , and approx.
20% more time than average to assign the lowest score. This result is similar to

[22], who found observers to respond faster when giving a high score compared
to low scores.

5 Conclusion and Future Work

In this study we want to evaluate the potential presence of memory effects on in
subjective experiments. A set of x-ray images were shown to observers, and the
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Boxplot for time spent by observers for each image
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Fig. 7. Boxplot representing the time spent by the observers evaluating the images for
the three image sets.
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Fig. 8. Average time in seconds for each category represented with a 95% confidence
interval.
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autocorrelation function was used to analyze the influence of previous ratings
on the current rating. The results indicate that there is a correlation between
previous ratings and the rating currently given by an observers.

Additional experiments with more images and more observers should be car-

ried out to verify the results found. One should also carry out experiments where
the order of the image sets are randomized to see if this influences the results.

6
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