














The pre-processing for the largest data set called Gene Expres-
sion, which consists of 578 images of size 200x200 pixels (see also
Section 5), takes 2.1 minutes. No user input is required during pre-
processing. Afterwards the results of the pre-processing step are trans-
ferred to the visualization system by JSON files. The results are then
loaded into the visualization system, which means that the provided
JSON files are parsed. This takes 10 seconds for the largest data set.
Afterwards the visualization system is ready to be used by the user.
The interaction itself works in real-time. Our web-based architecture
enables easy deployment of VAICo to explore and analyze online im-
age collections and repositories.

5 RESULTS

In order to evaluate the proposed comparative image visualization five
different sets of images have been analyzed (Figure 9). The images
are coming from different domains to show the applicability of the
proposed method to different types of datasets.

Fig. 9. Image datasets. The dataset Puzzle contains pictures of a real-
world scene (a). The dataset Shapes contains images with shapes of
different color. The dataset Retina contains retina images from different
patients (c). The dataset Satellite consists of satellite images of a coast-
line in Indonesia (d). The dataset Gene Expression contains images
with color coded gene expression information (e).

The selection of the first dataset called Puzzle was inspired by the
well-known spot-the-difference puzzles that can be found in many
newspapers. This dataset consists of 10 pictures which show a real-
world scene. The images are of size 1050x700 pixels. In the images
small elements disappear or change their color. The second dataset,
called Shapes, is a synthetic dataset which consists of 52 images. The
images are of size 600x400 pixels. They contain different types of
shapes (rectangles, triangles and circles) of various colors and sizes on
a white background. In the series of images, individual shapes disap-
pear, re-appear or change their color. Analyzing the differences of both
datasets by juxtaposition (i.e., placing images side-by-side) would be a
tedious task for the user. This is primarily due to the number of images
per dataset. Approaches that use juxtaposition do not scale well.
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Fig. 10. Results for dataset Puzzle. Our approach identified five RoDs
which depict the data changes in the images. One object in the scene
changes its color (RoD3), and some other objects are not present in all
images (RoD1, RoD;, RoD4, RoDs). The color-coding of the RoDs shows
the number of corresponding clusters. The color-coding of the cluster
bullets indicates the number of assigned images.

We used the unbiased (i.e., pixel-based) image comparison ap-
proach to locate the image differences as described in Section 3.1.1.
VAICo then takes the results of the comparison to give an instant
overview of all variations in the datasets (Figure 10 and Figure 11).
The analysis identified several image elements that are not present in
all images, and also detected object color changes.

The third dataset is called Retina and contains 20 retina images of
different patients. The images are of size 1168x779 pixels. In some of
the images anomalies are present, because the patients suffered from
diabetic retinopathy. Retinopathy is damage to the retina caused by
complications from diabetes. Blood vessels at the back of the eye
can bleed and blur vision. The leakage of blood can be seen as dark
spots in the images. When analyzing this dataset, the unbiased image
comparison approach was used as well.
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Fig. 11. Results for dataset Shapes. This dataset consists of images
containing shapes of different color on a white background. Our ap-
proach identified five RoDs (three of them expanded in this Figure).
Some of the objects are not present in all images (RoD;,RoD;), and
some of them also change their color (RoD3). The color-coding of the
RoDs shows the number of corresponding clusters. The color-coding of
the cluster bullets indicates the number of assigned images.



RoDs

low high

cluster bullets

low high

Fig. 12. Results for dataset Retina. This dataset consists of retina
images from different patients. The image comparison identified dark
spots on the retina, which can be further analyzed by using the RoD
widgets. The color-coding of the RoDs shows the number of corre-
sponding clusters. The color-coding of the cluster bullets indicates the
number of assigned images.

In the comparative visualization of VAICo, dark spots on the retina
can be identified as outliers in the data (Figure 12). Images without
anomalies are included in one cluster since they contain similar infor-
mation. The RoD widget allows us to explore the variations in the
data, so that anomalies can be distinguished from normal data vari-
ations that do not indicate pathological changes. The RoD widgets
allow us to retrieve the original image data, which keeps track of the
investigated patients.

The set Satellite consists of 12 satellite images of size 614x450 pix-
els. They cover a time period from 2000 to 2011. One image has been
produced every year. The images show a coast-line in Indonesia which
has been affected by a tsunami in 2004. In these images, outliers like
the damage caused by the tsunami which are present in only one im-
age, can be easily missed. Additionally, differences between the state
of the coast-line before and after the tsunami are not inherently avail-
able. Since no prior information was given about the structure of the
image data, we used the unbiased image comparison approach. It was
necessary to adjust the threshold to skip small changes in some parts
of the data.
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Fig. 13. Results for dataset Satellite. The images in this dataset show
a coast-line in Indonesia. Damage caused by the tsunami in 2004 is
identified as an outlier in the data (a). The images showing the state of
the coast-line before (b) and afterwards (c) are summarized in separate
clusters. The color-coding of the RoDs shows the number of corre-
sponding clusters. The color-coding of the cluster bullets indicates the
number of assigned images.
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Fig. 14. Results for dataset Gene Expression. The color-coding of the
RoD widgets depicts in how many images the corresponding RoD can
be found. The first stripe (RoD;) is available in more images than other
stripes. Furthermore, an outlier region RoD, can identified. This re-
gion corresponds to unexpected gene expression data and only shows
up in two images. The color-coding of the RoDs shows the number of
corresponding clusters.
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When viewing the comparison results with VAICo, the image part
showing the coast-line is covered by one RoD. The damage caused by
the tsunami on the coast-line is clearly visible as an outlier in the RoD
data (i.e., separate cluster). In the remaining clusters the images before
and after the tsunami are summarized (Figure 13).

The fifth set of images called Gene Expression is from the biologi-
cal domain and consists of 578 images showing gene expression data.
The images are of size 200x200 pixels. The data has been created
from point cloud datasets of different fruit fly embryos as described
by Fowlkes et al. [12]. In the images gene expressions of the EVE pro-
tein are color-coded from very high (red) to very low (blue). The EVE
protein forms a pattern of seven vertical stripes of gene expression.
Every image in the Gene Expression dataset corresponds to one fruit
fly embryo. On the one hand, differences in the gene expression can be
analyzed. On the other hand, outliers in the data can be detected which
show unexpected gene expression patterns. However, due to the large
number of images, a juxtapositional visualization does not scale well
with this dataset. A superpositional comparison may hide differences
in the gene expression of the seven regions.

We analyzed this dataset by using the biased image comparison ap-
proach as described in Section 3.1.1. We located the seven stripes of
the EVE protein in the images by segmentation. Then the RoD data of
the images was compared and the results were visualized with VAICo
(Figure 14). The color coding of the RoD polygons indicates the num-
ber of images the RoDs are present in. In the visualization it can be
seen that the first stripe shows up in more images than the other six
stripes. This is due to the fact that some images in the earlier stage
of the embryo development only contain one stripe. Additionally, out-
liers can be detected very easily in VAICo. They refer to patterns in
the images where the gene expression does not look like as expected.

6 EVALUATION

We collected user feedback to evaluate the presented visualization
techniques. We hypothesized that using our visualization technique,
participants would: (1) get results faster when searching for differ-
ences in a set of images; (2) get a better overview of individual vari-
ations in the image data; and (3) be able to better spatially localize
differences in the image data. The results of the evaluation can be
found in Figure 15.

For the feedback we compared a juxtapositional comparative visu-
alization of an image set to the comparative visualization presented in
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Fig. 15. Evaluation Results. The charts indicate the time it took the participants to complete the tasks T1-3. The x-axis depicts the participant
number (1-11) and the y-axis gives the time (in seconds) it took to complete the task. Every participant had to complete every task twice: once by
using a juxtapositional visualization and once by using VAICo. Therefore, two different measurements are available per task for every participant.
The evaluation results show that VAICo clearly is of benefit for completing the examined tasks.

— e —
'ﬂllﬁﬁ@’-ﬂl"
— v omm @
oA A
[ |

2@ "
< mmm @

Fig. 16. Juxtapositional comparative visualization. In this visualization
images that should be compared are placed side-by-side (a). Users can
scroll through the list of images, sort images by drag-and-drop (b), and
enlarge individual images by clicking on them (c).

this paper. In the juxtapositional visualization participants could scroll
through the list of images, sort them by drag-and-drop and click on im-
ages to enlarge them (Figure 16). VAICo, on the other hand, contained
all the main features as described in Section 3.2 (Figure 17).

The images taken from the Shapes dataset contained shapes like
triangles, circles and rectangles on a white background. Some of the
shapes changed their color or disappeared in the image set. For the
evaluation, six different dataset versions have been prepared. Due to
their very general composition, images could be easily interpreted by
users from different domains.

We designed three tasks which refer to the three hypotheses men-
tioned above:

e T1: Depict variations with certain parameters. In this task
participants had to identify one shape which is present in all im-
ages. None of the remaining shapes did show up in all of the
images.

e T2: Analyzing local variations. In this task participants had to
identify one shape that is colored in three different ways in the
images. Then they had to sort the three colors for this shape by
the number of occurrences.

e T3: Localization of changes. In this task participants had to
identify the most mutable image region (i.e., the image space
part with the highest number of variations).

Participants had to complete all three tasks twice: once by using
the juxtapositional comparative view and once by using the compar-
ative visualization technique proposed in this paper. Datasets were
switched between different tasks, and also between different visual-
ization techniques. Therefore, participants never worked on the same
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Fig. 17. Comparative visualization of images as employed for the user
feedback. The set of images is presented in one view (a). Users can
employ the RoD widgets (b) to get more details about individual image
differences (c).

dataset twice. The order of the tasks (as stated above) was the same
for every participant. The order in which the two different visualiza-
tion techniques were presented to the user was selected at random. For
every task we measured the completion times and the correctness of
the answers.

The user study was conducted with 11 participants from three dif-
ferent domains (computer science (7), engineering (3) and medicine
(1)). Participants were between 26 and 57 years old. The group of
participants consisted of 9 men and 2 women.

The results of the user study are presented in Figure 15. The re-
sults show that VAICo definitely improves the search time for image
differences. In addition to time, the error rate was measured for every
task. For the juxtapositional comparative visualization some partici-
pants made errors when trying to solve task T2 (error rate of 9.1 %)
and task T3 (error rate of 27.3%). With VAICo participants did not
give wrong answers. When analyzing the results, it can be seen that
VAICo helps users to quickly get an overview on differences in the
image set (task T1). It also helps to analyze local variations (task T2).
Both tasks would require time-consuming analysis steps when done
manually by the user. The comparative visualization brings significant
improvements for users to localize variations in image space (task T3).
This is a very tedious task if done manually on an unordered set of im-
ages.

7 DISCUSSION AND LIMITATIONS

VAICo operates on a large number of images and analyzes similarities
and differences among them. As demonstrated in Section 6, image
comparison tasks can be facilitated and accelerated by making use of
our approach. VAICo is scalable to a large number of images and
works with images from different domains (as outlined in Section 5).
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Fig. 18. Effect of sensitivity threshold. Three different threshold values
increasing from (a) to (c) have been applied. Higher threshold values
result in less image space occupied by RoDs.

Our approach nonetheless has some limitations, which point to inter-
esting directions for future work.

VAICo is scalable to a large number of images. We use clustering
to cope with scale and to identify patterns in the data. Clusters are
depicted as bullets around the RoD widgets (as shown in Figure 7).
If many clusters have to be displayed in the widget, there might not
be enough space around the widget to visualize all of them. In this
case additional functionality is provided to the user, which means that
clusters are presented in a separate popup-window (where scrolling
can be activated easily). However, we would like to point out that
a high number of clusters bullets for a RoD (see Figure 7b) usually
indicate that the underlying clustering should be refined. VAICo pro-
vides the possibility to adjust the clustering by selecting another level
in the clustering tree (as described in Figure 6). We think that having
the ability to refine the clustering is more appropriate for analyzing
the data, than providing means to deal with high numbers of clusters.
Including additional visualization techniques which can handle these
special cases might be an interesting idea for future work.

The used Mean Squared Error (MSE) computation is a very sim-
ple image comparison approach which has some limitations. As one
possibility to deal with these limitations, we provide the possibility
to adjust the sensitivity of the algorithm. The user can define a sen-
sitivity threshold for intensity changes. Figure 18 illustrates how the
threshold effects the RoD calculation. The higher the threshold, the
less pixels will be considered as variations in the data. Increasing the
threshold will shrink the resulting RoDs, and might even cause RoDs
to disappear. This way, particular intensity variations in the data can
be skipped if they are not of interest for the data analysis.

MSE is very sensitive to global intensity shifts, and adjusting the
sensitivity threshold might not be enough to deal with global changes
in the data. Figure 19a shows an example of an image dataset where
one of the images is lighter than the other ones. When applying MSE
to this dataset, one big RoD is returned which covers almost the whole
image space (Figure 19b). We used Normalized MSE [41] instead of
MSE to compare the images. This solves the problem and returns
the expected result (Figure 19c¢). In addition, this example shows that
VAICo can be adapted to work with other image comparison metrics
as well.

Fig. 19. Different image comparison metrics. One of the images in the

given dataset shows more intensity variations than others (a). Since
MSE is very sensitive to global intensity shifts (b), the approach fails in
this case (differences are indicated in orange). To solve this problem
and retrieve all desired RoDs, another image comparison metric (i.e.,
Normalized MSE) can be used (c).

Fig. 20. Data analysis limitations. Landscape images (a), which show a
high number or variations, and motion data (b) result in very large RoDs.
This is because VAICo was designed for images that exhibit small local
differences. Adjusting VAICo for other types of images is an interesting
topic for future work.

VAICo operates on a set of images, where the individual images ex-
hibit small local differences. The approach has its limitations if deal-
ing with a high number of variations in the data. Figure 20 shows two
examples where VAICo does not produce appropriate results, namely
varying data in landscape images and motion data. VAICo is designed
for scenarios where the obtained images have undergone a certain form
of standardization. This is often done during the acquisition process
itself (e.g., by employing a particular protocol for mounting and imag-
ing) or through post-processing such as registration. As such proce-
dures are highly dependent on the application domain, they are not the
focus of our work. Instead, we assume that all images in our input
set have undergone such a process, i.e., they are of the same size and
represent similar regions in space.

In the case of landscape data (Figure 20a), an additional clustering
step could be applied to the images, and VAICo could be used to fur-
ther explore images in the individual clusters. In the case of motion
data (Figure 20b), VAICo gives a quick overview on the motion tracks
in the image. Although our approach is currently not suited to deal
with time-dependent data, it will be interesting to explore its applica-
bility for event detection in video data.

8 CONCLUSION

In this paper a visualization technique for the comparative visualiza-
tion of multiple images has been presented. Interactive visualization
tools are provided to explore the image space and drill-down on indi-
vidual variances. Our visualization approach addresses the scalabil-
ity of image comparisons and proposes ways to integrate contextual
information and more detailed information in one view. Contextual
information is preserved, whereas image variances can be efficiently
spotted and put into context. Our approach can be applied to quickly
identify small local differences in an image set. It is also helpful for
analyzing the occurrence and value ranges of previously defined im-
age features. We have demonstrated the scalability of our technique
by applying it to five sets with varying numbers of images.

In the future, it will be interesting to explore how the proposed visu-
alization techniques can be extended to image sets with spatially larger
variations and what additional information can be extracted from the
hierarchical clustering process. We also plan to investigate the ap-
plicability of VAICo for parameter space analysis. Another direction
for further research is to extend our approach for the detection of key
events in video data. Furthermore, we see the possibility to include
our method in image tools like revision control [3].
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