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Abstract. We describe a setup and experiments where users are check-
ing and correcting image tags given by an automatic tagging system.
We study how much the application of a content-based image retrieval
(CBIR) method speeds up the process of finding and correcting the
erroneously-tagged images. We also analyze the use of implicit relevance
feedback from the user’s gaze tracking patterns as a method for boosting
up the CBIR performance. Finally, we use automatic speech recognition
for giving the correct tags for those images that were wrongly tagged.
The experiments show a large variance in the tagging task performance,
which we believe is primarily caused by the users’ subjectivity in image
contents as well as their varying familiarity with the gaze tracking and
speech recognition setups. The results suggest potentials for gaze and/or
speech enhanced CBIR method in image tagging, at least for some users.
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1 Introduction

Automatic tagging is a useful but still not fully reliable means for associating
keyword-type information to unannotated images. In the current state of art,
human effort is still needed for checking and correcting the tags [8,1]. The tag
correction process can be seen as a special case of content-based image retrieval
(CBIR) where the goal is to quickly correct the erroneously-tagged images.

We present the results of a study that has addressed the image tag correction
and assignment task from a multitude of viewpoints. 1) we have studied whether
neural-network-based CBIR techniques can speed up finding of erroneously-
tagged images. 2) we have used implicit relevance feedback from the user’s
gaze tracking patterns to boost the performance of CBIR compared to using
only explicit feedback from pointer clicks. 3) we have applied automatic speech
recognition for providing corrected image tags. Section 2 describes the CBIR
system and Section 3 the automatic speech recognizer used in the experiment.
The results are presented in Section 4 and conclusions drawn in Section 5.
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Table 1. PicSOM’s visual features extracted from images [11].

Feature Tiling | Dim.
DCT coefficients of average color in rectangular grid global 12
CIE L*a*b* color of two dominant color clusters global 6
Histogram of local edge statistics 4x4 80
Haar transform of quantized HSV color histogram global | 256
Average CIE L*a*b* color 5 15
Three central moments of CIE L*a*b* color distribution| 5 45
Histogram of four Sobel edge directions 5 20
Co-occurrence matrix of four Sobel edge directions 5 80
Magnitude of the 16 x 16 FFT of Sobel edge image global | 128
Histogram of relative brightness of neighboring pixels 5 40
Histogram of interest point SIFT features global | 256

2 Gaze-Enhanced Content-Based Image Retrieval

The typical setting for interactive content-based image retrieval is that the user
identifies images that are the most relevant for his current search task (or visu-
ally the most similar ones to the target image he has in mind) and passes this
information to the system as relevance feedback on the images the system has
retrieved. One can differentiate between positive and negative relevance feed-
back. The former is given for the relevant images and the user is expecting to
see more similar ones, whereas the latter is given for the non-relevant images
the user does not want to view. Based on the relevance feedback the system
is then able to find more similar images and present them to the user (see for
example [3] for an extensive survey).

2.1 PicSOM CBIR System

PicSOM? [7] is a content-based image retrieval system developed since 1998,
first at the Helsinki University of Technology and then at the Aalto Univer-
sity. PicSOM uses the principles of query by ezample and relevance feedback in
implementing iterative and interactive image retrieval.

The unique approach used in PicSOM is to have several Self-Organizing
Maps (SOMs) [6] in parallel to index and determine the similarity of images.
These parallel SOMs have been trained with separate data sets obtained by
using different feature extraction algorithms on the same objects. The extracted
image features and their dimensionalities are listed in Table 1.

As the SOM maps visually similar images near to each other, this motivates
to spread the relevance feedback given for the viewed images to their neighboring
images on the map surface. Images marked as relevant are first given positive and
those marked as non-relevant are given negative values on the map surface. These
relevance values are then smoothed and spread around with low-pass filtering.
Images with the largest resulting relevance scores are then shown to the user.

3 http://www.cis.hut.fi/picsom
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Table 2. Eye movement features collected in PinView [5].

Number|Name Description

1 numMeasurements|log of total time of viewing the image

2 numOutsideFix  [total time for measurements outside fixations

3 ratiolnsideOutside |percentage of measurements inside/outside fixations
4 speed average distance between two consecutive measurements
5 coverage number of subimages covered by measurements’

6 normCoverage coverage normalized by numMeasurements

7 pupil maximal pupil diameter during viewing

8 nJumpsl number of breaks® longer than 60ms

9 nJumps2 number of breaks® longer than 600ms

10 numFix total number of fixations

11 meanFixLen mean length of fixations

12 totalFixLen total length of fixations

13 fixPrct percentage of time spent in fixations

14 nJumpsFix number of re-visits (regressions) to the image

15 maxAngle maximal angle between two consecutive saccades®
16 firstFixLen length of the first fixation

17 firstFixNum number of fixations during the first visit

18 distPrev distance to the fixation before the first visit

19 durPrev duration of the fixation before the first visit

!The image was divided into a regular grid of 4x4 subimages, and covering a subimage
means that at least one measurement falls within it. 2A sequence of measurements
outside the image occurring between two consecutive measurements within the image.
3A transition from one fixation to another.

2.2 Using Gaze Patterns as Implicit Relevance Feedback

The PinView project? has studied the use of gaze patterns as a form of on-line
implicit relevance feedback in interactive CBIR [2]. Based on the analyzed gaze
patterns we calculate for each viewed image a 19-dimensional feature vector
as specified in Table 2. Based on these features, relevance predictions for the
images are obtained with a simple logistic regression model created with separate
training data.

In the PicSOM system, the gaze-based implicit relevance estimates are com-
bined with the click-based explicit relevance feedback values. In this process the
gaze-based regressor outputs are always in the range of [0, 1] and the larger the
value, the more probably the image is relevant. These values are then summed
with the +1 and —1 values given for the clicked and non-clicked images, respec-
tively. The combined relevance values are finally placed in the SOM units and
spread to their neighbors with low-pass filtering similarly to PicSOM’s normal
operation.

4 htt://www.pinview.eu/
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2.3 CBIR-Assisted Image Tag Correction

Let us consider a CBIR setup where the viewed images are such that an au-
tomatic image annotation system has assigned all of them some particular tag
or keyword based on their visual properties. The considered images are thus
visually quite similar to each other, but due to imperfections in the assignment,
there are bound to be semantic differences or tagging errors among them. The
burden of a user who needs to check and correct the automatically assigned tags
would be eased if the wrongly-tagged images could be found as early as possible.

This can be understood as a complementary setting for the conventional in-
teractive CBIR setting. Now the relevant images are not those that resemble the
target image, but those that are semantically different from the other, correctly-
tagged ones. Nevertheless, CBIR techniques can be used to speed up retrieving of
such images. This time, the search will be driven more by the negative relevance
feedback, now given to the correctly-tagged images. The system will then re-
trieve more and more images that are different from the typical correctly-tagged
images and are thus more likely to be the wrongly-tagged ones.

3 Automatic Speech Recognition

Automatic speech recognition (ASR) aims at providing a textual transcript for
a given uttered speech signal. The acoustic and language models and the lexicon
have been trained earlier with available training corpora. During recognition,
spectral feature vectors are first extracted from the speech signal at regular time
intervals. Then, given the acoustic information and the probabilities provided by
the models, the decoder finds the best transcript hypothesis. Finally, the best
hypothesis is output as the recognition result.

The speech recognition system used in the experiments has been developed
in the Department of Information and Computer Science at Aalto University.
The speech signal is sampled using 16 kHz sampling rate and 16 bits. The signal
is then represented with 12 MFCC (mel-frequency cepstral coefficients) and the
log-energy along with their first and second differentials. Above features are cal-
culated in 16 ms windows with 8 ms overlap. Cepstral mean subtraction (CMS)
and a maximum likelihood linear transformation, which is estimated in training,
are applied to the features.

For the acoustic model, we use state-clustered Hidden Markov triphone mod-
els that have 5062 states modeled with 32 Gaussians. State durations are modeled
with gamma probability functions described in [10]. The Hidden Markov model
was trained with Wall Street Journal (WSJ) speech corpus; the WSJ corpus
consists of dictated newswire articles spoken by American English speakers.

The speech recognition system supports the n-gram models [9] as the default
language model type. Therefore, the language model based on the keyword list of
the experiment is created in the following straightforward manner: each keyword
is considered a word in the vocabulary and each word is assigned an equal
probability. In other words, we model the keyword list as a unigram model with
equal probability assigned to each word.
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4 Experiments

The experiments were conducted to validate the relative performance of different
variants of the system and to verify how well the system works in practice.

Data. We used the train subset of the PASCAL Visual Object Classes Chal-
lenge 2007 (VOC2007) data set [4] with a total of 2501 annotated images that
cover 20 overlapping categories. To ease the burden of users, we randomly se-
lected 16 categories and divided them into two groups:

1. correctly-tagged: car, dog, bicycle, person, motorbike, train
2. wrongly-tagged: sheep, horse, aeroplane, boat, bus, bottle, dining table, potted
plant, sofa, tv-monitor

Experiment setup. We recruited 18 test subjects both males and females
from several departments at the Aalto University. The mean age of the test
subjects was 27.2 years old, ranging from 23 to 34 with good balances in between.
Almost none of the users had experiences in image tagging and only one user
had experiences in gaze tracking.

Each subject was asked to perform six tagging tasks. For every task, the user
had to check and correct the tags of one particular category. Before each task,
the system randomly selected 40 images of that category and another 40 images
of the ten categories from the wrongly-tagged class. Thus half of the images
were always tagged correctly. During each task, the system showed a total of 40
images, contained in five image pages each having eight images. After each task,
the user was asked of his or her subjective opinions whether the corresponding
variant facilitated the tagging task, and whether it was reliable and fast enough.

Feedback modalities. The following relevance feedback modality types or
variants of the system were compared:

1. Baseline: The user corrects the image tag by selecting the corresponding
category name from the drop-down menu under the image. No CBIR or
speech recognition techniques are used.

2. Ezplicit: The user clicks the pointer over the wrongly-tagged image and
speaks the desired category name into the microphone. Only explicit rele-
vance feedback from pointer clicks are used.

3. Implicit: The tag correction is similar as in explicit. However, the user’s eye
movements are unobtrusively recorded by a Tobii eye tracker®. Both explicit
pointer relevance and implicit gaze relevance feedback are used.

For the baseline variant all the 40 images presented to the user were randomly
chosen, whereas for the other two variants only the eight images in the first page
were random while the images in the remaining four pages were selected by the
relevance feedback information.

The evaluation and results of image retrieval. The measure of per-
formance is the number of images that the user corrects in one tagging task,
which gives reflection on how well the system retrieves wrongly-tagged images.
Table 3a gives the quantitative performance of the three variants for each user.
Although the relative performance of the variants varies between users, it is clear

5 http://www.tobii.com/
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Table 3. (a) The rounded average numbers of images that each user corrected when
using the three variants of the system. The best performance(s) are marked in bold
for each user. (b) The rounded average numbers of images corrected for each category
averaged over 18 users. (c) Pairwise ¢-test p-values for variants in user-wise experiment.
(d) Pairwise t-test p-values for variants in category-wise experiment.

(a) (b)
User Baseline Explicit Implicit Category Baseline Explicit Implicit
1 16 23 24 car 20 23 22
2 22 21 22 dog 22 28 26
3 26 25 26 bicycle 23 27 25
4 19 27 27 person 23 26 31
5 24 27 23 motorbike 26 24 23
6 23 27 26 train 22 26 23
7 25 25 26 Average 23 26 25
8 23 29 19
9 23 26 24 (c)
10 18 24 28
11 15 26 22 Explicit Implicit
12 25 29 26 Baseline| 0.0080 0.0812
13 29 28 27 Explicit — 0.1901
14 22 28 24
15 27 25 22 (d)
16 28 29 27 Explicit Implicit
17 27 28 25 Baseline| 0.0218 0.1665
18 26 24 27 Explicit| —  0.6747
Average 23 26 25

that the explicit and implicit feedback variants are better than the baseline (see
t-test values in Table 3c). The difference between the explicit variant using only
clicks and the implicit variant using also gaze is not significant (with a pairwise
t-test p-value of 0.1901), though the former on average ranks higher than the
latter. The worst implicit result was that of user 8 with whom the gaze tracking
obviously failed. For users 10 and 12, the implicit variant of the system retrieved
about 17% more of the wrongly-tagged images than the explicit variant did.

Table 3b gives the quantitative performance for each tagging category aver-
aged over all the users. Similarly, the performances of the explicit and implicit
variants are better than that of the baseline type (see t-test values in Table 3d),
except for the motorbike category. The reason is probably because of the over-
lapping categories of the images in the VOC2007 database. For example, an
image tagged as motorbike usually contains a person riding on it, which might
cause users to tag it as person. Again the difference between the explicit vari-
ant and the implicit variant is not significant (with a pairwise t-test p-value of
0.6747), though the former slightly outperforms the latter. However, for the per-
son category, the implicit variant of the system retrieved about 20% more of the
wrongly-tagged images than the explicit variant did.
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The evaluation and results of speech recognizer. Speech recognition
accuracy is commonly reported with the word error rate (WER) defined as the
number of erroneously recognized words divided by the total number of spoken
words. In our experiments, obtaining the WER, would have required a manual
annotation of the speech recorded during the experiments, i.e. which word was
uttered at which time instance, followed by a (partly) manual search for the
corresponding recognized words from the speech recognizer’s output.

Due to tediousness of such task, we instead investigated other means of eval-
uation; particularly, we consider the increase in the number of correctly labeled
images after the annotations divided by the total number of annotations con-
ducted by the users. This gives us an efficiency score with maximum value 1.0 in
case each annotation results in a correctly labeled image; value zero in case there
is no change in the number of correctly labeled images; and negative values in
case the annotation results in a decrease in correctly labeled images.

Averaged over all the 18 users with four experiments using speech each, we
obtain a mean efficiency of 0.36. This value means that, on average, a successful
labeling required roughly three annotation trials. The highest efficiency achieved
in an individual experiment was 0.60 and the lowest 0.05; the corresponding
numbers of trials per successful labeling are roughly 1.5 and 20, respectively,
indicating a large variance in user-wise performance. However, according to our
observations, the reason for the varying performance need not be technical in na-
ture. Instead, we suggest that the most important factor leading to performance
variance is the lack of user experience with speech recognizers.

The evaluation of user experience. A close examination of the qualitative
feedback from the users indicates that most of the test subjects (between 66%
and 75%) believed that all the variants help to facilitate the tagging tasks, though
they had to spend extra efforts in adapting to the eye tracker and microphone.
As for reliability, about 82% of the test subjects considered the explicit variant
with speech input to be the most reliable one, while 56% marked the implicit
variant, and only 50% marked the baseline variant to be reliable. As for speed,
the implicit variant with gaze tracking received the highest vote of 64%, followed
by the explicit variant of 56% and the baseline variant of 43%.

5 Conclusions

We investigated the use of neural-network-based CBIR system enhanced by gaze
feedback modality and speech input for an image tagging task. Three relevance
feedback variants were evaluated combined with automatic speech recognition
being applied for providing the corrected image tags. Our results showed that
both the explicit variant using pointer clicks and the implicit variant using gaze
tracking patterns can to some extent speed up the search and correction of
wrongly-tagged images, compared to the baseline variant with drop-down menus.

Based on the quantitative evaluation, the explicit variant generally outper-
formed the other two, whereas from the qualitative evaluation, the implicit vari-
ant was believed to have the highest speed among the three and was considered
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more reliable than the baseline, even though most of the test subjects reported
uncomfort in sitting still in front of the eye tracker and difficulties in adapting to
the microphone. These results imply, in addition to the quantitative evaluation
of the tagging system, that people’s subjective characteristics and preferences
vary with respect to willingness and ability to interact with novel multimodal
interfaces. This will need to be taken into account in future studies.
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